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Abstract

Are Institutions Informed About News?

This paper combines daily non-public data on buy and sell volume by institutions from 2003 through
2005 for NYSE-listed stocks with all news announcements from from Reuters. Natural language processing
categorizes the sentiment associated with each news story. We use institutional order flow (buy volume minus
sell volume) as a quantitative measure of net trading by institution. We find evidence that institutional
investors are informed: i) institutional trading volume predicts the occurrence of news announcements; ii)
institutional order flow predicts the sentiment of the news; iii) and institutional order flow predicts stock
market reaction on announcement day; and iv) institutional order flow predicts earnings announcement
surprises.



Introduction

Institutional trading is important because it constitutes the majority of daily trading volume and

institutional investors are the largest owner of publicly traded stocks in the U.S.1 It has been argued

that institutional trading is, to a large extent, driven by their superior information gathering and

processing skills. Superior information by institutions could arise from access to more information

and greater resources to process information.2

This paper combines daily non-public data on buy and sell volume by institutions from 2003

through 2005 for 1,700 NYSE-listed stocks with all news announcements from Reuters. Natural

language processing categorizes the sentiment associated with each news story. We use institutional

order flow (buy volume minus sell volume) as a quantitative measure of net trading by institutions.

There is some evidence that institutional investors are informed, but studies examining institu-

tional order flow around specific events provide mixed evidence. Using a comprehensive data set of

institutional trading and news announcements we find that institutional trading predicts news an-

nouncements, the sentiment of the news, returns on announcement day, and earnings announcement

surprises.

To initially examine the question of whether institutions are informed about the news Section 2

examines institutional trading volume around news announcements. Event-study methodology

shows that institutional trading volume increases a few days before new announcements. Calendar-

time probit regressions show that institutional trading volume predicts whether or not a news

announcement will occur after controlling for prior stock volatility and prior news announcements.

This is consistent with institutions being informed about whether or not news announcements will

occur, but does not establish that institutions are informed about the content of the news itself.

Section 3 analyzes whether institutions are informed about the contents of the news. We measure

institutions’ forecast of future informational arrival with their order flow (buy volume minus sell

volume). Natural language processing measures the contents of the news itself. We also use stock

market reaction on news days as a signal of the information contained in the news announcements.

Event-study methodology shows that institutional order flow increases more than 5 days prior to

the announcement of good news as measured by the natural language sentiment of the news; insti-

tutional order flow decreases more than 5 days prior to bad news announcements. Regressions show

that institutional trading order flow predicts the sentiment of news announcements and the stock

1See, for example, Boehmer and Kelly (2009) and Securities Industry Association Fact Book (2007).
2Unlike retail investors, institutions often directly communicate with publicly traded firms as well as brokerage firm through

their investment banking, lending, and asset management divisions. Most mutual and hedge funds employ buy-side analysts
and enjoy better relationship with the sell-side analysts. Their economies of scale allow institutions to monitor many sources
of information. Finally, institutions employ professionals and technologies with superior information processing skills.
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return on announcement days after controlling for prior stock returns, news sentiment, and trading

volume. Vector autoregressions which control for longer and more complex dynamics confirm these

results. Finally, Section 4 shows that institutional order flow predicts the surprise component of

earnings announcements.

Several studies provide support to the notion that institutions are informed. Badrinath, Kale,

and Noe (1995) show that returns of stocks with high institutional ownership lead returns of stocks

with low institutional ownership. Sias and Starks (1997) and Boehmer and Kelly (2009) show that

higher institutional holdings is associated with more efficient pricing. Boehmer and Wu (2008) and

Boulatov, Hendershott, and Livdan (2011) find that institutional trading predicts returns at the

firm, industry, and market levels. Irvine, Lipson, and Puckett (2007) find a significant increase

in institutional trading and profitable buying beginning five days prior to the public release of

analysts’ initial reports containing positive recommendations.3

In contrast, studies of institutional trading around specific public news events such as takeovers,

earnings announcements, and research recommendations find little or no evidence that institutions

are informed. Griffin, Shu, and Topaloglu (2011) use Nasdaq broker identifiers on trades and

clearing records to categorize trades likely made by institutions from 1997-2002. They examine daily

trading by eight different types of individual and institutional investors ahead of the most common

stock market events associated with information asymmetry: takeover and earnings announcements.

They find that in the two, five, and ten days prior to takeover announcements, general institutional

investors are not net buyers in target firms and their buying is not related to future earnings

announcement returns. They do report that hedge funds and investors trading through the largest

investment banks that service hedge funds, are consistently selling stocks prior to negative earnings

announcements. Finally, they find little evidence that brokerage houses’ proprietary trading desks

or their clients buy prior to takeovers or trade in the right direction prior to earnings announcements.

Jegadeesh and Tang (2010) analyze trading patterns and profitability of institutional trades

around takeover announcements using Abel-Noser’s institutional client trade data from 1998-2008.

They report that institutions on average are marginally net sellers of the targets in the month prior

to takeover announcements and that their trading strategy around the announcement does not yield

significant abnormal returns. However, they do find that institutions whose main brokers are also

the brokerage arms of investment banks that advise the targets are significant net buyers of target

shares prior to announcements. Using the same data, Busse, Green, and Jegadeesh (2010) examine

3Campbell, Ramadorai, and Schwartz (2009) infer institutional trading by linking quarterly changes in institutional holding
from 13-F filings with daily trades by size category and a buy-sell classification algorithm. Their measure of institutional trading
predicts firms’ earning surprises.
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the performance of buy-side institutional investor trades and sell-side analyst stock recommenda-

tions. They find that institutions are not able to differentiate between good recommendations and

bad recommendations.

Finally, our paper relates to a growing literature on how different market participants respond

to public news. Tetlock (2010) tests a theoretical model with asymmetric information and public

news. He finds evidence that news resolves asymmetric information: i) positive impact of news on

volume-induced return momentum and ii) a temporary increase in the correlation between absolute

returns and volume during news, particularly for earnings news and in small stocks and illiquid

stocks.

A separate strand of literature studies whether specific types of institutions such as mutual

funds have stock-picking skills prior to public news events.4 Baker et. al. (2011) examines the

subsequent earnings announcement returns of stocks that mutual funds hold and trade. They find

that the future earnings announcement returns on stocks that funds buy are, on average, higher

than the future returns on stocks that they sell. The stocks that funds buy perform significantly

better at future earnings announcements than stocks with similar characteristics, while the stocks

that funds sell perform significantly worse than such stocks. Fund trades predict not just earnings

announcement returns but EPS surprises as well. Fang, Peress, and Zheng (2011) examine the

propensity to trade high media coverage stocks by mutual funds. They find that funds with a lower

propensity to trade with media perform significantly better. This finding is robust to different

risk adjustment models and prevails after controlling for other fund characteristics. Their result

is consistent with the hypothesis (see Kacperczyk and Seru (2007)) that funds with informational

advantage trade less with media coverage.

Several papers examine the relationship between individual trading and news announcements.

Kaniel, Saar, and Titman (2010) provide evidence in support of informed trading showing that

intense aggregate individual investor buying (selling) predicts large positive (negative) abnormal

returns on and after earnings announcement dates. Kelley and Tetlock (2011) use retail brokers’

trading data from 2003-2007 to provide support for the conclusions of Kaniel, Saar, and Titman

(2010) that retail investors have some information for a broader set of new announcements. Kelley

and Tetlock (2011) can separately identify market and limit orders and find that market order

imbalances predict both returns and news, whereas limit order imbalances predict returns but not

news.

Short selling is another type of trading thought to be informed (Senchack and Starks (1993),

Asquith, Pathak and Ritter (2005), Boehmer, Jones, and Zhang (2008), and others)). Engelberg,

4Mutual fund data has the advantage of identifying individual funds and managers, but only does so at monthly horizons.
The institutional trading literature combines trading across many institutions at higher frequencies.
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Reed, and Ringgelberg (2010) combine data on short selling with news releases and show that short

sellers’ trading advantage comes largely from their ability to analyze publicly available informa-

tion. They find only weak evidence that short sellers anticipate news events. When they do find

differences between the timing of short sellers’ trades and the overall market they find that short

selling tends to occur after news stories and more strongly after earnings news. They conclude that,

on average, short sellers trade on publicly available information and do not anticipate information

before it becomes public.

The remainder is organized as follows. Section 1 discusses the data sources and provides sum-

mary statistics. Section 2 examines institutional trading volume around news announcements.

Section 3 analyzes whether institutions are informed about the contents of the news. Section 4

shows that institutional order flow predicts the surprise component of earnings announcements.

Section 5 concludes.

1 Data

The data on trading by institutions is constructed from the NYSE’s Consolidated Equity Audit

Trail Data (CAUD) files that contain detailed information on all orders that execute on the ex-

change, both electronic and manual (those handled by floor brokers). One of the fields associated

with the buyer and seller of each order, Account Type, specifies whether the order comes from

an institutional investor. We exclude program trading and index arbitrage trading because these

order types are for trading multiple securities simultaneously which are less likely related to news

about individual stocks. A sample of the CAUD data was first provided to academics as part of the

TORQ dataset constructed by Joel Hasbrouck. We complement the CAUD data with daily data

on returns (close-to-close returns based on closing bid and ask quotes in TAQ), trading volume

(CRSP), and market capitalization (number of shares outstanding times price from CRSP).

Our news data comes from the Reuters NewsScope Sentiment Engine (RNSE), which is a

database of news releases on the Reuters Data Feed (RDF). For each news story RNSE reports

time stamped computer generated measures for news sentiment and relevance. Each news story

on the RDF typically consists of several news items. Table 1 provides an overview of the dif-

ferent news topics covered by the RDF ordered in descending order based on the total number

of news items reported in the last column. All news stories are assigned to news categories de-

scribing the topic of the news content. The most frequent news releases are related to companies

concern corporate results (RES) with a total of 213, 781 news items, corporate results forecasts

(RESF, 153, 928), major breaking news (NEWS, 112, 740), debt markets (DBT, 97, 910), stock

4



markets (STX, 96, 399), mergers and acquisitions (MRG,93, 674), corporate bonds (USC, 74, 030),

hot stocks (HOT, 39, 769), business activities (BACT, 36, 754) and corporate analysis (CORA,

34, 270), new issues (ISU, 29, 463), broker research and recommendations (RCH, 27, 364), rat-

ings (AAA, 22, 868), and management issues and policy (MNGISS, 18, 689). The remaining news

releases constitute macroeconomic announcements, government policies and politics, society, envi-

ronment, and other financial market news. Each day we average the sentiment for each story and

then construct a daily weighted average of sentiment across stories using the relevance measure as

weights.5

[insert Table 1]

We construct our sample by merging the CRSP, RNSE, and NYSE data from 2003 through 2005

and dropping a small number of observations (0.51%) for which we data is missing from one of the

sources. We obtain a total of 756 trading days in 1, 667 stocks, yielding more than 1.1 million

daily observations with complete data on stock return, volume, news, and institutional trading.

Table 2, Panel A provides summary statistics for the number of news releases and the distribution

of news stories across time and stocks. There are a total of 126, 438 days with news releases out

of 1, 101, 788 daily observations during our sample period. This implies 11.5% of stocks have news

releases on any given day, with 24% of stocks in the news at the upper 1% tail of days. Consistent

with prior papers using news data there is substantial cross-sectional variation in news coverage.

The average firm has a 10.7% chance of being covered in a news report. While the median firm

has a propensity of news coverage of once per month (4.6%), news coverage ranges from zero for

the bottom 1% of firms to 88.6% for the top 1% of firms.

The news sentiment measure used in this study is based on the analysis of the NewsScope news

text released on the RDF. The Reuters algorithm determines how positive, neutral, or negative

is the tone of the words used in the article and then puts it in the context by analyzing sentence

structure, the proximity of particular words to one another, and other linguistics cues. Individual

sentiment scores yield the positive, neutral, or negative sentiment score for the news item, ranging

between -1 and 1. News items read from the RDF are also scored with respect to companies that

are mentioned in the article to yield company-specific measures of relevance.

We compute the net sentiment of a news story as the relevance-weighted difference between

the positive and negative score for each news item, ranging from -1 to 1. We then aggregate all

news stories on a given day by relevance weighting the story-specific sentiment to obtain the daily

5News items are either a new alert or new story take, where an alert is a single line of text and a story take has a headline
and body. A story take is one in a series of updates to a particular story.
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sentiment in each stock. The last row in Table 2, Panel A provides summary statistics for daily

sentiment. Sentiment ranges between −0.763 and 0.814 with mean and median close to zero and

sizeable standard deviation of 0.419.

We calculate institutional purchases, IBuysi,t, and sales, ISalesi,t, by aggregating all institutional

buy and, correspondingly, sell orders for a firm i on day t and then normalizing these quantities by

the firm’s i market capitalization, MC, lagged by one year, i.e. we have

IBuysi,t =

# of Buysi,t∑
n=1

Buysni,t

MCi,t−250
, (1)

ISalesi,t =

# of Salesi,t∑
n=1

Salesni,t

MCi,t−250
.

We then define the institutional order flow, IOF, as the difference between institutional purchases,

IBuys, and institutional sales, ISales. Institutional volume, IVol, is the sum of institutional pur-

chases and sales.

[insert Table 2]

Table 2, Panel B provides summary statistics for the institutional trading volume and order flow

imbalances across stocks in our sample. Institutional order flow imbalances are positive on average,

consistent with the steady decline in direct individual stock ownership over time. Institutional order

flow imbalances are distributed symmetrically about this mean, with significant negative left and

positive right tail. This shows that despite the positive trend there are many days when institutions

are net sellers and about the same portion of days when they are net buyers. Institutional order

imbalances are small compared to overall institutional trading activity. On a typical day, roughly

85% of trading by institutions is among the institutions and only 15% of institutional volume is

net purchases or sales from other investor groups, such as retail investors, market makers, and

institutions traders trading baskets of stocks. Panel C of Table 2 reports summary statistics for

stock returns and market-wide trading volume.

2 Institutional trading around news releases

First we test whether institutions adjust their overall trading ahead of future public news an-

nouncements and whether institutional trading predicts news announcements. Figure 1 graphically
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demonstrates this relation by plotting results from an event study. Panel A depicts institutional

trading volume, IVol, in the [−10, 10] window around the news announcement. Dashed lines rep-

resent standard errors adjusted for heteroskedasticity, contemporaneous correlation across stocks,

and autocorrelation within stock (Petersen (2009)).

Institutional trading volume rises sharply before the news announcement day and declines

sharply after the news has becomes public. These are consistent with the hypothesis that in-

stitutions are privately informed about future public news. An alternative story is that the rise

in institutional trading leads to higher return volatility which in turn gets noticed by the news

agencies which respond with news articles. Or simply put, news agencies track actively traded and

volatile stocks and write news stories about them. We examine this hypothesis on Panel B of the

Figure 1 by plotting the absolute stock returns, |Return|, which proxies for return volatility, over

ten days before and ten days after news announcements. As in the case of institutional trading

volume, return volatility rises sharply before the announcement and then sharply declines after it.

Next we study the joint relations among news announcements, institutional trading, and |Return|
to analyze if institutional volume predicts news announcements over and above volatility.

[insert Figure 1]

Table 3 presents estimates from a panel logit regressions with the dependent variable being zero

or one depending on whether a news announcement involving firm i takes place on date t. Firm

fixed effects are included in the specification to control for the cross-sectional heterogeneity in news

announcement frequency. Column A reports the univariate regression with IVol as the explanatory

variable. In agreement with the event study from Panel A of Figure 1 the regression coefficient

on IVol is positive and statistically significant. Next, we use |Return| as the explanatory variable.

The positive, statistically significant coefficient on |Return| in Column B of Table 3 is consistent

with the event study where the return volatility increases prior to news announcements. Columns

C and D of Table 3 report our results when the explanatory variables are an indicator variable

for news announcements on the previous day, News day, and the absolute value of the prior news

sentiment, |Sentiment|. If there are no news releases on the previous day news sentiment is set to

its lagged value. Column C indicates that news announcements are persistent/clustered as stocks

previously in the news are more likely to be in the news again. However, the propensity of new

news stories declines if the prior news story had more significant sentiment as the coefficient on

the lagged absolute sentiment is negative in column D. Panel E reports the results when all four

variables are used together as explanatory variables. All of them remain statistically significant in

the multivariate regression. Overall, our results on institutional trading volume and the occurrence

of news announcements are consistent with the hypothesis that institutions have private information

about future news.
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[insert Table 3]

3 Are institutions informed about public news?

While the previous section provides evidence that trading by institutions is related to future

news releases, it does not establish that institutions are actually informed about contents of the

news. To address this we study if institutional buying and selling predicts the sentiment of the news

and the stock price reaction to the news. For institutions to be informed about the contents of the

news more buying should predict news announcements with positive sentiment and positive market

reactions; similarly more selling should predict negative news announcements and negative price

reactions. Similar to our analysis of aggregate institutional trading volume and news in Figure 1

and Table 3 we examine event study and regression evidence.

3.1 Event-time evidence

To investigate the informativeness of institutional trading we examine whether trading predicts

the announcement day abnormal return. To do so we calculate buy-and-hold abnormal stock

returns (BHAR) for each news release per each firm. We also differentiate between different

types of news by categorizing them as Good or Bad news. We define Good and Bad news as a

function of the sentiment associated with the news release by dividing announcement sentiment

into quintiles. Good are news releases associated with sentiment in the top quintile across all news

announcements, Sentiment ≥ 0.374. Correspondingly, Bad news is when the news sentiment is in

the bottom quintile, Sentiment ≤ −0.418. The results are not sensitive to the exact cutoff values.

All BHAR’s are benchmarked against a control group of firms.

The buy-and-hold return in the [t0, t1] window for an event-firm6 i ∈ (Good,Bad) is defined as:

BHRi(t0, t1) =

t1∏
t0

Ri,t, (2)

where Ri,t is the gross return of firm i on date t. wi is firm i’s market capitalization weight lagged

by one year divided by the number of events so that
∑

iwi = 1. The mean abnormal buy-and-hold

returns for good and bad news firms are:

BHAR(t0, t1) =
∑
i

wiBHRi(t0, t1)−
∑

Control

wControlBHRControl(t0, t1). (3)

6We account for each news event per firm.
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The mean BHAR is calculated as the value-weighted average of the individual event-firm BHRs

benchmarked against the mean BHRs for all control firms. For simplicity, we take the value-

weighted index of all firms in our sample as the control.

[insert Figure 2]

If institutions are privately informed about news prior to the publication date, then one might

not expect their trading to cause significant price run-up/run-down prior to the good/bad news.

Alternatively, the sizable price movements in positive/negative direction could indicate that some-

one was privately informed about the news public prior to the announcement day or that past stock

returns led to news and its sentiment. Similar to Figure 1 we calculate buy-and-hold abnormal

returns starting at t0 = −10 relative to the news release at date t = 0 and through the 10 trading

days following the news. Panel A of Figure 2 reports our results for average buy-and-hold returns

around good and bad news releases. The dotted lines correspond to 95% confidence bounds. Prices

drift begin to drift in the direction of the news sentiment a few days before announcement day,

consistent with models of private information prior to the public news announcement. The largest

price run-up/run-down happens in the days immediately prior to the news announcement. This

could be because informed traders, possibly institutions, start to trade more aggressively over time,

as in Kyle (1985) and Back, Cao, and Willard (2000), or because traders become more informed

about the news as the announcement day approaches.

Cumulative institutional order flows before an announcement provide a measure of institutional

trading potentially driven by private information. Analogous to the BHARs in Panel A of Figure 2,

we calculate buy-and-hold institutional order flow for each firm experiencing a news release. IOFi,t

is the institutional order flow of firm i on date t. The buy-and-hold institutional order flow in the

[t0, t1] window for an event-firm i ∈ (Good,Bad) is defined as:

BHIOFi(t0, t1) =

t1∑
t0

IOFi,t. (4)

Then similar to returns we compute the mean abnormal buy-and-hold institutional order flow for

good and, respectively, bad news firms as in the case of buy-and-hold returns:

BHAIOF (t0, t1) =
∑
i

wiBHIOFi(t0, t1)−
∑

Control

wControlBHIOFControl(t0, t1). (5)

As before we use the value-weighted index of all firms in our sample as the control.

Figure 2, Panel B summarizes the IOF results. The dotted lines correspond to 95% confidence

bounds. Institutions start net buying at least two weeks before good news announcements and
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net selling before bad announcements. The order imbalances are largest last two days prior to the

announcement corresponding to the larger returns on these days.

The event study in Figure 2 only considers IOF and news. However, returns, institutional

trading, and sentiment are contemporaneously related in various ways. Multivariate regressions

allow testing whether institutional order flow predicts announcement day returns and sentiment

after controlling for the other market variables. Table 4 documents the predictability of news

announcement returns (Panel A), news sentiment (Panel B), and institutional order flow on news

days (Panel C). As in Table 3 estimates are from panel regressions with firm fixed effects. We

examine volume, defined as the log of total trading volume, along with returns, sentiment, and

institutional order flow. In addition, we split institutional order flow into its two components:

institutional buys, IBuys, and sales, ISales. This decomposition helps test whether institutions are

equally informed about both types of news, good and bad. All explanatory variables are measured

on the day prior to the news announcement.

[insert Table 4]

Panel A of Table 4 shows that the institutional order flow imbalance, and its individual compo-

nents, IBuys and ISales, predict returns on news announcement days. Moreover, column F of panel

A indicates that only IOF has power in predicting news announcement returns. In column G IBuys

and ISales are statistically significant. The positive coefficient on IBuys and negative coefficient on

ISales shows that institutional buying and selling activity both predict announcement day returns.

Pane B of Table 4 shows that IOF, IBuys, and ISales predict news sentiment. A possible

explanation of why IOF predicts the announcement day sentiment is that institutions communicate

with the news agencies and influence the news in the direction of their past trading. This could

also led to sentiment being persistent as well as sentiment responding positively to past returns,

i.e. higher returns in the past predict higher future sentiment. To find evidence consistent with

institutions being privately informed Section 4 examines earnings announcements using only the

announced earnings and not sentiment.

Panel C of Table 4 shows persistence in IOF as well as its individual components. It also

indicates that institutions follow momentum strategies around news announcements as institutions

increase purchases of past winners and sell more of past losers.

Overall we find that institutions trade in the right direction before a news announcement. IOF

and IBuys predict positive announcement returns, positive sentiment, and more institutional buying

on news days. ISales predicts negative announcement returns, negative sentiment, and more selling

on news days.
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3.2 Calendar-time evidence

To test the robustness of the regression results in Table 4 we next account explicitly for the con-

temporaneous relation between returns, news sentiment, and institutional trading and dynamics

using panel vector autoregressions (VARs) with returns, news sentiment, and institutional order

imbalances as jointly endogenous variables. Table 5 reports estimates from panel vector autore-

gressions with firm fixed effects. The estimates are obtained using GMM estimation as described

in Holtz et al. (1988).7

[insert Table 5]

Table 5’s results are generally consistent with the event-time evidence from Table 4. Institutional

order flow at one and two lags predict returns. Lag one returns negatively predict returns while

lag one sentiment positively predict returns. Regression coefficients on one-day lagged returns and

sentiment have the same signs as in column F, Panel A of Table 4 but in Table 5 they are both

statistically significant. These differences could arise from the VARs using both news and non-news

days. The lag one return coefficient in Table 5 of −0.005 is smaller than the corresponding −0.011

coefficient in Table 4, but the VAR coefficient may be more precisely estimated due to the almost

ten times larger sample size when non-news days are included. Both returns and sentiment lose

their predictive power of future returns at a two-days horizon.

As in Table 4 institutional order flow is persistent. Positive returns today and yesterday both

predict higher institutional order imbalances the following day. Sentiment today negatively pre-

dicting higher institutional order flow in column F of Panel C of Table 4 is not present in Table 5.

As before both lagged returns and lagged sentiment predict sentiment.

Figure 3 reports the impulse response functions corresponding to the panel VAR estimated in

Table 5. The dependent variables are ordered in the following sequence: sentiment, IOF, return.

Error bands at 5% level for the impulse responses are generated using Monte-Carlo simulations with

1,000 draws. Figure IA.2 in the Internet Appendix contains all possible ordering for the variables

showing impulse response functions consistent with Figure 3.

[insert Figure 3]

7As in Hasbrouck (1991), we do not set the lag length optimally using the Akaike or Schwarz information criteria. Instead
we choose L = 2 lags for all stocks because this lag structure is sufficient to eliminate all the serial correlation in the data (see
Panel B). The Internet Appendix shows that the results that follow do not rely on this particular lag structure.
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3.3 What types of news are institutions informed on?

Up to this point the analysis has grouped all news announcements together in trying to answer

whether institutions are informed about news in the broadest context. Next we analyze the rela-

tions among IOF, news sentiment, and returns for the 14 news categories given in Table 1 using

specification G in Table 4.8

[insert Table 6]

IBuys positively predicts news day returns and ISales negatively predicts news day returns for

all news categories, although a number of the coefficients are not statistically significant. The co-

efficients for broker research and recommendations (RCH) are consistent the the tipping story in

Irvine, Lipson, and Puckett (2007). However, without additional evidence on information flow be-

tween institutions and brokers we can not to rule out the possibility that institutions independently

uncover information correlated with brokers’ recommendations.

Consistent with Table 4 returns, sentiment, and volume do not generally statistically significantly

predict returns. IBuys and ISales predict news day sentiment, although many coefficients lack

statistical significance and in the ratings category (AAA) the coefficients have the wrong sign.

Returns and sentiment both positively predict sentiment in all news categories.

4 Earnings announcement surprises

While the results showing institutional order flow predicting sentiment and returns in Figure 2

and Tables 4-6 are consistent with institutions having private information about the news, fur-

ther evidence that institutions have private value-relevant information is useful. Firm’s earning

announcement fit this category of information and the corporate results category (RES) in Table 6

show that IOF predicts the returns and sentiment associated with earnings. For further analysis

we turn to the actual announced earnings.

If institutions are informed about corporate performance, institutional trading should have

predictive power for analyst forecast errors around earnings days. The standardized unanticipated

earnings, SUE, score is a commonly used measure to quantify the surprise in the marketplace.

The SUE score measures the deviation of the announced earnings from the mean analyst estimate.

8Because announcements in a number of categories occur in the same stock on the same day, the number of news days across
all the categories sums to more than the number of news day observations in Table 4.
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We compute the standardized unanticipated earnings, SUE, score by aggregating the published

earnings forecasts from Thomson Financial’s Institutional Brokers’ Estimate System (I/B/E/S).

The SUE score measures the number of standard deviations the actual reported earnings differ

from the I/B/E/S mean estimates for a company, for the current fiscal period. The SUE score for

stock i on the announcement day is calculated as:

SUEi =
ERi − E[ÊRi]

σ(ÊRi)
, (6)

where the surprise mean, E[ÊRi], is the arithmetic average of analysts’ estimates on the release date

of the quarterly earnings, ERi. The surprise standard deviation, σ(ÊRi), measures the dispersion in

analysts’ estimates at the time of the earnings announcement by the standard deviation of individual

analyst estimates about the average estimate E[ÊRi]. The narrower the range of estimates the more

severe one expects a stock’s reaction to an earnings surprise will be.

We obtain the SUE scores associated with each announcement from the I/B/E/S Summary

History file. We winsorize the raw SUE scores at the top and bottom 1% to diminish the impact

of extreme values. In addition, we require that the earnings release is covered in the Reuters’ news

data.

Table 7 reports the determinants of SUE scores on the day of the earnings release. Panel A shows

that returns and news sentiment are positively correlated with SUE. As in other tables estimates

are from panel regressions with firm fixed effects and we include volume, defined as the log of total

trading volume, as control in addition to returns, sentiment, and IOF or, alternatively, IBuys and

ISales. All explanatory variables are measured on the day prior to the news announcement. The

estimates show that institutional trading predicts the SUE score. Institutions trade in the right

direction before a earnings announcement. IBuys predict a positive earnings surprise while ISales

predicts a negative surprise.

[insert Table 7]

5 Conclusion

This paper combines daily non-public data on buy and sell volume by institutions with news

announcements from Reuters. Natural language processing categorizes the sentiment associated

with each news story. We find that institutional trading predicts news announcements, the sen-

timent of the news, returns on announcement day, and earnings announcement surprises. These

13



findings suggest that institutions are producing value relevant information for stocks and support

the findings based on institutional holdings that institutions improve price efficiency (Badrinath,

Kale, and Noe (1995), Sias and Starks (1997), and Boehmer and Kelly (2009)). Our results also

provide direct evidence on Tetlock’s (2010) finding that news reduces informational asymmetry.

Prior literature using other measures of institutional trading does not find evidence supporting

institutions being informed (Griffin, Shu, and Topaloglu (2011), Jegadeesh and Tang (2010), Busse,

Green, and Jegadeesh (2010)). One explanation is that our institutional data is comprehensive and

possibly better measured. Further study of specific institutions trading and information flows may

help disentangle the sources of information. More generally, the relations between the media market

and the stock market is critical for better understanding the informational efficiency of stock prices.

14
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Table 2
Descriptive statistics

The table reports descriptive statistics for the news data and the institutional trading data in our sample. News are aggregated by

stock day. Sentiment is computed as the relevance weighted average of the difference between positive and negative sentiment

scores. Institutional order flow IOF (institutional volume IVol) is defined as the difference between (sum of) institutional

purchases IBuys and institutional sales ISales. All trade-related quantities are normalized by the firm’s market capitalization

lagged by one year and expressed in percent.

Mean S.D. 1% 50% 99%
Panel A: News releases and sentiment (126,438 observations)
News stocks per day 0.115 0.039 0.000 0.111 0.240
News days per company 0.107 0.166 0.000 0.046 0.886
Sentiment 0.005 0.419 -0.763 0.040 0.814
Panel B: Institutional trading (1,101,788 observations)
IOF 0.004 0.168 -0.425 0.002 0.450
IVol 0.829 1.642 0.006 0.430 6.653
|IOF|/IVol 0.155 0.170 0.001 0.102 1.000
IBuys 0.416 0.828 0.001 0.215 3.347
ISales 0.413 0.823 0.001 0.212 3.332
Panel C: Return and volume (1,101,788 observations)
Return 0.001 0.019 -0.055 0.000 0.062
Volume 0.880 1.600 0.013 0.499 6.599

Table 3
Predicting public news announcements

Estimates are from panel logit regressions with firm fixed effects. The dependent variable indicates a news announcement on date

t in firm i. IVol is institutional volume, |Return| is the absolute daily return, and News day is the lagged news announcement

indicator variable. The observations are value weighted. The number of observations is 862,717. Standard errors are robust to

heteroskedasticity and clustering. * p < 0.1, ** p < 0.05, *** p < 0.01.

(A) (B) (C) (D) (E)

IVol 2.518*** 1.761***
(0.000) (0.000)

|Return| 12.051*** 3.335***
(0.000) (0.000)

News day 0.834*** 1.478***
(0.000) (0.000)

|Sentiment| -0.328*** -0.445***
(0.000) (0.000)

Log-likelihood -2,347 -2,344 -2,297 -2,347 -2,327
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Table 4
Returns, news sentiment, and institutional trading on announcement days

The table documents the predictability of news announcement returns (Panel A), news sentiment (Panel B), and institutional

order flow on news days (Panel C). Estimates are from panel regressions with firm fixed effects. IOF denotes institutional order

flow, IBuys (ISales) are institutional purchases (sales), and Volume is the log of total trading volume. All explanatory variables

are measured on the day prior to the news announcement. The sample contains news days only and observations are value

weighted. The number of observations is 124,993. Standard errors are robust to heteroskedasticity and clustering. * p < 0.1,

** p < 0.05, *** p < 0.01.

(A) (B) (C) (D) (E) (F) (G)

Panel A: Return
IOF 0.614*** 0.652***

(0.098) (0.098)
IBuys 0.586*** 0.616***

(0.099) (0.100)
ISales -0.666*** -0.703***

(0.101) (0.101)
Return -0.008 -0.010 -0.011

(0.007) (0.007) (0.007)
Sentiment 0.017 0.018 0.018

(0.021) (0.021) (0.021)
ln(Volume) -0.027 -0.029 0.004

(0.021) (0.021) (0.025)

R2 0.005 0.005 0.005 0.005 0.005 0.005 0.006

Panel B: Sentiment
IOF 0.078*** 0.045**

(0.020) (0.020)
IBuys 0.069*** 0.040**

(0.020) (0.020)
ISales -0.095*** -0.053***

(0.020) (0.020)
Return 0.011*** 0.009*** 0.009***

(0.001) (0.001) (0.001)
Sentiment 0.130*** 0.127*** 0.127***

(0.006) (0.006) (0.006)
ln(Volume) -0.016*** -0.015*** -0.010*

(0.004) (0.004) (0.005)

R2 0.061 0.062 0.064 0.077 0.062 0.079 0.079

Panel C: IOF
IOF 0.250*** 0.240***

(0.008) (0.008)
IBuys 0.252*** 0.243***

(0.008) (0.008)
ISales -0.247*** -0.236***

(0.008) (0.008)
Return 0.004*** 0.003*** 0.003***

(0.000) (0.000) (0.000)
Sentiment 0.000 -0.001** -0.001**

(0.000) (0.000) (0.000)
ln(Volume) 0.003*** 0.002*** -0.000

(0.001) (0.001) (0.001)

R2 0.071 0.072 0.031 0.019 0.019 0.079 0.080
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Table 5
Vector autoregressions of returns, news sentiment, and institutional trading

The table reports estimates from panel vector autoregressions with firm fixed effects. The estimates are obtained using GMM

estimation as described in Holtz et al. (1988). The dependent variables are stock returns, sentiment, and institutional order

flow (IOF). The number of observations is 1,094,860. Standard errors are reported in parenthesis and p-values in brackets. *

p < 0.1, ** p < 0.05, *** p < 0.01.

IOF Return Sentiment
Panel A: Estimates
IOF t− 1 0.240*** 0.169*** 0.003***

(0.008) (0.016) (0.001)
t− 2 0.077*** 0.032** -0.001

(0.006) (0.016) (0.001)
Return t− 1 0.003*** -0.005*** 0.001***

(0.000) (0.001) (0.000)
t− 2 0.001*** 0.000 0.000

(0.000) (0.001) (0.000)
Sentiment t− 1 0.000 0.090*** 0.098***

(0.001) (0.014) (0.002)
t− 2 -0.001 0.018 0.030***

(0.001) (0.013) (0.002)
Panel B: Residuals
Auto-correlation -0.001 -0.002 0.007

[0.238] [0.125] [0.000]
Cross-correlation matrix:

IOF 1.000 0.056 0.000
[0.000] [0.000] [0.993]

Return 1.000 0.050
[0.000] [0.000]

Sentiment 1.000
[0.000]

20



T
a
b

le
6

R
e
tu

rn
s,

n
e
w

s
se

n
ti

m
e
n
t,

a
n

d
in

st
it

u
ti

o
n

a
l

tr
a
d

in
g

o
n

a
n

n
o
u

n
c
e
m

e
n
t

d
a
y
s

T
h

e
ta

b
le

d
o
cu

m
en

ts
th

e
p

re
d

ic
ta

b
il
it

y
o
f

n
ew

s
a
n

n
o
u

n
ce

m
en

t
re

tu
rn

s
(P

a
n

el
A

),
n

ew
s

se
n
ti

m
en

t
(P

a
n

el
B

),
a
n

d
in

st
it

u
ti

o
n

a
l

o
rd

er
fl

o
w

o
n

n
ew

s
d

a
y
s

(P
a
n

el
C

).
E

st
im

a
te

s
a
re

fr
o
m

p
a
n

el
re

g
re

ss
io

n
s

w
it

h
fi

rm
fi

x
ed

eff
ec

ts
.

In
st

it
u

ti
o
n

a
l

p
u

rc
h

a
se

s
a
n

d
sa

le
s

(I
B

u
y
s

a
n

d
IS

a
le

s)
a
re

a
g
g
re

g
a
te

d
o
v
er

th
e

fi
v
e

tr
a
d

in
g

d
a
y
s

p
re

ce
d

in
g

th
e

n
ew

s
a
n

n
o
u

n
ce

m
en

t,
a
n

d
V

o
lu

m
e

is
th

e
lo

g
o
f

to
ta

l
tr

a
d

in
g

v
o
lu

m
e.

T
h

e
sa

m
p

le
co

n
ta

in
s

n
ew

s
d

a
y
s

o
n

ly
a
n

d
o
b

se
rv

a
ti

o
n

s
a
re

v
a
lu

e
w

ei
g
h
te

d
.

S
ta

n
d

a
rd

er
ro

rs
a
re

ro
b

u
st

to
h

et
er

o
sk

ed
a
st

ic
it

y
a
n

d
cl

u
st

er
in

g
.

*
p
<

0
.1

,
*
*
p
<

0
.0

5
,

*
*
*
p
<

0
.0

1
.

R
E
S

R
E
S
F

D
B
T

S
T
X

N
E
W

S
M

R
G

U
S
C

H
O
T

B
A
C
T

C
O
R
A

IS
U

R
C
H

A
A
A

M
N
G
IS

S
N

3
1
,4
9
2

3
2
,9
1
9

2
7
,9
2
6

2
7
,2
7
3

2
6
,4
7
1

2
3
,6
7
8

2
4
,8
2
0

1
4
,3
4
7

1
6
,7
8
9

1
6
,1
7
6

9
,0
5
4

1
0
,0
1
8

9
,4
7
0

7
,2
9
2

P
a
n
e
l
A
:
R
e
tu

rn
IB

u
y
s

0
.8
6
6
*

1
.2
2
1
*
*
*

0
.9
5
6
*
*

1
.3
3
3
*
*
*

0
.7
9
4
*

0
.9
5
9
*
*

1
.6
2
2
*
*
*

1
.1
9
1

0
.8
2
1

0
.7
7
0

1
.1
6
2

4
.2
6
3
*
*
*

1
.1
4
5

0
.4
9
5

(0
.4
8
0
)

(0
.4
5
6
)

(0
.4
3
1
)

(0
.4
7
4
)

(0
.4
8
3
)

(0
.4
4
5
)

(0
.4
5
7
)

(0
.7
5
3
)

(0
.6
1
0
)

(0
.6
2
4
)

(0
.7
2
7
)

(0
.7
8
4
)

(0
.7
4
3
)

(0
.8
6
2
)

IS
a
le
s

-0
.8
9
8
*

-1
.2
1
8
*
*
*

-0
.9
7
5
*
*

-1
.3
3
8
*
*
*

-0
.8
0
8
*

-0
.9
8
0
*
*

-1
.6
1
6
*
*
*

-1
.2
5
4
*

-0
.6
5
2

-0
.6
1
7

-1
.2
5
7
*

-4
.1
1
7
*
*
*

-1
.2
0
2

-0
.6
6
0

(0
.4
7
7
)

(0
.4
6
1
)

(0
.4
4
7
)

(0
.4
8
7
)

(0
.4
8
9
)

(0
.4
6
1
)

(0
.4
7
4
)

(0
.7
5
5
)

(0
.6
1
5
)

(0
.6
3
2
)

(0
.7
6
4
)

(0
.7
9
6
)

(0
.7
5
3
)

(0
.8
3
0
)

R
e
tu

rn
-0
.0
1
4

-0
.0
0
7

0
.0
0
5

0
.0
0
6

0
.0
0
2

-0
.0
2
6
*
*

0
.0
0
4

0
.0
1
4

0
.0
0
3

0
.0
0
5

-0
.0
2
8

0
.0
1
6

-0
.0
0
9

-0
.0
0
2

(0
.0
1
3
)

(0
.0
1
2
)

(0
.0
1
3
)

(0
.0
1
3
)

(0
.0
1
1
)

(0
.0
1
2
)

(0
.0
1
3
)

(0
.0
1
6
)

(0
.0
2
2
)

(0
.0
2
3
)

(0
.0
1
7
)

(0
.0
2
3
)

(0
.0
2
4
)

(0
.0
2
7
)

S
e
n
ti
m
e
n
t

-0
.0
3
2

-0
.0
0
1

0
.0
7
9
*

-0
.0
1
3

0
.0
0
7

0
.0
0
3

0
.0
4
4

-0
.0
2
0

0
.0
1
8

0
.0
2
9

0
.0
6
6

-0
.1
0
0

0
.2
2
4
*
*

0
.0
5
8

(0
.0
5
1
)

(0
.0
4
5
)

(0
.0
4
7
)

(0
.0
4
9
)

(0
.0
4
3
)

(0
.0
4
4
)

(0
.0
5
4
)

(0
.0
7
9
)

(0
.0
5
2
)

(0
.0
5
3
)

(0
.0
7
4
)

(0
.1
1
3
)

(0
.0
9
6
)

(0
.0
7
5
)

ln
(V

o
lu
m
e
)

-0
.0
4
4

-0
.0
6
5

-0
.0
7
2

-0
.0
1
5

-0
.0
2
4

-0
.0
5
6

-0
.0
9
4
*

-0
.0
3
6

0
.0
3
5

0
.0
4
4

0
.0
1
3

-0
.0
7
6

-0
.0
6
7

-0
.0
0
8

(0
.0
5
8
)

(0
.0
4
9
)

(0
.0
4
8
)

(0
.0
4
6
)

(0
.0
4
4
)

(0
.0
4
3
)

(0
.0
5
4
)

(0
.0
7
5
)

(0
.0
6
4
)

(0
.0
6
6
)

(0
.0
6
5
)

(0
.1
0
6
)

(0
.0
9
4
)

(0
.0
8
3
)

R
2

0
.0
1
8

0
.0
1
5

0
.0
1
5

0
.0
1
3

0
.0
1
2

0
.0
1
3

0
.0
1
5

0
.0
3
3

0
.0
1
3

0
.0
1
3

0
.0
3
3

0
.0
4
8

0
.0
5
0

0
.0
3
9

P
a
n
e
l
B
:
S
e
n
ti
m
e
n
t

IB
u
y
s

0
.1
5
1
*

0
.2
0
7
*
*
*

0
.0
0
5

0
.1
2
6
*

0
.1
7
8
*
*

0
.2
3
4
*
*
*

0
.1
6
3
*
*

0
.1
3
6

0
.0
8
3

0
.0
8
5

0
.0
5
6

0
.5
0
9
*
*
*

-0
.0
2
8

0
.2
3
1

(0
.0
7
8
)

(0
.0
7
5
)

(0
.0
7
1
)

(0
.0
6
4
)

(0
.0
8
0
)

(0
.0
9
0
)

(0
.0
7
5
)

(0
.1
0
0
)

(0
.0
7
3
)

(0
.0
7
1
)

(0
.1
1
8
)

(0
.1
3
2
)

(0
.1
2
2
)

(0
.1
6
7
)

IS
a
le
s

-0
.1
3
4
*

-0
.1
9
5
*
*
*

-0
.0
1
1

-0
.1
1
9
*

-0
.1
8
9
*
*

-0
.2
4
4
*
*
*

-0
.1
7
5
*
*

-0
.1
3
7

-0
.0
8
0

-0
.0
8
4

-0
.0
6
4

-0
.4
8
0
*
*
*

0
.0
1
4

-0
.3
2
6
*

(0
.0
7
8
)

(0
.0
7
4
)

(0
.0
7
2
)

(0
.0
6
4
)

(0
.0
8
0
)

(0
.0
9
1
)

(0
.0
7
6
)

(0
.0
9
9
)

(0
.0
7
3
)

(0
.0
7
2
)

(0
.1
1
6
)

(0
.1
3
2
)

(0
.1
2
4
)

(0
.1
6
7
)

R
e
tu

rn
0
.0
1
4
*
*
*

0
.0
1
2
*
*
*

0
.0
1
1
*
*
*

0
.0
1
4
*
*
*

0
.0
1
1
*
*
*

0
.0
0
8
*
*
*

0
.0
1
2
*
*
*

0
.0
1
7
*
*
*

0
.0
0
8
*
*
*

0
.0
0
9
*
*
*

0
.0
0
2

0
.0
1
6
*
*
*

0
.0
1
2
*
*
*

0
.0
0
0

(0
.0
0
2
)

(0
.0
0
2
)

(0
.0
0
2
)

(0
.0
0
1
)

(0
.0
0
2
)

(0
.0
0
2
)

(0
.0
0
2
)

(0
.0
0
2
)

(0
.0
0
2
)

(0
.0
0
2
)

(0
.0
0
3
)

(0
.0
0
3
)

(0
.0
0
2
)

(0
.0
0
4
)

S
e
n
ti
m
e
n
t

0
.1
0
3
*
*
*

0
.1
2
3
*
*
*

0
.1
5
4
*
*
*

0
.1
1
2
*
*
*

0
.1
5
3
*
*
*

0
.1
2
7
*
*
*

0
.1
5
4
*
*
*

0
.1
1
6
*
*
*

0
.0
5
6
*
*
*

0
.0
4
8
*
*
*

0
.1
4
6
*
*
*

0
.0
8
9
*
*
*

0
.1
6
6
*
*
*

0
.1
6
5
*
*
*

(0
.0
1
1
)

(0
.0
1
0
)

(0
.0
1
0
)

(0
.0
0
9
)

(0
.0
1
0
)

(0
.0
1
1
)

(0
.0
1
1
)

(0
.0
1
6
)

(0
.0
0
8
)

(0
.0
0
7
)

(0
.0
1
6
)

(0
.0
2
1
)

(0
.0
2
1
)

(0
.0
1
9
)

ln
(V

o
lu
m
e
)-
0
.0
2
5
*
*
*

-0
.0
2
6
*
*
*

-0
.0
3
0
*
*
*

-0
.0
4
0
*
*
*

-0
.0
1
0

-0
.0
2
3
*
*

-0
.0
2
3
*
*

-0
.0
3
2
*
*
*

-0
.0
2
9
*
*
*

-0
.0
3
6
*
*
*

-0
.0
1
6

-0
.0
3
9
*
*

-0
.0
4
6
*
*
*

0
.0
0
9

(0
.0
0
9
)

(0
.0
0
8
)

(0
.0
0
8
)

(0
.0
0
6
)

(0
.0
0
7
)

(0
.0
0
9
)

(0
.0
0
9
)

(0
.0
1
1
)

(0
.0
0
7
)

(0
.0
0
6
)

(0
.0
1
4
)

(0
.0
1
6
)

(0
.0
1
5
)

(0
.0
1
5
)

R
2

0
.1
0
9

0
.1
0
2

0
.1
2
9

0
.1
1
9

0
.1
2
3

0
.1
2
0

0
.1
3
9

0
.1
3
6

0
.1
4
4

0
.1
7
0

0
.1
1
8

0
.1
1
5

0
.2
9
3

0
.1
9
5

P
a
n
e
l
C
:
IO

F
IB

u
y
s

0
.3
7
5
*
*
*

0
.3
6
2
*
*
*

0
.3
5
2
*
*
*

0
.3
9
0
*
*
*

0
.3
7
4
*
*
*

0
.3
8
0
*
*
*

0
.3
5
2
*
*
*

0
.3
3
4
*
*
*

0
.4
3
0
*
*
*

0
.4
3
3
*
*
*

0
.3
2
1
*
*
*

0
.4
1
9
*
*
*

0
.3
1
0
*
*
*

0
.4
5
4
*
*
*

(0
.0
2
6
)

(0
.0
2
5
)

(0
.0
2
6
)

(0
.0
2
7
)

(0
.0
2
5
)

(0
.0
2
6
)

(0
.0
3
1
)

(0
.0
4
2
)

(0
.0
3
1
)

(0
.0
3
1
)

(0
.0
3
8
)

(0
.0
5
8
)

(0
.0
4
6
)

(0
.0
5
6
)

IS
a
le
s

-0
.3
7
2
*
*
*

-0
.3
6
5
*
*
*

-0
.3
4
3
*
*
*

-0
.3
8
6
*
*
*

-0
.3
6
5
*
*
*

-0
.3
7
4
*
*
*

-0
.3
4
5
*
*
*

-0
.3
2
4
*
*
*

-0
.4
3
4
*
*
*

-0
.4
3
4
*
*
*

-0
.3
0
4
*
*
*

-0
.4
1
8
*
*
*

-0
.3
1
0
*
*
*

-0
.4
5
1
*
*
*

(0
.0
2
8
)

(0
.0
2
6
)

(0
.0
2
7
)

(0
.0
2
9
)

(0
.0
2
6
)

(0
.0
2
8
)

(0
.0
3
2
)

(0
.0
4
4
)

(0
.0
3
1
)

(0
.0
3
2
)

(0
.0
3
8
)

(0
.0
6
1
)

(0
.0
4
7
)

(0
.0
5
9
)

R
e
tu

rn
0
.0
0
3
*
*
*

0
.0
0
3
*
*
*

0
.0
0
3
*
*
*

0
.0
0
3
*
*
*

0
.0
0
3
*
*
*

0
.0
0
4
*
*
*

0
.0
0
3
*
*
*

0
.0
0
3
*
*
*

0
.0
0
4
*
*
*

0
.0
0
4
*
*
*

0
.0
0
4
*
*
*

0
.0
0
4
*
*
*

0
.0
0
3
*
*
*

0
.0
0
3
*
*
*

(0
.0
0
0
)

(0
.0
0
0
)

(0
.0
0
0
)

(0
.0
0
0
)

(0
.0
0
0
)

(0
.0
0
0
)

(0
.0
0
0
)

(0
.0
0
0
)

(0
.0
0
0
)

(0
.0
0
0
)

(0
.0
0
0
)

(0
.0
0
0
)

(0
.0
0
0
)

(0
.0
0
1
)

S
e
n
ti
m
e
n
t

-0
.0
0
3
*
*
*

-0
.0
0
2
*
*
*

-0
.0
0
3
*
*
*

-0
.0
0
2
*
*

-0
.0
0
2
*
*

-0
.0
0
1

-0
.0
0
1

-0
.0
0
2
*

-0
.0
0
2
*

-0
.0
0
2
*

-0
.0
0
2
*

-0
.0
0
5
*
*

-0
.0
0
4
*
*

-0
.0
0
1

(0
.0
0
1
)

(0
.0
0
1
)

(0
.0
0
1
)

(0
.0
0
1
)

(0
.0
0
1
)

(0
.0
0
1
)

(0
.0
0
1
)

(0
.0
0
1
)

(0
.0
0
1
)

(0
.0
0
1
)

(0
.0
0
1
)

(0
.0
0
2
)

(0
.0
0
2
)

(0
.0
0
2
)

ln
(V

o
lu
m
e
)

0
.0
0
3
*
*

0
.0
0
4
*
*
*

0
.0
0
3
*
*

0
.0
0
3
*
*

0
.0
0
2
*

0
.0
0
3
*
*

0
.0
0
4
*
*
*

0
.0
0
1

0
.0
0
4
*
*

0
.0
0
3
*
*

0
.0
0
4
*
*

0
.0
0
6
*
*
*

0
.0
0
4
*

0
.0
0
0

(0
.0
0
2
)

(0
.0
0
1
)

(0
.0
0
1
)

(0
.0
0
1
)

(0
.0
0
1
)

(0
.0
0
1
)

(0
.0
0
1
)

(0
.0
0
2
)

(0
.0
0
2
)

(0
.0
0
2
)

(0
.0
0
2
)

(0
.0
0
2
)

(0
.0
0
2
)

(0
.0
0
3
)

R
2

0
.0
7
8

0
.0
8
2

0
.1
0
5

0
.1
0
8

0
.1
0
9

0
.1
1
4

0
.1
0
7

0
.1
2
8

0
.1
5
5

0
.1
5
6

0
.2
0
4

0
.1
3
3

0
.1
7
2

0
.1
8
0

21



Table 7
Institutional trading and earnings surprises

The table documents the predictability of earnings surprises by institutional order flow. Estimates are from panel regressions
with firm fixed effects. Earnings surprises are measured by the standardized unanticipated earnings, SUE, score. The SUE
score is calculated as follows:

SUEi =
ERi − E[ÊRi]

σ(ÊRi)
,

where the surprise mean, E[ÊRi], is the arithmetic average of analysts’ estimates on the release date of the quarterly earnings,

ERi, and σ(ÊRi) is the standard deviation of individual analyst estimates about the average estimate. IOF denotes institutional

order flow, IBuys (ISales) are institutional purchases (sales), and Volume is the log of total trading volume. All explanatory

variables are measured on the day prior to the news announcement. The sample contains earnings announcement days only

and observations are value weighted. The number of observations is 8,869. Standard errors are robust to heteroskedasticity and

clustering. * p < 0.1, ** p < 0.05, *** p < 0.01.

Panel A: Correlations

IOF Return Sentiment

SUE -0.043 0.334 0.214
[0.000] [0.000] [0.000]

Panel B: Estimates

(A) (B) (C) (D) (E) (F) (G)

IOF 1.099** 0.979**
(0.485) (0.491)

IBuys 1.209** 0.988**
(0.487) (0.501)

ISales -1.099** -0.978**
(0.473) (0.490)

Return 0.061* 0.053 0.053
(0.034) (0.035) (0.035)

Sentiment 0.120 0.103 0.103
(0.131) (0.131) (0.131)

ln(Volume) 0.113 0.103 0.098
(0.143) (0.144) (0.188)

R2 0.194 0.195 0.195 0.194 0.194 0.196 0.196
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Figure 1
Institutional trading volume and stock return volatility around news announcements

The figure documents institutional trading volume and stock return volatility around news announcements. Panel A reports

institutional volume between ten days before and ten days after a news announcement. Panel B reports absolute stock returns

over the same time period. The mean values are calculated as the value-weighted average of the individual news day values.

Standard errors are robust to heteroskedasticity and clustering.
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Figure 2
Institutional order flow and stock returns around news announcements

The figure documents institutional trading and stock returns around news announcements. Panel A reports buy-and-hold

cumulative stock returns between ten days before and ten days after a news announcement. Panel B reports buy-and-hold

cumulative institutional order flow over the same time period. The mean values are calculated as the value-weighted average

of the individual news day values. Standard errors are robust to heteroskedasticity and clustering.
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Figure 3
Impulse responses

The figure reports the impulse response functions corresponding to the panel VAR estimated in Table 5. The estimates in

Table 5 are obtained using GMM estimation as described in Holtz et al. (1988). The dependent variables are ordered in the

following sequence: sentiment, IOF, return. Error bands at 5% level for the impulse responses (dashed lines) are generated

using Monte-Carlo simulations with 1,000 draws.
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Figure IA.1
Impulse responses (L = 1)

The figure reports the impulse response functions corresponding to the panel VAR estimated in Table 5. The estimates in

Table 5 are obtained using GMM estimation as described in Holtz et al. (1988). Error bands at 5% level for the impulse

responses (dashed lines) are generated using Monte-Carlo simulations with 1,000 draws. Across panels, the dependent variables

are ordered in varying sequences.
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Figure IA.2
Impulse responses (L = 2)

The figure reports the impulse response functions corresponding to the panel VAR estimated in Table 5. The estimates in

Table 5 are obtained using GMM estimation as described in Holtz et al. (1988). Error bands at 5% level for the impulse

responses (dashed lines) are generated using Monte-Carlo simulations with 1,000 draws. Across panels, the dependent variables

are ordered in varying sequences.
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