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ABSTRACT

We develop a new measure of daily aggregate hedge fund trades in individual U.S. stocks
from 1993 to 2022. Using this measure, we find that hedge fund pre-announcement trading
significantly predicts abnormal returns around corporate events and public news arrivals.
We do not find similar results using non-hedge fund or aggregate institutional trading. We
uncover that hedge funds increasingly utilize alternative data, such as satellite images, to
generate alpha. Furthermore, hedge fund trading positively predicts future stock returns in
the cross-section, both in-sample and out-of-sample. Finally, hedge fund trading enhances
price efficiency, reducing stock variance ratios and post-earnings announcement drift.
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I. Introduction

The ability of hedge funds to engage in informed trading and generate superior returns
has long intrigued both academics and practitioners. Numerous researchers have examined
hedge fund strategies and performance using low-frequency data such as quarterly 13F hold-
ings or monthly fund returns from commercial hedge fund databases.! While these datasets
offer valuable insights, they often fail to capture the nuances of hedge fund trading strate-
gies, particularly with respect to the precise timing of trades, leaving significant gaps in
understanding how hedge funds exploit short-lived information and contribute to price dis-
covery. Recent research using higher frequency data has yielded limited insights, relying
on proprietary datasets covering only a small and selective sample of hedge funds.? As a
result, a broader understanding of hedge fund trading behavior remains elusive, particularly
in comprehensively examining how hedge funds execute trades in response to time-sensitive
signals and the resulting impact on capital markets.

This paper seeks to fill this gap by developing a novel dataset of daily aggregate hedge
fund trades in all U.S. stocks, spanning 30 years from 1993 to 2022. Through this comprehen-
sive and granular dataset, we aim to address several unresolved questions: Can hedge funds
successfully trade on short-lived information? If so, what are their information sources, and
how do these sources evolve over time? What role do hedge funds play in price discovery, and
how does their activity compare to other institutional investors? Our analysis of daily hedge
fund trades allows for a detailed exploration of their trades’ timing, magnitude, and market

impact, offering new insights into the mechanisms behind hedge fund trading strategies and

IFor studies on hedge fund 13F holdings, see, among others, Brunnermeier and Nagel (2004), Griffin and
Xu (2009), Aragon and Martin (2012), Agarwal, Jiang, Tang, and Yang (2013), Jiao, Massa, and Zhang
(2016), Agarwal, Ruenzi, and Weigert (2017), Cao, Liang, Lo, and Petrasek (2018), Chen, Da, and Huang
(2019), and Kumar, Mullally, Ray, and Tang (2020). For analyses of hedge fund skills using monthly returns,
see, among others, Fung and Hsieh (2004), Aragon (2007), Kosowski, Naik, and Teo (2007), Jagannathan,
Malakhov, and Novikov (2010), Sun, Wang, and Zheng (2012), Cao, Chen, Liang, and Lo (2013), Gao, Gao,
and Song (2018), and Agarwal, Ruenzi, and Weigert (2024). See Agarwal, Mullally, and Naik (2015) for a
comprehensive review.

2See Jame (2018) and Cotelioglu, Franzoni, and Plazzi (2021) for studies on hedge funds’ liquidity pro-
vision, using transaction data from the brokerage firm Abel Noser, which covers a highly limited sample of
fewer than 100 hedge fund firms.



their influence on market efficiency at a higher frequency.

Early studies on institutional trading estimate institutional order flow using high-frequency
NYSE Trade and Quote (TAQ) data, assuming that institutions are more likely to place large
orders.? Later research casts doubt on the usefulness of a simple trade size cutoff rule.* A
pivotal study by Campbell, Ramadorai, and Schwartz (2009), hereafter referred to as CRS,
addresses these limitations by assigning propensities to trades with different sizes using a
regression approach calibrated to quarterly changes in institutional ownership from 1993 to
2000, and shows that institutional order flows are informed about corporate earnings.

In this paper, we build on the CRS method to estimate daily hedge fund (HF) and non-
hedge fund (NHF) trades across a large sample of stocks from 1993 to 2022 by combining
TAQ data with HF and NHF holding changes in 13F filings. Using proprietary institutional
transaction-level data from Abel Noser that covers a subset of both HFs and NHFs, we find
distinct trade size distributions between HFs and NHF's. Hedge funds rely more on medium-
sized trades, whereas non-hedge funds split orders into smaller trades but also execute a
substantial volume through very large trades. This variation in trade size allows us to
disentangle HF and NHF trades by calibrating TAQ order flows across different trade-size
bins to quarterly changes in holdings for HFs and NHFs separately. Our extension of the
CRS model to HFs and NHFs thus enhances the precision of institutional trade estimation.’
Our measures enable a more detailed analysis of hedge fund return predictability in the
cross-section of stocks, as well as around corporate events and news arrival. This level of
granularity, previously unavailable due to data limitations, provides a clearer understanding
of hedge fund trading dynamics relative to those of other institutional investors.

Using this new measure, we first investigate the potential informational sources hedge

3See, e.g., Lee (1992), Lee and Radhakrishna (2000), Battalio and Mendenhall (2005), Malmendier and
Shanthikumar (2007), and Hvidkjaer (2008).

1See, e.g., Cready, Kumas, and Subasi (2014).

5For converting quarterly to daily frequency, the CRS method requires that daily aggregate institutional
trading error terms be uncorrelated with their leads and lags within a quarter. Using proprietary transaction-
level data from Abel Noser, we confirm that this condition holds for both HFs and NHF's in the data. The
averages of cross-sectional autocorrelations of the “residual” daily trading (defined as the difference between
actual and estimated daily trades) for HFs and NHF's are close to zero.



funds may possess. We start by examining how HF and NHF trades respond to salient cor-
porate events, including earnings announcements, analyst rating updates, and price jumps.
Hedge fund trades before the event positively correlate with cumulative abnormal returns
(CARs) around all types of corporate events. The economic magnitude is sizable. For
instance, a one-standard-deviation increase in HF net purchases in the week immediately
preceding an event corresponds to an increase of 50.3 basis points in three-day CARs around
earnings announcements and 87.5 basis points around price jumps. This indicates that hedge
funds are informed about firm fundamentals such as earnings and value-relevant events and
can reap the benefits from their information edge through trading ahead of such events. NHF
trades, however, tend to be negatively associated with the abnormal returns around these
events, highlighting their relative disadvantage in processing information around corporate
disclosures.® Importantly, we do not find similar results around corporate events when using
the total institutional order flow measure of Campbell, Ramadorai, and Schwartz (2009),
which highlights the importance of separately estimating order flows for HFs and NHFs.

Our daily HF trading measure differs substantially from the net arbitrage trading (NAT)
measure of Chen, Da, and Huang (2019), which is a quarterly measure defined as the dif-
ference between quarterly abnormal HF holdings and abnormal short interest. All our main
results are obtained with NAT included as a control variable. Moreover, our HF trading mea-
sure is also distinct from the daily institutional trading measure based on the daily change in
the security lending supply proposed by Barardehi, Da, Dixon, and Wang (2025) (BDDW).
The correlation between our measure and theirs is low (below 0.03), and our results continue
to hold when controlling for BDDW's institutional trading measure.

Hedge funds can have additional information advantages from early access to news (e.g.,
Bolandnazar, Jackson, Jiang, and Mitts (2020)) or by strategically collaborating with news

agencies to release their private information (Ljungqvist and Qian (2016) and Appel and

60ur evidence that NHF investors are uninformative in aggregate is consistent with the extensive literature
documenting that the majority of mutual funds have negative (or close to zero) alphas (e.g., Jensen (1968),
Gruber (1996), Carhart (1997), Kosowski, Timmermann, Wermers, and White (2006), Fama and French
(2010), and Lewellen (2011)).



Fos (2024)). Taking advantage of the flexibility of our estimate of hedge fund order flow in
a large cross-section over three decades, we examine hedge funds’ trading behavior around
a comprehensive sample of firm-specific news from RavenPack, including both anticipated
and unanticipated news. We find that hedge funds have an edge in both fundamental news,
such as mergers and acquisitions, as well as non-fundamental news, such as insider trades
and investor relation matters. They engage in informed trading before the arrival of value-
relevant information. In contrast, we do not find the same pattern for non-hedge fund
institutions’ trades, consistent with the literature (e.g., Huang, Tan, and Wermers (2020)).

One might be concerned that hedge funds may employ different execution strategies in
trading on event vs. non-event days. We conduct two tests and do not find this to be the
case. First, we do not observe a significant shift in the size distribution of hedge fund trades
in the pre-event period, event period, and non-event days in the Abel Noser sample. Second,
to formally test whether hedge funds use different trade sizes on event vs. non-event days, we
regress returns on past size-bin level order flows and their interactions with an event dummy
and find that the interaction terms are insignificant. Thus, we do not find a structural shift
in hedge fund execution methods on event or news days in our data.

Importantly, we further uncover that the use of alternative data sources, such as satellite
image data, significantly enhances the predictive power of hedge fund trades for stock returns.
For instance, HF trades show a stronger positive impact on stock prices when trading on
information derived from satellite data related to retail traffic. This reflects the capacity
of HF's to integrate innovative sources such as big data into their investment processes, a
capability less prevalent among NHF's, thus sustaining their role as informed traders. Thus,
big data has become a valuable resource for hedge funds to maintain their information edge.

In the next set of analyses, we evaluate whether hedge funds’ ability to trade ahead of
short-lived information generalizes to return predictability in the broader sample. If yes,
it can speak directly to the pervasiveness of hedge funds’ informed trading. We do so by

studying the return predictability of HF versus NHF trades using Fama-MacBeth regressions.



We find that daily aggregate HF trades significantly predict future stock returns over the next
five trading days, with positive coefficients across various time lags, indicating a permanent
price impact. The economic impact is sizable, with a one-standard-deviation rise in hedge
fund net purchases corresponding to an increase of approximately 4 basis points (bps) in
next-day stock returns. In contrast, although NHF trades are relatively highly correlated
with HF trades (with a correlation of 0.67) and exhibit strong positive contemporaneous price
impact, NHF trades display significantly negative coefficients when predicting future stock
returns, suggesting their trading generates only a transitory price impact. This disparity
highlights the informational advantage of hedge funds, as their trades integrate information
into prices more effectively than non-hedge funds, with no subsequent reversals.

Reinforcing our interpretation of return predictability as evidence of informed trading,
we find that hedge fund order flow predicts returns not only at the daily level but also over
the monthly horizon. The predictability is stronger in stocks with higher trading frictions
or weaker information environments. Importantly, our measure retains predictive power in a
strict out-of-sample setting. Specifically, for each year we estimate the CRS model with the
preceding ten years of data, use it to construct an out-of-sample HF measure, and document
strong predictive power of this measure for subsequent stock returns. Finally, to address
the limitation that 13F filings do not capture HF short-selling activity, we construct an
alternative measure of HF trading by applying the CRS framework to the difference between
quarterly 13F hedge fund holdings and quarterly short interest. This short-sale adjusted HF
trading measure yields similar results to our baseline daily HF measure. Collectively, these
findings further suggest that hedge funds engage in informed trading and that our estimation
method effectively captures their informational edge.

In the final set of analyses, we examine the broader implications of hedge fund trading
on market efficiency. By acting as informed traders, hedge funds can embed their private
information into the stock price and improve market efficiency. Focusing on one of the most

critical corporate events for information updates, earnings announcements, we find that



hedge fund pre-announcement trades significantly reduce post-earnings announcement drift
(PEAD) as well as the initial price reaction to earnings surprise, consistent with our earlier
findings that hedge funds’ pre-announcement trades incorporate information into the stock
prices. Moreover, we also find evidence that hedge fund trading facilitates price discovery
because the stock variance ratio decreases in the intensity of hedge fund trading both in
the cross-section and post-earnings announcements. Thus, hedge funds play a pivotal role
in adjusting stock prices to reflect new information, leading to a quicker and more accurate
incorporation of this information. In all these tests, we also include NHF institutional trades,
but do not find consistent results of their effects on price efficiency. These results underscore
hedge funds’ unique role in enhancing financial markets’ informational efficiency.

Our study makes several contributions to the literature. First, to the best of our knowl-
edge, we are the first to develop a daily aggregate HF trade dataset that spans a large
cross-section of U.S. stocks over 30 years. Most prior research on hedge fund trading behav-
ior relies on low-frequency, quarterly 13F holdings data, leaving gaps in our understanding
of hedge fund activity at higher frequencies. A few exceptions exist, such as studies focus-
ing on hedge funds as liquidity providers using transaction data from Abel Noser; however,
these cover a highly selective sample of fewer than 100 hedge fund firms (e.g., Jame (2018)
and Cotelioglu, Franzoni, and Plazzi (2021)). In addition, Collin-Dufresne and Fos (2015)
examine daily trades from 13D filings of specialized activist investors (mostly hedge funds)
and their relation to market liquidity. Our paper advances the literature by developing high-
frequency measures of hedge fund trading across a large sample of stocks, which shed new
light on their trading behavior. In particular, our focus on daily HF trading differs from and
complements prior studies at the quarterly frequency that combine 13F holdings and short
interest data (e.g., Jiao, Massa, and Zhang (2016) and Chen, Da, and Huang (2019)), and
the study on daily institutional trading based on security lending supply by Barardehi, Da,
Dixon, and Wang (2025).”

"We note that Chen, Da, and Huang (2019) have some analysis on anomaly trading at the daily frequency
by combining daily security lending data with daily trading of a small group of hedge funds from Abel Noser.



Second, we provide the first systematic evidence that hedge funds engage in informed
trading ahead of salient corporate events and firm-specific news. While it is a commonly
held belief that hedge funds trade on superior information ahead of earnings announcements
or other news events, there is surprisingly little direct empirical evidence to support this
view. Most existing evidence remains suggestive using low-frequency data (see footnote 1).
Our study addresses this gap by showing that hedge fund order flow reliably predicts returns
in the days leading up to a comprehensive set of salient events for a large cross-section
of stocks. This evidence contrasts with earlier findings based on high-frequency data that
non-hedge fund institutions primarily trade after corporate news releases (e.g., Huang, Tan,
and Wermers (2020)). Our paper thus adds to earlier studies by Campbell, Ramadorai, and
Schwartz (2009) and Hendershott, Livdan, and Schurhoff (2015) by documenting that hedge
funds are the significantly more informed group among institutional investors regarding
corporate events and news.

Third, our study is also related to the nascent literature on big data in finance (e.g., Gold-
stein, Spatt, and Ye (2025)). While recent studies have examined the impact of alternative
data on stock prices, corporate managers, and mutual fund managers, there remains little
direct evidence on which group of investors benefits most from the availability of alternative
data.® To our knowledge, this is the first study to document that hedge funds have adopted
alternative data in recent years to sustain their informational advantage.

Lastly, we shed new light on hedge funds’ impact on the informational efficiency of stock
prices at a higher frequency. In particular, we offer novel daily-level evidence of hedge funds’
pivotal role in enhancing price efficiency, both broadly and around key events such as earnings
announcements. In this regard, our study complements earlier evidence from lower-frequency

analyses (e.g., Boehmer and Kelley (2009) and Cao, Liang, Lo, and Petrasek (2018)).

Importantly, their focus is on anomaly mispricing. Our paper differs by focusing on informed trading via
fundamental information and by studying the full set of hedge fund firms covered in the 13F data.

8For recent studies on alternative data, see, e.g., Zhu (2019), Katona, Painter, Patatoukas, and Zeng
(2024), Dessaint, Foucault, and Fresard (2024), and Bonelli and Foucault (2024).



II. Estimate daily hedge fund trades

A. Data and sample selection

We construct our sample using common stocks listed on the NYSE, AMEX, and Nasdaq
that are available in the CRSP, TAQ, and Thomson Reuters 13F Ownership databases
spanning the years 1993 to 2022. We apply a series of filters to refine the sample for analysis.
First, we exclude stocks with prices below $5, which are typically more volatile and may not
reflect the institutional trading patterns we aim to study. Additionally, we exclude stocks
with percentage bid-ask spreads above 50% to eliminate illiquid stocks that are unlikely to
attract hedge fund interest and may distort the analysis due to wide bid-ask spreads. We
further restrict the sample to include only stocks with a market capitalization above the 5%
breakpoint of NYSE-listed stocks each quarter to avoid micro-cap stocks. After applying
these criteria, our final sample contains a total of 13,924 unique stocks and 22,696,498 stock-
day observations, providing a comprehensive dataset for estimating daily hedge fund and
non-hedge fund order flows with high granularity.

We restrict TAQ observations to regular transactions between 9:30:00 to 15:59:59 EST.?
We then employ the algorithm of Lee and Ready (1991) with no quote lag to identify trade
direction. Specifically, a trade is classified as buyer-initiated (seller-initiated) if its trade
price is above (below) the midpoint of the contemporaneous bid-ask spread. For trades at
the midpoint price, we apply the tick test: if the trade price is higher (lower) than the
previous trade price, it is classified as buyer-initiated (seller-initiated).!® Order imbalance is
calculated as the difference between buyer-initiated and seller-initiated trading volume in a
trade-size bin on a given day, scaled by shares outstanding.

We identify hedge fund firms as 13F-filing institutions whose primary business is spon-

9Following the literature, we exclude trades under the sale condition of the Opened Last (‘O’), Sold Sale
(‘Z’), Bounced (‘B’), Pre- and Post-Market Close Trades (‘T’), Sold Last (‘L’), Bunched Sold (‘G’), Average
Price Trades (‘W’), Rule 127 Trade (‘J’), and Rule 151 Trade (‘K’).

10Chakrabarty, Pascual, and Shkilko (2015) show that the Lee and Ready (1991) algorithm performs well
in classifying trades using NASDAQ’s TotalView-ITCH data.



soring or managing hedge funds in Thomson Reuters 13F Ownership data following Agar-
wal, Jiang, Tang, and Yang (2013). Hedge fund firms are classified based on a range of
sources, including institutions’ own websites, industry directories and publications, news ar-
ticle searches, and Form ADVs filed by investment companies. Out of the full list of 13F
institutions, 1,854 are identified as hedge fund firms over our sample period, representing
one of the most comprehensive samples of hedge fund firms used in the literature. In part
of our analysis, we also use transaction data of institutional investors from Abel Noser and

identify a list of 82 hedge fund managers in the Abel Noser data following Jame (2018).

B. Difference in hedge fund and non-hedge fund trading

Although researchers can infer institutional investors’ trading demand from their quar-
terly disclosure of stock holdings, it is not possible to directly observe their activities at a
higher frequency, limiting opportunities for more granular research. Campbell, Ramadorai,
and Schwartz (2009) develop a method to estimate daily aggregate institutional investors’
net order flow. This approach follows the conventional wisdom that large trades are more
indicative of institutional activity. Unlike other studies using single trade-size cutoffs, how-
ever, they use a regression approach to leverage information across the full spectrum of
transaction sizes. Specifically, they first use quarterly observations to estimate the relation
between institutional ownership changes in 13F filings and order imbalances across different
trade size bins derived from the TAQ data. Then they extrapolate the quarterly relation
to daily observations to estimate daily institutional trades using observable order imbalance
data from the TAQ.

Our methodology extends the CRS framework by distinguishing between hedge fund and
non-hedge fund institutions, leveraging differences in their trade size distributions. We use
a proprietary institutional trading dataset from Abel Noser covering a sample of both HF's
and NHF's to verify this distinction. Specifically, we identify hedge fund trades in Abel Noser

following the approach of Jame (2018). We then plot the distribution of aggregate hedge



fund and non-hedge fund trades across trade size bins. Results are reported for the number
of trades, trade volume, buy volume, and sell volume within each trade size category as a
percentage of total activity across all size bins. Following CRS, the trade size bins have
lower limit points of $0, $2,000, $3,000, $5,000, $7,000, $9,000, $10,000, $20,000, $30,000,
$50,000, $70,000, $90,000, $100,000, $200,000, $300,000, $500,000, $700,000, $900,000, and
$1,000,000.

As shown in Figure 1, hedge funds place the majority of their orders in medium trade
sizes, particularly within trade size bins 7 to 15. In contrast, non-hedge funds appear to
focus more on splitting their orders, employing the largest proportion (27%) of smallest
trades (below $2,000) across the distribution. This divergence highlights a fundamental
difference in the trading patterns of the two types of institutions, with NHFs more inclined

toward extensive order fragmentation.
[Place Figure 1 about here]

More importantly, significant differences also emerge in the volume distribution across
trade size bins between HFs and NHFs, which is crucial for estimating the relation between
order flow and ownership change in 13F filings. While both HFs and NHFs conduct the
bulk of their trading volume in the largest trade size bins hedge funds maintain a greater
presence in medium-sized trades. Although NHFs split orders to a great extent, they fill
their positions mostly through the largest orders (above $1,000,000) as almost 60% of their
trading volume comes from this group of trades. In contrast, the same group of orders
accounts for about only 35% of HF trading volume. HFs accumulate substantial trading
volume (46%) in bins 13 to 17 with trade sizes ranging from $100,000 and $700,000. In the
same region along the trade volume distribution, NHFs fill only 30% of their total volume.
This same pattern is evident for both buying and selling, as illustrated in the bottom panels.
The reliance on medium trades suggests that hedge funds may use these sizes tactically,

potentially as part of a strategy to optimize transaction costs, manage liquidity needs, and
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maintain order anonymity:.

The results in Figure 1 indicate that non-hedge funds tend to prioritize extensive order
slicing and dicing yet still execute a large proportion of their total volume through very
large trades. In contrast, hedge funds more frequently employ medium-sized orders. One
possible explanation for this difference is that hedge funds, if more informed than other
institutions, may prioritize immediacy to capitalize on short-term information without fully
splitting their orders. At the same time, informed traders might avoid very large trades
to limit their price impact, using medium trades as a compromise between rapid execution
and minimized market impact. Notably, these differences are persistent during the sample
period, as shown in Figure Al in our Internet Appendix to the paper, which reinforces the
validity of using the whole spectrum of trade sizes to distinguish hedge fund and non-hedge
fund trades.

By incorporating these distinctions, our extension of the CRS method enables a more
nuanced estimation of daily institutional flows, specifically distinguishing hedge fund trading
behavior from that of other institutions. This approach not only allows for the estimation
of hedge fund order flow but also deepens our understanding of how different types of insti-
tutions interact with the market on a daily basis, shedding light on the varying strategies

and preferences that define institutional trading.

C. FEstimate daily hedge fund and non-hedge fund trades

Similar to the CRS method, our estimation is based on the following equation:

19
A}/;,q = Oy + pA}/i,qfl + (byyi,qfl + 6UUi,q + 5UYYVi,qfl X Ui,q + Z ﬁ(Z, U)FZ,i,q + €iq) (1>

Z=1

where for a stock 7 in a quarter ¢, « is a set of four quarter dummies, Y is either aggregate
hedge fund or non-hedge fund ownership (in separate estimations) from 13F, F}; is aggregate

order imbalance based on the Lee and Ready (1991) algorithm scaled by shares outstanding
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in a trade-size bin Z, and U is aggregate unclassified trades scaled by shares outstanding for
which the Lee and Ready (1991) algorithm cannot determine the direction. Hedge fund and
non-hedge fund ownership is identified following the methodology of Agarwal, Jiang, Tang,
and Yang (2013) in the Thomson Reuters 13F Ownership data. We use the same nineteen
size bins introduced previously. To smooth out the coefficient variation across transaction
size and mitigate estimation errors in certain bins (e.g., very large trades for small stocks,
which are rare), we follow CRS and apply a yield curve function from Nelson and Siegel
(1987) to model the structure of 3 across trade-size bins:

T

7~ (b b}, (2)

B(Z,v) = bor + boav + (b11 + b12v + bay + baov)[1 — €_Z/T]

where 7 is a constant to estimate and v is set to the lagged level of hedge fund or non-hedge
fund ownership (Y;,-1) as in CRS. Also following CRS, we use non-linear least squares to
estimate the coefficients in Equation (1) for each firm size quintile based on NYSE break-
points of market capitalization at the start of each quarter. Concerning that both types of
institutional investors may change their trading styles in the relatively long sample period
of 30 years, we estimate Equation (1) in three decade-long subperiods separately.

The estimated coefficients of the CRS model are not immediately intuitive due to the
complexities of the Nelson and Siegel yield curve approach. As a result, we only report these
estimates in Table A1l of the Internet Appendix. The estimated coefficients are highly sig-
nificant for both hedge funds and non-hedge funds, encompassing all firm size quintiles and
all subperiods examined. To enhance interpretability, and in line with CRS, we compute the
trade-size coefficients implied by the estimated coefficients in Table Al of the Internet Ap-
pendix by setting the lagged level of quarterly institutional ownership to its in-sample mean.
Figure A2 of the Internet Appendix plots the implied trade-size coefficients standardized
across trade-size bins within each market capitalization group.

More importantly, to verify that our estimates reflect different execution styles of HF and

12



NHF, we compute the paired differences between the Nelson and Siegel (1987) sensitivities
(B(Z,v)) of HF and NHF across trade size bins and stock sizes. Figure 2 plots the t¢-test
results for the differences, f4¥(Z,v) — BNHE(Z v), assuming constant Z, v, and 7.This plot
reveals distinct patterns in execution methods across hedge funds and non-hedge funds over
the three subperiods.

During the 1993-2002 period, for large-cap stocks, hedge funds exhibit a greater tendency
to take liquidity in small-sized trades (bins 1-6) but provide liquidity in medium- and large-
sized trades (bins 9-19) compared to non-hedge funds. For medium-cap stocks, we observe
a similar pattern for small-sized trades that hedge funds take liquidity, but the difference
becomes statistically insignificant after bin 5. For small-cap stocks, hedge funds demonstrate
a higher propensity to provide liquidity in large trades (bins 14-19) relative to non-hedge
funds, but show no significant differences in executing trades in other size bins. During
the 2003-2012 period, hedge and non-hedge funds display similar behavior in small-sized
trades across all stock sizes. However, for large-cap stocks, hedge funds show a greater
likelihood of providing liquidity in medium- and large-sized trades (bins 11-19). During
the 2013-2022 period, while hedge funds and non-hedge funds exhibit similar trade patterns
for large-cap stocks across all trade size bins, significant divergences exist for small- and
medium-cap stocks. In small-cap stocks, hedge funds tend to take liquidity in medium-
and large-sized trades (bins 13-19). For medium-cap stocks, hedge funds are more inclined
to provide liquidity in medium-sized trades (bins 10-14) and take liquidity for the largest
trades in bin 19. Overall, the two types of institutional investors exhibit distinct execution
methods regarding trade size, and these differences vary substantially over time and across

market-cap quintiles.
[Place Figure 2 about here]

In our last step of estimating daily hedge fund and non-hedge fund trades, we calculate

the expected daily change of ownership separately for hedge funds and non-hedge funds,
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E[AY; 4], taking the estimates in Equation (1):

19
AYig =g+ pAYia1 + ¢Yia + BUia+ B" Yign x Uig + > B(Z,0)Fria+ €ia, (3)

Z=1

where d indexes a day. The order flow variables can be calculated every day using the TAQ
data. We set to zero unobservable daily variables of aggregate institutional ownership such
as AY; 41 and Y; 41 as well as a set of daily dummies, g4, following CRS. Our extension
of the original CRS method allows us to estimate daily HF and NHF trades based on their
distinct sensitivities to trade-size-dependent order flows.

We note that the frequency conversion from quarterly to daily horizon is valid under an
exogeneity assumption that the error terms, €; 4, are not correlated with all of its leads and
lags within a quarter. To validate this assumption, we employ daily HF and non-HF trades
from the Abel Noser (AN) trade data. Specifically, we estimate quarterly coefficients from
a regression model based on Equation (1), using quarterly aggregated HF or NHF trades in
AN data as the dependent variable.!! We then retrieve daily HF and NHF order flow by
applying the estimated coefficients to daily AN trade size bins using a CRS-style procedure,
and define the “residual” daily trading as the difference between actual and retrieved daily
trades. We find that the time-series averages of cross-sectional Spearman autocorrelations
of the residuals are close to zero: —1.25% for HF and 2.24% for NHF. These results support

the validity of applying the CRS method to estimate daily HF and NHF trades.

D.  Summary statistics

Table I provides the time-series averages of cross-sectional statistics for hedge fund order
flow (HF), non-hedge fund order flow (NHF), total order flow (TOF), and risk-adjusted
mid-quote return (Return) across four sample periods: 1993-2022 in Panel A, 1993-2002 in
Panel B, 2003-2012 in Panel C, and 2013-2022 in Panel D. HF and NHF are estimated as

UIn this specification, Y; ,—1 is set to zero as we do not know the ownership level of the AN HF/NHF
traders, and Fz; ; represents trade size bin aggregates from the AN data.
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described in Section II.C. TOF is calculated for all valid TAQ transactions as buyer-initiated
volume minus seller-initiated volume scaled by the number of shares outstanding with the
trade direction classified based on the Lee and Ready (1991) algorithm. Return is a risk-
adjusted mid-quote return with respect to the Fama—French (1993) factors and Carhart
(1997) momentum factor. All the order flow variables are scaled by the number of shares
outstanding and can be interpreted as the proportion of shares traded.

Over the full sample period, HF has an average value of 0.009, with means ranging
from 0.005 to 0.010 across the other sample periods. NHF shows a higher mean than HF,
averaging 0.024 in 1993-2022 and ranging between 0.018 and 0.032 in the subperiods. The
standard deviations of both HF and NHF are approximately three times larger than their
means, indicating substantial variability. The mean of TOF is 0.036 in 1993-2022, with
values ranging from 0.022 to 0.056 across the subperiods. Notably, HF', NHF, and TOF all
exhibit positive skewness. The average Return is consistently 0.000 across all sample periods,
with a slight positive skewness.

Table I also reports the time-series averages of the cross-sectional Spearman correlations
among the four variables. HF and NHF are strongly correlated, with a correlation coefficient
of 0.671 over the full sample period (1993-2022). Notably, the correlation between HF
and NHF has increased over time: 0.547 in 1993-2002, 0.668 in 2003-2012, and 0.798 in
2013-2022. This evolving relationship in HF and NHF trading behavior aligns with the
patterns observed in Figure A2 of the Internet Appendix. Additionally, HF shows a lower
correlation with TOF than NHF, indicating that hedge fund trades are less aligned with
overall market order flow compared to non-hedge fund trades. For example, in the 1993-2022
period, HF’s correlation with TOF is 0.177, while NHF’s correlation with TOF is higher at
0.320. Similarly, HF has a weaker correlation with Return than NHF does, with HF’s
correlation with Return at 0.070 in 1993-2022, compared to NHE’s correlation of 0.097.
This suggests that while both HF and NHF positively impact contemporaneous prices, HF’s

influence on current stock prices is weaker than NHF’s. However, in the most recent sample
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period (2013-2022), the correlations of HF with TOF and Return become close to those of

NHF, reflecting the similarity of HF and NHF trade behaviors in 2013-2022.
[Place Table I about here]

We formally examine the influence of HF on contemporaneous prices in Table A2 of
the Internet Appendix. The results show that HF and NHF exert positive and statistically
significant contemporaneous price pressure, with NHF trades having a stronger economic

impact than HF trades, though this effect diminishes over time.

E. Determinants of hedge fund and non-hedge fund trading

To better understand the factors influencing the trading behavior of hedge funds and non-
hedge funds, we employ a Fama—MacBeth (1973) regression model that includes key firm
characteristics: market beta (MktBeta), market capitalization (MktCap), book-to-market
ratio (BM), short-term reversal (REV), return momentum (MOM), relative bid-ask spread
(SPRD), share volume turnover ratio (TURN), idiosyncratic risk (IdioRisk), and the mis-
pricing index (MISP) proposed by Stambaugh, Yu, and Yuan (2012).'> We use momentum
as a separate characteristic together with other price and volume based characteristics, and
exclude the momentum factor from the original mispricing index because all the other anoma-
lies included in MISP are calculated using fundamental information obtained from financial
statements. These firm characteristics are well known for their relations to future stock

returns and we are interested to see how hedge funds and non-hedge funds react to them.
Because the firm characteristics are typically measured at the monthly frequency, we

aggregate daily HF and NHF into monthly observations. Table II reports the time-series

12We document detailed calculation methods for these firm characteristics in the Appendix at the end of
the paper.
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averages of cross-sectional coefficients for the following model:

OF;m = am+ BEMktBeta;,, + 85 MktCap, , + B PMBi + BEREV; 1, + Y MOM,; 1,

+B3 SPRD; ,, + B TURN; ,,, 4 L IdioRisk; ,, + BM2MISP excl. MOM; ,, + €;m.(4)

To account for serial correlations, we use Newey and West (1987) standard errors with five
lags to calculate the t-statistics.

Our analysis reveals that the differences between hedge funds and non-hedge funds in
their responses to well-known return predictors at the monthly frequency are less pronounced
than one might anticipate. Both types of funds demonstrate a propensity to buy high-beta
and large-cap stocks, trade contrarian to both short-term and long-term past returns, and
favor liquid stocks characterized by low bid-ask spreads and high turnover. This behavior
deviates from established return predictability based on monthly data. Specifically, their
preference for large-cap stocks runs counter to the expectations set by the size premium,
which favors smaller firms. Similarly, they trade against well-documented winning strategies
that bet against beta (Frazzini and Pedersen (2014), investment in stock return momentum
(Jegadeesh and Titman (1993)), and collect illiquidity premium on stocks with wide bid-
ask spreads (Amihud and Mendelson (1986)). Thus, at monthly frequency, both types of
institutional investors prioritize transaction cost management and trade execution by tilting
towards larger and more liquid stocks.

However, important distinctions emerge between the two groups, reflecting their divergent
strategies and market roles. Hedge funds display a clear preference for value stocks, aligning
with the value premium, and they actively engage in trading based on mispricing derived
from fundamental information. This suggests a nuanced approach where hedge funds seek
out undervalued opportunities to generate returns. On the other hand, hedge funds also
show a strong inclination toward stocks with high idiosyncratic volatility, a characteristic
indicating greater information asymmetry or higher rewards for being informed. In contrast,

NHF exhibits no significant response to these characteristics.
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In summary, our low-frequency analysis presents some evidence of how hedge funds create
an edge over non-hedge funds by trading stocks with certain characteristics. While hedge
funds favors larger and more liquid stocks likely for transaction cost reasons, they also exhibit
a preference for value stocks and actively trade on mispricing derived from fundamental
information and stocks displaying high idiosyncratic volatility where rewards are high for
being informed. To better understand the information edge hedge funds might possess, we
turn to higher frequency analyses to examine their role in price discovery and trading around

news events, capturing how they leverage short-term information.

[Place Table II about here]

III. Hedge funds as informed traders

In this section, we test the hypothesis that hedge fund order flow is more informative
about future stock prices than non-hedge fund order flow. Prior studies using lower-frequency
data provided suggestive evidence for this conjecture. For instance, Kosowski, Naik, and
Teo (2007) and Jagannathan, Malakhov, and Novikov (2010) document persistent superior
performance in hedge funds. Agarwal, Jiang, Tang, and Yang (2013) find positive and
significant abnormal returns associated with hedge funds’ confidential holdings in 13F filings.
However, research using high-frequency hedge fund order flow across a broad sample is
limited, and we still do not have an in-depth understanding of how hedge funds exploit
short-lived information and what contributes to their information edge. To address this gap,
we examine hedge fund and non-hedge fund order flow through three sets of event studies
focusing on information shocks, including: (1) scheduled and unscheduled corporate events,
(2) arrival of news articles about both fundamental and non-fundamental information, and

(3) initial coverage of alternative data.
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A. Corporate event studies

In this subsection, we examine the reaction of hedge fund and non-hedge fund trades
to salient corporate events. Our sample includes quarterly earnings announcements, analyst
rating updates to capture unscheduled corporate announcements, and permanent price jumps
not related to earnings news, which reflect other material information. Quarterly earnings
announcements and analyst rating updates are sourced from the I/B/E/S database, while
permanent price jumps are defined as two standard-deviation shocks that do not fully reverse
within the following ten days. After merging the event data with our trading sample, we
have 1,291, 649 stock-day observations for these corporate events.

Table IIT presents the estimated coefficients from the following model, using ordinary

least squares regressions with firm and year fixed effects:

6 6 6
CARju-1441 = oitoy+y B "HF g+ ) B NHF o + ) 7 TOF;
k=2 k=2 k=2
6

+ Z ’y,fReturnLt,k + ')/NNATi7q_1 + ’ySSPRDZ‘7t_2 + '}/SAMIZ‘7t_2 + €, (5)
k=2

where for each event ¢ on day t in a quarter ¢ of a year y, CAR is the cumulative abnormal
return from days ¢t — 1 to t+ 1, NAT is the quarterly net arbitrage trading measure proposed
by Chen, Da, and Huang (2019) (i.e., the difference between quarterly abnormal hedge fund
holdings and abnormal short interest), SPRD is relative bid-ask spread, AMI is Amihud
(2002) illiqudity measure, and the other variables are the same as defined in Table I. We
cluster the standard errors around firm and year in calculating the ¢-statistics. We report
results for the main variables in Table III and exclude the control variables for brevity.

We first examine these three event types separately over the full sample period (1993-2022).
The results are reported in the first column for each event type in Table III. Consistent across
all event samples, we find that the estimated coefficients for HF are always positive and sig-
nificant on day d — 2, just before the event window, with the positive effects persisting

through the subsequent days (d — 3 to d — 6). Specifically, HF shows coefficients of 8.093
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(t-stat = 5.16) for earnings announcements, 1.873 (¢-stat = 2.73) for analyst rating updates,
and 11.956 (t-stat = 5.83) for permanent price jumps. The economic magnitude is sizable.
For instance, a one—standard deviation increase in hedge fund net purchases over days d — 6
to d — 2 corresponds to a total increase of 50.3 basis points in cumulative abnormal returns
around earnings announcements and 87.5 basis points around permanent price jumps. In
contrast, NHF is either negatively or insignificantly associated with cumulative abnormal
returns around corporate events, both on day d —2 and in the following days (d —3 to d—6).
These results suggest that the return predictability of hedge fund trades is closely tied to
fundamental information flow surrounding significant corporate events.

The negative coefficients for NHF's partly reflect the high correlation between HF and
NHF order flows. In unreported tests where NHF is included as the sole regressor, we find
that NHF positively predicts event returns at the first lag; however, reversals at longer lags
offset the initial impact, and the total predictive power over the five-day pre-event window is
statistically insignificant. Our finding on the informativeness of NHFs is consistent with the
consensus in the extensive literature that mutual funds in aggregate do not generate positive
alpha (e.g., Jensen (1968), Gruber (1996), Carhart (1997), and Fama and French (2010)).

We then analyze the three event types across two subperiods, separated by the enact-
ment of Regulation Fair Disclosure (RegFD) in 2000: 1993-1999 and 2000-2022. Table III
present the results for these subperiods. Consistent with the full sample results, HF shows
positive and significant coefficients on day d — 2 across all event types, while NHF displays
negative coefficients. However, both the statistical and economic significance of HF and
NHF coefficients weaken in the 2000-2022 subperiod compared to 1993-1999. For instance,
a one-standard deviation increase in hedge fund net purchases over days d — 6 to d — 2
corresponds to a total increase of 133.9 basis points around permanent price jumps in 1993-
1999. This effect decreases to 85.5 basis points in the 2000-2022 period. The enactment
of RegFD, which mandates timely disclosure of material information by firms, potentially

reduces the informational advantage of hedge funds by narrowing the gap between informed
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and uninformed investors. As a result, the price impact of both hedge fund and non-hedge

fund trades around corporate events has diminished in the more recent period.
[Place Table III about here]

One potential concern is that hedge funds may employ special execution techniques to
exploit short-term information around event days that differ from their regular trading pat-
terns identified by the linkage between 13F and TAQ data. If so, this may challenge the
validity of our hedge fund trade flow estimated using the full sample of trades in this event
study. Specifically, the relation between hedge fund trading and order flows of the 19 trade
size bins in the TAQ data may depend on the types of days (e.g., event vs. non-event days).
We conduct two tests and verify that this is not the case. First, we plot the trade distribu-
tion across size bins for pre-corporate event period (event day ¢ — 6 to t — 2), event period
(t—1to t+ 1) and non-event days using the Abel Noser sample in Figure A3 of the Internet
Appendix. The pre-event and event periods correspond to the measurement windows of
independent and dependent variables in our main analysis. We do not observe a significant
shift in the distribution of hedge fund trades across the three types of days. Second, as
informed traders, if hedge funds use different trade sizes on event days from normal (non-
event) days, we should expect to see significant differences in the predictive ability of order
flows from several size bins between event days and normal days. In Table A3 of the Internet
Appendix, we formally test this hypothesis by regressing returns on past size-bin order flows
and their interactions with an event dummy. We cannot reject the null hypothesis that these
interactions have zero coefficients. Therefore, we do not find a structural shift in hedge fund

execution methods on event days in our data.

B.  HF trading around news

In this subsection, we examine the reaction of hedge fund and non-hedge fund trades to a

comprehensive collection of firm-specific news stories. Our news data come from RavenPack
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between 2000 and 2022, sourced from the Dow Jones Newswire. To ensure that each news
story is specifically about a given firm, we include only those news with a relevance score of
100.** Additionally, we require the “event relevance” score, also provided by RavenPack, to
be 100, ensuring that we capture only news articles that mention a company in the headline.
To mitigate concerns about the look-ahead bias, we exclude events for a given stock that
occur within 30 calendar days of another news event related to the same stock. Furthermore,
to accurately compute the predictive power of hedge fund and non-hedge fund trades in pre-
event periods, we adjust the news event date to the next trading day if the news article is
issued after 4:00 pm. Lastly, we include all news “groups” within the business “topic” in the
RavenPack database that cover more than 5,000 firms to ensure representation of smaller
firms (Kolasinski and Yang (2018)).1 After merging with our trading sample, we obtain
1,956, 008 stock-day observations for these RavenPack news events.

We present the results from RavenPack news event studies in Table IV. Panel A focuses
on news groups related to firm fundamentals, including earnings, analysts, mergers and
acquisitions, assets, credit, dividends, equity actions, labor issues, products and services,
revenues, and partnerships. Across all these news groups, hedge fund trades consistently
show positive and significant return predictability on firm-specific news within the five days
from d — 2 to d — 6. By comparison, non-hedge fund trades during the same period exhibit a
negative price impact on the day of the news event across all fundamental news groups. Panel
B examines non-fundamental news groups, including insider information, investor relations,
marketing, order imbalance, price targets, and stock prices. Even in these non-fundamental
news categories, the results remain qualitatively similar: hedge fund trades demonstrate
positive coefficients, while non-hedge fund trades show negative coefficients in the lagged

period.

13 According to the RavenPack User Guide 1.0 (2020), the “relevance score” ranges from 0 to 100, indicating
how closely a news item pertains to a particular company: 0 meaning the company is only passively mentioned
and 100 indicating the company is predominantly featured.

4We combine three news groups—bankruptcy, credit-ratings, and credit—into a single group named
‘credit’ due to the limited coverage of firms in the bankruptcy and credit-rating groups and exclude a few
news groups with very limited observations.

22



[Place Table IV about here]

Taken the results of Tables III and IV together, the findings from these event studies
suggest that the return predictability of hedge fund trades is closely tied to the flow of both

fundamental and non-fundamental information in financial markets.

C. Cross-sectional variation conditioning on firm characteristics

In this subsection, we study the cross-sectional variation in the reaction of hedge fund
(HF) and non-hedge fund (NHF) trades to corporate events and RavenPack news across
subsamples of stocks. Specifically, we first condition on liquidity measures, including firm
size, bid-ask spread, and the Amihud illiquidity measure. To do so, we sort all stocks into
two groups based on the daily cross-sectional median of each liquidity measure from the full
sample. Panels A to C of Table V report the estimated coefficients of HF and NHF from
the regression model in Table III for each subsample. For brevity, we use the average HF
and NHF from d — 6 to d — 2 instead of five individual lagged terms in this analysis and
examine the combined samples for corporate events and news arrivals without disentangling

sub-events.
[Place Table V about here]

The results reveal several interesting patterns. First, in predicting stock price reactions,
HF shows positive and significant coefficients across all liquidity-sorted subsamples, whereas
NHF exhibits negative and significant coefficients in all subsamples. Second, the predictabil-
ity power of HF trading is significant across all event types, including corporate events and
both fundamental and non-fundamental RavenPack news. Third, the predictability of HF
trading varies inversely with liquidity measures. Specifically, the five-day average of HF
trades in the corporate event sample has coefficients of 38.52 for small stocks and 17.06 for
large stocks; 28.28 for stocks with wide spreads and 15.52 for stocks with narrow spreads;

46.42 for illiquid stocks with high Amihud measures and 15.83 for liquid stocks with low
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Amihud measures. A stronger effect in illiquid stocks suggests that hedge funds are more
likely to have an edge in illiquid stocks, which have higher information asymmetry and higher
arbitrage costs.

In Panels D and E of Table V, we repeat the analysis over subsamples of stocks sorted by
the information environment, as measured by the number of sell-side analysts from I/B/E/S
and institutional ownership from Thomson Reuters’ 13F data. As with liquidity proxies,
we separate all stocks into two groups based on the daily cross-sectional median of each
information proxy from the full sample. The results show that HF exhibits positive predictive
power in all subsamples, while the coefficient for NHF is negative in all subsamples. For
corporate events and RavenPack fundamental news, HF trading’s predictability is notably
stronger for stocks with low analyst coverage and low institutional ownership. These findings
support the notion that more opaque stocks are associated with higher arbitrage risks and
information asymmetry, areas where hedge funds have a distinct advantage.

Taken together, the results indicate that hedge funds’ ability to trade ahead of short-lived
information is robust across various stock subsamples, with a particularly strong advantage

in stocks characterized by higher arbitrage costs and less transparency.

D. Alternative data

This subsection investigates the impact of alternative data, such as satellite imagery from
RS Metrics, on the predictive power of hedge fund trades for stock returns on subsequent
days. Satellite data provides valuable insights into forthcoming quarterly reports (e.g., Kang,
Lorien, and Wong (2021); Bonelli and Foucault (2024); Katona, Painter, Patatoukas, and
Zeng (2024)). With access to this data, hedge funds may have more accurate information
regarding firm performance. For this reason, we expect hedge fund trades to demonstrate
stronger predictive power for the stock returns of major retailers covered by satellite data
after its release.

We acquire RS Metrics data between May 2009 and September 2018 because we require a
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three-year window post coverage in this event study. We begin by identifying the exact date
when RS Metrics commenced the provision of state-level parking lot traffic data, extracted
from satellite imagery, in the U.S. market.!> Next, to address concerns that stocks covered
by RS Metrics might systematically differ from other stocks, we match the 48 covered stocks
with three control stocks that (1) are not covered by RS Metrics in our sample period,
(2) belong to the same broad industry (i.e., Wholesale Trade or Retail Trade sectors), and
(3) have the closest market capitalization to the corresponding covered stocks. The sample
period spans three years before and three years after RS Metrics’ coverage initiation for each

covered stock. Combined with our trading data, this yields 186,956 stock-day observations.
Table VI presents the estimated coefficients from the following model, using a difference-

in-differences approach with firm and year fixed effects:

Return; g = oy +ay + /1 TREAT x POST x HF4_1 4+ B2 TREAT x POST x NHF;_;
+ SB3TREAT x POST x TOF4_1 + 4TREAT x HF4_; + 85 TREAT x NHF,;_,
+ B¢TREAT x TOF,_1 + 87POST x HF ;-1 4+ 5sPOST x NHF;_1 4+ 5oPOST x IOF;_;
+ B TREAT x POST + 81, TREAT + 315POST + B15HF 41 + BuuNHF,_, + 81sTOF,_,
+ ~Controlsqg—1 + € 4, (6)

where, for stock i on day d, TREAT is a dummy equal to one if the stock is covered by
RS Metrics, and POST is a dummy equal to one after RS Metrics initiates coverage of the
stock. We include market capitalization (MktCap) as a control variable because large retailer
stocks are significantly more likely to be selected for satellite coverage (Bonelli and Foucault
(2024)), along with the net arbitrage trading measure, lagged stock returns and illiquidity
measures. Standard errors are clustered by firm and year.

In Table VI, we find a positive and significant coefficient for §; in both columns with
and without control variables, suggesting that hedge fund trades exhibit stronger predictive

power for stock returns on the subsequent day after the introduction of satellite data on

15RS Metrics is recognized as the first vendor to introduce nearly real-time daily data feeds, enabling
sophisticated investors, such as hedge funds, to incorporate this data into their trading strategies (see Katona,
Painter, Patatoukas, and Zeng (2024) for more details).
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major retailers in U.S. markets. The economic impact is notable: a one-standard-deviation
increase in hedge fund trades is associated with a 1.09% increase in mid-quote return on the
subsequent day for treated stocks after the introduction of satellite data. In contrast, the
estimated coefficient for 3, is negative in both columns, indicating that non-hedge funds have
relatively weaker return predictability for the retailers’ stock returns on the next day. The
contrast clearly shows that hedge funds gain an informational advantage compared to non-
hedge funds. This interpretation aligns with Katona, Painter, Patatoukas, and Zeng (2024),
who argue that the substantial costs associated with acquiring and processing satellite data
mean that only a select group of informed traders like hedge funds, with advanced analytical

capabilities, typically use satellite data vendors.
[Place Table VI about here]

We also perform a back-of-the-envelope calculation for the potential profit of hedge funds
derived from acquiring the alternative data. Specifically, we evaluate the profit of hedge
fund order flow. Our estimate of HF reveals the hedge fund trading direction and quantity
through aggressive orders. However, we do not observe their trades directly. Instead, we
assume hedge funds build their positions at an average cost the same as the close price
every trading day and hold the position for one day only. In this way, we can compute the
holding period profits of hedge funds for all treated stocks after the coverage of RS Metrics.
Over a three-year post-coverage window, the total profits for all hedge funds on these 48
treated stocks amount to $2.87 billion. The sizable trading profit clearly shows the value of
acquiring private information by taking advantage of alternative data. Overall, the active
exploration of alternative data appears to provide an important edge for hedge funds in

generating superior performance.

26



IV. Return predictability in the cross-section

Our investigation so far provides strong and clear evidence of the informational advantage
of hedge funds over their peer institutions in a comprehensive set of events relevant to firm
values. We show that hedge funds trade prior to the arrival of such news in a consistent
manner with the subsequent market reaction to the event. In this section, we evaluate
whether hedge funds’ ability to trade ahead of short-lived information generalizes to return
predictability in the broader sample. This analysis speaks directly to how pervasive informed
trading is by hedge funds by testing the predictive power of hedge fund trading over the entire

sample period (not just around informational events as in the analysis earlier).

A. Baseline predictability

Note that HF and NHF order flows are highly correlated (0.671) and that both HF and
NHF order flows exert positive and statistically significant contemporaneous price pressure.
To examine potential return predictive ability of HF and NHF, we run Fama and Macbeth
(1973) regressions in the full cross-section of stocks in our sample. Table VII reports the

estimated coefficients of the following model:
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where for stock ¢ on day d in a quarter ¢, and all variables are the same as defined before.
To account for serial correlations, we use Newey—West (1987) standard errors with ten lags
to calculate the t-statistics. For brevity, Table VII reports the coefficient estimates of HF
and NHF only, while the regressions always include the full set of control variables.

For the full sample period spanning 1993 to 2022, the estimated coefficient of HF is
positive and statistically significant at the first lag, with a value of 1.540 and a t-statistic of

17.16. Economically, this translates into a notable effect: a one standard-deviation increase
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in HF net purchases corresponds to a 3.9 bp increase in the next day’s stock return. This
positive effect persists across multiple lags, with coefficients of 0.046 (t-stat = 0.73), 0.143
(t-stat = 2.27), 0.109 (t-stat = 1.71), and 0.154 (¢-stat = 2.42) at the second, third, fourth,
and fifth lags, respectively. In contrast, non-hedge fund (NHF) trades display a negative
and significant coefficient of —0.283 at the first lag (t-stat = —12.25), with this negative
impact persisting over subsequent lags. Together with our evidence on contemporaneous
price impact, these findings imply that hedge fund trades exert a lasting impact on stock
prices. In contrast, non-hedge fund trades tend to create only temporary price pressure that
reverses later. This supports the notion that hedge funds hold an informational advantage
over other institutional investors.

Turning to the subperiod analysis, we observe that the persistent price impact of hedge
fund trades remains robust but diminishes over time. During the 1993-2002 period, the
coefficient for the first lag of HF is 2.887 (¢-stat = 15.27), declining to 1.294 (t-stat = 11.87)
in the 2003-2012 period, and further tapering to 0.444 (t-stat = 4.86) in the 2013-2022
period. Similarly, NHF exhibits reversals across all subperiods, with coefficients of —0.572
(t-stat = —12.57) in 1993-2002, —0.201 (t-stat = —7.64) in 2003-2012, and —0.078 (t-stat
= —2.14) in 2013-2022. This attenuation in both statistical and economic significance over

time may reflect the evolution of a more transparent and efficient market.
[Place Table VII about here]

In Table B1 of the Internet Appendix, we also explore the predictability at the monthly
horizon and find consistent results that HF significantly and positively predicts future returns
in the cross-section while NHF has a negative predictive ability only. Collectively, these re-
sults support the idea that hedge funds contribute to price discovery by incorporating private
information through their trades, while the influence of non-hedge fund trades remains more
transient, consistent with the notion that hedge funds possess a unique informational edge

in financial markets. To reinforce our interpretation of the return predictability as a result
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of informed trading, we further investigate the cross-sectional variation of the predictability
based on firm characteristics in Table B2 of the Internet Appendix. The predictive power of
hedge fund order flow remains robust across subsamples sorted by liquidity (firm size, bid-ask
spread, and Amihud illiquidity) and information environment (analyst coverage and institu-
tional ownership). Notably, the predictive effect is stronger in illiquid stocks and in stocks
with lower analyst coverage or institutional ownership. These patterns suggest that hedge
funds’ informational advantage is most pronounced in markets where traditional information

channels are weaker and trading costs are higher.

B.  Out-of-sample test

To further evaluate the robustness of our hedge fund order flow estimates, we conduct an
out-of-sample (OOS) test designed to assess predictive performance in a setting that more
closely mirrors real-time investment decisions. We implement a ten-year rolling window
approach to construct daily hedge fund (OOS HF) and non-hedge fund (OOS NHF) order
flows. Specifically, for any given year, we estimate model coefficients using the preceding
ten years of data, and fit the real-time TAQ order flow data on the lagged parameters to
obtain the OOS HF and NHF. This procedure is repeated annually for the full OOS window
from 2003 to 2022. Despite relying exclusively on historical information, OOS HF and OOS
NHEF exhibit high correlations with their in-sample counterparts at around 65%, indicating
consistency in signal extraction while preserving out-of-sample integrity.

Using these OOS estimates, we replicate the regression analyses in Table VII, and the
results are summarized in Table VIII. For the whole OOS sample from 2003 to 2022, the
coefficient for OOS HF at the first lag is positively significant, with a value of 0.798 (¢-stat
= 9.47). Economically, this indicates that a one-standard-deviation increase in hedge fund
order flow is associated with an increase in subsequent day’s stock return of approximately
2.2 basis points. The positive predictive influence persists over the following days, evidenced

by coefficients of 0.118 (t-stat = 1.52), 0.178 (¢-stat = 2.29), 0.151 (¢-stat = 1.93), and 0.062
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(t-stat = 0.88) from lags two to five. In contrast, OOS NHF displays a significantly negative
coefficient of —0.106 at the first lag (t-stat = —4.58), with continued negative impacts from
subsequent lags, consistent with the transitory price pressure observed in earlier sections.
Subperiod results further underscore the stability of our approach. The first-lag coef-
ficients for OOS HF are 0.839 (¢-stat = 5.96) in 2003-2012 and 0.757 (¢-stat = 8.38) in
2013-2022, reflecting sustained predictive power across distinct market conditions. OOS
NHF coefficients remain significantly negative in both periods, with values of —0.113 (¢-
stat = —4.14) and —0.100 (t-stat = —2.73), respectively. These findings confirm that our
methodology produces a robust measure of hedge fund trading activity that retains its infor-
mativeness even in an out-of-sample context. The results reinforce the value of our estimates
in forecasting returns and highlight the persistent informational content embedded in hedge

fund order flow.

[Place Table VIII about here]

C.  Comparison with other measures of institutional trading

To further benchmark our daily HF trading measure against existing proxies for daily
institutional trading, we conduct a series of comparison analyses with two widely cited alter-
natives: the daily institutional order flow estimate of Campbell, Ramadorai, and Schwartz
(2009), and the lendable-shares-based measure introduced by Barardehi, Da, Dixon, and
Wang (2025) (BDDW). While these measures are commonly used to capture institutional
trading activities, neither is designed to distinguish between hedge funds and other institu-
tions. In contrast, our method explicitly isolates hedge fund order flow and seeks to identify
informed trading with greater precision. Additionally, to address the limitation that 13F
holdings do not capture short-selling activities by hedge funds, we construct a short-sale
adjusted measure (HF —SI) and compare its performance with the original hedge fund (HF)

trade measure.
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As reported in Section C of the Internet Appendix, the results consistently demonstrate
the superior performance of our measure. In cross-sectional return predictability regressions,
hedge fund order flow significantly outperforms both CRS and BDDW measures, including
in direct horse race specifications where all measures are included simultaneously. The
coefficient on our hedge fund measure remains large and statistically significant, whereas
those on CRS and BDDW are generally insignificant. Event study analyses further reinforce
this pattern: before earnings announcements, analyst rating changes, and permanent price
jumps, hedge fund order flow is consistently and significantly related to cumulative abnor-
mal returns, while the alternative measures are not able to capture such predictive signals.
Similarly, in the context of firm-specific news from RavenPack, hedge fund order flow shows
strong and consistent return predictability across both fundamental and non-fundamental
news types, while the alternative measures perform inconsistently. These findings underscore
the informativeness and robustness of our measure in capturing the institutional trades from
hedge funds that reflect superior information.

To address the limitation that 13F filings do not capture hedge fund short-selling activity,
we construct an alternative measure of hedge fund trading by subtracting quarterly short
interest (SI) in Compustat from hedge fund holdings in 13F filings. The implicit assumption
of this analysis is that all short interest originates from hedge funds and hedge funds do not
supply lendable shares. As detailed in Section D of the Internet Appendix, we estimate the
HF—SI measure at the daily frequency using the same CRS framework as our baseline. Across
a range of tests, including cross-sectional return predictability, corporate event studies, and
firm-specific news reactions, this short-sale adjusted HF trading measure yields results that
closely track those of our baseline HF measure, albeit with slightly attenuated magnitudes
in some specifications. These findings suggest that while 13F data do not explicitly account
for short-selling of hedge funds, this omission does not materially bias the informativeness

of our daily hedge fund order flow estimates.
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V. HF trading and market efficiency

After documenting high-frequency evidence of informed trading by hedge funds, we move
on to test the implication on market efficiency as a result of hedge fund trades. Prior re-
search indicates that hedge funds, as sophisticated investors, play a crucial role in reducing
mispricing and improving market efficiency (Kokkonen and Suominen (2015); Rosch, Sub-
rahmanyam, and Dijk (2017); Cao, Liang, Lo, and Petrasek (2018); Chen, Kelly, and Wu
(2020)). For example, Kokkonen and Suominen (2015) show that hedge funds actively cor-
rect misvaluations by trading both undervalued and overvalued stocks, thereby contributing
to market efficiency. Similarly, Cao, Liang, Lo, and Petrasek (2018) provide evidence that
stocks held by hedge funds experience substantial improvements in informational efficiency,
with hedge fund ownership playing a more significant role in price efficiency than other in-
stitutional investors. However, there remains limited research regarding the impact of hedge
fund order flow at high frequency on price efficiency across a broad set of stocks. To address
this gap, we examine the relationship between hedge fund trading and price efficiency at a
daily frequency. Our analysis focuses on two key areas: 1) the effect of hedge fund trades
on price efficiency around earnings announcements, and 2) the overall impact of hedge fund

trades on price efficiency in the broader market.

A.  FEarnings announcements

We first examine the relationship between hedge fund trading and price efficiency around
earnings announcements. Earnings announcements provide an ideal setting for investigating
the impact of hedge fund trades on price efficiency for two key reasons. First, earnings
announcements are arguably the most important value-relevant events, where firms disclose
their past profitability and offer projections for future performance (Beyer, Cohen, Lys, and
Walther (2010)). Second, informed traders, such as hedge funds, are particularly active

prior to earnings announcements (Weller (2018)). To measure price efficiency, we use three
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distinct metrics: (i) post-earnings announcement drift (PEAD), which captures slow diffusion
of information after the announcement; (ii) Weller’s (2018) jump ratio, which measures
immediate stock price reaction to newly announced information; and (iii) the change in the
variance ratio, which captures the overall shift in price efficiency before and after earnings
announcements. If hedge funds engage in informed trading, their trades can incorporate
private information into the stock prices and reduce the magnitude of all three measures of
price efficiency. Earnings announcement dates are sourced from Compustat, I/B/E/S, and
RavenPack.

Table IX presents results from the following least square regression model with firm and

quarter fixed effects:

Vid = Q; + oy + 5HFHFi,d + BNHFNHFi,d + yControlVariables; 4 + €; 4, (8)

where, for stock ¢ on earnings announcement day d in quarter ¢, the dependent variables are
CARg441.a+61, Jump Ratio Rank, and AVR. CAR441 4161 represents the cumulative abnor-
mal return, compounded over the 60-day post-announcement period covering days 1 to 61
following the earnings announcement. The Jump Ratio is calculated as the ratio of the ab-
normal return on the earnings announcement day (AR,) to the cumulative abnormal return
over the pre-announcement period of days -21 to 0 (CAR4-214). To mitigate the influence
of extreme values, Jump Ratio is ranked cross-sectionally, and Jump Ratio Rank is defined
as a categorical variable ranging from 0 (for the lowest decile) to 9 (for the highest decile).
AVR represents the difference between the variance ratio averaged over days +21 to +1
and the variance ratio averaged over days -21 to -1. The variance ratio itself is the absolute
difference between the 15-t0-60 second stock return variance and 1. Because both the Jump
Ratio Rank and AVR are unsigned, we use the absolute values of HF and NHF summed
over days -21 to -1 in those tests. The control variables include institutional ownership

(InstOwn), the number of analysts covering the stock (NumAnalyst), market capitalization,
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relative bid-ask spread, Amihud illiquidity, cumulative abnormal return, and the standard
deviation of abnormal returns.

Column (1) of Table IX presents the results for PEAD. Hedge fund trades on the day of
the earnings announcement (HFj) exhibit a negative and significant coefficient of —7.980,
with a t-statistic of —2.16. This negative relationship suggests that hedge fund trades fa-
cilitate the rapid incorporation of earnings information into stock prices, thereby reducing
the size of PEAD and improving price efficiency. In contrast, non-hedge fund trades (NHF})
show a positive and significant coefficient of 3.183, with a t-statistic of 2.03, indicating that
non-hedge funds may impede the timely incorporation of earnings information, ultimately
amplifying PEAD.

Column (2) examines Weller’s (2018) jump ratio, which measures the market response
to newly announced information. The results show that both hedge fund and non-hedge
fund trades, averaged over the 21 days prior to earnings announcements, have negative and
significant coefficients: —1.042 (¢-stat = —10.16) for hedge fund trades and —0.654 (¢-stat =
—13.36) for non-hedge fund trades. These negative coefficients suggest that active trading by
both hedge funds and other institutions prior to earnings announcements incorporates private
information into stock prices and reduces the informational value of the announcement.

Finally, in Column (3), the change in the variance ratio (AVR) is used to assess overall
price efficiency before and after earnings announcements. The absolute value of hedge fund
trades on the announcement day (|HF|;) is negatively and significantly associated with AVR,
with a coefficient of —2.626 and a t-statistic of —2.41. This indicates that hedge fund trades
contribute to a reduction of market risk through their trading on the earnings announcement
date. Although non-hedge fund trades (|NHF|;) also display a negative coefficient, it is not
statistically significant, suggesting that their effect on price efficiency is weaker and less
consistent.

Overall, the results across all columns demonstrate that hedge fund trades play a signif-

icant role in enhancing price efficiency around earnings announcements, while the evidence
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regarding non-hedge funds is mixed and inconclusive.

[Place Table IX about here]

B.  Price efficiency in the cross-section

In this subsection, we analyze the role of daily hedge fund trading in price efficiency in

the full cross-section of stocks using the following Fama-MacBeth regression model:
AVR,; 4= aq+ BfF|HF|i7d_1 + ﬁfiWqF|NHF|Z»,d_1 + yControlVariables; 45 + €;4,  (9)

where, for stock 7 on day d, AVR represents the two-day change in the variance ratio: AVR
= VR, 4 — VR, 4—2. Other variables are the same as those defined in Table IX.

Table X reports the estimated coefficients. We find that, across all subperiods, hedge
fund trades consistently show negative estimated coefficients, indicating that hedge fund
trades reduce the variance ratio and enhance price efficiency throughout the sample period.
In contrast, the effect of non-hedge fund trades on price efficiency is time-varying: non-
hedge fund trades significantly impair price efficiency in the 1993-2002 period but improve it
after 2002. Notably, both hedge fund and non-hedge fund trades exhibit negative estimated
coefficients in the 2013-2022 period, suggesting that both types of institutions contributed
to improved price efficiency in the most recent sample period. This finding aligns with our
earlier results in Tables I and A2 and Figure A2, supporting the interpretation that non-
hedge fund trading behavior has become increasingly similar to that of hedge funds over

time.

[Place Table X about here]
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VI. Conclusion

In this paper, we study daily aggregate hedge fund trades in individual U.S. stocks
to shed light on their role as informed traders over the past 30 years. By constructing
a measure of daily hedge fund order flow as an extension of Campbell, Ramadorai, and
Schwartz (2009)’s method, we provide compelling evidence that hedge funds are informed
traders and contribute significantly to price discovery in equity markets. Our findings show
that hedge fund order flow not only predicts future stock returns without reversal but also
plays a more critical role in price formation than non-hedge fund order flow.

Through various tests, we confirm that hedge fund trades have superior predictive power
for stock returns, particularly in stocks with weaker informational environments or higher
arbitrage costs. Unlike non-hedge fund institutions, hedge funds exhibit a permanent impact
on stock prices, suggesting that their trades are based on superior information. Additionally,
we demonstrate that hedge funds trade more efficiently around key information events, such
as earnings announcements and major corporate news, integrating information quickly into
prices. One key contribution is being the first to uncover that hedge funds make informed
trades ahead of corporate events and new arrivals. Our analysis of hedge fund trading
extends to the utilization of alternative data, such as satellite imagery, further reinforcing
the notion that hedge funds possess advanced capabilities for extracting and acting on new,
less conventional forms of information. We find that hedge funds are better positioned to
process and capitalize on such data, further enhancing their role in price efficiency.

This research contributes to the literature in two important ways. First, we estimate
daily hedge fund order flow that can be used to analyze hedge fund and non-hedge fund
trading behavior at higher frequencies. Second, our study highlights the unique contribution
of hedge funds to market efficiency, showing that their trades are more informative compared
to those of other institutional investors. The implications of these findings are broad, opening
avenues for future research. Further exploration into how hedge funds leverage big data and

artificial intelligence technologies and how their trading behavior might evolve in increasingly
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efficient markets would provide valuable insights for understanding their continued role in

global financial markets.
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Appendix. Firm Characteristics Related to
Institutional Trading

We construct a monthly sample of common stocks listed on the NYSE, AMEX, and
Nasdaq that are available in the CRSP, Compustat, TAQ, and Thomson Reuters 13F Own-
ership databases from 1993 to 2022. We exclude stocks priced below $5 to avoid market
microstructure effects. we also exclude stocks with month-end market capitalization below
the 5th percentile of NYSE breakpoints, focusing on more liquid and widely held stocks.
For determinant variables requiring firm-level data from Compustat, we use annual financial
statements, ensuring that the Compustat reporting date (item RDQ) precedes the end of the
month. For variables based on stock data from CRSP, we rely on information recorded for the
given month or earlier, as reported by CRSP. Our final monthly sample comprises 1,161,084
stock-month observations, merged with a trading dataset containing monthly aggregated
hedge fund and non-hedge fund order flows.

The determinant variables are defined as follows:

1. MISP excl. MOM: The mispricing index for a stock is calculated as the average decile
rank values across 10 anomaly variables, measured at the end of each month, with
values ranging from 10 to 100. For each anomaly, stocks are ranked based on their
values for that anomaly variable, with the highest rank assigned to the value associated
with the highest average abnormal return. A higher rank suggests a greater degree of
underpricing relative to that anomaly. Thus, stocks with the highest MISP values are
considered the most underpriced, while those with the lowest values are considered the

most overpriced. The 10 anomaly variables used in the calculation are listed below:

Net stock issues (Ritter (1991); Loughram and Ritter (1995))

Composite equity issues (Daniel and Titman (2006))
Failure probability (Campbell, Hilscher, and Szilagyi (2008))

O-Score (Ohlson (1980))
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Total accruals (Sloan (1996))

Net operating assets (Hirshleifer, Hou, Teoh, and Zhang (2004))
Gross profitability (Novy-Marx (2013))

Asset growth (Cooper, Gulen, and Schill (2008))
Return on assets (Fama and French (2006); Chen, Novy-Marx, and Zhang (2011))

Investment-to-asset (Titman, Wei, and Xie (2004))

. MktBeta: Market beta, estimated over the past 36 months using the Fama-French
three-factor model.

. MktCap: Market capitalization, defined as the product of the stock’s price and the
number of shares outstanding at the end of each month.

. MB: Market-to-book ratio, calculated as the ratio of market capitalization to book
equity value at the end of each month.

. REV: Short-term reversal, defined as the one-month-ahead return at the end of each
month.

. MOM: Return momentum, calculated as the cumulative return over the period from
month m — 2 and m — 6.

. SPRD: Relative bid-ask spread, calculated as the bid-ask spread divided by the average
of the bid and ask prices at the end of each month.

. TURN: Share volume turnover ratio, defined as the monthly trading volume divided
by the total number of shares outstanding.

. IdioRisk: Idiosyncratic risk, measured as the standard deviation of the residuals from

the Fama—French three-factor model over the past 36 months.
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Figure 1. This figure shows the distribution of trading activity in the Abel Noser institu-
tional trade database across trade size bins. We report results for the number of trades, trade
volume, buy volume, and sell volume within each trade size category as a percentage of total
activity of all size bins. The trade size bins have lower limit points of $0, $2, 000, $3, 000,
$5,000, $7,000, $9,000, $10,000, $20,000, $30,000, $50,000, $70,000, $90,000, $100, 000,
$200, 000, $300, 000, $500, 000, $700, 000, $900, 000, and $1 million.
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Figure 2. This figure shows t-statistics for the difference between the Nelson and Siegel
(1987) sensitivities (5(Z,v) in Equations (1) and (2)) of hedge funds and non-hedge funds,
across trade size bins and stock sizes, based on the results in Table Al of the Internet
Appendix. The trade size bins have lower limit points of $0, $2,000, $3,000, $5, 000,
$7,000, $9,000, $10, 000, $20, 000, $30, 000, $50, 000, $70, 000, $90, 000, $100, 000, $200, 000,
$300, 000, $500, 000, $700,000, $900,000, and $1 million. The sample includes all common
stocks listed on NYSE, AMEX, and Nasdaq that have information in TAQ, CRSP, and
Thomson Reuters’ 13F data.
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Table I. Summary Statistics

This table shows the time-series averages of cross-sectional statistics. HF and NHF are daily
hedge fund and non-hedge fund order flow, respectively, estimated following Campbell, Ra-
madorai, and Schwartz (2009): taking the estimated coefficients in Table A1 of the Internet
Appendix, HF and NHF are calculated as the expected change of daily hedge fund and
non-hedge fund ownership, E[AY] 4], respectively.

19
AY; g = Uig+ Y y1 x Uig + Z B(Z,Yq-1)Fzia+ €id,

Z=1

where for a stock 7 in a day d in a quarter g, AYy is the change of daily hedge fund or non-
hedge fund ownership, Y is aggregate hedge fund or non-hedge fund ownership in 13F, F is
aggregate Lee and Ready (1991) order imbalance scaled by shares outstanding in a trade-size
bin Z, 5(Z,Y;,-1) is defined as in Table Al of the Internet Appendix. TOF is daily total
order flow in TAQ based on Lee and Ready (1991) algorithm. Return is daily risk-adjusted
mid-quote stock return with respect to the Fama—French—Carhart four factors. The sample
includes all common stocks listed on NYSE, AMEX, and Nasdaq market capitalization above
the 5% NYSE breakpoints that have information in TAQ, CRSP, and Thomson Reuters’ 13F
data. Panels A, B, C and D report statistics in 1993-2022, 1993-2002, 2003-2012, and 2013-
2022, respectively.

Spearman Rank Correlation

Mean Stdev Min Median Max HF NHF TOF Return
Panel A. Full sample period (1993-2022)
HF 0.009 0.025 -0.063 0.003 0.134 1.000

NHF 0.024 0.072 -0.159 0.006 0.353 0.671  1.000

TOF 0.036 0.170 -0.641 0.016 0.818 0.177  0.320 1.000
Return || 0.000 0.028 -0.251  -0.001  0.422 0.070 0.097 0.192 1.000
Panel B. 1993-2002

HF 0.005 0.015 -0.026 0.001 0.077 1.000

NHF 0.023 0.063 -0.079 0.002 0.315 0.547 1.000

TOF 0.022 0.195 -0.722 0.003 0.842 0.183 0.277  1.000
Return || 0.000 0.031 -0.290 -0.001  0.421 0.073 0.101  0.300 1.000
Panel C. 2003-2012

HF 0.012 0.025 -0.041 0.005 0.132 1.000

NHF 0.032 0.079 -0.163 0.011 0.364 0.668 1.000

TOF 0.029 0.160 -0.585 0.015 0.679 0.152  0.489 1.000
Return || 0.000 0.024 -0.215 -0.001  0.336 0.056 0.110 0.115 1.000
Panel D. 2013-2022

HF 0.010 0.036 -0.123 0.003 0.193 1.000

NHF 0.018 0.074 -0.235 0.004 0.381 0.798 1.000

TOF 0.056 0.156 -0.616 0.029 0.934 0.196 0.194 1.000
Return || 0.000 0.027 -0.248 0.000 0.510 0.081 0.081 0.161 1.000
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Table II. Firm Characteristics and Institutional Trading

This table presents time-series averages of coefficient estimates from cross-sectional regres-
sions of the following equation,

OF;;m = am + BEMktBeta;,, + 85MktCap; ,, + o PMB; ,, + BEREV, 4+ B MOM, ,,
+B9SPRD;,,, + BETURN,,, + AL IdioRisk; ,, + SMISPMISP excl. MOM; ,, + €im,

where for stock ¢ in a month m, OF is a hedge fund or non-hedge fund order flow estimate
described in Section I1.C, MktBeta is market beta from a Fama—French three-factor model
over the past three years; MB is a market-to-book ratio; REV is short-term reversal; MOM
is intermediate-term momentum; SPRD is relative bid-ask spread; TURN is a share volume
turnover ratio; IdioRisk is idiosyncratic risk from a Fama—French three-factor model over the
past three years; and MISP excl. MOM is a mispricing index proposed by Stambaugh, Yu,
and Yuan (2012) that excludes a momentum factor. The definitions of these determinants are
detailed in the Appendix. The sample includes all common stocks listed on NYSE, AMEX,
and Nasdaq market capitalization above the 5% NYSE breakpoints that have information in
TAQ, CRSP, Compustat, and Thomson Reuters’ 13F data. Corresponding ¢-statistics based
on Newey—West (1987) standard errors are reported in parentheses. *** ** and * indicate
statistical significance at 1, 5, and 10 percent level, respectively.

| HF,, NHF,,
Intercept -0.044 -1.080%**
(-1.37) (-7.27)
MktBeta,, 0.020%** 0.048%**
(7.81) (9.18)
MktCap,, 0.006%** 0.094%**
(2.71) (8.01)
MB,, -0.067*** -0.007
(-2.60) (-0.09)
REV,, -0.062%** -0.063%**
(-7.03) (-3.30)
MOM,, -0.036*** -0.051***
(-6.39) (-4.74)
SPRD,, -3.128%** -6.265%**
(-5.11) (-4.61)
TURN,, 0.079%** 0.250%**
(22.11) (11.43)
IdioRisk,, 0.180*** -0.080
(5.14) (-1.29)
MISP excl. MOM,, 0.016** -0.017
(2.29) (-0.73)
Adjusted R* 0.342 0.305
Number of Stocks 2,455 2,455
Number of Months 360 360
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Table V. Cross-sectional Variation in Predicting Event Returns

This table replicates the regression analysis in Table ITI using event study subsamples based on liquidity and
information proxies. The liquidity proxies are market capitalization, relative bid-ask spread, and Amihud
illiquidity. The information proxy is analyst coverage and institutional ownership. For brevity, we only report
the coefficient estimates of hedge fund order flow (HF) and non-hedge fund order flow (NHF) averaged over
the past five trading days from d — 6 to d — 2, while the regressions always include the full set of control
variables. The sample includes all common stocks listed on NYSE, AMEX, and Nasdaq market capitalization
above the 5% NYSE breakpoints that have information in TAQ, CRSP, and Thomson Reuters’ 13F data from
1993 to 2022. All variables are the same as defined in Table I. Panals A, B, C are for liquidity proxies and
Panels D and E are for information proxies. All coefficient estimates are multiplied by 100. Corresponding
t-statistics based on Newey—West (1987) standard errors are reported in parentheses. *** ** and * indicate
statistical significance at 1, 5, and 10 percent level, respectively.

RavenPack RavenPack
Corporate Events Fundamental News Non-fundamental News
Low High ‘ Low High ‘ Low High
Panel A. Market Capitalization
Aveg, g.4—2(HF) 38.516*** 17.056%** 13.334%%* 7.605%%* 19.9971%** 9.460%**
(4.77) (6.99) (3.91) (4.96) (3.06) (4.11)
Avg, 6 .q4—o(NHF) -18.042%** -4.562%** -8.315%** -1.545%%* -11.530%** -2.312%%*
(-5.17) (-4.82) (-4.49) (-2.79) (-3.62) (-2.65)
Adjusted R? 0.005 0.007 0.005 0.005 0.009 0.005
Observation 516,820 896,640 392,871 787,645 319,719 754,507
Panel B. Bid-Ask Spread
Avg, ¢ q4_o(HF) 15.522%** 28.275%** 6.656%** 7.561%* 7.9427%%* 15.588%**
(6.63) (4.71) (4.63) (2.49) (4.70) (3.21)
Avgy gq_o(NHF) || -5.075%%%  _9.608%%* | _1.744%F% 4636 | -2.104%F*%  _7.310%**
(-4.89) (-5.35) (-3.05) (-4.06) (-2.82) (-3.07)
Adjusted R? 0.007 0.005 0.004 0.005 0.005 0.007
Observation 846,443 567,017 757,512 423,004 700,953 373,273
Panel C. Amihud Hliquidity
Avg, g 4—o(HF) 15.826%** 46.416%** 6.897*** 13.852%** 8.400*** 29.793%**
(7.24) (4.25) (4.90) (3.49) (4.48) (3.35)
Avg, 6 .q4_o(NHF) -4 582%** -14.050%** -1.702%** -T.552%%%* -1.992%** -13.087***
(-5.65) (-3.10) (-3.53) (-3.38) (-3.21) (-2.97)
Adjusted R? 0.007 0.006 0.003 0.008 0.005 0.013
Observation 904,870 508,586 792,050 388,455 758,429 315,792
Panel D. Analyst Coverage
Aveg, ¢.4-2(HF) 19.747%%* 15.064%** 8.401%** 6.532%** 6.088* 9.059%**
(3.29) (8.16) (3.40) (5.09) (1.70) (4.65)
Avg, 6 .q4o(NHF) -11.338%** -3.855%** -5.053%** -1.378%** -5.4171%%* -1.974%**
(-5.02) (-7.01) (-4.12) (-4.11) (-2.65) (-3.50)
Adjusted R? 0.007 0.005 0.007 0.004 0.009 0.004
Observation 481,622 762,973 397,556 682,086 322,425 646,299
Panel E. Institutional Ownership
Avg, ¢ 4_o(HF) 22 487*** 17.538%** 6.020%* 6.556%** 3.843 9.901%**
(3.83) (7.03) (2.44) (4.31) (1.01) (4.82)
Avgy gq_o(NHF) || -0.877%F% 4684 | _3.775%k% 173455 -4.518* -2.187H**
(-4.81) (-7.04) (-2.83) (-4.05) (-1.80) (-4.49)
Adjusted R? 0.005 0.006 0.006 0.004 0.009 0.005
Observation 547,287 807,224 441,122 672,338 401,455 621,061
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Table VI. Alternative Data and Institutional Trading

This table presents ordinary least squares regression results for the following equation,

Return; g = a; + ay + S TREAT x POST x HFy_; + foTREAT x POST x NHF,_;
483 TREAT x POST x TOFy_; + B4 TREAT x HF;_; + 8sTREAT x NHF,_;
1 B6TREAT x TOF4_1 + 87POST x HFy_; + BsPOST x NHF;_; + BoPOST x I0F,_,
+B10TREAT x POST + 511 TREAT + 812POST + B13HF4_1 + 814NHF3_1 + $1510F3_;
+B16MktCapy_; + Bi7Returng_1 + B18AMI4_1 + B19SPRDg 1 + B20NAT g1 + €; 4,

where for stock i on day d, TREAT is a dummy equal to one if the stock is covered by RS Metrics and POST
is a dummy equal to one after RS Metrics initiates coverage of the stock. To address concerns on stocks
covered by RS Metrics are different from other stocks, we match 48 treated stocks with three stocks that do
not experience coverage by RS Metrics. We select the three stocks with the closet market capitalization in
the same industry (first digit of SICCD=5) to that of the corresponding treated stock. Sample period is from
three years before to three years after RS Metrics coverage initiation for each treated stock. All variables
are the same as defined in Tables I and III. All coefficient estimates are multiplied by 100. Corresponding
t-statistics based on firm and year clustered standard errors are reported in parentheses. *** ** and *
indicate statistical significance at 1, 5, and 10 percent level, respectively.

[ (1) (2)

TREAT x POST x HF;_4 0.342%** 0.327%**
(7.62) (9.20)
TREAT x POST x NHF,_1 -0.542 -0.581
(-1.48) (-1.53)
TREAT x POST x TOF,_1 -0.151 -0.189
(-0.69) (-0.85)
TREAT x HF,_; -0.022 -0.065
(-0.04) (-0.13)
TREAT x NHF,_1 0.248 0.295
(1.08) (1.19)
TREAT x TOF4_1 0.019 0.029
(0.18) (0.28)
POST x HF3_4 -0.573 -0.600
(-0.76) (-0.78)
POST x NHF;_1 0.412 0.464
(1.19) (1.32)
POST x TOF4_4 0.114 0.137
(0.76) (0.85)
TREAT x POST -0.004 -0.003
(-0.90) (-0.67)
TREAT 0.003 0.002
(1.44) (1.10)
POST -0.003** -0.002
(-2.00) (-1.29)
HF;_1 0.458 0.513
(0.68) (0.77)
NHF, 4 -0.182 -0.227
(-0.68) (-0.83)
I0F4_1 0.013 0.006
(0.21) (0.09)
MktCapy_, -0.033%**
(-3.61)
Returng_q -1.603%**
(-2.97)
AMIy_4 19.064%**
(3.32)
SPRD,_4 0.695
(0.03)
NAT,—1 0.300**
(2.38)
Fixed Effects Yes Yes
Adjusted R? 0.004 0.007
Observation 186,956 186,879
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Table VII. Return Predictability

This table presents time-series averages of coefficient estimates from cross-sectional regressions of
the following equation,

5 5 5
Returnw = Qg+ Z 555HFi,d—k + Z BéY]fFNHFi,dfk + Z "Yg:kTOFi,d—k
k=1 k=1 k=1
5
+ Z vfkReturni’d_k + ’yéVNATLq,1 + ’ydBSPRDZ‘d_l + ’yﬁAMI@d_l + €id- (10)
k=1

For brevity, we only report the coefficient estimates of hedge fund order flow (HF) and non-hedge
fund order flow (NHF'), while the regressions always include the full set of control variables. The
sample includes all common stocks listed on NYSE, AMEX, and Nasdaq market capitalization above
the 5% NYSE breakpoints that have information in TAQ, CRSP, and Thomson Reuters’ 13F data
from 1993 to 2022. All variables are the same as defined in Tables I and III. All coefficient estimates
are multiplied by 100. Corresponding t¢-statistics based on Newey—West (1987) standard errors are
reported in parentheses. *** ** and * indicate statistical significance at 1, 5, and 10 percent level,
respectively.

| 1993-2022 1993-2002 2003-2012 2013-2022
HF 1.540%** 2,887+ 1.294%%* 0.444%%
(17.16) (15.27) (11.87) (4.86)
HF_, 0.046 0.080 0.196** -0.139*
(0.73) (0.59) (2.01) (-1.69)
HF;_3 0.143%* 0.373%+ 0.081 -0.023
(2.27) (2.65) (0.86) (-0.28)
HF_4 0.109* 0.292%* 0.130 -0.096
(1.71) (2.15) (1.27) (-1.19)
HF s 0.154%* 0.127 0.228** 0.108
(2.42) (0.90) (2.46) (1.28)
NHF;_ -0.283%%* -0.572%% -0.201%%* -0.078%*
(-12.25) (-12.57) (-7.64) (-2.14)
NHF;_, -0.043%* -0.048 -0.125%% 0.044
(-2.16) (-1.32) (-4.51) (1.21)
NHF,_3 -0.041%* -0.037 -0.078%* -0.007
(-2.08) (-1.03) (-2.80) (-0.19)
NHF 44 -0.046%* -0.083** -0.067*** 0.010
(-2.47) (-2.38) (-2.64) (0.29)
NHF;_5 -0.088*** -0.078%* -0.097*** -0.090%*
(-4.62) (-2.16) (-3.90) (-2.50)
Adjusted R? 0.031 0.022 0.029 0.042
Number of Stocks 2,973.1 3,704.3 2,600.6 2,616.9
Number of Days 7,544.0 2,509.0 2,517.0 2,518.0
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Table VIII. Out-of-Sample Return Predictability

This table reproduces the regression analysis from Table VII using out-of-sample hedge fund order
flow (OOS HF) and non-hedge fund order flow (OOS NHF). The coefficients of the CRS model
for HF and NHF are estimated using a ten-year rolling window, updated annually from 2003 to
2022. For brevity, we only report the coefficient estimates of OOS HF and OOS NHF, while the
regressions always include the full set of control variables. The sample includes all common stocks
listed on NYSE, AMEX, and Nasdaq market capitalization above the 5% NYSE breakpoints that
have information in TAQ, CRSP, and Thomson Reuters’ 13F data. All coefficient estimates are
multiplied by 100. Corresponding t-statistics based on Newey—West (1987) standard errors are
reported in parentheses. *** ** and * indicate statistical significance at 1, 5, and 10 percent level,

respectively.
| 2003-2022 2003-2012 2013-2022
OOS HF;_4 0.798*** 0.839*** 0.757***
(9.47) (5.96) (8.38)
OOS HF; 5 0.118 -0.044 0.280***
(1.52) (-0.33) (3.75)
OOS HF;_3 0.178** 0.275%* 0.080
(2.29) (2.04) (1.06)
OOS HF;_4 0.151%* 0.176 0.126*
(1.93) (1.28) (1.70)
OOS HF4_5 0.062 0.020 0.105
(0.88) (0.16) (1.51)
OOS NHF;_4 -0.106%** -0.113%** -0.100%**
(-4.58) (-4.14) (-2.73)
OOS NHF4 o -0.084*** -0.047* -0.121%%*
(-4.02) (-1.85) (-3.68)
OOS NHF4_3 -0.078%** -0.077*** -0.079%*
(-3.55) (-2.89) (-2.28)
OOS NHF4_4 -0.075%** -0.074%** -0.077*%*
(-3.84) (-3.07) (-2.48)
OOS NHF4_5 -0.097%** -0.077*** -0.117%*
(-4.93) (-3.18) (-3.74)
Adjusted R? 0.036 0.028 0.043
Number of Stocks 2,608.7 2,600.6 2,616.9
Number of Days 5,035.0 2,517.0 2,518.0
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Table IX. Institutional Trading and Price Efficiency around Earnings Announce-
ments

This table presents results from a regression of price efficiency proxies around earnings announcements on
hedge fund and non-hedge fund order flow estimates:

Vid =04 +oq+ 5HFHFi,d + BNHFNHFZ-,d + yControlVariables; 4 + €; 4,

where for stock ¢ on earnings announcement day d in quarter ¢, the dependent variables are CAR 41 461,
Jump Ratio Rank, and AVR in columns 1 to 3. We use Compustat, I/B/E/S, and Raven Pack to identify
earnings announcement dates for all common stocks on NYSE, AMEX, and Nasdaq with market capitaliza-
tion above the 5% NYSE breakpoints from 1993 to 2022. CARg41,4+61 is the cumulative abnormal return
compounded over the 60-day post-announcement period over days (1, 61) following the earnings announce-
ment. Jump Ratio is the ratio of cumulative abnormal return on the earnings announcement (AR,) divided
by cumulative abnormal return over days (-21, 0) relative to earnings announcement (CAR4_21 4). To reduce
the influence of extreme values, we rank Jump Ratio in cross section and define Jump Ratio Rank as a cate-
gorical value between 0 (for the lowest decile) and 9 (for the highest decile). AVR is the difference between
variance ratio averaged over days +21 to +1 and variance ratio averaged over days —21 and —1. Variance
ratio is the absolute value of the difference between the ratio of 15-to-60 second stock return variance and
one. |OF|; o, 4_; is the absolute value of order flow summed over days —21 to —1. Control variabales
include insitutional ownership (InstOwn), the number of analysts covering the stock (NumAnalyst), market
capitalization averaged over days —p to —¢ (MktCapg_p, q4—q), relataive bid-ask spread averaged over days —p
to —¢ (SPRDg4—p 4—q), Amihud illiquidity averaged over days —p to —¢ (AMI4_, 4—4), cumulative abnormal
return over days —p to —¢ (CReturng_p q—q), and standard deviation of abnormal returns over days —p to
—q (SReturng_p q—q). All coefficient estimates in columns (1) and (3) are multiplied by 100. Corresponding
t-statistics based on firm and quarter clustered standard errors are reported in parentheses. Superscripts
*ak k% and * indicate statistical significance at the 1, 5, and 10 percent levels, respectively.

(1) y = CARg41,d461 (2) y = Jump Ratio Rank (3) y = AVR
HF, ~7.980% 315 P 1.0427°F [HF[, 26267
(-2.16) (-10.16) (-2.41)
NHF,, 3.183% INHF|y_g1 41 -0.654%% INHF|, -0.565
(2.03) (-13.36) (-1.17)
TOF, -0.490 ITOFy_g1 41 1.305%%* ITOF|, -0.422%*
(-0.74) (34.31) (-2.52)
VRg—42,d-22 -7 157k
(-8.79)
NAT, 1 8.048%%* NAT, -0.533%%% NAT, 1 0.238
(3.49) (-2.64) (0.34)
InstOwng_1 2.209*** InstOwng_o9 2.TH2¥** InstOwng_o9o 0.795%**
(3.98) (27.50) (4.15)
NumAnalysty_ -0.472%* NumAnalyst;_ o9 1.017%%* NumAnalyst,_ o9 0.241***
(-2.16) (36.24) (3.48)
MktCapgy_o1,4—1 -0.110 MktCapg_42 4—22 -0.093*** MktCapgy_49 422 -0.091%*
(-0.52) (-4.76) (-1.68)
SPRDy_21.4_1 -11.726 SPRDy_42.4—22 38.830%+* SPRDy_42.4—20 6.982
(-0.42) (21.46) (1.03)
AMIg_21.4-1 0.581 AMIy_42.4—22 0.922%%* AMIy_42.4—22 0.630%*
(0.61) (7.86) (2.01)
CReturng_o1,q—1 -2.972* CReturng_42,4—22 0.185%* CReturng_42,4—22 0.216
(-1.74) (2.44) (1.26)
SReturng_s1,4—1 30.661%** SReturng_42 q—22 5.418%*** SReturng_42 4—22 9.729%**
(2.68) (3.97) (3.27)
Fixed Effects Yes Fixed Effects Yes Fixed Effects Yes
Adjusted R? 0.002 Adjusted R2 0.686 Adjusted R? 0.024
Observation 148,846 Observation 148,135 Observation 146,020
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Table X. Institutional Trading and Variance Ratio

This table presents time-series averages of coefficient estimates from cross-sectional regressions of
the following equation,

AVR; 4 = ag+ B [HF|, 4_, + Y7 INHF|; ;_, + yControlVariables; 4_s + € 4,

where for stock ¢ on day d, AVR is a two-day change in variance ratio: VR; 4 — VR, q—2. Control
variabales include insitutional ownership (InstOwn), the number of analysts covering the stock (Nu-
mAnalyst), market capitalization (MktCap), relataive bid-ask spread (SPRD), Amihud illiquidity
(AMI), and Return is daily risk-adjusted mid-quote stock return with respect to Fama-French-
Carhart four factors. The sample includes all common stocks listed on NYSE, AMEX, and Nasdaq
market capitalization above the 5% NYSE breakpoints that have information in TAQ, CRSP, and
Thomson Reuters’ 13F data from 1993 to 2022. All coefficient estimates are multiplied by 100.
Corresponding t-statistics based on Newey—West (1987) standard errors are reported in parenthe-
ses. **¥* ** “and * indicate statistical significance at 1, 5, and 10 percent level, respectively.

Entire First Second Third
(1993-2022) (1993-2002) (2003-2012) (2013-2022)
HF|,_, -3.301%** -5.TT3RHH -1.539%** -2.598%**
(-5.71) (-3.60) (-3.26) (-6.08)
INHF|,_, -0.108 0.658** -0.300 -0.680%**
(-0.75) (1.98) (-1.55) (-3.50)
|'TOF|,_, -0.568%** 0.038 -0.258%** -1.482%**
(-8.46) (0.26) (-2.96) (-20.14)
VRy_3 -2.549%** -1.984%** -2.359%** -3.301%**
(-42.55) (-16.02) (-28.58) (-43.05)
\NAT|q_1 0.880*** 1.904%** 0.100 0.638***
(3.80) (2.81) (0.63) (4.47)
InstOwng_3 -0.022 0.039 -0.007 -0.096%**
(-0.84) (0.58) (-0.26) (-2.85)
NumAnalyst,;_5 -0.170%** -0.061*** -0.097*** -0.352%**
(-13.64) (-2.68) (-5.86) (-16.48)
MktCap,_s -0.740%** -0.653 -0.526* -1.042%**
(-3.01) (-0.94) (-1.76) (-6.94)
SPRDg4_3 31.401 %% -3.073 34.105*** 63.025***
(9.43) (-1.41) (5.01) (10.37)
AMIy_3 0.320 -5.555%* 2.622%+* 3.871HF*
(0.35) (-2.22) (3.77) (5.43)
Returng_3 1.718%%* -0.772 1.786%** 4.128%H*
(5.59) (-1.14) (4.23) (10.89)
Intercept 0.993*** 0.460*** 0.686*** 1.829%**
(20.98) (5.73) (10.91) (24.64)
Adjusted R? 0.007 0.006 0.005 0.010
Number of Stocks 1,738.5 1,023.7 2,069.2 2,120.0
Number of Days 7,539.0 2,507.0 2,514.0 2,518.0
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Internet Appendix
Informed Trading under the Microscope:

Evidence from 30 Years of Daily Hedge Fund Trades

In the paper titled ”"Informed Trading under the Microscope: Evidence from 30 Years of
Daily Hedge Fund Trades,” we develop a novel measure of daily aggregate hedge fund trades
in individual U.S. stocks. Due to space constraints, we could not include all the empirical
findings discussed throughout our research. This Internet Appendix complements the main
paper by presenting three additional sets of results to provide readers with comprehensive
insights. We are happy to provide further supporting evidence upon request.

This Internet Appendix is organized as follows. Section A explores the differences in
trading behavior between hedge funds and non-hedge funds, utilizing the Ancerno institu-
tional trade database. Also, it provides the complete set of estimated coefficients from the
regression model developed by Campbell, Ramadorai, and Schwartz (2009). Section B eval-
uates the predictive power of hedge fund trades for stock returns at the monthly frequency
and explores cross-sectional variation of the predictability based on firm characteristics. Sec-
tion C compares our proposed hedge fund order flow estimates with daily institutional order
flow measures proposed by Campbell, Ramadorai, and Schwartz (2009) and Barardehi, Da,
Dixon, and Wang (2025). Section D presents additional robustness tests addressing the lim-
itation that 13F filings do not capture hedge fund short-selling activity, by estimating and

evaluating a short-sale adjusted hedge fund trading measure.



A. Estimate daily hedge fund trades

A.1. Difference in hedge fund and non-hedge fund trading

Replicating Figure 1 from the main paper, we use the Abel Noser dataset to examine
whether the distinctions between hedge fund (HF) and non-hedge fund (NHF) trading be-
haviors persist across three sub-periods: 1999-2003, 20042007, and 2008-2012. Hedge fund
trades are identified in Abel Noser following the methodology of Jame (2018). We plot the
distribution of aggregate HF and NHF trades across trade size bins, presenting the num-
ber of trades, trade volume, buy volume, and sell volume within each trade size category
as percentages of total activity across all size bins. Following CRS, trade size bins have
lower limit points of $0, $2,000, $3,000, $5,000, $7,000, $9,000, $10,000, $20,000, $30,000,
$50,000, $70,000, $90,000, $100,000, $200,000, $300,000, $500,000, $700,000, $900,000, and
$1,000,000.

As shown in Figure A1, while HF and NHF both conduct the majority of their trading
volume in the largest trade size bins, HF consistently exhibit a stronger presence in medium-
sized trades across all three sub-periods. This persistence is particularly evident in the
share volume of trades, highlighting the stability of their trading strategies over time. By
contrast, NHFs consistently rely predominantly on the largest orders (above $1,000,000),
which account for nearly 60% of their trading volume in each sub-period. For HFSs, this
same group of trades contributes to approximately 35% of their total volume, with little
variation over time. Hedge funds also consistently allocate substantial trading activity (46%)
to trade size bins 13 to 17, ranging from $100,000 to $700,000. In comparison, NHF's allocate
only 30% of their total trading volume to these bins, a pattern that remains stable across
sub-periods. This reliance on medium-sized trades is a distinguishing feature of HF trading
behavior, suggesting a tactical approach to optimizing transaction costs, managing liquidity
needs, and maintaining order anonymity. However, the persistence across sub-periods is

not observed in the number of trades, buy volume, or sell volume distributions, further



emphasizing that this stability is uniquely reflected in the share volume of trades.

When examining the number of trades, the distinctive patterns of HF's and NHF's exhibit
less persistence compared to trade volume. In 1999-2003, both hedge funds and non-hedge
funds place the majority of their orders within medium trade sizes, particularly in trade
size bins 7 to 15. However, in the subsequent sub-periods (2004-2007 and 2008-2012), non-
hedge funds shift their focus toward splitting orders, with the smallest trades (below $2,000)
accounting for the largest proportion of their activity. In contrast, hedge funds maintain a
consistent distribution of trades across the three sub-periods, showing little variation in the
number of trades. This divergence underscores a fundamental difference in trading strategies
between the two types of institutions, with NHFs demonstrating a stronger tendency toward

extensive order fragmentation over time.

[Place Figure A1l about here]

A.2.  FEstimate daily hedge fund and non-hedge fund trades

Similar to the CRS method, our estimation is based on the following equation:

19
A}/;,q = aq + pAY’i,qfl + (byri,qfl + 6UUi,q + 5UYYvi,q71 X Ui,q + Z ﬁ(Z, U)FZ,i,q + ei,qu (1>
Z=1

where for a stock 7 in a quarter ¢, « is a set of four quarter dummies, Y is either aggregate
hedge fund or non-hedge fund ownership (in separate estimations) from 13F, F}; is aggregate
order imbalance based on the Lee and Ready (1991) algorithm scaled by shares outstanding
in a trade-size bin Z, and U is aggregate unclassified trades scaled by shares outstanding
for which the Lee and Ready (1991) algorithm cannot determine the direction.’ Hedge fund

and non-hedge fund ownership is identified following the methodology of Agarwal, Jiang,

'We restrict TAQ observations to regular transactions between 9:30:00 to 15:59:59 EST. We exclude
trades under the sale condition of the Opened Last (’O’), Sold Sale (’Z’), Bounced (’B’), Pre- and Post-
Market Close Trades ("T’), Sold Last ('L’), Bunched Sold (’G’), Average Price Trades ("W’), Rule 127 Trade
(J), and Rule 151 Trade ('K’).



Tang, and Yang (2013) in the Thomson Reuters 13F Ownership data. Following CRS, we
assign trades into nineteen size bins whose lower limit points are $0, $2, 000, $3, 000, $5, 000,
$7,000, $9,000, $10, 000, $20, 000, $30, 000, $50, 000, $70, 000, $90, 000, $100, 000, $200, 000,
$300, 000, $500,000, $700,000, $900,000, and $1 million. To smooth out the coefficient
variation across transaction size and mitigate estimation errors in certain bins (e.g., very
large trades for small stocks, which are rare), CRS apply a yield curve function from Nelson

and Siegel (1987) to model the structure of 5 across trade-size bins:
ﬁ(Z, U) = b01 -+ bOQU + (bu -+ blg’U + b21 —+ bggv)[l — G_Z/T]% — (b21 + bQQ’U)€_Z/T, (2)

where 7 is a constant to estimate and v is set to the lagged level of hedge fund or non-hedge
fund ownership (Y; ,—1) as in CRS. Following CRS, we use non-linear least squares to estimate
the coefficients in Equation (1) for each firm size quintile based on NYSE breakpoints of
market capitalization at the start of each quarter. Concerning that both types of institutional
investors may change their trading styles in the relatively long sample period of 30 years, we
estimate Equation (1) in three decade-long subperiods separately.

The estimated coefficients of the CRS model are reported in Table A1, shown separately
for hedge funds and non-hedge funds. The estimated coefficients are highly significant across
the board for both hedge funds and non-hedge funds encompassing all firm size quintiles and
across all subperiods.

The estimated coefficients are highly significant for both hedge funds and non-hedge
funds, encompassing all firm size quintiles and all subperiods examined. To enhance in-
terpretability, and in line with CRS, we compute the trade-size coefficients implied by the
estimated coefficients in Table A1. We then plot the implied trade-size coefficients in Figure
A2. Following CRS, when computing the implied sensitivities, we set the lagged level of quar-
terly institutional ownership to its in-sample mean and standardize the net flow coefficients

by subtracting their mean and dividing by their standard deviation.



[Place Table A1 about here]

Figure A2 reveals important distinctions in trading behavior between hedge funds and
non-hedge funds over the three subperiods. While there are some similarities, such as general
patterns of increasing coefficients for large trades and decreasing coefficients for smaller
trades, key differences emerge, especially when examining specific stock size groups and
time periods. First, in the period of 1993-2002, hedge funds’ ownership sensitivities to size-
dependent order flow diverge significantly across small, medium, and large stocks, as shown
in Panel (a). Hedge funds mainly take liquidity in small trades (bins 1 to 5) for small-cap
stocks. They provide liquidity for relatively large trades (bins 8 to 19). For medium-cap
stocks, hedge funds display a strong positive sensitivity to medium-sized trades in bins 8
to 13, and a strong negative sensitivity to large trades in bins 16 to 19. For large-cap
stocks, the curve follows a different trajectory. Hedge funds seem to provide liquidity in
small trades as the estimated sensitivities are negative in bins 1 to 3. The sensitivities turn
positive as trade size increases and peak at bin 7 before gradually diminishing to zero. This
variation suggests that hedge funds tailor their trading strategies depending on the size of
the stock, employing complex and adaptive approaches to optimize their trades, manage
market impact, or exploit specific informational advantages. In contrast, non-hedge funds
exhibit far less variation across firm size quintiles, as depicted in Panel (d). The sensitivity
curves for medium and large stocks are nearly identical, indicating that non-hedge funds
trade these stocks in a largely similar manner. NHFs seem to provide liquidity in small
trades in bins 1 to 6, and mainly take liquidity from trades in bins 8 to 14. When it comes
to small-cap stocks, NHFs’ sensitivity curve is similar to HFs’ in this subperiod.

Second, moving to the 2003-2012 period, the differences between hedge funds and non-
hedge funds persist but exhibit a shift with the most distinct sensitivity curves coming from
large-cap stocks. Hedge funds have moderate negative sensitivities to small and medium
trades in size bins 1 to 10, and strong positive sensitivities to large trades in size bins 14

to 19, as illustrated in Panel (b). In comparison, when trading large-cap stocks, non-hedge



funds show stronger negative sensitivities to small trades in bins 1 to 6 than hedge funds
in Panel (e). The sensitivities turn positive after bin 8 but flattens to the end of the size
spectrum. The distinct sensitivity curves indicate that hedge funds can be more aggressive
in taking bulky liquidity for large-cap stocks than non-hedge funds in this period, possibly
due to informational reasons. The sensitivity curves for small and medium stocks are more
similar between the two types of funds although the curves still show different levels of
curvature and peaks.

In the final subperiod from 2013 to 2022, while the overall patterns of hedge funds
and non-hedge funds appear more similar than in earlier periods, key differences in their
sensitivities remain evident. For medium-cap stocks, hedge funds exhibit small negative
sensitivities to small trades (bins 1 to 3) and have the largest positive sensitivities to trade-
size bins 7 to 12, as illustrated in Panel (c). In comparison, Panel (f) shows that for the
same group of stocks, non-hedge funds have negative sensitivities for bins 1 to 6, and the
positive sensitivities concentrate in bins 9 to 14. Conversely, for large stocks, hedge funds
show positive sensitivities to trade size bins 10 to 18 but exhibit negative sensitivities to
small trades in bins 1 to 4. Non-hedge funds again exhibit preference over relatively smaller
trades than hedge funds when trading large-cap stocks. The positive sensitivities come from
bins 9 to 15. And for the largest trades in bin 19, non-hedge funds have a strong negative

sensitivity which is absent in hedge funds’ behavior.

[Place Figure A2 about here]

A.3.  Contemporaneous price impact

We compare the contemporaneous price impact of hedge fund order flow (HF) versus non-

hedge fund order flow (NHF) to evaluate their skills in trade execution. Table A2 presents



the estimated coefficients of the following model:

5
Return;g = aq+ B "HF; 4+ BY'NHF; 4 + Y 7, TOF; 4t
k=1

5
+3 "yl Return; g, + 7VNAT; o1 +77SPRD; g1 + 71 AMI 41 + €54,
k=1

where for stock ¢ in a day d, HF and NHF represent daily aggregated order flow from
hedge funds and non-hedge funds, respectively, as estimated in Section A. TOF is the daily
aggregated total order flow in TAQ), calculated using the Lee and Ready (1991) algorithm.
Return is a mid-quote return with respect to Fama-French-Carhart four factors. NAT is the
quarterly net arbitrage trading measure proposed by Chen, Da, and Huang (2019), SPRD is
relative bid-ask spread and AMI is Amihud (2002) illiquidity measure. For brevity, we only
report the estimated coefficients for HF and NHF in Table A2. The t¢-statistics in Table A2
are calculated by Newey—West (1987) standard errors with ten lags in the consideration of
serial correlations.

During the full sample period (1993-2022), the estimated coefficients for hedge funds
(HF) and non-hedge funds (NHF) are 3.130 (with a t-statistic of 10.46) and 2.795 (with
a t-statistic of 33.02), respectively. This indicates that both hedge funds and non-hedge
funds exert positive and statistically significant contemporaneous price pressure. Although
HF’s estimated coefficient is higher than NHF’s, its economic significance is lower due to
HEF’s smaller standard deviation. Specifically, a one standard-deviation increase in HF is
associated with a 7.8 basis points (bp) increase in contemporaneous return, whereas NHF’s
price impact reaches 20.1 bp, underscoring a stronger economic influence.

We further examine the time-series dynamics of price impact across three subperiods, as
shown in Table A2. The results indicate that HF’s price impact is consistently lower than
NHEF’s across all subperiods. In the 1993-2002 period, a one standard-deviation increase in
HF is associated with an 11.8 bp increase in contemporaneous return, compared to NHF’s

24.9 bp. From 2003-2012, HF’s impact turns negative, while NHF’s impact rises to 27.9



bp. In the most recent subperiod (2013-2022), a one standard-deviation increase in HF
leads to a 6.8 bp increase, while NHF’s impact moderates to 11.0 bp. Despite a general
reduction in price impact over time, HF trading consistently generates less contemporaneous
price pressure than NHF trading, suggesting a potentially more nuanced or less disruptive

approach to market interactions by hedge funds.

[Place Table A2 about here]

A.4. Hedge fund trading on event days vs. non-event days

In this subsection, we address concerns regarding the validity of hedge fund and non-
hedge fund trade flow estimation during event periods. Some may argue that hedge funds
could use different execution techniques during event periods, potentially differing from those
employed in non-event periods. If this is the case, it could invalidate the estimated coefficients
of the CRS model derived from our full sample. To mitigate this concern, we conduct two
key tests in this subsection.

First, we examine whether hedge fund trades in the Abel Noser sample behave differently
on event days versus non-event days, as illustrated in Figure A3. We replicate Figure 1 from
our main paper, categorizing trading days into news and no-news days. A news day is
defined as a trading day with corporate events or RavenPack news. Corporate events are
specified as in Table III of our main paper, and RavenPack news includes both fundamental
and non-fundamental news articles as described in Table IV of our main paper. The analysis
reveals no significant shift in the distribution of hedge fund trades between news and no-news
days, suggesting that hedge fund trading patterns largely remain consistent across different

market conditions.

[Place Figure A3 about here]

Second, we investigate whether the predictive power of total order flow in the 19 size

bins differs on event days compared to non-event days, as shown in Table A3. If hedge funds



adjust their trade sizes on event days compared to normal days, we would expect to see
significant differences in the predictive ability of total order flows across size bins between
event and non-event days. To formally test this, we create a dummy variable, NewsDay,
which is set to one for news days (those with corporate events or RavenPack news) and zero
otherwise. We then estimate the following equation, which includes interactions between
the NewsDay dummy and total order flow in the size bins, using Fama-MacBeth (1973)

regressions across the full cross-section of stocks in our sample:

19 19
Return, gy = agq+ Z 6éAvgd757d71(FZ’iyd) x NewsDay; ; + Z ﬂéAvgd%vdil(Fzﬂ-,q) + BNNewsDayi’d
Z=1 Z=1

5
-+ Z'yffkReturnLd_k -+ ’)/évNATLq_l -+ ’}/IZBSPRDLd_l -+ 'Y:?AMIi,d—l + €,ds
k=1

where for stock i in a day d in a quarter ¢, Avg, 5, (Fz) is the average of Fz over the
past five trading days. For brevity, Table A3 only reports the coefficient estimates for
the interaction terms between the 19 total order flows and the news event dummy, while
the regressions always include the full set of control variables. We find that 17 out of 19
interaction terms are statistically indifferent from zero and the other two interaction terms
are only weakly significant: Avg, 5, ;(F1) has an estimated coefficient of —11.728 (¢-stat:
—2.18), and Avg, 5, ;(F12) has an estimated coefficient of 17.004 (t-stat: 1.84). The results
suggest that the relationship between trade sizes and returns does not significantly change

during event periods.
[Place Table A3 about here]

Taken together, these findings suggest that there is no structural shift in hedge fund
execution methods on event days in our data. This robustness check reinforces the validity
of our hedge fund trade estimation approach, ensuring its consistency across various market

conditions, including both event and non-event periods.



B. Hedge funds as informed traders

B.1. Return predictability at monthly frequency

We construct a monthly sample of common stocks listed on the NYSE, AMEX, and
Nasdaq that are available in the CRSP, Compustat, TAQ, and Thomson Reuters 13F Own-
ership databases from 1993 to 2022. To avoid market microstructure effects, we exclude
stocks priced below $5. Additionally, we exclude stocks with month-end market capitaliza-
tions below the 10th percentile of NYSE breakpoints, focusing on more liquid and widely
held stocks. For determinant variables requiring firm-level data from Compustat, we use an-
nual financial statements, ensuring that the Compustat reporting date (item RDQ) precedes
the end of the month. For variables based on stock data from CRSP, we rely on information
recorded during the given month or earlier, as reported by CRSP. Our final monthly sam-
ple comprises 1,161,084 stock-month observations, merged with a trading dataset containing
monthly aggregated hedge fund and non-hedge fund order flows.

Using the monthly sample, we examine the return predictive ability of HF and NHF with
Fama and Macbeth (1973) regressions. Table B1 reports the estimated coefficients of the

following model:

Returni,m = Q + ﬁn}gFHFi’m,1 + ﬁ,r]ZHFNHFi’m,1 + WriTOFi,mfl + ’yﬁReturniym,l

+vBSPRD; 11 4+ YAAMIL 1 + M MISP; 1 + 2 IdioRisk 1 + €.

where for stock ¢ in a month m, HF and NHF represent monthly aggregated order flow
from hedge funds and non-hedge funds, respectively, as estimated in Section A. TOF is the
monthly aggregated total order flow in TAQ), calculated using the Lee and Ready (1991)
algorithm. Return is a mid-quote return with respect to Fama-French-Carhart four factors.

SPRD is the relative spread at the end of the month, and AMI is the Amihud (2002) illiquidity
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measure over the month. IdioRisk refers to idiosyncratic risk from a Fama-French three-
factor model over the past three years. MISP is a mispricing index proposed by Stambaugh,
Yu, and Yuan (2012), while MISP excl. MOM is a mispricing index that excludes the
momentum factor. To account for serial correlations, we use Newey and West (1987) standard
errors with five lags to calculate the t-statistics.

In Table B1, hedge fund trades (HF) exhibit a positive and statistically significant coeffi-
cient of 0.525 with a t-statistic of 2.71 across two columns, regardless of the mispricing index
used. This translates into an economic effect where a one standard-deviation increase in
HF is associated with a 1.4 bp increase in the subsequent month’s stock return. Conversely,
non-hedge fund trades (NHF) display a negative and statistically significant coefficient of
—0.251 (t-stat = —4.16), indicating that NHF trades tend to exert downward pressure on
stock prices. These results suggest that hedge fund trades have a durable impact on stock
prices even at a monthly frequency, while non-hedge fund trades primarily create temporary
price distortions. This reinforces the view that hedge funds possess a distinct informational

advantage over other institutional investors.

[Place Table B1 about here]

B.2.  Cross-sectional variation in the predictability

Next, we investigate the predictive power of HF and NHF within subsamples of stocks
to explore cross-sectional variation in predictability. In Table B2, Panel A, we begin by
conditioning on liquidity factors, including firm size, spread, and Amihud illiquidity. To
accomplish this, we sort all stocks into two groups based on the daily cross-sectional median
of each liquidity proxy. Table B2 Panel A reports the estimated coefficients of HF and NHF
from the regression model in Table VII of our main paper for each subsample. The results
can be summarized as follows: First, focusing on the subsequent day’s pricing effect, HF ex-

hibits positive and significant coefficient estimates across all the liquidity-based subsamples,
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while NHF shows negative and significant estimates. Second, HF’s pricing effect appears
permanent across all the liquidity subsamples, with no significant reversals observed. Third,
HF’s pricing effects on the subsequent day vary inversely with liquidity measures in terms
of statistical significance. Specifically, HF’s first-lag coefficients are 3.069 (¢-stat = 17.67)
for small stocks and 1.177 (t-stat = 12.52) for large stocks; 1.117 (¢-stat = 12.10) for stocks
with narrow spreads and 2.326 (¢-stat = 15.81) for stocks with wide spreads; 0.762 (t-stat
= 8.79) for liquid stocks with low Amihud measures and 4.489 (t-stat = 19.77) for illiquid
stocks with high Amihud measures. A stronger pricing effect in illiquid stocks is consistent
with the notion that illiquid stocks have higher information asymmetry and incur higher

arbitrage costs; therefore, rewards are higher for informed investors in these stocks.
[Place Table B2 about here]

In Panel B of Table B2, we examine subsamples of stocks based on the information
environment, measured by the number of sell-side analysts and institutional ownership. As
in Panel A, we separate all stocks into two groups based on the daily cross-sectional median
of each proxy for the information environment, and then replicate the regression model from
Table VII of our main paper. The results show that HF has positive and significant predictive
power in all Analyst and Ownership subsamples, while the coefficient of NHF is negative and
significant in all the subsamples. HF’s pricing effect is notably stronger for stocks with low
analyst coverage or low institutional ownership. For instance, HF has a first-lag coefficient
of 2.387 (t-stat = 16.58) for stocks with low analyst coverage and 0.761 (t-stat = 8.82) for
stocks with high analyst coverage. These findings support the notion that more opaque
stocks incur higher arbitrage risks and information asymmetry, and these are stocks that
hedge funds have a unique advantage.

In summary, the results presented in this subsection demonstrate that HF’s performance
remains robust across various stock subsamples, with particularly strong performance in

stocks facing higher arbitrage costs and those with less favorable information environments.
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C. Comparison with daily institutional trading
measures

Existing literature provides several daily institutional order flow (IOF) measures, notably
by Campbell, Ramadorai, and Schwartz (2009) (CRS) and Barardehi, Da, Dixon, and Wang
(2025) (BDDW). It is widely recognized that institutional investors possess superior informa-
tional advantages, including direct communication channels with firms, stronger relationships
with sell-side analysts, and advanced capabilities for financial information processing. Conse-
quently, these alternative IOF measures are expected to capture informed trading activities,
similar to our proposed hedge fund order flow estimates. In the main analysis, we explicitly
differentiate hedge fund trades from non-hedge fund trades by incorporating both as control
variables.? This section further complements our main analysis by explicitly comparing our
hedge fund estimates with the alternative institutional trading measures proposed by CRS

and BDDW.

C.1. Estimating institutional order flow

Campbell, Ramadorai, and Schwartz (2009) construct a daily measure of institutional
trading (CRS) by combining data from the Trade and Quotes (TAQ) database and quarterly
13F filings. Their methodology involves estimating daily institutional trading activities from
the coefficients derived from a regression of quarterly institutional ownership changes against
cumulative trades across different size bins. They apply a Nelson-Siegel functional form to
estimate how trade size affects the likelihood that a given trade is institutional. In our
analysis, we replicate their approach by using the coefficients presented in Table 4 of their
original study to construct a daily institutional order flow measure.

Barardehi, Da, Dixon, and Wang (2025) propose an alternative daily institutional trad-

2We also include the net arbitrage trading (NAT) measure of Chen, Da, and Huang (2019) in the main
paper to highlight the distinctiveness of our hedge fund order flow estimates compared to general arbitrage
activities.
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ing measure (BDDW) based on changes in lendable shares. Their approach leverages the
fact that institutions can only lend shares they possess, making changes in lendable shares
a proxy for institutional ownership adjustments. Specifically, we calculate the daily insti-
tutional order flow as the daily change in lendable shares (dLend) divided by the ratio of
lendable shares to institutional ownership (Lratio) from the previous quarter-end. Following
Barardehi, Da, Dixon, and Wang (2025), to correct for settlement timing differences between
equity and security lending markets, we shift the dLend/Lratio measure backward by three

days before September 5, 2017, two days before May 28, 2024, and one day thereafter.

C.2.  Summary statistics

Panel A of Table C1 presents the time-series averages of cross-sectional statistics for our
sample, covering an average of 4,028 stocks per trading day over 2,581 trading days from
2007 to 2022.

For comparative purposes, statistics for four versions of institutional order flow (IOF)
measures are reported. First, statistics for hedge fund (HF) and non-hedge fund (NHF)
order flow estimates are shown. HF exhibits a mean of 0.011 and a standard deviation of
0.032, both notably smaller than those of NHF, which has a mean of 0.022 and a standard
deviation of 0.074. The CRS measure is well-balanced, with a mean and median near zero,
at —0.002 and —0.001, respectively. BDDW also has a mean close to zero (0.000) but a
substantially smaller standard deviation (0.020) compared to CRS (standard deviation =
0.174). Additionally, the TAQ-based order imbalance (TOF) has a mean of 0.042.

Panel B of Table C1 presents the time-series averages of cross-sectional correlations among
the measures. Although HF, NHF, and CRS are all derived using TAQ order imbalance data
(TOF), their loadings on TOF differ significantly. Specifically, the correlations of HF and
NHF with TOF are positive at 0.176 and 0.279, respectively. In contrast, CRS is negatively
correlated with TOF (—0.172). Furthermore, correlations of HF and NHF with BDDW

are both low at 0.021. These statistics indicate that our proposed institutional order flow
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measures substantially differ from the alternative IOF estimates.

We also report summary statistics for a short-sale adjusted hedge fund order flow measure,
HF—SI, which is estimated similarly to HF and NHF using the CRS model but with the
quarterly difference between hedge fund holdings and short interest (SI) as the dependent
variable. We assume that all SI activities originate from hedge funds. The resulting daily
HF —SI measure has an average of 0.009 and a standard deviation of 0.035, and the correlation
between HF and HF—SI is 0.732. The strong correlation and similar distributional properties
suggest that adjusting for short interest does not substantially alter the estimated hedge fund
trading activity. Further discussion on this adjustment and its implications is provided in
Section D, where we address the limitation that 13F holdings do not capture hedge fund

shorting activity and conduct additional tests to assess the robustness of our findings.

[Place Table C1 about here]

C.3.  Cross-sectional return prediction

We compare the return predictability of daily institutional trading measures using a

Fama-MacBeth (1973) regression:

Return; g = aq+ B/ Avg; 4541 (HF) + 81 Avg, 45 4 (NHF) + 55 Avg; 45 41 (CRS)

+55A"gi,d—5,d—1(BDDW) + 7§AVgi,d—5,d—1(TOF) + 7 NAT; 41

5
+7¢SPRD; -1 + 74/ AMT; a1 + Y vaReturn; g + €1.4.
k=1

where for stock 7 on day d in a quarter ¢, Avg,_s5 4_1 is the average value over the previous five
trading days from d—5 to d—1, NAT is the quarterly net arbitrage trading measure of Chen,
Da, and Huang (2019), SPRD is relative bid-ask spread, AMI is Amihud (2002) illiquidity

measure, and Return is a risk-adjusted mid-quote return with respect to the Fama—French
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(1993) factors and Carhart (1997) momentum factor. To account for serial correlations, we
use Newey—West (1987) standard errors with eight lags to calculate the t-statistics.

To fairly assess the predictive performance of HF against CRS and BDDW, we conduct
regression analyses that include HF, NHF, and alternative IOF measures simultaneously,
reporting the results in the first column. The coefficient of Avg, 541 (HF) is significantly
positive at 0.959 with a t-statistic of 5.59. In contrast, the coefficients for Avg, 5 4_1(CRS)
and Avgy_5q-1(BDDW) are not statistically different from zero in the horse race. Fur-
ther, separate regression analyses reported in the second, third and fourth columns confirm
the robustness of HF’s predictive ability, maintaining a positive and significant coefficient.
Meanwhile, the CRS and BDDW measures consistently fail to achieve statistical significance,

mirroring the results from the horse race.

[Place Table C2 about here]

C.4. Corporate event studies

In this subsection, we compare the reaction of hedge fund (HF) and non-hedge fund
(NHF) trades with alternative daily institutional trading measures in response to salient cor-
porate events. Consistent with Table IIT of our main paper, the event sample includes quar-
terly earnings announcements (EA), analyst rating updates (ARU) representing unscheduled
corporate announcements, and permanent price jumps (EPM) unrelated to earnings, reflect-
ing other material information. Due to data availability constraints for the BDDW measure,
we limit our analysis to the period from 2007 to 2022.

Table C3 presents the estimated coefficients from the following model, using ordinary

least squares regressions with firm and year fixed effects:

CARjt-1041 = aitay+ BIAVgi,t—G,t—Q(IOF> + 5TAVgi,t—6,t—2(TOF)

6
+ Z YeReturn; i, + v NAT; 1 + v SPRD; ;5 + 7*AMIL; ;5 + €4,
k=2
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where for each event ¢ on day t in a quarter ¢ of a year y, CAR is the cumulative abnormal
return from days ¢t — 1 to t + 1, NAT is the quarterly net arbitrage trading measure proposed
by Chen, Da, and Huang (2019) (i.e., the difference between quarterly abnormal hedge fund
holdings and abnormal short interest), and all other explanatory variables are the same as
defined in Tables A2 and C1 with event subscription i instead of firm subscription. We
cluster the standard errors around firm and year in calculating the t-statistics. For brevity,
we only report the coefficient estimates of daily institutional order flow estimates (IOF),
averaged over the previous five trading days from d — 6 to d — 2, including hedge fund
order flow (HF), non-hedge fund order flow (NHF), institutional trading measures from
Campbell, Ramadorai, and Schwartz (2009) (CRS) and Barardehi, Da, Dixon, and Wang
(2025) (BDDW) with the full set of control variables in the regressions.

Table C3 summarizes the regression outcomes across event types. The averaged HF' or-
der flow consistently exhibits positive and statistically significant coefficients across all event
categories. Specifically, Avg; ¢ 4—2(HF) coefficients are 18.201 (¢-stat = 4.23) for earnings
announcements, 7.854 (t-stat = 3.19) for analyst rating updates, and 25.531 (t-stat = 5.13)
for permanent price jumps. Conversely, Avgy_¢q4—2(NHF) consistently demonstrates nega-
tive and significant associations with cumulative abnormal returns around these corporate
events. The Avg, ¢ 4-2(CRS) measure exhibits positive and significant coefficients for ana-
lyst rating updates and permanent price jumps, although with lower statistical significance
compared to HF; for earnings announcements, its coefficient is negative and insignificant.
The Avgy_g4-2(BDDW) measure does not exhibit significant predictive power for any event
type, suggesting limited informativeness regarding corporate event returns. These findings
remain robust in the last column of horse race, where all institutional trading measures are

included simultaneously.

[Place Table C3 about here]
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C.5.  Institutional trading around news

In this subsection, we compare the reaction of institutional trades to a comprehensive
set of firm-specific news stories. Consistent with Table IV in our main paper, the news data
are sourced from RavenPack, with the analysis period restricted to 2007-2022 due to the
availability constraints of the BDDW measure. To ensure broad coverage and representation
of smaller firms, we include all news ”groups” within the business ”topic” category from
RavenPack, specifically those covering more than 5,000 firms (Kolasinski and Yang (2018)).

We replicate the methodology of Table C3, substituting corporate events with news
events, to assess the predictive power of various institutional trading measures. The re-
sults from these RavenPack news event studies are presented in Tables C4 and C5. Table
C4 specifically addresses news related to firm fundamentals, including earnings, analysts,
mergers and acquisitions, assets, credit, dividends, equity actions, labor issues, products
and services, revenues, and partnerships. Hedge fund trades, averaged over the preceding
five trading days (days d — 6 to d — 2), consistently show positive and statistically signifi-
cant predictive power for stock returns across most fundamental news categories, with the
exceptions being news related to credit, equity actions, and partnerships. In contrast, non-
hedge fund trades averaged over the same period typically exhibit a negative price impact on
news-event days across all fundamental categories. Additionally, the estimated coefficients
for Avgy_64-2(CRS) and Avgy_¢q4—2(BDDW) are generally insignificant across most news
groups, with limited exceptions such as dividends for CRS and labor issues or revenues for
BDDW.

Table C5 analyzes non-fundamental news groups, including insider information, investor
relations, marketing, order imbalance, price targets, and stock prices. The findings remain
qualitatively consistent with fundamental news categories: hedge fund trades yield posi-
tive coefficients, whereas other institutional trades generally display negative or statistically

insignificant coefficients across the majority of non-fundamental news types.
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[Place Table C4 about here]

[Place Table C5 about here]

D. Hedge fund trades adjusted for short interests

The hedge fund trading measure constructed in the main analysis relies on quarterly
changes in hedge fund (HF) holdings from 13F filings. However, 13F data do not capture
hedge fund shorting activities, potentially introducing measurement errors. To address this
limitation, we construct an adjusted hedge fund order flow measure, HF —SI, which subtracts
short interest (SI) from HF holdings prior to estimating the daily order flow. Specifically, we
assume that all SI activities originate from hedge funds and re-estimate the CRS model using
the quarterly HF—SI as the dependent variable. Although this assumption may overstate
hedge fund shorting, it allows us to examine whether short interest alters the predictive
power of our hedge fund order flow measure.

To construct the short-interest adjustment, we obtain short interest data from the Com-
pustat Short Interest file, which reports monthly short interest for stocks listed on NYSE,
AMEX, and NASDAQ. For each stock, we calculate quarterly short interest (SI) as the ratio
of shares sold short at the end of the quarter to the total number of shares outstanding.
If a stock is not covered in the short interest file, its SI is set to zero. To mitigate data
errors or extreme outliers, we remove quarterly SI observations greater than 1. Hedge fund
ownership is identified using the methodology of Agarwal, Jiang, Tang, and Yang (2013) and
is measured as the ratio of hedge fund-held shares (from Thomson Reuters 13F Ownership
data) to total shares outstanding at the end of each quarter. Consistent with the procedure
in Section A, we define the dependent variable Y in Equation (1) as the quarterly difference
between hedge fund ownership and short interest (HF—SI). We then retrieve the expected

daily change in HF—SI order flow by applying the estimated coefficients from Equation (1)
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to Equation (3) of the main paper.

D.1. Cross-sectional return prediction

We examine the return predictability of HF—SI measures using a Fama-MacBeth (1973)

regression:

5 5 5
Return; g = ag+ Z BYEHF — SLgp, + Z BYHFNHF, g + Z YaxTOF; g,
k=1 k=1 k=1
5

+ ) v Returng gk + 74 NAT; g1 + 7/ SPRD; g1 + 7/ AML; g1 + €5,4. (3)
k=1

where for stock i on day d in a quarter ¢, NAT is the quarterly net arbitrage trading measure
of Chen, Da, and Huang (2019), SPRD is relative bid-ask spread, AMI is Amihud (2002)
illiquidity measure, and Return is a risk-adjusted mid-quote return with respect to the
Fama—French (1993) factors and Carhart (1997) momentum factor. To account for serial
correlations, we use Newey—West (1987) standard errors with eight lags to calculate the
t-statistics.

Table D1 reports the Fama—MacBeth (1973) estimates for HF—SI. Focusing on the first
lag, the HF—SI measure exhibits statistically significant predictive power for future returns
across all columns, albeit slightly weaker than the HF measure. For example, in the full
sample period (1993-2022), the coefficient on the first lag of HF—SI is 1.188 (¢-stat = 15.16),
compared to 1.540 (¢-stat = 17.16) for HF in Table VII of the main paper. In terms of
economic significance, the first lag of HF—SI is associated with return predictability of
2.37, 4.36, 2.24, and 0.53 basis points in the periods 1993-2022, 1993-2002, 2003-2012,
and 2013-2022, respectively, whereas HF is associated with 3.70, 4.61, 3.07, and 1.61 basis
points over the same periods. These results suggest that subtracting short interest does not
materially enhance the informativeness of hedge fund trading. Overall, the findings indicate
that short-sale adjustments have only a marginal effect on the return predictability of hedge

fund order flow.
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[Place Table D1 about here]

D.2. Corporate event studies

This subsection examines the response of the short-sale adjusted hedge fund trades
(HF—SI) to corporate events. Replicating Table III of the main paper, Table D2 reports the
estimated coefficients for the HF—SI measure. Similar to the baseline results, the HF—SI
measure significantly predicts CARs, although the magnitude of the coefficients is slightly
smaller than that of the HF measure. For example, in the case of earnings announcements
over the 1993-2022 period, the coefficient for HF —SI is 6.319 (¢-stat = 4.89), while that for
HF is 8.093 (t-stat = 5.16). These findings further confirm the robustness of hedge fund

trading informativeness, even when accounting for potential short-selling activity.

[Place Table D2 about here]

D.53. HF trading around news

This subsection examines the response of the short-sale adjusted hedge fund trades
(HF—SI) to a comprehensive collection of firm-specific news stories from RavenPack be-
tween 2000 and 2022.

Tables D3 and D4 replicate the event-study analyses in Table IV of the main paper, eval-
uating whether HF—SI is associated with future returns around firm-specific news events.
Table D3 presents the predictive power for cumulative abnormal returns (CAR) across var-
ious RavenPack news groups based on firm fundamentals, while Table D4 focuses on non-
fundamental news categories. The HF—SI measure continues to exhibit predictive power
across several news categories, particularly those related to firm fundamentals. For example,
for earnings-related news, the coefficient for HF —SI,;_5 is 3.864 (t-stat = 2.87), compared to

5.445 (t-stat = 3.56) for HF;_5 in Table IV of the main paper. These findings reinforce the
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conclusion that omitting short interest does not substantially diminish the informativeness

of hedge fund order flow measures.

[Place Table D3 about here]

[Place Table D4 about here]
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Figure A2. This figure shows the variation in coefficients reflecting the sensitivities of
the publicly observable Lee and Ready (1991) order imbalance to hedge fund or non-hedge
fund ownership across trade size bins and stock sizes, based on the results in Table Al. The
coefficients are standardized by removing the within quintile cross-sectional mean of bin coef-
ficients and dividing by the cross-sectional standard deviation of bin coefficients. The trade
size bins have lower limit points of $0, $2,000, $3,000, $5,000, $7,000, $9,000, $10, 000,
$20, 000, $30,000, $50,000, $70,000, $90,000, $100,000, $200,000, $300,000, $500,000,
$700, 000, $900, 000, and $1 million. The sample includes all common stocks listed on NYSE,
AMEX, and Nasdaq that have information in TAQ, CRSP, and Thomson Reuters’s 13F data.
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Figure A3. This figure shows the distribution of trading activity in the Abel Noser institu-
tional trade database across trade size bins for news, pre-news, and no-news days separately.
News days are defined as trading days from one day before to one day after corporate events
or RavenPack news. Pre-news days are trading days from six days before to two days before
the events or news, and no-news days are trading days without such events. We report
results for the number of trades, trade volume, buy volume, and sell volume within each
trade size category as a percentage of total activity of all size bins. The trade size bins have
lower limit points of $0, $2, 000, $3, 000, $5, 000, $7, 000, $9, 000, $10, 000, $20, 000, $30, 000,
$50, 000, $70,000, $90,000, $100,000, $200,000, $300,000, $500,000, $700,000, $900, 000,

and $1 million.
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Table A2. Contemporaneous Price Impact

This table presents time-series averages of coefficient estimates from cross-sectional regres-
sions of the following equation,

5
Return; g = aq+ B "HF 4+ By 'NHF; 4 + Y 74, TOF; 4t
k=1

5
+3 i Return; gy + YYNAT; o1 + 4 FSPRD; g1 + 7 AMI 41 + €54,
K1

where for stock 7 in a day d in a quarter g, TOF is total order flow, NAT is net arbitrage
trading measure proposed by Chen, Da, and Huang (2019), SPRD is daily relative spread,
AMI is Amihud (2002) illiquidity, and all the other variables are the same as defined in Table
I of our main paper. For brevity, we only report the coefficient estimates of hedge fund order
flow (HF) and non-hedge fund order flow (NHF), while the regressions always include the
full set of control variables. The sample includes all common stocks listed on NYSE, AMEX,
and Nasdaq market capitalization above the 5% NYSE breakpoints that have information in
TAQ, CRSP, and Thomson Reuters’s 13F data. All coefficient estimates are multiplied by
100. Corresponding t-statistics based on Newey—West (1987) standard errors are reported
in parentheses. *** ** and * indicate statistical significance at 1, 5, and 10 percent level,
respectively. Panels A, B, C and D report estimates in 1993-2022, 1993-2002, 2003-2012,
and 2013-2022, respectively.

| 1993-2022 1993-2002 2003-2012 2013-2022

HF, 3.130%%* 7.885% ¥ -1.5095%%k 3.115%%*
(10.46) (12.20) (-6.14) (15.71)

NHF, 2.795%** 3.919%%* 3.526%** 0.944%**
(33.02) (42.98) (27.07) (9.10)
Adjusted R? 0.043 0.033 0.048 0.048
Number of Stocks 2,973.1 3,704.3 2,600.6 2,616.9
Number of Days 7,544.0 2,509.0 2,517.0 2,518.0
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Table A3. Return Predictability of Total Order Flow in 19 Trade Size Bins

This table presents time-series averages of coefficient estimates from cross-sectional regressions of the follow-
ing equation,

19 19
Return; g = g+ Z ﬁéAngfs,d71(FZ,i,d) x NewsDay, 4 + Z BZAAng75,d71(FZ,i,q) + ﬁNNeWSDayiyd
Z=1 Z=1

5
+> i Return; g + 7§ NAT; g1 +¥ZSPRD; g1 + 74 AML; a1 + € 4,
k=1

where for stock 7 in a day d in a quarter ¢, Avg, 5 4_1(Fz) is the average of Fz over the past five trading days
and NewsDay is a dummy variable equal to one for a news day with corporate events or RavenPack news,
and zero otherwise. For brevity, we only report the coefficient estimates of interaction terms for 19 total
order flows and a news event dummy, while the regressions always include the full set of control variables.
The sample includes all common stocks listed on NYSE, AMEX, and Nasdaq market capitalization above
the 5% NYSE breakpoints that have information in TAQ, CRSP, and Thomson Reuters’s 13F data from
1993 to 2022. All variables are the same as defined in Tables I and III of our main paper. All coefficient
estimates are multiplied by 100. Corresponding t-statistics based on Newey—West (1987) standard errors

are reported in parentheses. *** ** and * indicate statistical significance at 1, 5, and 10 percent level,
respectively.
H Corporate Event Sample RavenPack News Sample
Avg,_s5 4—1(Fo1) X NewsDay, -11.728%* -48.769
(-2.18) (-0.96)
Avg,_s5 4—1(Fo2) X NewsDay, -3.274 -6.852
(-0.19) (-0.42)
Avgy_s5 4—1(Fo3) X NewsDay, 64.537 4.603
(0.96) (0.28)
Avg,_s5 4—1(Foa) X NewsDay, 74.173 31.906
(1.33) (1.00)
Avgy_5.a-1(Fos) x NewsDay 78117 7.612*
(-0.94) (-1.82)
Avg,_s5 4—1(Foe) X NewsDay, -97.663 -7.107
(-1.18) (-1.06)
Avg,_s5 4—1(For) X NewsDay, 7.673 2.679
(0.48) (1.08)
Avgy_s5 4—1(Fos) X NewsDay, 9.329 -0.136
(1.35) (-0.21)
Avgg_5.q—1(Fog) x NewsDayy 3.601 -0.685
(0.50) (-1.13)
Avgy_s5.4-1(F10) x NewsDay, 14.710 -1.032
(0.79) (-1.40)
Avg,_s5 4—1(F11) X NewsDay, -16.899 0.665
(-1.31) (0.79)
Avg,_s5 4—1(F12) X NewsDay, 17.004* 1.159
(1.84) (0.74)
Avgy_s5 4—1(F13) X NewsDay, 4.791 -0.427
(0.75) (-0.93)
Avgy_5.4-1(F1a) x NewsDay 4 0.039 0.385
(0.00) (0.69)
Avgy_s5 4—1(F15) X NewsDay, -3.976 0.047
(-0.69) (0.10)
Avgg_5.q-1(F16) X NewsDayy -6.965 -0.049
(-0.65) (-0.08)
Avgy_5.4-1(F17) x NewsDay 15.764 -0.614
(0.75) (-0.87)
Ang—s,d—l(FH&) x NewsDay 4 170.853 -3.233
(0.82) (-0.83)
Avg,_s5 4—1(F19) X NewsDay, -0.688 -0.018
(-1.05) (-0.12)
Adjusted RZ 0.077 0.044
Number of Stocks 2,952.4 2,952.4
Number of Days 7,544.0 7,544.0
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Table B1. Return Predictability at Monthly Frequency

This table presents time-series averages of coefficient estimates from cross-sectional regressions of
the following equation,

Returan = am+ BTI,{FHFLm,l + BﬁHFNHFLm,1 + 'YE,;TOFZ‘,mfl + ’yﬁReturan,l
+YmSPRD; i1 + Yn AMI; 1 + Yo MISP; 1 + v IdioRisk; 1 + €

where for stock ¢ in a month m, HF and NHF represent monthly aggregated order flow from hedge
funds and non-hedge funds, respectively, as estimated in Table II of the main paper. TOF is the
monthly aggregated total order flow in TAQ, calculated using the Lee and Ready (1991) algorithm.
SPRD is the relative spread at the end of the month, and AMI is the Amihud (2002) illiquidity
measure over the month. IdioRisk refers to idiosyncratic risk from a Fama-French three-factor
model over the past three years. MISP is a mispricing index proposed by Stambaugh, Yu, and
Yuan (2012), while MISP excl. MOM is a mispricing index that excludes the momentum factor.
The sample includes all common stocks listed on NYSE, AMEX, and Nasdaq market capitalization
above the 10% NYSE breakpoints that have information in TAQ, CRSP, Compustat, and Thomson
Reuters’s 13F data. All coefficient estimates are multiplied by 100. Corresponding t-statistics
based on Newey—West (1987) standard errors are reported in parentheses. *** ** and * indicate
statistical significance at 1, 5, and 10 percent level, respectively.

| (1) (2)

HF,,_1 0.525%#* 0.504**
(2.71) (2.58)
NHF,,_ -0.251%** -0.246%**
(-4.16) (-4.06)
TOF,,_1 0.019 0.019
(0.60) (0.62)
Return,,,_ -0.032%** -0.032%**
(-6.48) (-6.48)
SPRD,,_1 0.458%** 0.448***
(5.99) (5.90)
AMI,, , 1.100%%* 1.101%%*
(2.95) (2.95)
MISP,,, 0.019%**
(5.22)
MISP excl. MOM,,,_1 0.021%**
(6.32)
IdioRisk,,_1 0.009 0.011
(0.96) (1.16)
Intercept -0.014%** -0.014%**
(-6.41) (-7.01)
Adjusted R* 0.026 0.026
Number of Stocks 1,958.2 1,957.9
Number of Months 359.0 359.0
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Table B2. Return Predictability Conditioning on Firm Characteristics

This table examines the predictive ability of hedge fund and non-hedge fund order flow estimates in
subsamples based on firm characteristics. We separate our sample into two groups using the daily
cross-sectional median of a proxy for liquidity and information environment. Then, within each
subsample, we replicate the regression anaysis in Table VII of our main paper. The liquidity proxies
are market capitalization (Size), relative bid-ask spread (Spread), and Amihud illiquidity (Amihud).
The information proxy is analyst coverage (Analyst) and institutional ownership (Ownership). For
brevity, we only report the coefficient estimates of hedge fund order flow (HF) and non-hedge fund
order flow (NHF), while the regressions always include the full set of control variables. The sample
includes all common stocks listed on NYSE, AMEX, and Nasdaq market capitalization above the
5% NYSE breakpoints that have information in TAQ, CRSP, and Thomson Reuters’s 13F data
from 1993 to 2022. All variables are the same as defined in Table I of our main paper. Panal A is
for liquidity proxies and Panel B is for information proxies. All coefficient estimates are multiplied
by 100. Corresponding t-statistics based on Newey—West (1987) standard errors are reported in
parentheses. *** ** and * indicate statistical significance at 1, 5, and 10 percent level, respectively.

Panel A. Liquidity

Size Spread Amihud
Small Large Narrow Wide Liquid Tlliquid
HF 44 3.069%F*F 1177 1117+ 2,326+ 0.762%%%  4.489***
(17.67) (12.52) (12.10) (15.81) (8.79) (19.77)
HF 4 o 0.037 0.236%** 0.102 -0.049 -0.030 0.468%+*
(0.30) (3.45) (1.37) (-0.43) (-0.45) (3.20)
HF;_ 5 0.314%* 0.137* 0.173%* 0.048 -0.011 0.783%4*
(2.32) (1.94) (2.46) (0.44) (-0.17) (5.44)
HF g4 0.080 0.204%** 0.090 0.085 0.043 0.405%**
(0.67) (2.71) (1.30) (0.76) (0.61) (2.95)
HF,4_ 5 0.240**  0.221*** 0.110 0.291°%%* -0.002 0.597#4*
(1.98) (3.01) (1.52) (2.73) (-0.03) (4.16)
NHF;_¢ -0.490%#*  -0.179%** -0.192%#% (.41 7%%* -0.134%#%  .0.367***
(-8.70) (-7.43) (-8.01) (-9.96) (-5.75) (-5.79)
NHF,_» -0.199%#*  _0.042** -0.031 -0.077** 0.020 -0.087
(-4.17) (-2.03) (-1.43) (-2.07) (0.97) (-1.62)
NHF, 3 -0.282%% -0.019 -0.027 -0.074* 0.027 -0.166***
(-5.81) (-0.95) (-1.33) (-1.94) (1.40) (-3.12)
NHF,_4 -0.205%*%%  -0.038* -0.004 -0.148%*#* 0.002 -0.042
(-4.63) (-1.95) (-0.21) (-4.02) (0.09) (-0.85)
NHF4_5 -0.358*** -0.031 -0.047%%  -0.193*** 0.005 -0.190***
(-8.01) (-1.53) (-2.27) (-5.34) (0.24) (-3.77)
Adjusted R? 0.034 0.047 0.042 0.035 0.047 0.034
Number of Stocks 1,482.9 1,490.2 1,494.8 1,478.3 1,490.3 1,482.7
Number of Days 7,544.0 7,544.0 7,544.0 7,544.0 7,544.0 7,544.0
(Continued)
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Table B2 — Continued

Panel B. Information environment

Analyst Coverage Ownership
Low High Low High
HF4_1 2.387H** 0.761%** 2.476%** 1.068***
(16.58) (8.82) (15.14) (13.12)
HF4_o 0.050 0.053 -0.128 0.178%**
(0.44) (0.69) (-1.05) (2.67)
HF;_3 0.112 0.137* 0.301°** 0.097
(1.02) (1.75) (2.54) (1.42)
HF4_4 0.348%*** 0.015 0.052 0.141°%*
(3.28) (0.20) (0.45) (2.07)
HF;_5 0.263** 0.109 0.139 0.174%*
(2.48) (1.39) (1.21) (2.51)
NHF;_1 -0.363*** -0.109%** -0.345%** -0.186***
(-8.92) (-4.52) (-7.91) (-8.03)
NHF,_» -0.056 0.016 -0.067* -0.048%**
(-1.40) (0.71) (-1.74) (-2.28)
NHF,_3 -0.070%* -0.006 -0.137%%* -0.000
(-1.87) (-0.29) (-3.36) (-0.01)
NHF _4 -0.081** -0.005 -0.068%* -0.033*
(-2.28) (-0.24) (-1.92) (-1.67)
NHF,_5 -0.151%%* -0.018 -0.163*** -0.050%**
(-4.10) (-0.80) (-4.30) (-2.59)
Adjusted R? 0.033 0.046 0.042 0.035
Number of Stocks 1,282.9 1,275.2 1,423.5 1,427.2
Number of Days 7,544.0 7,544.0 7,544.0 7,544.0
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Table C1. Summary Statistics

This table shows the time-series averages of cross-sectional statistics for the sample from
2007 to 2022. HF and NHF represent daily hedge fund and non-hedge fund order flows,
respectively, estimated following Campbell, Ramadorai, and Schwartz (2009) by taking the
estimated coefficients in Table A1. HF—SI is a short-sale adjusted hedge fund trading mea-
sure, estimated in the same manner as HF and NHF| using the quarterly difference between
hedge fund holdings and short interest (SI) as the dependent variable in the model of Camp-
bell, Ramadorai, and Schwartz (2009). CRS is a daily institutional trading measure proposed
by Campbell, Ramadorai, and Schwartz (2009), using the estimated coefficients in Table 4
of their paper. BDDW is a daily institutional trading proxy proposed by Barardehi, Da,
Dixon, and Wang (2025). TOF is daily total order flow in TAQ based on the Lee and Ready
(1991) algorithm. Return is the daily risk-adjusted mid-quote stock return with respect to
the Fama—French—Carhart four factors. The sample includes all common stocks listed on
the NYSE, AMEX, and Nasdaq with market capitalization above the 5% NYSE breakpoints
that have information in TAQ, CRSP, and Thomson Reuters’s 13F data. Panel A reports
descriptive statistics, and Panel B reports correlation coefficients among key variables.

Panel A. Descriptive statistics

Standard

Average Deviation Minimum Median Maximum
HF 0.011 0.032 -0.090 0.004 0.171
HF—SI 0.009 0.035 -0.113 0.002 0.164
NHF 0.022 0.074 -0.205 0.007 0.363
CRS -0.002 0.174 -0.600 -0.001 0.572
BDDW 0.000 0.020 -0.150 0.000 0.174
TOF 0.042 0.154 -0.596 0.022 0.810
Return 0.000 0.026 -0.236 0.000 0.445
Panel B. Correlation

HF HF—SI NHF CRS BDDW TOF Return
HF 1.000
HF—SI 0.732 1.000
NHF 0.754 0.664 1.000
CRS -0.080 -0.042 -0.118 1.000
BDDW 0.021 0.009 0.021 -0.016 1.000
TOF 0.176 0.174 0.279 -0.172 0.038 1.000
Return 0.064 0.046 0.074 -0.045 0.054 0.124 1.000
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Table C2. Return Predictability

This table presents time-series averages of coefficient estimates from cross-sectional regressions of the follow-
ing equation,

Return; g = aq+ 55{AVgi,d75,d71(HF) + sziVAVgi,dffl,dfl(NHF) + BgAVgi,dfs,dfl(CRS)

+55AVgi,d—5,d—l(BDDW) =+ 'YgAVgi,d—s,d—l(TOF) + %szNATi,q—l
5
+ZSPRD; g1 + 74 AMI,; 41 + Z fy(fkReturnLd_k + €4
k=1

We report the coefficient estimates of trading measures, averaged over the past five trading days from d — 5
to d — 1, including hedge fund order flow (HF), non-hedge fund order flow (NHF), and institutional trading
measures from Campbell, Ramadorai, and Schwartz (2009) (CRS) and Barardehi, Da, Dixon, and Wang
(2025) (BDDW). All variables are the same as defined in Tables A2 and C1. The sample includes all
common stocks listed on NYSE, AMEX, and Nasdaq market capitalization above the 5% NYSE breakpoints
that have information in TAQ, CRSP, and Thomson Reuters’s 13F data from 2007 to 2022. All coefficient
estimates are multiplied by 100. Corresponding t-statistics based on Newey—West (1987) standard errors
are reported in parentheses. *** ** and * indicate statistical significance at 1, 5, and 10 percent level,
respectively.

Horse Race HF CRS BDDW
Avg, 5 41 (HF) 0.959%*** 0.919%**
(5.59) (5.58)
Avg, 5 4-1(NHF) -0.295%** -0.303%**
(-4.96) (-5.10)
Aveg, 5 4-1(CRS) -0.008 -0.014
(-0.66) (-1.29)
Avg, 5 4-1(BDDW) 0.485 0.243
(1.19) (0.63)
Avg, 5 4-1(TOF) 0.064*** 0.064*** 0.055** 0.061%**
(2.82) (2.82) (2.19) (2.62)
NAT, 0.066** 0.078%* 0.086*** 0.064*
(1.99) (2.42) (2.64) (1.95)
SPRDy_1 8.097*** 10.051%%* 8.391%** 8.385%**
(10.21) (10.80) (10.22) (10.11)
AMI, 4 0.137*** 0.014** 0.077** 0.032%**
(3.07) (2.39) (2.23) (2.80)
Returng_; -0.632%** -0.261 -0.306* -0.635%**
(-3.86) (-1.55) (-1.80) (-3.89)
Returng_o -0.231%* -0.168 -0.134 -0.240%*
(-1.84) (-1.36) (-1.09) (-1.86)
Returng_s -0.342%** -0.303** -0.301°%* -(.393%**
(-2.99) (-2.45) (-2.50) (-3.33)
Returng_4 -0.382%** -0.323%%* -0.306%* -0.3817%**
(-3.30) (-2.70) (-2.52) (-3.27)
Returng_s -0.266%* -0.233* -0.235%* -0.365%**
(-2.38) (-1.74) (-2.02) (-2.65)
Intercept -0.014%** -0.014%** -0.008** -0.009***
(-4.34) (-4.41) (-2.55) (-3.21)
Adjusted R? 0.033 0.035 0.032 0.033
Number of Stocks 2,030.9 2,577.8 2,360.9 2,102.1
Number of Days 4,027.0 4,028.0 4,028.0 4,027.0
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Table C5. Predicting CAR around RavenPack Non-Fundamental News

This table reproduces Table C3 to examine the predictive ability of daily institutional order flow estimates for
CAR around corporate news events that RavenPack designates as indicated on the top of each column. This
table presents regression results in all RavenPack company news groups with covering more than 5,000 firms
in 2007-2022. News groups of exploration, indexes, industrial-accidents, regulatory, stock-picks are excluded.
For brevity, we only report the coefficient estimates of daily institutional order flow estimates, averaged over
the past five trading days from d — 6 to d — 2, with the full set of control variables in the regressions.
The sample includes all common stocks listed on NYSE, AMEX, and Nasdaq market capitalization above
the 5% NYSE breakpoints that have information in TAQ, CRSP, and Thomson Reuters’ 13F data. All
coefficient estimates are multiplied by 100. Corresponding t-statistics based on firm and year clustered
standard errors are reported in parentheses. @, °, and © indicate statistical significance at 1, 5, and 10
percent level, respectively.

Investor Order
Insider Relation Marketing Imbalance Price Target Stock Price
Panel A. HF
Avgdfﬁ’d%(HF) 5.059% 6.239% 6.000¢ 1.794 8.013% 4.803
(2.92) (2.07) (1.93) (0.35) (3.02) (1.19)
Avgd_67d_2(NHF) -1.268% -1.474 -2.411° -0.007 -2.823 -3.852
(-3.05) (-1.64) (-2.19) (-0.01) (-1.15) (-1.08)
Adjusted R? 0.004 0.002 0.002 0.003 0.008 0.037
Observations 464,766 211,943 79,508 39,276 67,338 90,329
Panel B. CRS
Avgd76’d72(CRS) 0.147 0.136 0.158 0.543 -0.074 1.470
(1.44) (0.95) (0.77) (1.36) (-0.28) (1.58)
Adjusted R? 0.004 0.001 0.002 0.003 0.009 0.049
Observations 428,120 195,805 72,869 36,420 60,578 87,014
Panel C. BDDW
Avgd767d72(BDDW) -2.878 1.371 -6.940° 9.377¢ 18.478 60.843
(-1.27) (0.39) (-1.71) (1.73) (2.64) (0.99)
Adjusted R? 0.004 0.002 0.002 0.002 0.010 0.044
Observations 386,850 175,918 64,459 30,590 57,803 83,986
Panel D. Horse Race
Avg, a4 o(HF) 4.987% 7.934¢ 5.875¢ 6.376° 7.727° -2.443
(2.97) (2.72) (1.71) (2.53) (2.16) (-0.57)
Avg,_g.4_o(NHF) -1.208%  -2.406" -2.803" -1.459 -1.152 0.505
(-2.70) (-3.35) (-2.01) (-1.49) (-0.46) (0.14)
Avgd_&d_g(CRS) 0.171% 0.194 0.200 0.907 -0.527 1.204°
(2.26) (1.04) (1.05) (1.51) (-1.28) (1.90)
Avgdfﬁﬁdfz(BDDW) -2.923 2.356 -7.629¢ 4.517 20.067* 73.490
(-1.32) (0.65) (-1.75) (0.96) (2.65) (1.22)
Adjusted R? 0.004 0.002 0.002 0.002 0.011 0.055
Observations 375,558 170,874 62,761 29,669 56,037 82,215
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Table D1. Return Predictability

This table replicates the return predictability analysis from Table VII of the main paper to evaluate
the return predictability of hedge fund order flow net of short interest (HF—SI). The regression
specification and control variables are consistent with Table VII of the main pape. For brevity,
we only report the coefficient estimates of HF—SI and NHF, while the regressions always include
the full set of control variables. All coefficient estimates are multiplied by 100. Corresponding
t-statistics based on Newey—West (1987) standard errors are reported in parentheses. *** ** and
* indicate statistical significance at 1, 5, and 10 percent level, respectively.

| 1993-2022 1993-2002 2003-2012 2013-2022
HF —SI,;_, 1.188%* 2.573%%* 0.905%** 0.0927%*
(15.16) (15.51) (11.00) (2.32)
HF —SI;_o 0.026 0.027 0.141%* -0.090
(0.50) (0.23) (1.82) (-1.45)
HF —SI;_3 0.143%%* 0.305%* 0.062 0.062
(2.74) (2.50) (0.84) (0.96)
HF —SI;_4 0.086* 0.267** 0.142%* -0.150%*
(1.70) (2.25) (1.91) (-2.59)
HF—SI,_5 0.157%** 0.133 0.308%** 0.029
(2.98) (1.09) (4.04) (0.50)
NHF4_, -0.173%%% -0.482%%* -0.075%%* 0.036
(-7.61) (-11.11) (-3.08) (0.98)
NHF;_, -0.031* -0.027 -0.090%** 0.022
(-1.72) (-0.80) (-3.72) (0.63)
NHF;_3 -0.035* -0.011 -0.046%** -0.048
(-1.91) (-0.31) (-1.99) (-1.33)
NHF;_4 -0.029* -0.066%** -0.047%* 0.025
(-1.70) (-1.99) (-2.20) (0.76)
NHF4_5 -0.071%5* -0.070%* -0.089%** -0.053*
(-4.16) (-2.06) (-4.12) (-1.70)
Adjusted R? 0.031 0.022 0.029 0.041
Number of Stocks 2,824 3,610 2,466 2,400
Number of Days 7,544 2,509 2,517 2,518
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Table D4. Predicting CAR around RavenPack Non-Fundamental News

This table reproduces Table III of the main paper to examine the predictive ability of hedge fund
order flow net of short interest (HF—SI) for CAR around corporate news events that RavenPack
designates as indicated on the top of each column. The regression specification and control variables
are consistent with Table III of the main paper. For brevity, we only report the coefficient estimates
of HF—SI and NHF, while the regressions always include the full set of control variables. All
coefficient estimates are multiplied by 100. Corresponding t-statistics based on firm and year
clustered standard errors are reported in parentheses. *** ** and * indicate statistical significance
at 1, 5, and 10 percent level, respectively.

Investor Order
Insider Relation = Marketing  Imbalance  Price Target  Stock Price
HF—SI;_o 0.085 1.206* 1.291 1.215 -1.701 1.179
(0.17) (1.68) (1.28) (0.85) (-1.61) (0.56)
HF—-SI,;_3 0.647 0.417 1.095 -0.407 1.578 1.514
(1.53) (0.65) (1.01) (-0.18) (0.91) (0.81)
HF—-SI;_4 0.483 0.665 1.161 -1.223 0.336 2.313**
(1.51) (0.98) (1.39) (-0.85) (0.18) (2.03)
HF—SI,;_5 -0.148 0.823 1.593* 1.061 0.014 0.867
(-0.50) (1.49) (1.86) (0.60) (0.01) (0.62)
HF—-S1;_¢ 0.125 0.846 0.599 -0.288 0.934 -0.901
(0.29) (1.48) (0.73) (-0.20) (0.57) (-0.47)
NHF;_o 0.327** -0.122 -0.353 -0.526 -0.001 -0.983
(2.24) (-0.34) (-0.73) (-1.26) (-0.00) (-0.97)
NHF,_3 -0.308%** -0.051 -0.555 -0.331 0.272 -0.792
(-2.02) (-0.20) (-1.39) (-0.81) (0.28) (-0.86)
NHF;_4 -0.008 -0.405 -1.005%** 1.335%** 0.336 0.272
(-0.05) (-1.48) (-3.25) (3.49) (0.54) (0.41)
NHF,_5 -0.109 -0.237 0.054 -0.049 -0.305 -0.683*
(-1.10) (-1.08) (0.13) (-0.16) (-0.49) (-1.79)
NHF, ¢ -0.088 -0.288 -0.372 0.082 0.136 -1.591
(-0.45) (-1.06) (-1.30) (0.22) (0.19) (-1.59)
Firm FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Adjusted R? 0.004 0.002 0.002 0.002 0.008 0.018
Observation 506,436 235,378 92,265 65,511 62,152 97,899
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