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Abstract

This paper studies how the views of sophisticated traders are impounded into stocks
and bonds around macroeconomic news announcements. I find evidence that sophis-
ticated traders trade on predictions of macroeconomic news reports before announce-
ments and obtain their informational advantage using public information. Specifically,
consensus forecasts of upcoming data releases suffer from anchoring bias and over-
weight past data releases. By correcting this bias, sophisticated traders can predict
news reports. The results suggest that stock and bond markets are inefficient in this
setting. Over time, there is a “late trading puzzle”: sophisticated traders can predict
news reports days before announcements but appear to trade these predictions into
stock and bond prices just hours before announcements. Across assets, there is a re-
lated puzzle: the predictable component of news reports is eventually fully impounded
into bonds but only partially impounded into stocks. Stocks but not bonds react to
announcements of the predictable component and display return momentum. I de-
velop a model showing that market inefficiency can arise when unsophisticated traders
neglect public information that predicts news reports, and risk management concerns
deter sophisticated traders from acting on their informational edge. Trading earlier
and trading riskier assets such as stocks exposes sophisticated traders to greater risk.
As a result, sophisticated traders wait to trade and trade safer assets such as bonds.
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1 Introduction

Are markets efficient or inefficient? This question is central to economics. In efficient mar-

kets, asset prices quickly and completely reflect public information relevant for asset fun-

damentals. Conversely, asset prices slowly and partially incorporate such information in

inefficient markets. In this paper, I study sophisticated trading around U.S. macroeconomic

news announcements (MNAs) and show how and why the aggregate U.S. stock and bond

markets are inefficient in this setting.

Government agencies and private-sector organizations regularly make MNAs and release

macroeconomic data on inflation, output, and unemployment. To assess the informational

content of an announcement, observers look at the difference between the announced value

of the data release and economists’ forecasts. Consistent with common practice, I define

this difference as the “news report” such that a positive news report corresponds to higher-

than-expected inflation and output and lower-than-expected unemployment. A negative

news report is the opposite. As documented in an extensive and active literature, MNAs

substantially impact the prices of many assets; in particular, the U.S. aggregate stock mar-

ket, or “stocks,” and U.S. Treasury bonds, or “bonds.”1 Stocks increase {decrease} and

bonds decrease {increase} on announcements of positive {negative} news reports about the

economy.2

In the first part of this paper, I present evidence that sophisticated traders predict macroe-

conomic news reports and trade on this informational advantage in stocks and bonds in the

hours prior to the official release times. For a comprehensive sample of 18 MNAs from July

2003 to March 2014, stocks increase {decrease} and bonds decrease {increase} before pos-

itive {negative} news reports. More specifically, in the hours prior to positive {negative}
news reports of greater than 1 standard deviation in magnitude, the E-mini S&P 500 futures

1Many papers have explored how asset prices reflect macroeconomic risk; for example, Jones, Lamont,
and Lumsdaine (1998), Andersen, Bollerslev, Diebold, and Vega (2003, 2007), Boyd, Hu, and Jagannathan
(2005), Faust, Rogers, Wang, and Wright (2007), Faust and Wright (2012), and Savor and Wilson (2013,
2014). These studies have investigated an assortment of assets (such as stocks, bonds, and currencies)
in various sample periods (for instance, expansionary and contractionary states). How asset prices vary in
response to macroeconomic data can give insight into other areas of economics as well. Swanson and Williams
(2013, 2014) and Zhou (2014), for example, show that the Federal Reserve’s zero lower bound attenuates
interest rate sensitivity to news about the economy. Zhou (2015) argues that the behavior of ambiguity-
averse investors in response to ambiguous macroeconomic data can explain stock market dynamics around
MNAs.

2Throughout this paper, I use curly braces to distinguish between the cases of positive news reports and
negative news reports. A sentence without the braced words corresponds to the case of positive news reports;
in this instance, “Stocks increase and bonds decrease on announcements of positive news reports about the
economy.” A sentence that replaces the words before braces with the words inside braces corresponds to the
case of negative news reports; in this instance, “Stocks decrease and bonds increase on announcements of
negative news reports about the economy.”
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contract increases up to 7.8 basis points {decreases up to 3.1 basis points}, and the 10-Year

U.S. Treasury Note futures contract decreases up to 2.8 basis points {increases up to 3.8

basis points}. This pre-announcement conditional drift is sizable relative to the announce-

ment return: up to 57% and 26% of the price adjustment of stocks and bonds, respectively,

to news reports occurs in the pre-announcement window.

What is the source of sophisticated traders’ informational advantage? In the second part

of this paper, I provide an answer to this natural follow-up question. The data suggest

that sophisticated traders are able to obtain at least some of their informational advan-

tage via the “homework channel.” That is, sophisticated traders skillfully process public

information to predict macroeconomic news reports and trade on these predictions. I first

demonstrate that homework is doable by showing an example in which public information

predicts news reports. In my sample of MNAs, economists’ forecasts display anchoring bias

and are systematically biased to the values of past releases. When forecasts are higher than

past data realizations, forecasts are not high enough due to overweighting of prior data,

and conversely for forecasts lower than past data realizations. As such, differences between

forecasts and past data realizations positively predict news reports. Since this predictor vari-

able is common knowledge prior to the release of macroeconomic data, public information

predicts news reports. Second, I find support that the homework is being acted on. There

is a strong relationship between the predictability of news reports based on anchoring bias

and the pre-announcement conditional drift. Stocks increase {decrease} and bonds decrease

{increase} before news reports predicted to be positive {negative}. It is striking that public

information based on the straightforward example of anchoring bias predicts news reports

and explains so much of the pre-announcement conditional drift. Market participants have

the incentives and resources to analyze a more comprehensive set of public information us-

ing more advanced techniques. Thus, sophisticated traders in practice likely obtain an even

greater informational advantage via the homework channel than shown in my research.

Based on the above results, I show in the third part of this paper that stock and bond

markets are inefficient both over time and across assets. Over time, there is a “late trading

puzzle”: the public information that predicts macroeconomic news reports is impounded into

stocks and bonds with a significant lag. More precisely, the public information that predicts

news reports is available days prior to the official release times of MNAs. Contrary to the

logic of market efficiency, however, the predictable component of news reports is impounded

into asset prices just hours prior to the official release times.

Across assets, there is a related puzzle: by the announcement times, the public infor-

mation that predicts news reports is fully incorporated into bonds but only partially in-

corporated into stocks. That is, the bond market eventually becomes efficient, while the
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stock market remains inefficient. Stocks but not bonds react to announcements of the pre-

dictable component of news reports based on anchoring bias. A 1 standard deviation posi-

tive {negative} value of the predictable component elicits a statistically significant 1.5 basis

points increase {decrease} in stocks. Bonds are more efficient than stocks in another way:

stocks but not bonds display return momentum between pre-announcement and announce-

ment returns. For stocks, a 10 basis points higher pre-announcement return is statistically

significant in predicting up to 0.6 basis point higher announcement return.

In the fourth part of this paper, I provide a model-based explanation for why stocks and

bonds are inefficient around MNAs. In the model, all traders see a public announcement

of a news report that provides information about risky asset values. Sophisticated traders

obtain advance knowledge of this news report, possibly through the skillful processing of

public information. The model makes three key assumptions. First, unsophisticated traders

do not know beforehand the news report and thus neglect public information that predicts

the news report. Second, sophisticated traders have risk management concerns, as modeled

through risk aversion. Third, traders do not extract each others’ information from prices.

In the baseline version of the model, there is one risky asset. Sophisticated traders

have two opportunities to trade on their informational advantage before the announcement:

during an early period and during a late period. In each period, holders of the risky asset

face fundamental risk. If the fundamental risk is large in the early period relative to the

late period, risk-averse sophisticated traders recognize that they can achieve a higher risk-

adjusted return by trading little on their information early on and instead waiting to trade

a lot later on. As a result, the advance knowledge of sophisticated traders is inefficiently

impounded into the risky asset with a delay.

Just as sophisticated traders avoid risk in the time series by trading later, the model

predicts that sophisticated traders avoid risk in the cross section by trading less risky assets.

In an extension of the model, the public announcement of a news report provides information

about the values of two risky assets. Prior to the announcement, the fundamental risk

associated with holding one of the assets versus the other is higher (in both early and late

periods). Risk-averse sophisticated traders recognize that they can achieve a higher risk-

adjusted return by trading the less risky asset than the riskier one. In doing so, sophisticated

traders impound more of their informational edge in the former than the latter, which makes

the less risky asset more efficiently priced than the riskier asset. Compared to the riskier

asset, the less risky asset reacts less strongly to the public announcement of the news report

already known to sophisticated traders and displays less return momentum between pre-

announcement and announcement returns.

The data are consistent with the model’s explanation of market inefficiency. Sophisti-
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cated traders with advance knowledge of macroeconomic news reports find it less attractive

to trade stocks and bonds in the days versus hours before announcements due to higher

risk. These sophisticated traders also find it less attractive to trade stocks versus bonds

before announcements because of greater risk. As evidence, I consider hypothetical trading

strategies that go long {short} stocks and short {long} bonds before positive {negative}
news reports above {below} a given threshold. For both assets, the Sharpe ratios are lower

when the strategies are implemented in the days before announcements than the hours before

announcements. The reason is that the return standard deviations are higher and not that

the return means are lower. Similarly, before announcements, the Sharpe ratios are lower

for strategies implemented in stocks versus bonds. Once again, the reason is that the return

standard deviations are higher and not that the return means are lower.

In the fifth and final part of this paper, I investigate whether the inefficiency of stock

and bond markets creates attractive trading opportunities in practice. To do so, I construct

implementable trading strategies using the predictable component of macroeconomic news

reports derived from anchoring bias. These strategies go long {short} stocks and short

{long} bonds before news reports predicted to be above {below} a given threshold. Even

after transaction costs, the Sharpe ratios are sizable: the Sharpe ratio is as high as 0.82 for

stocks and 1.12 for bonds. These risk-adjusted returns are consistent with the interpretation

that sophisticated traders are deterred by risk from trading the predictable component into

prices and consequently leave money on the table.

This paper builds on the broader informed trading literature in which some, sophisticated

traders have an informational advantage.3 A number of studies empirically document settings

in which there is or appears to be informed trading; for example, Meulbroek (1992) around

ex-post insider trading events based on U.S. Securities and Exchange Commission (SEC)

charges, Acharya and Johnson (2007) in the credit default swap market, Irvine, Lipson, and

Puckett (2007) around sell-side analysts’ recommendations, and Campbell, Ramadorai, and

Schwartz (2009) around earnings announcements. Many of these papers focus on traders

acting upon an informational edge relevant for the values of individual securities. Recently,

a few researchers have presented evidence of traders with advance knowledge of macroeco-

nomic events who trade in aggregate markets. Cieslak, Morse, and Vissing-Jorgensen (2014)

and Bernile, Hu, and Tang (2015) find patterns in the U.S. stock market consistent with

sophisticated traders acting on information concerning the Federal Reserve. Bernile, Hu,

and Tang (2015) and Kurov, Sancetta, Strasser, and Wolfe (2015) also look for evidence of

informed trading around MNAs.4 Much of the aforementioned literature either attributes

3I use the terms “informed” and “sophisticated” interchangeably.
4Bernile, Hu, and Tang (2015) were unable to find evidence of informed trading. This no result is likely
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informed trading to (illegal) information leakage or is unable to specify the mechanism by

which sophisticated traders obtain their information.

My research contributes to a separate strand of the informed trading literature that is

concerned with how traders optimally trade and impound their informational advantage into

asset prices. A number of theories provide insights into optimal trade timing. Kyle (1985)

and Back (1992) show in multi-period microstructure models that a single, risk-neutral

informed trader spreads his trading out over time such that private information is gradu-

ally incorporated into asset prices. Holden and Subrahmanyam (1992, 1994) demonstrate

that when there are multiple informed traders, even if they are risk-averse, competition

ensues, which precipitates a rush to trade. Traders aggressively front-run each other, and

private information is quickly incorporated into asset prices. On the other hand, Foster and

Viswanathan (1996) and Back, Cao, and Willard (2000) argue that informed traders with

heterogeneous private information wait to trade. Each informed trader is incentivized to wait

in order to conserve his information monopoly and prevent others from using prices to infer

his private information. Under this scenario, private information is slowly incorporated into

asset prices. While there is a sizable theoretical literature on optimal trade timing, there is

little complementary empirical work on whether sophisticated traders actually rush to trade,

wait to trade, or spread out their trading. One example of such a study is Di Mascio, Lines,

and Naik (2015) who document the gradual alpha decay of stocks purchased by institutional

investors and argue that this phenomenon is indicative of sophisticated traders waiting to

trade on their information. Other frameworks analyze aspects of optimal trade aside from

timing. In De Long, Shleifer, Summers, and Waldmann (1990) and Brunnermeier (2005), for

example, sophisticated traders take advantage of unsophisticated traders. The sophisticated

front-run the unsophisticated before public announcements and then flip their positions af-

ter public announcements. Kadan, Michaely, and Moulton (2014) find supportive empirical

evidence in the trading of institutional investors around sell-side analysts’ recommendations.

Some of the predictions of the above theories are outside of my model. At the end of this

paper, I show features of the data that offer new evidence for the existing theories in the

literature and motivate a more comprehensive extension of my model.

Finally, my research is related to the substantial body of work concerning news about

the economy. As discussed in the beginning of this paper, MNAs are frequently used to

measure the impact of macroeconomic shocks on financial assets. The standard approach

due to their small sample of MNAs (3 types of announcements versus 18 in my analysis) and their focus on
the last 30 minutes prior to the official release times. Using an expanded set of MNAs, Kurov, Sancetta,
Strasser, and Wolfe (2015) do find evidence of informed trading in the last 30 minutes prior to the official
release times. This result is a subset of my finding in the first part of this paper that sophisticated trading
appears to take place in the hours prior to the official release times.
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is to regress returns in narrow announcement windows on macroeconomic news reports,

which proxy for the informational content of announcements. If traders informed about

news reports act on this information prior to announcements, however, the aforementioned

regression inaccurately estimates the extent to which asset prices reflect macroeconomic risk.

The presence of sophisticated traders around MNAs has monetary policy implications as

well. Romer and Romer (2000) show that Federal Reserve forecasts of the economy are more

accurate than those of private-sector economists. The authors interpret the result as evidence

that the Federal Reserve has an informational advantage about the economy over market

participants. Yet my research suggests that some market participants, the sophisticated

traders, also have superior information about the economy versus private-sector economists.

When properly accounting for sophisticated traders, the Federal Reserve may have a smaller

or possibly no informational advantage about the economy over market participants. Such

a conclusion calls into question the asymmetric information assumption of monetary policy

models that central banks have better knowledge of the economy than other agents.

The organization of this paper is as follows. Section 2 introduces the sample of MNAs as

well as the data on stocks and bonds. Section 3 presents evidence of sophisticated trading in

the hours ahead of official release times, as shown by the pre-announcement conditional drift

of stocks and bonds. The results in Section 4 suggest that sophisticated traders obtain their

informational advantage via the homework channel. In Section 5, I outline how stock and

bond markets are inefficient over time and across assets. Section 6 provides a model-based

explanation of the documented market inefficiency. Section 7 shows that trading on market

inefficiency yields sizable risk-adjusted returns. Section 8 concludes.

2 Empirical Setting

The empirical setting in which I analyze sophisticated trading and market efficiency is the

stock and bond markets around MNAs. The first subsection introduces the data on MNAs,

and the second subsection introduces the data on stocks and bonds.

2.1 MNAs

Table 1 shows the sample of MNAs considered in this paper. For each data series, the table

presents the name, units, number of observations, start date, end date, frequency, government

agency or private-sector organization responsible, and intraday announcement timestamp.

In all, I analyze 18 announcements, which cover the lion’s share of important MNAs. Data

for the majority of announcements begin in July 2003, when the data on stocks and bonds
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begin, as discussed further down, and extend to March 2014. The Existing Home Sales and

Pending Home Sales data series start in 2005. All of the announcements occur once a month

excluding Initial Jobless Claims, which is a weekly data release. The data in my sample are

released at either 8:30 AM, 9:15 AM, or 10:00 AM ET. Macroeconomic news releases are

pre-scheduled and occur precisely at those pre-scheduled times. The former feature ensures

that if sophisticated trading were to occur, it would start prior to well-defined release times.

The latter feature means that evidence suggestive of sophisticated trading is unlikely to be

contaminated by early data releases. For days on which multiple announcements occur, I

keep in my sample the announcements that occur first and drop the other announcements.

By ensuring no MNAs occur prior to the MNAs in my sample, the selection criteria removes

a source of noise from the analysis of asset returns prior to macroeconomic releases.5

Investigating sophisticated trading around MNAs requires defining the informational con-

tent of MNAs that traders attempt to predict. I quantify the informational content of a given

economic indicator by calculating the difference between the announced value of the data

release and economists’ forecasts. Specifically, I construct the news report variable

NRt =
At − Ft

σ̂
, (1)

with At the announced value of the data release and Ft the median forecasted value of the

data release from a survey of economists. σ̂ is the sample standard deviation of At − Ft.

I obtain both At and Ft from Bloomberg, which is the standard source of such data for

both academics and practitioners. The news report variable is identical to the measure of

the informational content of MNAs employed by Balduzzi, Elton, and Green (2001) and

subsequent papers in the literature of asset price reactions to MNAs. Consistent with the

literature, I define the news report variable such that a positive value corresponds to higher-

than-expected inflation and output and lower-than-expected unemployment. For this reason,

I multiply the Initial Jobless Claims and Unemployment Rate data by −1 while keeping the

signs of the other data unchanged, as shown by the sign column of Table 1.

As constructed, the news report variable provides a single metric that is standardized

across different types of news about macroeconomic fundamentals and allows for compara-

bility. This is important because different types of news are released with different units.

Figure 1 plots the time series of all the news reports in my sample. NRt is well-behaved

in the sense that it has a mean around zero and is symmetric. On average, macroeconomic

news reports are neutral, and positive news reports are as likely as negative news reports.

Moreover, the distribution of news reports appears stable in the time series.

5Extending my sample to the full set of announcements does not substantively alter the results.
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2.2 Stocks and Bonds

I study sophisticated trading and market efficiency in the U.S. aggregate stock market and

U.S. Treasury bonds. I proxy for stock and bond markets using the front E-mini S&P

500 (ES) futures contract and 10-Year U.S. Treasury Note (TY) futures contract, respec-

tively. There are several reasons for my choice of assets and securities. First, as discussed

in the beginning of this paper, stocks and bonds reflect market-wide risk, and, in particular,

macroeconomic risk. Traders with an informational advantage concerning MNAs can prof-

itably express their views in both assets. Second, stock and bonds futures are available for

trading around the clock.6 Importantly, futures are available for trading in the hours around

MNAs, which is when I find the strongest evidence of sophisticated trading. Third, ES and

TY futures are among the most liquid securities. As such, these securities are attractive to

traders seeking to minimize trading costs and price impact. Other proxies for stocks and

bonds such as ETFs are much less liquid and unavailable for trading for most of the overnight

trading session in the U.S. Fourth, ES and TY have low margins and thus offer easy leverage

for sophisticated traders wanting to maximize the value of their information.

Investigating trading in the hours around MNAs necessitates high-frequency, intraday

data. I obtain minute-level price and volume data on ES and TY futures from Tick Data, a

data vendor. The data are available from July 2003 to March 2014.7

In Figure 2, I use the volume data to substantiate my claims about ES and TY liquidity.

Panels A and B plot the intraday, minute-by-minute and cumulative dollar volumes for stocks

and bonds, respectively. The values are averaged across all days in the sample that have

MNAs. The three dashed vertical lines correspond to the 8:30 AM, 9:15 AM, and 10:00 AM

ET announcement times. For both assets, there are substantial spikes in trading activity

corresponding to these timestamps.8 For stocks, the jumps in volume are comparable in

magnitude to the well-known surges in trading associated with the 9:30 AM ET open and

4:00 PM ET close of the U.S. stock market. It is clear that when they are announced,

macroeconomic data command the attention of market participants who react by trading

ES and TY. Figure 2 also highlights the abundant liquidity of stock and bond futures. The

average daily cumulative dollar volumes are on the order of $100 billion. There is even

6For weekday t, the ES futures contract is available for trading from 5:00 PM CT of day t−1 to 4:15 PM
CT of day t with a halt from 3:15 PM CT to 3:30 PM CT. The TY futures contract is available for trading
from 5:00 PM CT of day t− 1 to 4:00 PM CT of day t.

7Data prior to July 2003 are missing information on overnight trading in the U.S. Since MNAs occur
during morning trading in the U.S., the overnight data are important for studying trading in the hours prior
to announcements.

8There is no noticeable spike associated with the middle dashed vertical line. This is because only one of
the MNAs in my sample, Industrial Production, is announced at 9:15 AM ET. All the others are announced
at 8:30 AM or 10:00 AM ET.
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liquidity in the early morning hours around MNAs: by 8:30 AM ET, the average cumulative

dollar volume is over $7 billion for ES futures and over $17 billion for TY futures. Appendix

A.1 compares the stock and bond dollar volumes on days with MNAs to those on days

without MNAs. ES and TY are more liquid in the former case than the latter case, in

particular on and immediately after timestamps associated with MNAs.

3 Sophisticated Trading around MNAs

3.1 Pre-Announcement Conditional Drift

The first set of results shows evidence consistent with sophisticated traders predicting macroe-

conomic news reports and trading on this informational advantage in stocks and bonds in

the hours prior to official release times. In Panels A and B of Figure 3, I plot the mean

cumulative return (in basis points or bps) starting 360 minutes before MNAs for stocks and

bonds, respectively. I do so for three samples of MNAs: the “Full Sample” of announce-

ments, those announcements with “News Report > 1” or greater than 1 standard deviation

positive news reports, and those announcements with “News Report < −1” or less than 1

standard deviation negative news reports. The news report variable is constructed based on

Eq. (1). First, consider the results for stocks in Panel A. Upon announcements of positive

{negative} macroeconomic news reports, stocks increase {decrease}. In the hours before

announcements, stocks also increase {decrease}. Parallel results hold for bonds in Panel B.

Upon announcements of positive {negative} macroeconomic news reports, bonds decrease

{increase}. In the hours before announcements, bonds also decrease {increase}. This pre-

announcement conditional drift is the key piece of support for sophisticated trading in stocks

and bonds around MNAs.

To quantify the conditional drift, I calculate summary statistics in Table 2. Row −x
corresponds to the cumulative pre-announcement return (in bps) from x minutes to 5 minutes

before MNAs, and row 0 corresponds to the ±5 minute announcement return (in bps) around

MNAs. For Table 2 and subsequent results in this paper, I define the end of the pre-

announcement window and the start of the announcement window to be 5 minutes before

MNAs. This demarcation minimizes the risk that early releases of macroeconomic data

are contributing to pre-announcement findings.9,10 Symmetrically, I define the end of the

9Some MNAs in my sample have been accidentally released earlier than scheduled, but, to the best of my
knowledge, only at most a few seconds before the official release times.

10Stipulating that the pre-announcement window ends 5 minutes before MNAs may understate the mag-
nitude of sophisticated trading if sophisticated traders literally wait until the last moment to act on their
informational advantage.
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announcement window and start of the post-announcement window to be 5 minutes after

MNAs. After 5 minutes, the vast majority of activity in response to announcements is

completed, as reflected in the renormalization of trading volumes and return volatilities.

The ±5 minute announcement window is an interval comparable to announcement windows

used in the previously cited literature.

Panel A presents summary statistics for stocks. In the “Full Sample” of MNAs, stocks

unconditionally increase both in the 10-minute window around announcements (mean of 1.1

bps) and in the pre-announcement period (mean of up to 4.7 bps).11,12 While this uncon-

ditional pattern is interesting, I concentrate on the conditional results. As shown in the

“News Report > 1” and “News Report < −1” columns, the announcement return of stocks

is positive (mean of 8.7 bps) for greater than 1 standard deviation positive news reports and

negative (mean of −15.5 bps) for less than 1 standard deviation negative news reports. The

announcement return is preceded by the pre-announcement return in the same direction.

Stocks increase (up to 10.9 bps on average) in the hours prior to greater than 1 standard

deviation positive news reports and decrease (up to −2.2 bps on average) in the hours prior

to less than 1 standard deviation negative news reports.

Panel B presents analogous summary statistics for bonds. In the “Full Sample” of MNAs

in Panel B of Table 2, bonds are flat through announcements (mean of 0.2 bps) and uncon-

ditionally decrease before announcements (mean of up to −1.2 bps).13 Opposite of stocks,

bonds decrease (mean of −8.5 bps) on announcements of greater than 1 standard devia-

tion positive news reports and increase (mean of 11.4 bps) on announcements of less than

1 standard deviation negative news reports. Identical to the case of stocks, however, the

announcement return of bonds is preceded by the pre-annnouncement return of bonds in the

same direction. Bonds decrease (up to −4.0 bps on average) in the hours prior to greater

than 1 standard deviation positive news reports and increase (up to 2.8 bps on average) in

the hours prior to less than 1 standard deviation negative news reports.

Table 3 shows that the pre-announcement conditional drift in stocks and bonds is sta-

tistically and economically significant. Panel A runs regressions of pre-announcement and

11The announcement premium earned by stocks around MNAs is related to Savor and Wilson (2013),
who show the same result using daily data, and to Frazzini and Lamont (2007), who document an earnings
announcement premium for individual stocks. Zhou (2015) explains the announcement premium around
MNAs as partly resulting from ambiguity-averse investors facing ambiguous macroeconomic news.

12The pre-announcement drift of stocks before MNAs is related to the pre-FOMC announcement drift
documented by Lucca and Moench (2015). They show that the U.S. aggregate stock market unconditionally
increases in the hours prior to FOMC meetings. My finding of the pre-announcement drift of stocks before
MNAs, which the authors were unable to find, suggests that the unconditional increase of stocks prior to
macroeconomic events may be a more widespread phenomenon.

13In other words, there is no announcement premium for bonds around MNAs, but there is a pre-
announcement drift of bonds before MNAs.
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announcement returns on the news report variable NRt:

Rt = α + βNRt + εt.

In row −x, the left-hand-side variable Rt is the cumulative pre-announcement return (in bps)

from x minutes to 5 minutes before MNAs. In row 0, Rt is the ±5 minute announcement

return (in bps) around MNAs. The coefficient β measures the return sensitivity to a 1

standard deviation news report. For both assets, β̂ in row 0 is statistically significant:

stocks increase {decrease} 6.7 bps more and bonds decrease {increase} 5.3 bps more in the

10 minutes around announcements of 1 standard deviation positive {negative} news reports.

For rows −x, the majority of the β̂ for stocks and all the β̂ for bonds are statistically

significant: stocks increase {decrease} up to 2.3 bps more and bonds decrease {increase}
up to 1.5 bps more before announcements of 1 standard deviation positive {negative} news

reports. The ratio of the pre-announcement β̂ to the sum of the pre-announcement β̂ and

announcement β̂ demonstrates the economic magnitude of the results. For stocks and bonds,

up to 26% and 23%, respectively, of the impact of macroeconomic news reports takes place

in the pre-announcement window.

In Panel B, I evaluate how news reports impact returns in a different regression specifi-

cation:

Rt = α + β+D+
t + β−D−

t + εt.

D+
t and D−

t are dummy variables equal to 1 if NRt > 1 and NRt < −1, respectively, and

Rt is as defined above. The coefficients β+ and β− measure the return sensitivity to large

magnitude news reports that are positive and negative, respectively. For both assets, β̂+

and β̂− in row 0 are statistically significant: stocks increase 6.0 bps {decrease 18.2 bps}
more and bonds decrease 8.2 bps {increase 11.6 bps} more for announcements of greater

than 1 standard deviation positive {negative} news reports.14 For rows −x, the majority

of the β̂+ but none of the β̂− for stocks and all the β̂+ and β̂− for bonds are statistically

significant: stocks increase up to 7.8 bps {decrease up to 3.1 bps} more and bonds decrease

up to 2.8 bps {increase up to 3.8 bps} more before announcements of greater than 1 standard

deviation positive {negative} news reports.15 For each of β̂+ and β̂−, I compute the ratio of

the pre-announcement coefficient to the sum of the pre-announcement and announcement

coefficients. In the stock market, up to 57% {15%} of the impact of large, positive {negative}
14Stocks react more strongly to negative macroeconomic news reports than to positive ones. Zhou (2015)

discusses this asymmetry. Bonds appear to react more similarly to positive and negative news reports.
15It is unclear the reason for the stronger pre-announcement reaction of stocks to positive news reports

than negative news reports.
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macroeconomic news reports takes place in the pre-announcement window. In the bond

market, the analogous number is 26% {25%}.16

Insofar as the results in Figure 3 and Tables 2 and 3 group all types of MNAs together,

the magnitude of sophisticated trading is likely to be underestimated. The reason is that

the intensity of sophisticated trading is likely to be greater around some types of announce-

ments than others. For example, traders may only be able to predict macroeconomic news

reports for some types of announcements. Jointly analyzing announcements with and with-

out sophisticated trading thus downward biases the magnitude of the pre-announcement

conditional drift.

The pre-announcement conditional drift is difficult to rationalize with explanations other

than that of sophisticated trading. One alternative explanation, for example, is that of un-

derreaction. Suppose that positive {negative} macroeconomic news reports are preceded by

public announcements that elicit positive {negative} stock returns and negative {positive}
bond returns. If stocks and bonds underreact to such public announcements, the pre-

announcement conditional drift could result from the gradual correction of this underre-

action. Such an explanation is improbable: MNAs in my sample occur from 8:30 AM to

10:00 AM ET, and the conditional drift begins in the hours before during overnight trading

in the U.S. It is unlikely that important public announcements occur at those times.

3.2 Order Imbalances and Sophisticated Trading Profits

Analysis of order imbalances provides further support for sophisticated trading around

MNAs. In Appendix A.2, I use the bulk volume classification algorithm of Easley, López

de Prado, and O’Hara (2013) to impute order flow and split trade volume into buys and

sells.17 On announcements of positive {negative} macroeconomic news reports, there are

order imbalances of buys {sells} in stocks and sells {buys} in bonds. In the hours be-

fore announcements, there are also imbalances of buys {sells} in stocks and sells {buys} in

bonds. This pre-announcement conditional pattern in the order imbalance is analogous to

the pre-announcement conditional drift.

16Though I do not focus on the α̂ results in Table 3, the regression intercepts have economic content. For
stocks in Panels A and B, the row 0 α̂ is positive and statistically significant. This is the announcement
premium for stocks around MNAs referenced in Fn. (11). The row −x α̂ is also positive and generally
statistically significant. This is the pre-announcement drift of stocks before MNAs referenced in Fn. (12).
For bonds, the row 0 α̂ is statistically insignificant, but the row −x α̂ is negative and generally statistically
significant. As discussed in Fn. (13), there is no announcement premium for bonds around MNAs, but there
is a pre-announcement drift of bonds before MNAs.

17Based on papers such as Easley, López de Prado, and O’Hara (2013) and Panayides, Shohfi, and Smith
(2014), the bulk volume classification approach often outperforms other trade classification algorithms such
as that of Lee and Ready (1991). See Appendix A.2 for details.
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The data on order imbalances make possible a back of the envelope calculation that

reveals the magnitude of sophisticated trading profits. Consider the case of stocks first. As

indicated in Table 2, there are 291 announcements with greater than 1 standard deviation

positive news reports and 286 announcements with less than 1 standard deviation negative

news reports. Thus, there are about 50 such announcements per year from July 2003 to

March 2014. Based on Panel B of Table 3, a greater than 1 standard deviation magnitude

news report is associated with a combined pre-announcement and announcement return on

the order of 10 bps in magnitude. From Figure 2, there is an average of about $10 billion

in dollar volume traded by the time of the first announcements at 8:30 AM ET. Finally,

Appendix A.2 shows that a greater than 1 standard deviation magnitude news report leads

to a change in the order imbalance on the order of 50 bps in magnitude. There is thus

($10 billion)×(50 bps) = $50 million of excess buy or sell dollar volume. This value represents

a conservative lower bound of capital used for sophisticated trading. Per announcement, the

profits to sophisticated trading are estimated to be ($50 million)× (10 bps) = $50, 000. Over

the course of a year, the profits are around $50, 000× 50 = $2.5 million. A calculation using

the same numbers applies to bonds.

The overall profits to sophisticated trading in stocks and bonds are higher than indicated

by the above calculation. Two reasons are that I only consider announcements with greater

than 1 standard deviation magnitude news reports and that I only attribute the order im-

balance portion of dollar volume to sophisticated traders’ capital. A reasonable estimate of

the profits to sophisticated trading in stock and bond futures is on the order of $10 million

a year in each security. Sophisticated traders likely also profit from trading other securities

and assets.

4 Source of Informational Advantage

The previous section’s results lead to a natural follow-up question: what is the source of

sophisticated traders’ informational advantage? The first subsection below discusses (illegal)

information leakage as one possible source. The second subsection considers the homework

done by skilled traders as another possible source. The empirical evidence supports the latter

channel of information flows.

4.1 (Illegal) Information Leakage Channel

Regulators have expressed concerns that some market participants may obtain an informa-

tional advantage about upcoming macroeconomic news reports through an (illegal) informa-
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tion leakage channel.18 One concern of regulators centers on the role of the media. For many

types of MNAs, data are initially released to media organizations during lockup periods prior

to public releases. While locked up, these organizations are embargoed from communicating

with the outside. Yet there have been accounts of media circumventing the lockup process

both unintentionally and intentionally. Another concern of regulators is more standard and

centers on the role of insiders working at data-releasing institutions who leak macroeconomic

data. Security procedures around the release of macroeconomic data have been scrutinized

by the SEC, the Federal Bureau of Investigation, the U.S. Commodity Futures Trading Com-

mission, and even Sandia National Laboratories, which is responsible for the safety of U.S.

nuclear weapons.

Thus, it is plausible that those who I call sophisticated traders actually obtain their

informational edge via an (illegal) information leakage channel. While there is concrete

evidence of idiosyncratic leaks, however, there is little evidence of systematic leaks. I also

do not find evidence of systematic leaks that can explain the pre-announcement conditional

drift. I do find that information leakage by the media during lockups cannot account for all of

the sophisticated trading around MNAs. Based on results from Section 3, stocks and bonds

begin conditionally drifting at least hours prior to announcements, while media lockups begin

only 30 minutes to 60 minutes prior to announcements. Relatedly, the pre-announcement

conditional drift cannot be explained by certain media organizations’ business strategy of

releasing macroeconomic data early to paying customers. This pay to play practice takes

place anywhere from a few seconds to a few minutes before official release times and thus

occurs within the ±5 minute announcement window, not the pre-announcement period.

4.2 Homework Channel

Though absence of evidence does not rule out (illegal) information leakage, I show that so-

phisticated traders can obtain their informational advantage via a more innocent mechanism:

the homework channel. It is not altogether surprising that skilled traders are able to do their

homework and use public information to predict macroeconomic news reports. These traders

have a strong incentive: money. They moreover have the necessary resources to predict news

reports: traders can combine an array of predictor variables including proprietary data with

18See, for example, the following press reports in order of publication date: the March 7, 2012 CNBC
article “Labor Dept. Asks Nuclear Guardians for Help Keeping Jobs Data Secret”; the April 10, 2013 The
Wall Street Journal article “A Probe on Data Releases is Revived”; the August 5, 2013 The Wall Street
Journal article “FBI Finds Holes in System Protecting Economic Data”; the January, 2, 2014 The Wall
Street Journal article “Labor Department Panel Calls for Ending Lockup for Jobs Data”; and the December
1, 2014 Bloomberg News article “Fed Leak Handed Traders Profitable Tip, Prompted Secret Inquiry.”
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cutting-edge forecasting algorithms.19

Romer and Romer (2000) in effect appeal to the homework channel in order to explain

their finding that the Federal Reserve is able to produce better forecasts about the economy

than private-sector economists. By committing resources to the forecasting process, the

central bank is able to do so using only “publicly available information.” Given that there

is a well-trodden path from the Federal Reserve to the financial services industry, perhaps

the sophisticated traders analyzed in my paper even get homework help from former central

bank officials or are former central bank officials themselves.

Section 4.2.1 provides an example of how skilled traders might do their homework and

use public information to predict macroeconomic news reports. Section 4.2.2 shows that

the predictable component of news reports is able to explain a significant portion of the

pre-announcement conditional drift.

4.2.1 Doing Homework: Public Information Predicts Macroeconomic News Re-

ports

To illustrate the broader idea that sophisticated traders can use public information to pre-

dict macroeconomic news reports, I show a simple example. Traders are able to do their

homework and predict the news report of an upcoming MNA using the difference between

economists’ forecasts of and past realizations of the data to be released.

The success of this method rests on the systematic bias of economists’ forecasts of macroe-

conomic data. Utilizing a different sample of MNAs, Campbell and Sharpe (2009) find

that forecasts are “anchored toward the recent past values of the series being forecasted.”20

Viewed through the lens of Tversky and Kahneman (1974) and related studies, this anchor-

ing phenomenon manifests a behavioral bias: the human tendency to overweight a reference

point or anchor when making decisions. Alternatively, economists may strategically anchor

their macroeconomic forecasts as an optimal response to incentives.

If economists’ forecasts also display anchoring bias in my sample of MNAs, it is straight-

forward to use public information to predict news reports. To see this, consider the following

unstandardized version of the news report variable defined in Eq. (1):

ÑRt = σ̂NRt = At − Ft. (2)

19PriceStats and State Street provide examples of such proprietary data. PriceStats uses online prices
to track inflation daily in multiple countries including the U.S. Per its official website, the State Street
Investor Confidence Index “measures investor confidence or risk appetite quantitatively by analyzing the
actual buying and selling patterns of institutional investors.” These proprietary data are potentially useful
for forecasting news reports of CPI, Consumer Confidence, and other types of MNAs.

20Their sample runs from 1991 to 2006, and they collect economists’ forecasts from surveys by Money
Market Services.
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As before, At is the announced value of the data release, and Ft is the median forecasted

value of the data release from a survey of economists. If there is anchoring bias, the forecast

Ft puts weight λ < 1 on the unbiased predicted value of the data release E [At] and weight

1− λ > 0 on some anchor Ah:

Ft = λE [At] + (1− λ)Ah. (3)

I define Ah as the historical average of the past h actual data releases of the economic

indicator being forecasted. From the definition of the unstandardized news report variable

in Eq. (2), E [At] = E
[
ÑRt

]
+ Ft. Plugging this expression into that of the biased forecast

in Eq. (3) yields E
[
ÑRt

]
= γ

(
Ft − Ah

)
, with

γ =
1− λ
λ

. (4)

When there is anchoring bias, λ < 1 =⇒ γ > 0. In this case, Ft − Ah positively predicts

ÑRt in the regression

ÑRt = κ+ γ
(
Ft − Ah

)
+ εt. (5)

Since both the forecast Ft and the anchor Ah are in the public domain before a MNA, public

information predicts the news report variable. The intuition here is that if the forecast is

higher than the anchor, it is not high enough due to overweighting of the lower value of the

anchor, and conversely if the forecast is lower than the anchor.

Whether there is anchoring bias in my sample is an empirical question. In each row of

Table 4, I run the regression in Eq. (5) for each type of MNA and for the two specifications

h = 1 (anchor is the last actual data release) and h = 3 (anchor is the average of the last

3 actual data releases). To avoid look-ahead bias, I estimate the regression in a dynamic

manner over a changing window.21 The coefficient of interest is γ. For each type of MNA,

the output is two series of γ̂, which correspond to the h = 1 and h = 3 specifications.

As indicated in the “Anchor” column, Table 4 displays the results corresponding to the

anchor specification that more frequently has a higher adjusted R2. Table 4 shows the mean,

standard deviation, maximum, and minimum of γ̂. In most cases, the mean of γ̂ is positive

and large relative to the standard deviation. Economists’ forecasts exhibit anchoring bias.

Equivalently and more importantly, differences between economists’ forecasts and past data

21My sample begins in 2003 for 16 out of 18 types of MNAs and 2005 for the other 2 types of MNAs
(see Table 1). For the portion of my sample beginning in 2003, data are available extending back to 1997,
1998, or 1999. I make use of this data to predict news reports starting from 2003 and thus do not lose any
observations. For the portion of my sample beginning in 2005, I use the first 4 years to predict news reports
starting from 2009 and thus lose 4 years of observations.
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realizations predict macroeconomic news reports. The results in Table 4 are economically

significant as well. Using Eq. (4) to translate between γ̂ and the implied λ, I find that

forecasts are substantially weighted to historical data realizations. For example, with a

mean γ̂ of 0.69 in the case of the Consumer Confidence data series with h = 1, the implied

λ = 0.59. On average, forecasts place 59% weight on the previous month’s data and only

61% weight on the unbiased predicted value of the upcoming data release. As shown in

Appendix A.3, the anchoring bias results are robust to a battery of tests. In particular, the

results hold when I estimate Eq. (5) using different anchors, different windows, and grouping

all types of MNAs together.

4.2.2 Trading on the Homework: Explaining the Pre-Announcement Condi-

tional Drift

The previous subsection shows that market participants can do their homework to predict

macroeconomic news reports. This subsection goes a step further and provides evidence that

market participants trade on this homework, which can explain the documented asset price

patterns around MNAs. To do so, I first use the results of Table 4 to split the news report

variable NRt into a predictable component NRp,t and an unpredictable component NRu,t:

NRt = NRp,t +NRu,t.

For each type of MNA, NRp,t is the one-step-ahead forecast of the corresponding regression

in Table 4 divided by the σ̂ defined in Eq. (1). NRu,t is the regression residual divided by

σ̂.

Table 5 shows that the predictable component of news reports explains much of the pre-

announcement conditional drift in stocks and bonds. Consider the results corresponding to

rows −x. Each row runs regressions of pre-announcement returns on the predictable and

unpredictable components of news reports:

Rt = α + βpNRp,t + βuNRu,t + εt. (6)

As in previous tables, Rt is the cumulative pre-announcement return (in bps) from x min-

utes to 5 minutes before MNAs. Focusing on β̂p, all the estimated coefficients are positive

for stocks (with some statistically significant) and negative for bonds (with all statistically

significant). Stocks increase {decrease} and bonds decrease {increase} in the hours before

news reports predicted to be positive {negative}. To quantify the results, I multiply the stan-

dard deviation of NRp,t (0.29) with β̂p to find that before a 1 standard deviation positive
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{negative} value of the predictable component of the news report, stocks increase {decrease}
up to 1.7 bps and bonds decrease {increase} up to 1.8 bps. In Appendix A.4, I construct

the predictable and unpredictable components of news reports using alternative estimates of

Eq. (5). These different constructions of the predictable component continue to explain the

pre-announcement conditional drift in stocks and bonds via Eq. (6).

The evidence is consistent with the interpretation that sophisticated traders skillfully

predict macroeconomic news reports with public information and then trade on these pre-

dictions. In doing so, these traders contribute to the pre-announcement conditional drift.

Of course, the results are based on a specific prediction method that relies on anchoring

bias. Practitioners probably have more advanced ways of predicting news reports using

more comprehensive public information. This likelihood can explain why β̂u in Table 5 is

positive for stocks (and sometimes statistically significant) and negative for bonds (and al-

ways statistically significant). Based on the results, stocks and bonds conditionally drift

before the release of the unpredictable component of news reports. What I call the unpre-

dictable component of news reports, however, is only unpredictable when news reports are

predicted with a technique utilizing anchoring bias. The unpredictable component of news

reports may actually be predictable if news reports are predicted using superior methods

that practitioners likely employ. Alternatively, if the unpredictable component of news re-

ports is truly unpredictable with public information, β̂u could be picking up signs of (illegal)

information leakage. The bottom line is that even though using anchoring bias to predict

news reports is simple, this method nonetheless makes successful predictions and is able to

account for a significant portion of the pre-announcement conditional drift.

5 Market Efficiency around MNAs

Based on the above results, stock and bond markets are inefficient around MNAs. In the two

subsections below, I elaborate on how markets are inefficient over time and across assets,

respectively.

5.1 Over Time

Over time, there is a late trading puzzle: the public information that predicts macroeconomic

news reports is impounded into stocks and bonds with a significant lag. Section 4, supple-

mented by Appendix A.3, argues that sophisticated traders’ informational advantage arises

from the homework channel. Traders are able to do their homework days before MNAs: most

types of public information predictive of news reports are available at that time. For exam-
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ple, predicting news reports based on anchoring bias requires only economists’ forecasts and

historical data realizations. Sections 3 and 4 and Appendix A.4, however, provide evidence

of sophisticated trading hours before MNAs. At least some of this trading appears to be on

the predictable component of news reports obtainable from public information. Contrary to

the logic of market efficiency, the public information that predicts news reports days before

announcements is impounded into stocks and bonds just hours before announcements.

5.2 Across Assets

Across assets, there is a related puzzle: by the official release times of MNAs, the public

information that predicts news reports is fully incorporated into bonds but only partially

incorporated into stocks. As a result, the bond market eventually becomes efficient, while

the stock market remains inefficient. Table 5 shows that the predictable component of news

reports based on anchoring bias is completely impounded into bonds but only partially

impounded into stocks. Stocks but not bonds react to announcements of the predictable

component. Row 0 of Table 5 runs regressions of the ±5 minute stock or bond announcement

return around MNAs (in bps) on the predictable and unpredictable components of news

reports:

Rt = α + βpNRp,t + βuNRu,t + εt. (7)

β̂p is positive and statistically significant for stocks but smaller in magnitude and statisti-

cally insignificant for bonds. Multiplying the standard deviation of NRp,t (0.29) with β̂p, I

find that, on the announcement of a 1 standard deviation positive {negative} value of the

predictable component of the news report, stocks increase {decrease} 1.5 bps while bonds

decrease {increase} 0.7 bp.22 In Appendix A.4, I run regressions based on Eq. (7) using

alternative constructions of NRp,t and NRu,t and find similar results. The two components

are derived from varying the specifications of the anchoring bias regression in Eq. (5).

Table 6 provides additional evidence that bonds are more efficient than stocks: stocks but

not bonds display return momentum between pre-announcement and announcement returns.

The table runs regressions of return momentum in both assets:

evtRt = α + βpreRt + εt.

The left-hand-side variable evtRt is the ±5 minute announcement return (in bps) around

MNAs. The right-hand-side variable preRt in row −x is the cumulative pre-announcement

return (in bps) from x minutes to 5 minutes before MNAs. β̂ is positive and statistically

22Note that, as expected, stocks and bonds react to announcements of the unpredictable component of
news reports: β̂u is positive for stocks, negative for bonds, and statistically significant for both assets.
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significant for stocks. A 10 bps higher pre-announcement return predicts up to 0.6 bp higher

announcement return. In contrast, the estimated coefficient is smaller in magnitude and

statistically insignificant for bonds.

6 Model

To understand why stock and bond markets are inefficient around MNAs, I construct a

model. In the model, all traders see a public announcement of a news report, which can

be thought of as a MNA, that provides information about the values of risky assets, which

can be thought of as stocks and bonds. Consistent with empirical observations, a minority

of traders in the model are sophisticated and obtain advance knowledge of the news report,

possibly through the skillful processing of public information.

The model has three key assumptions that are justified by the literature. The first as-

sumption of the model is that the majority of traders are unsophisticated and do not have

advance knowledge of the news report. Unsophisticated traders neglect public information

that predicts the news report. In the parlance of the inattention literature, we can think

of unsophisticated traders as being inattentive to such public information; in contrast, so-

phisticated traders are attentive. Two related examples of the inattention literature are

Tetlock (2011) and Gilbert, Kogan, Lochstoer, and Ozyildirim (2012), which show that as-

set prices react to stale information. The difference in attention between the two types of

traders may reflect a difference in incentives and resources. For example, suppose that so-

phisticated traders work at funds that employ trading strategies based on predicting news

reports. These traders then have the incentives (such as money) and institutional resources

to pay close attention to public information potentially useful for making predictions. Other,

unsophisticated traders may lack such incentives and resources.

The second assumption of the model is that sophisticated traders have risk manage-

ment concerns and dislike risk. Risk impedes sophisticated traders from acting on their

informational advantage and, consequently, impedes the extent to which their informational

advantage is incorporated into asset prices. I model risk management concerns with risk

aversion, which is sufficient but not necessary: some other limit to arbitrage could work just

as well. For example, sophisticated traders could be risk-neutral but capital constrained as

in Shleifer and Vishny (1997).

The third assumption of the model is that traders do not extract each others’ information

from asset prices. In particular, no trader, sophisticated or unsophisticated, extracts from

pre-announcement prices the advance knowledge of (other) sophisticated traders. As a result,

there is no strategic front-running that could unravel the equilibrium. Other papers in
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the literature have similar assumptions. Each newswatcher in Hong and Stein (1999), for

example, obtains information but fails to infer other newswatchers’ information from prices.

Eyster, Rabin, and Vayanos (2015) model the equilibrium outcome in a financial market

in which traders are differentially informed and are cursed in the sense of failing to fully

account for what prices signal about each others’ information. In a laboratory experiment,

Carrillo and Palfrey (2011) show evidence that traders neglect asymmetric information.

The first subsection below outlines the baseline model with one risky asset. The second

subsection extends the model to include two risky assets.

6.1 Model with One Risky Asset

The baseline model has one risky asset that corresponds to stocks or bonds and one risk-

free asset. By assumption, the risk-free rate is zero, and the risky asset is in zero net

supply. Agents in the model are split into two types of traders, with measure i sophisticated

and measure 1− i unsophisticated. I assume that there is no time discounting and that all

traders have constant absolute risk aversion (CARA) utility. The coefficients of absolute risk

aversion for sophisticated and unsophisticated traders are AS and AU , respectively. Given

the assumptions, both types of traders seek the maximum risk-adjusted return.

Panel A of Figure 4 shows the timeline of the model. There are five dates: t = 0, 1,

2, 3, and 4. At t = 4, the end of the model, the risky asset pays a liquidating dividend

d ∼ N (0, σ2
d). At t = 3, there is a public announcement of a news report that is seen by all

traders and that is interpreted as a noisy signal of d:

n = d+ ε,

with ε ∼ N (0, σ2
ε ) and independent from d. Unsophisticated traders see the news report

for the first time, but sophisticated traders already know the news report. Specifically, at

t = 1, sophisticated traders obtain advance knowledge of the news report and infer n.23

Immediately after, both types of traders have the first opportunity to trade in the “early

period” before the public announcement. At t = 2, the sophisticated traders still have an

informational advantage over the unsophisticated traders. Both types of traders have the

second opportunity to trade in the “late period” before the public announcement. Trading

in both periods is risky due to information flows about the fundamental value of the risky

asset. To model this risk, I assume that between t = 1 and t = 2, there is a shock to

23I assume that sophisticated traders have perfect foresight of the public announcement. The source of
the informational advantage is left unmodeled and could be due to the homework channel, as the evidence
in this paper suggests, or the (illegal) information leakage channel.
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holding the risky asset in the form of dividend payout se ∼ N
(
0, σ2

s,e

)
. Similarly, in between

t = 2 and t = 3, there is another shock in the form of dividend payout sl ∼ N
(
0, σ2

s,l

)
. By

assumption, se and sl are independent from each other and from ε and d.

Sections 6.1.1 and 6.1.2 below describe the average cum-dividend price of the risky asset

in two specifications of the model. I first consider the efficient-market specification in which

all traders are sophisticated; that is, i = 1. I then consider the inefficient-market specification

in which some traders are unsophisticated; that is, i ∈ (0, 1). Without loss of generality,

the discussion below takes the case of a news report that is good for the risky asset: n > 0.

Appendix B provides details including derivations.

6.1.1 Efficient-Market Specification: All Traders are Sophisticated, and i = 1

The solid i = 1 line in Panel A of Figure 5 plots the average cum-dividend price of the risky

asset when all traders are sophisticated. The price of the risky asset starts at 0. All traders

obtain advance knowledge of the news report at t = 1, so the price increases to the rational

expectation of the liquidating dividend. The price remains at this efficient-market level at

t = 2, 3, and 4:

p1 = p2 = p3 = p4 = αn, (8)

with α defined in Appendix B as a function of model parameters. In particular, the price

does not change on the public announcement, as no new information arrives. When i = 1,

the market is efficient: once the news report is knowable to traders, the news report is

immediately and completely impounded into the price of the risky asset.

6.1.2 Inefficient-Market Specification: Some Traders are Unsophisticated, and

i ∈ (0, 1)

The dashed i ∈ (0, 1) line in Panel A of Figure 5 plots the average cum-dividend price of

the risky asset when only measure i of traders are sophisticated. The price of the risky asset

starts at 0. It increases at t = 1 and t = 2 as sophisticated traders impound their advance

knowledge of a good news report. At t = 3, the unsophisticated also see the news report.

The price increases to that in Eq. (8) and stays there at t = 4.

As the figure clearly shows, the pre-announcement price of the risky asset does not

increase all the way to the post-announcement efficient-market level: the market is inefficient.

The price of the risky asset at t = 2 is a fraction of that at t = 3:
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p2 =
1

1 +
(

1−i
i

) (
AS
AU

)
σ2
s,l

(α2(σ2
d+σ2

ε)+σ2
s,l)

p3. (9)

p2 is at a discount to p3 because sophisticated traders are risk-averse (positive As) and face

fundamental risk in the late trading period (positive σ2
s,l). As risk aversion or fundamental

risk increase, the discount increases. Similarly, the price of the risky asset at t = 1 is a

fraction of that at t = 2 because risk-averse sophisticated traders hold back their trading

due to fundamental risk in the early trading period:

p1 =
1

1 +
(

1−i
i

) (
AS
AU

)
σ2
s,e

(k22α2(σ2
d+σ2

ε)+σ2
s,e)

p2, (10)

with k2 defined in Appendix B as a function of model parameters.

The above analysis leads to the following proposition that describes how the model ac-

counts for the late trading puzzle.

Proposition 1 Sophisticated traders obtain advance knowledge of the news report at t = 1.

They can trade immediately at t = 1 and/or wait to trade at t = 2 right before the announce-

ment. Suppose that the risk faced by sophisticated traders in the early trading period is

large relative to that faced by sophisticated traders in the late trading period: σ2
s,e > σ2

s,l.

If so, sophisticated traders recognize that they can achieve a higher risk-adjusted return by

optimally timing their trading and trading little immediately at t = 1 and instead waiting

to trade a lot at t = 2. As a result, the price of the risky asset changes in the direction of

the news report before the public announcement at both t = 1 and t = 2, but the change is

small at t = 1 and large at t = 2. The market is inefficient over time: the advance knowledge

of sophisticated traders is inefficiently impounded into the risky asset with a delay.

It is a simplistic assumption that sophisticated traders, after acquiring their informational

advantage, have only two pre-announcement trading opportunities and face greater risk

trading early than trading late. Yet this assumption is also realistic. In practice, traders

are boundedly rational. Cognitive and time limitations likely prevent traders from trading

too frequently and instead compel traders to use heuristics such as trading in early and

late periods. Whether there actually is greater risk from trading early versus trading late is

ultimately an empirical question, which I tackle in Section 6.3.
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6.2 Model with Two Risky Assets

In the model above, risk-averse sophisticated traders dislike risk in the time series and

consequently vary their trading intensity over time. I introduce a second risky asset into the

model and show that risk-averse sophisticated traders also dislike risk in the cross section

and consequently vary their trading intensity across assets.

The timeline of the model with two risky assets is shown in Panel B of Figure 4. At

t = 4, risky assets a and b pay liquidating dividends da ∼ N
(
0, σ2

d,a

)
and db ∼ N

(
0, σ2

d,b

)
,

respectively. At t = 3, the public announcement of a news report is separately interpreted

as noisy signals of da and db:

na =da + εa, and

nb =db + εb.

εa ∼ N
(
0, σ2

ε,a

)
, and εb ∼ N

(
0, σ2

ε,b

)
. In the early trading period between t = 1 and

t = 2, there are two shocks to holding risky assets a and b in the form of dividend payouts

se,a ∼ N
(
0, σ2

s,e,a

)
and se,b ∼ N

(
0, σ2

s,e,b

)
, respectively. Similarly, in between t = 2 and

t = 3 in the late trading period, there are two shocks in the form of dividend payouts for

assets a and b: sl,a ∼ N
(
0, σ2

s,l,a

)
and sl,b ∼ N

(
0, σ2

s,l,b

)
, respectively. All the above random

variables are independent.

Assuming independence simplifies the analysis. Sophisticated traders operate in com-

pletely segmented asset markets, so the results of the model with one risky asset apply to

each of assets a and b separately. Analogous to Panel A of Figure 5, Panel B shows the av-

erage cum-dividend price of both risky assets in two specifications of the model. I consider

the case in which the news report is good for both risky assets: na > 0, and nb > 0. The

efficient-market levels for assets a and b are given in Eq. (8) after substituting na and nb,

respectively, for n and αa and αb, respectively, for α. αa and αb are defined in Appendix

B as functions of model parameters. For illustrative purposes, I scale the parameters such

that the efficient-market levels of assets a and b are the same. I do so by setting σ2
ε,a = σ2

ε,b,

σ2
d,a = σ2

d,b, and na = nb.

6.2.1 Efficient-Market Specification: All Traders are Sophisticated, and i = 1

The “i = 1, Assets a and b” solid line corresponds to the baseline version of the two risky

assets model in which all traders are sophisticated. As in the case with one risky asset

described in Section 6.1.1, the prices of risky assets a and b start at 0 before jumping to the
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efficient-market levels upon traders obtaining advance knowledge of the news report.

6.2.2 Inefficient-Market Specification: Some Traders are Unsophisticated, and

i ∈ (0, 1)

The “i ∈ (0, 1), Asset a” dotted line and “i ∈ (0, 1), Asset b” dashed line correspond to the

version of the two risky assets model in which measure i of traders are sophisticated. As in

the case with one risky asset described in Section 6.1.2, the prices of risky assets a and b

start at 0. Trading based on advance knowledge of the good news report pushes prices up

at t = 1 and t = 2, but not all the way due to fundamental risk: σ2
s,e,a, σ

2
s,e,b, σ

2
s,l,a, σ

2
s,l,b are

all positive. Eqs. (9) and (10) still hold after substituting for the appropriate asset-specific

parameters. For each asset, the price at t = 1 is at a discount to that at t = 2, which is in

turn at a discount to that at t = 3. Only after the public announcement of the news report

do both assets obtain the (same) efficient-market levels.

To capture the notion that traders face different levels of risk over time, I assume that

it is riskier to trade early than late: σ2
s,e,a, σ

2
s,e,b > σ2

s,l,a, σ
2
s,l,b. There is little trading in the

early period, so the prices of a and b increase modestly at t = 1. Most of the trading occurs

in the late period, so the prices of a and b increase more sharply at t = 2. These time series

results follow directly from the one risky asset version of the model.

To capture the notion that traders face different levels of risk trading different assets, I

assume that asset a is riskier than asset b. Holding a position in the former entails weathering

more fundamental risk in both early and late trading periods than holding a position in the

latter: σ2
s,e,a > σ2

s,e,b, and σ2
s,l,a > σ2

s,l,b. Risk-averse sophisticated traders recognize that they

can achieve a higher risk-adjusted return by trading the safer asset than the riskier one. As

a result, sophisticated traders trade asset b more intensely than asset a, impound more of

their informational advantage into b than a, and make b more efficient than a before the

public announcement. Plugging in σ2
s,l,a and σ2

s,l,b for σ2
s,l in Eq. (9), p2,b > p2,a. Similarly,

plugging in σ2
s,e,a and σ2

s,e,b for σ2
s,e in Eq. (10), p1,b > p1,a. The safer asset increases more

than the riskier asset at t = 1 and t = 2 and reflects more of the good news report. Since

most sophisticated trading in both assets takes place in the late period, the discrepancy

between a and b is particularly noticeable then.

Two propositions emerge from the above analysis. First, both assets react to the public

announcement of the news report: p3,a − p2,a > 0, and p3,b − p2,b > 0. This reaction occurs

despite the fact that sophisticated traders can perfectly predict the news report in advance.

The nature of the reaction differs for assets a and b, however.

Proposition 2 The safer asset b reacts less strongly than the riskier asset a to the public
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announcement of the news report: p3,b − p2,b < p3,a − p2,a.

Risk prevents sophisticated traders from bidding up the pre-announcement prices of a and b

to the efficient-market levels. The greater risk of a impedes market efficiency more than the

lower risk of b.

Second, there is return momentum in each asset between the respective pre-announcement

and announcement returns: p2,a − p1,a > 0 is followed by p3,a − p2,a > 0, and p2,b − p1,b > 0

is followed by p3,b − p2,b > 0.24 The response of risky assets to the public announcement is

preceded by pre-announcement returns in the same direction due to sophisticated traders

impounding their advance knowledge of the good news report. The return momentum differs

for assets a and b, however.

Proposition 3 Under a general condition, the safer asset b has less return momentum be-

tween pre-announcement and announcement returns than the riskier asset a.25

Proposition 3 is directly related to Proposition 2. The pre-announcement return in assets a

and b are followed by larger and smaller announcement returns, respectively.

6.3 Data are Consistent with the Model

To summarize, Proposition 1 of the model says that the news report is inefficiently impounded

into the price of the risky asset with a delay. The empirical analog from Section 5.1 is that

the public information that predicts macroeconomic news reports is available days before

MNAs but impounded into stocks and bonds just hours before MNAs. Propositions 2 and 3

of the model say that the news report is more efficiently impounded into the safer asset than

the riskier asset. The empirical counterpart from Section 5.2 is that the public information

that predicts news reports is fully incorporated into bonds but only partially incorporated

into stocks before MNAs.

A key idea underlying the model propositions is that sophisticated traders recognize that

they can achieve a higher risk-adjusted return due to lower risk by trading late instead of

early and by trading the safer asset instead of the riskier asset. This idea holds in the data as

well: there is evidence that sophisticated traders with advance knowledge of macroeconomic

24Pre-announcement here refers specifically to the late trading period immediately prior to the public
announcement.

25The condition is that σ2
s,l,a cannot be too large. Otherwise the price of a changes little at t = 2 due

to the high risk of trading a during the late period, and the return momentum of a is small. Since the
model assumes that the risk of trading any asset in the late period is low (and consequently incentivizes
sophisticated traders to wait to trade), this condition seems reasonable.
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news reports find it more attractive to trade stocks and bonds closer to announcements and

stocks versus bonds before announcements. One piece of evidence is based on the following

thought experiment in which sophisticated traders have perfect foresight of macroeconomic

news reports. Nobody in practice has perfect foresight, so the real-world data on stocks and

bonds does not reflect trading on perfect foresight. How should sophisticated traders exploit

perfect foresight given that this informational advantage has not been traded in stocks and

bonds?

To answer this question, I construct hypothetical trading strategies that go long {short}
stocks and short {long} bonds before positive {negative} news reports above {below} a

given threshold.26 Panel A of Figure 6 plots the annualized Sharpe ratios from the strategies

starting some number of days or minutes before MNAs, as indicated on the x-axis. In

both stocks and bonds, positions are unwound 5 minutes after MNAs. The risk-adjusted

returns from trading stocks and bonds are low in the days prior to MNAs, much higher in

the hours prior to MNAs, and highest in the moments just prior to MNAs. In Panels B

and C of Figure 6, I decompose the annualized Sharpe ratios into their two components:

the annualized standard deviations in the denominators and the annualized means in the

numerators, respectively. The increases in the Sharpe ratios from trading closer to MNAs

are completely due to the decreases in the return standard deviations. The return means

actually decrease but not as quickly as the return standard deviations. On some level, this

finding is obvious: trading earlier entails holding risky positions for longer. Since risk scales

with time, there has to be more risk from trading earlier. Trading in the hours before MNAs,

however, is especially low risk because announcements occur in the morning Eastern Time,

and there is little volatility in stocks and bonds during the overnight trading session. Based

on Figure 6, sophisticated traders are incentivized to trade closer to MNAs and obtain higher

risk-adjusted returns by avoiding risk. Viewed through the lens of the model, markets are

inefficient over time in the manner described in Section 5.1.

Panel A of Figure 6 also presents evidence that the risk-adjusted returns from trading

bonds are higher than those from trading stocks and particularly so in the hours prior to

MNAs. Panels B and C of Figure 6 show that the higher Sharpe ratios of bonds versus stocks

are completely driven by the lower return standard deviations of bonds versus stocks, which

offset the lower return means of the former asset. The data suggest that bonds are a safer

asset than stocks for the purpose of expressing an informational edge on macroeconomic

news reports. Such a conclusion is consistent with the intuition that orthogonal sources

of volatility play a more important role in stocks than bonds. For example, around the

26The results shown are for news reports of greater than 0.7 standard deviation in magnitude. Changing
the threshold does not substantively alter the results.
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time MNAs are released in the morning Eastern Time, earnings announcements are often

also released. Earnings announcements are unlikely to be related to the MNAs explored

in this paper. Earnings announcements are, however, much more likely to impact stocks

than bonds. Sophisticated traders acting on predictions of macroeconomic news reports

are plausibly more wary of trading stocks than bonds and being exposed to volatility from

earnings surprises. Based on Figure 6, sophisticated traders are incentivized to trade bonds

more intensely than stocks before MNAs and obtain higher risk-adjusted returns by avoiding

risk. Viewed through the lens of the model, markets are inefficient across assets in the manner

described in Section 5.2.

7 Trading on Market Inefficiency

7.1 Trading on the Predictable Component of Macroeconomic

News Reports

Market inefficiency is commonly associated with money being left on the table. How much

money do sophisticated traders leave on the table as a result of being deterred by risk from

trading their predictions of macroeconomic news reports into prices? Figure 7 plots the

annualized Sharpe ratios from implementable trading strategies that use the predictable

component of macroeconomic news reports derived from anchoring bias. The strategies take

positions in stocks (Panels A and B) and bonds (Panels C and D) starting some number of

days (Panels A and C) or minutes (Panels B and D) before MNAs. In stocks, the strategies

go long {short} before announcements of the top {bottom} x percentile of the predictable

component, with x indicated in the “Trade Threshold” axis. In bonds, the strategies go the

opposite direction. Positions are unwound 5 minutes after MNAs for stocks and 5 minutes

before MNAs for bonds.27 To account for transaction costs, I include the round-trip bid-ask

spread into calculations of the Sharpe ratios.28

The Sharpe ratios in Figure 7 are sizable. The maximum Sharpe ratio in stocks is 0.82

for trading strategies initiated in the days before MNAs and 0.65 for strategies initiated in

the hours before MNAs. For bonds, the maximum Sharpe ratio is even higher: 1.12 and 0.82

for strategies starting in the days and hours, respectively, before MNAs. It is notable that a

simple algorithm based on anchoring bias can present viable trading strategies. For market

27Based on Table 5, stocks but not bonds react to announcements of the predictable component. Thus,
optimal trading strategies based on the predictable component should hold through announcements for stocks
but not for bonds.

28For stocks (ES futures contract), the round-trip bid-ask spread is 0.25 point. For bonds (TY futures
contract), the round-trip bid-ask spread is 1/64 = 0.015625 point.
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participants with more powerful ways to predict macroeconomic news reports, the Sharpe

ratios in Figure 7 represent a lower bound of achievable risk-adjusted returns.

The results pose the question of why more traders do not go from being unsophisti-

cated to being sophisticated. Increasing the measure i of sophisticated traders in the model

makes asset prices more efficient and reduces the amount of money left on the table. A

more comprehensive extension of the model in which traders endogenously choose to become

sophisticated may shed light on this question. Alternatively, it is also possible that the seem-

ingly attractive risk-adjusted returns in Figure 7 are in fact misleading. First, the plotted

Sharpe ratios fluctuate considerably depending on the trade threshold and time of entry. In

that sense, the trading strategies are not particularly robust. Second, there are uncalculated

transaction costs such as price impact and trading commissions. Third, the Sharpe ratio

may not adequately capture the risk involved in trading around MNAs; for example, higher

return moments may reveal hidden risks.

7.1.1 Optimal Trade Timing

In addition to showing the profitability of trading on market inefficiency, Figure 7 illustrates

an important point about optimal trade timing. Front running is central to all the strategies

that have high Sharpe ratios: strategies that take positions right before MNAs have low or

negative risk-adjusted returns. In other words, it is better to trade earlier than to wait until

the last moment to trade the predictable component of macroeconomic news reports.

This result may seem at odds with a mantra of this paper that sophisticated traders

with an informational advantage about news reports are incentivized to trade later. In the

model, sophisticated traders recognize that they can obtain a higher risk-adjusted return by

trading late on information not yet impounded into prices. To this point, Figure 6 shows

that perfect foresight trading strategies yield the highest Sharpe ratios when implemented

immediately before MNAs. These Sharpe ratio calculations are based on real-world stock

and bond data in which perfect foresight has not been traded into prices.

In the model, after sophisticated traders trade, they make prices more efficient in the

late period than the early period. To an econometrician observing this equilibrium in which

information is already impounded into prices, the difference between the risk-adjusted re-

turns from trading late and trading early is diminished. Trading early is still riskier than

trading late. Trading early, however, also gives a higher return mean than trading late, since

sophisticated traders drive the return mean down more in the late period. The Sharpe ratios

calculated in Figure 7 are from trading the predictable component of news reports. The

predictable component is already (partly) impounded into stock and bond prices and more

so closer to MNAs. Though there is less risk from trading the predictable component later,
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there is even less reward. Hence, the most attractive risk-adjusted returns arise from front

running.

The above discussion gives insight to models of optimal trade timing in the informed

trading literature. One factor that affects timing is the number of informed traders. As

the number increases, strategic considerations come into play: each informed trader worries

about being front-run and is consequently incentivized to trade earlier (Holden and Sub-

rahmanyam (1992, 1994)). Another factor is the heterogeneity of private information. As

heterogeneity increases, each informed trader benefits from delaying trades to prevent others

from using prices to infer that part of the private information known only to him (Foster

and Viswanathan (1996) and Back, Cao, and Willard (2000)).

Consider the Sharpe ratios based on perfect foresight in Figure 6. These Sharpe ratios

are available to an informed trader who is the only possessor of his informational advantage.

The reason is that nobody in practice knows the exact values of unreleased news reports.

Thus, this scenario describes the case in which there is only the single informed trader, or

the informed trader has private information unrelated to that of other informed traders.

Existing models predict that, qualitatively, there is little rush to trade, which is borne out

in the data. Not rushing to trade is different from waiting to trade, however: these models

predict that trading is spread out over time, which is at odds with the data. My model

suggests that risk compels traders to wait to trade.

Now consider the Sharpe ratios based on the predictable component of news reports in

Figure 7. These Sharpe ratios are available to an informed trader who is one of many who

possess the same informational advantage. The reason is that other market participants can

and do trade the predictable component. Thus, this scenario describes the case in which

there are multiple informed traders and informed traders have homogeneous (or at least

not very heterogeneous) private information. The aforementioned literature predicts that,

qualitatively, there is a rush to trade, which is evidenced by the data. The rush to trade is

so strong in these models, however, that informed traders immediately and fully impound

their private information into prices. In contrast, the data reveal that even if trading the

predictable component immediately before announcements is unprofitable, doing so a few

hours earlier is still attractive. Once again, my model’s explanation is that traders are

influenced by risk to wait to trade.
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7.2 Trading on Overreaction and Return Reversal

There is intriguing evidence of another form of market inefficiency in the data. Table 7 tests

for overreaction around MNAs using regressions of return reversal in stocks and bonds:

postRt = α + βevtRt + εt.

In row x, the left-hand-side variable postRt is the cumulative post-announcement return

(in bps) from 5 minutes to x minutes after MNAs. The right-hand-side variable evtRt is

the ±5 minute announcement return (in bps) around MNAs. β̂ is negative and statistically

significant for stocks but close to zero and generally insignificant for bonds. Stocks decrease

{increase} up to 4.0 bps after a 10 bps positive {negative} announcement return. Bonds,

however, are essentially flat in the hours following a 10 bps positive {negative} announcement

return. The data show that stocks are less efficient than bonds in another important manner:

stocks display overreaction and subsequent return reversal, but bonds do not. Overreaction

creates attractive trading opportunities. Analogous to Figure 7, Figure 8 plots the annualized

Sharpe ratios inclusive of transaction costs from trading strategies that go short {long}
each asset after announcement returns above {below} positive {negative} thresholds. The

strategies initiate positions 5 minutes after MNAs and unwind positions some number of

minutes later. The Sharpe ratio is as high as 1.21 for stocks but zero or negative for bonds.

The above finding motivates a more comprehensive model. Brunnermeier (2005) provides

intuition for how such a model might look. In his work, sophisticated traders impound their

informational advantage into prices prior to a public announcement. Other, unsophisticated

market participants attempt to learn from pre-announcement prices what the sophisticated

traders know but are not able to do so perfectly, which leads to an overreaction to the

announcement. Sophisticated traders take advantage by front-running pre-announcement

and flipping post-announcement; that is, they follow the well-known Wall Street adage and

“buy the rumor and sell the news.”29 Kadan, Michaely, and Moulton (2014) find support

in the data for the theory: institutional investors buy before sell-side analyst upgrades and

sell when the upgrades are publicly announced. If, in my model, unsophisticated traders

attempt to extract from pre-announcement prices the information of sophisticated traders,

there is also overreaction and return reversal. The intuition is similar to that of Brunnermeier

(2005). The challenge, however, is to construct a model that simultaneously incorporates

overreaction and return reversal while preserving the other results shown in my research.

29If sophisticated traders’ advance knowledge indicates the value of the risky asset should be higher, they
buy the rumor and sell the news. Otherwise, they “sell the rumor and buy the news.”
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8 Conclusion

In this paper, I find novel evidence of sophisticated trading in a unique setting: stocks

and bonds around MNAs. The data suggest that sophisticated traders acquire their infor-

mational advantage via the homework channel and skillfully process public information to

predict macroeconomic news reports. In contrast, the literature generally attributes sophis-

ticated trading in various settings to (illegal) information leakage or is unable to specify the

mechanism by which sophisticated traders obtain their information.

Using these results, I show that stock and bond markets are inefficient around MNAs.

Over time, there is a late trading puzzle: the public information that predicts macroe-

conomic news reports is available days before announcements but inefficiently impounded

into stocks and bonds just hours before announcements. Across assets, there is a related

puzzle: by the announcement times, the public information that predicts news reports is

fully impounded into bonds but only partially impounded into stocks. Bonds eventually

become efficient, while stocks remain inefficient: stocks but not bonds react to announce-

ments of the predictable component of news reports and display return momentum between

pre-announcement and announcement returns.

I construct a model to explain the documented market inefficiency. The model provides

new insights into how sophisticated traders optimally trade and impound their informational

advantage into asset prices. In the model, sophisticated traders have risk management

concerns. If trading earlier is riskier than trading later, sophisticated traders wait to trade.

If trading one asset is riskier than trading another asset, sophisticated traders trade the safer

asset more intensely than the riskier asset. Consistent with the data, the model implies that,

in the time series, the information of sophisticated traders is impounded into asset prices

later when it is safer. Similarly, in the cross section, the information is impounded more

fully into safer assets such as bonds than riskier assets such as stocks.

My results are directly relevant for practitioners as well. As a result of being deterred by

risk from trading their predictions of macroeconomic news reports into prices, sophisticated

traders leave money on the table. Implementable trading strategies that exploit market

inefficiency yield sizable Sharpe ratios in bonds and stocks.

This paper has three other implications. First, any research that uses MNAs as the

empirical setting should take into account the presence of sophisticated traders. For exam-

ple, looking at the price adjustment of stocks and bonds in response to announcements of

macroeconomic news reports is misleading when a sizable fraction of the price adjustment

takes place before announcements. Second, market participants may be more knowledge-

able about the state of the economy than thought otherwise. How realistic, then, is the

32



asymmetric information assumption of monetary policy models that central banks have an

informational advantage about the economy over other agents? Finally, if markets are in-

efficient in a controlled setting such as around MNAs, markets may be similarly inefficient

in many other settings. The two ingredients for market inefficiency in my research are that

unsophisticated traders fail to recognize market inefficiency, and sophisticated traders rec-

ognize market inefficiency but fail to act due to risk. It is plausible that both ingredients

are present in other settings.

There are a number of directions for future work. Most intriguingly, features of the data

suggest that factors aside from risk influence informed trading: the number of informed

traders, the heterogeneity of private information, and the strategic behavior of the informed

who take advantage of the uninformed. Incorporating all these factors into a more sophisti-

cated theory is challenging but promises to deepen our understanding of the price discovery

process.
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Tables and Figures

Table 1: Full Sample of MNAs. Freq. refers to monthly (M) or weekly (W). Source uses the following acronyms:
BEA, Bureau of Economic Analysis; BLS, Bureau of Labor Statistics; CB, Conference Board; Census, Census Bureau; ETA,
Employment and Training Administration; Fed, Federal Reserve Board of Governors; ISM, Institute for Supply Management;
and NAR, National Association of Realtors.

Event Name Units N Start End Freq. Source Time (ET) Sign

Change in Nonfarm Payrolls Thousands 129 07/03/2003 03/07/2014 M BLS 8:30 AM 1
Consumer Confidence Index 110 07/29/2003 03/25/2014 M CB 10:00 AM 1
CPI % ch. mom 129 07/16/2003 03/18/2014 M BLS 8:30 AM 1
Durable Orders % ch. mom 129 07/25/2003 03/26/2014 M Census 8:30 AM 1
Existing Home Sales Millions 73 04/25/2005 03/20/2014 M NAR 10:00 AM 1
Factory Orders % ch. mom 69 07/02/2003 03/06/2014 M Census 10:00 AM 1
Housing Starts Millions 127 07/17/2003 03/18/2014 M Census 8:30 AM 1
Industrial Production % ch. mom 35 09/15/2003 03/17/2014 M Fed 9:15 AM 1
Initial Jobless Claims Thousands 561 07/03/2003 03/27/2014 W ETA 8:30 AM -1
ISM Manufacturing Index 84 09/02/2003 03/03/2014 M ISM 10:00 AM 1
ISM Non-Manufacturing Index 81 08/05/2003 03/05/2014 M ISM 10:00 AM 1
Leading Index Index 28 07/21/2003 03/20/2014 M CB 10:00 AM 1
New Home Sales Thousands 51 10/27/2003 03/25/2014 M Census 10:00 AM 1
Pending Home Sales % ch. mom 58 06/01/2005 03/27/2014 M NAR 10:00 AM 1
Personal Income % ch. mom 128 08/01/2003 03/28/2014 M BEA 8:30 AM 1
PPI % ch. mom 129 07/11/2003 03/14/2014 M BLS 8:30 AM 1
Retail Sales % ch. mom 129 07/15/2003 03/13/2014 M Census 8:30 AM 1
Unemployment Rate % rate 129 07/03/2003 03/07/2014 M BLS 8:30 AM -1

38



Table 2: Summary Statistics of the Pre-Announcement Conditional Drift in Stocks and Bonds. Panels A and B
present summary statistics for stocks (front ES futures contract) and bonds (front TY futures contract), respectively. Row −x
corresponds to the cumulative pre-announcement return (in bps) from x minutes to 5 minutes before MNAs. Row 0 corresponds
to the ±5 minute announcement return (in bps) around MNAs. The “Full Sample” columns include the full sample of MNAs.
The “News Report > 1” columns include only the MNAs with greater than 1 standard deviation positive news reports; that
is, NRt > 1. The “News Report < −1” columns include only the MNAs with less than 1 standard deviation negative news
reports; that is, NRt < −1. NRt measures the informational content of MNAs and is defined in Figure 1.

Panel A: Stocks

Full Sample News Report > 1 News Report < −1
(n = 2179) (n = 291) (n = 286)

Mean Std. Dev. t-stat Mean Std. Dev. t-stat Mean Std. Dev. t-stat

-720 4.5 52.0 4.1 10.4 60.3 2.9 2.3 57.0 0.7
-660 4.3 51.2 3.9 9.1 60.0 2.6 2.4 53.8 0.8
-600 4.3 48.9 4.1 9.5 57.2 2.8 2.8 51.2 0.9
-540 4.7 48.4 4.5 10.4 57.3 3.1 2.9 50.4 1.0
-480 4.5 48.3 4.4 10.9 55.7 3.4 1.8 48.6 0.6
-420 3.7 48.4 3.5 10.8 55.2 3.3 0.2 45.2 0.1
-360 2.9 46.3 2.9 7.7 54.8 2.4 -0.5 41.9 -0.2
-300 1.8 42.7 1.9 8.3 50.2 2.8 -1.6 40.5 -0.7
-240 1.2 40.0 1.4 6.7 47.6 2.4 -1.4 38.0 -0.6
-180 0.5 34.6 0.7 5.1 39.5 2.2 -2.2 33.6 -1.1
-120 0.9 30.4 1.4 3.6 38.8 1.6 -0.6 30.8 -0.3
-60 0.3 23.3 0.6 3.0 29.1 1.8 0.7 24.2 0.5

0 1.1 26.7 1.9 8.7 29.3 5.1 -15.5 34.2 -7.7
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Panel B: Bonds

Full Sample News Report > 1 News Report < −1
(n = 2179) (n = 291) (n = 286)

Mean Std. Dev. t-stat Mean Std. Dev. t-stat Mean Std. Dev. t-stat

-720 -0.5 19.8 -1.2 -3.1 19.4 -2.8 2.6 20.4 2.1
-660 -0.7 19.3 -1.6 -3.4 19.3 -3.0 2.6 19.7 2.2
-600 -0.9 19.0 -2.2 -3.7 19.1 -3.3 2.1 19.3 1.9
-540 -1.0 18.9 -2.4 -3.7 19.3 -3.3 2.3 19.0 2.1
-480 -1.2 18.4 -3.0 -4.0 19.2 -3.6 2.1 18.5 1.9
-420 -1.0 17.9 -2.7 -3.9 18.4 -3.6 2.0 18.4 1.9
-360 -0.8 16.8 -2.2 -3.0 16.7 -3.1 2.8 17.3 2.7
-300 -0.8 16.0 -2.2 -3.4 16.6 -3.5 2.5 17.6 2.6
-240 -0.8 15.0 -2.5 -3.0 15.8 -3.3 2.0 17.2 2.0
-180 -0.8 14.0 -2.6 -3.2 15.9 -3.4 1.3 15.8 1.4
-120 -0.7 12.5 -2.7 -2.3 14.0 -2.8 1.5 14.5 1.8
-60 -0.7 9.2 -3.7 -2.0 10.4 -3.3 0.3 10.3 0.6

0 0.2 19.3 0.5 -8.5 21.0 -6.9 11.4 23.6 8.2
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Table 3: Regressions of the Pre-Announcement Conditional Drift in Stocks and
Bonds. The table shows results from regressions of pre-announcement and announcement
stock (front ES futures contract) and bond (front TY futures contract) returns on the news
report variable NRt. Regressions are run on the full sample of MNAs, and n = 2179.
Panels A and B represent different regression specifications: Rt = α + βNRt + εt, and
Rt = α + β+D+

t + β−D−
t + εt, respectively. In row −x, the left-hand-side variable Rt is the

cumulative pre-announcement return (in bps) from x minutes to 5 minutes before MNAs.
In row 0, the left-hand-side variable Rt is the ±5 minute announcement return (in bps)
around MNAs. NRt measures the informational content of MNAs and is defined in Figure
1. D+

t and D−
t are dummy variables equal to 1 if NRt > 1 and NRt < −1, respectively, and

zero otherwise. t-statistics (not shown) are based on heterosckedasticity-consistent standard
errors. *** denotes significance at the 1% level, ** denotes significance at the 5% level, and
* denotes significance at the 10% level.

Panel A: Regressions of the Form Rt = α + βNRt + εt

Stocks Bonds

β̂ (bps) α̂ (bps) R2
adj (%) β̂ (bps) α̂ (bps) R2

adj (%)

-720 1.8 4.5*** 0.07 -1.4*** -0.5 0.50
-660 1.5 4.3*** 0.04 -1.5*** -0.7 0.60
-600 1.4 4.3*** 0.04 -1.5*** -0.9** 0.58
-540 1.5 4.7*** 0.05 -1.5*** -1.0** 0.63
-480 2.0* 4.5*** 0.13 -1.5*** -1.2*** 0.67
-420 2.3** 3.6*** 0.18 -1.5*** -1.0*** 0.71
-360 1.9* 2.8*** 0.12 -1.5*** -0.8** 0.74
-300 2.3*** 1.7* 0.26 -1.5*** -0.7** 0.84
-240 1.9** 1.1 0.19 -1.3*** -0.8** 0.70
-180 1.8** 0.5 0.24 -1.2*** -0.8** 0.75
-120 1.0 0.9 0.06 -1.1*** -0.7*** 0.75
-60 0.8* 0.3 0.08 -0.7*** -0.7*** 0.60

0 6.7*** 1.0* 6.34 -5.3*** 0.3 7.66
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Panel B: Regressions of the Form Rt = α + β+D+
t + β−D−

t + εt

Stocks Bonds

β̂+ (bps) β̂− (bps) α̂ (bps) R2
adj (%) β̂+ (bps) β̂− (bps) α̂ (bps) R2

adj (%)

-720 6.6** -1.5 3.9*** 0.12 -2.6** 3.1** -0.6 0.47
-660 5.4* -1.3 3.7*** 0.05 -2.6** 3.3*** -0.8 0.54
-600 5.8* -0.9 3.7*** 0.08 -2.8** 3.0** -0.9* 0.54
-540 6.4** -1.1 4.0*** 0.13 -2.7** 3.4*** -1.1** 0.61
-480 7.1** -2.1 3.9*** 0.20 -2.8** 3.3*** -1.3*** 0.64
-420 7.8** -2.7 3.0** 0.28 -2.8** 3.1*** -1.1** 0.63
-360 5.1* -3.1 2.6** 0.13 -2.0* 3.8*** -1.0** 0.77
-300 7.2*** -2.8 1.2 0.32 -2.6** 3.3*** -0.8** 0.81
-240 6.1** -2.0 0.6 0.23 -2.1** 2.9*** -0.9** 0.67
-180 4.9** -2.4 0.2 0.23 -2.5*** 2.1** -0.7** 0.60
-120 3.0 -1.2 0.7 0.05 -1.5* 2.4*** -0.8*** 0.56
-60 3.3** 1.0 -0.3 0.13 -1.3** 1.0* -0.7*** 0.35

0 6.0*** -18.2*** 2.7*** 6.38 -8.2*** 11.6*** -0.2 7.08
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Table 4: Predicting Macroeconomic News Reports. For each type of MNA, the
corresponding row runs the regression ˜NRt = κ+γ

(
Ft − Ah

)
+εt. The unstandardized news

report variable ÑRt = σ̂NRt measures the informational content of a given data release,
with σ̂ and NRt both defined in Figure 1. For the same data release, Ft is the median
forecasted value from a survey of economists, and Ah is the historical average of the past h
realizations. Regressions are run for the specifications h = 1 and h = 3. To avoid look-ahead
bias, I estimate the regression in a dynamic manner over a changing window (see Fn. (21)
for details). For each type of MNA, the output is two series of γ̂, which correspond to the
h = 1 and h = 3 specifications. As indicated in the “Anchor” column, the table displays the
results corresponding to the specification that more frequently has a higher adjusted R2.

Event Name Anchor Mean γ̂ Std. Dev. γ̂ Max. γ̂ Min. γ̂

Change in Nonfarm Payrolls 1 -0.12 0.01 -0.09 -0.16
Consumer Confidence 1 0.69 0.06 0.87 0.57
CPI 3 0.17 0.02 0.24 0.14
Durable Orders 3 0.41 0.03 0.48 0.35
Existing Home Sales 1 0.31 0.08 0.54 0.13
Factory Orders 3 0.05 0.02 0.08 0.03
Housing Starts 1 0.31 0.05 0.38 0.16
Industrial Production 3 0.31 0.06 0.47 0.20
Initial Jobless Claims 1 -0.12 0.02 -0.08 -0.16
ISM Manufacturing 3 0.17 0.07 0.37 0.09
ISM Non-Manufacturing 1 0.47 0.08 0.61 0.34
Leading Index 3 0.21 0.02 0.27 0.18
New Home Sales 1 0.40 0.13 0.88 0.29
Pending Home Sales 3 0.28 0.09 0.46 -0.08
Personal Income 3 0.04 0.05 0.17 0.00
PPI 3 0.33 0.03 0.42 0.28
Retail Sales 1 0.18 0.02 0.22 0.16
Unemployment Rate 3 -0.01 0.09 0.11 -0.17
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Table 5: Regressions of Stock and Bond Returns on the Predictable and Unpredictable Components of Macroe-
conomic News Reports. The table shows results from regressions of pre-announcement and announcement stock (front ES
futures contract) and bond (front TY futures contract) returns on the predictable and unpredictable components of news re-
ports NRp,t and NRu,t, respectively: Rt = α + βpNRp,t + βuNRu,t + εt. Regressions are run on the full sample of MNAs, and
n = 2108. In row −x, the left-hand-side variable Rt is the cumulative pre-announcement return (in bps) from x minutes to 5
minutes before MNAs. In row 0, the left-hand-side variable Rt is the ±5 minute announcement return (in bps) around MNAs.
For each type of MNA, NRp,t is the one-step-ahead forecast of the corresponding regression in Table 4 divided by the σ̂ defined
in Figure 1. NRu,t is the regression residual divided by σ̂. t-statistics (not shown) are based on heterosckedasticity-consistent
standard errors. *** denotes significance at the 1% level, ** denotes significance at the 5% level, and * denotes significance at
the 10% level.

Stocks Bonds

β̂p (bps) β̂u (bps) α̂ (bps) R2
adj (%) β̂p (bps) β̂u (bps) α̂ (bps) R2

adj (%)

-720 4.7 1.6 4.3*** 0.06 -6.0*** -1.2*** -0.3 0.95
-660 4.2 1.4 4.1*** 0.03 -5.7*** -1.3*** -0.5 1.00
-600 3.5 1.3 4.2*** 0.01 -5.6*** -1.3*** -0.7 0.98
-540 2.7 1.2 4.5*** -0.01 -4.9*** -1.3*** -0.8* 0.88
-480 5.0 1.5 4.1*** 0.07 -5.1*** -1.3*** -1.0** 0.94
-420 5.5 1.7 3.2*** 0.12 -5.4*** -1.2*** -0.8** 1.07
-360 4.1 1.4 2.4** 0.05 -5.0*** -1.2*** -0.5 1.09
-300 5.2* 1.7* 1.3 0.17 -4.5*** -1.3*** -0.6 1.11
-240 3.7 1.3 0.9 0.08 -3.7*** -1.1*** -0.7** 0.86
-180 5.7** 1.4* 0.2 0.26 -4.1*** -1.0*** -0.6** 1.07
-120 3.6 1.0 1.0 0.11 -3.3*** -1.0*** -0.6** 1.03
-60 3.0* 0.3 0.1 0.06 -2.0*** -0.6*** -0.7*** 0.68

0 5.0*** 6.4*** 0.9 5.81 -2.3 -5.5*** 0.2 7.73
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Table 6: Regressions of Return Momentum in Stocks and Bonds. The table shows
results from regressions of announcement returns on pre-announcement returns for stocks
(front ES futures contract) and bonds (front TY futures contract): evtRt = α+βpreRt + εt.
Regressions are run on the full sample of MNAs, and n = 1705. The left-hand-side variable
evtRt is the ±5 minute announcement return (in bps) around MNAs. The right-hand-
side variable preRt in row −x is the cumulative pre-announcement return (in bps) from x
minutes to 5 minutes before MNAs. t-statistics (not shown) are based on heterosckedasticity-
consistent standard errors. *** denotes significance at the 1% level, ** denotes significance
at the 5% level, and * denotes significance at the 10% level.

Stocks Bonds

β̂ (bps) α̂ (bps) R2
adj (%) β̂ (bps) α̂ (bps) R2

adj (%)

-720 0.03** 1.06* 0.26 0.00 -0.04 -0.06
-660 0.03** 1.05* 0.30 0.01 -0.03 -0.05
-600 0.02** 1.07* 0.20 0.00 -0.03 -0.06
-540 0.03** 1.04* 0.28 0.01 -0.03 -0.04
-480 0.03*** 1.02* 0.42 0.02 -0.02 -0.02
-420 0.05*** 1.00* 0.94 0.02 -0.02 -0.02
-360 0.06*** 1.00* 1.34 0.03 -0.02 0.01
-300 0.06*** 1.06* 1.10 0.03 -0.02 0.05
-240 0.06*** 1.11* 0.94 0.03 -0.02 0.00
-180 0.05*** 1.17* 0.38 0.03 -0.02 -0.01
-120 0.02 1.17* -0.01 0.03 -0.02 0.01
-60 0.05** 1.17* 0.18 0.01 -0.03 -0.05
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Table 7: Regressions of Return Reversal in Stocks and Bonds. The table shows
results from regressions of post-announcement returns on announcement returns for stocks
(front ES futures contract) and bonds (front TY futures contract): postRt = α+βevtRt+εt.
Regressions are run on the full sample of MNAs, and n = 1705. In row x, the left-hand-side
variable postRt is the cumulative post-announcement return (in bps) from 5 minutes to x
minutes after MNAs. The right-hand-side variable evtRt is the ±5 minute announcement
return (in bps) around MNAs. t-statistics (not shown) are based on heterosckedasticity-
consistent standard errors. *** denotes significance at the 1% level, ** denotes significance
at the 5% level, and * denotes significance at the 10% level.

Stocks Bonds

β̂ (bps) α̂ (bps) R2
adj (%) β̂ (bps) α̂ (bps) R2

adj (%)

60 -0.04 -0.32 0.04 0.03* 0.41 0.12
120 -0.20*** -1.24 0.89 0.00 0.85* -0.06
180 -0.29*** -1.87 1.39 0.04 1.11** 0.01
240 -0.27*** -1.06 1.00 0.06 0.96 0.09
300 -0.30*** 0.35 1.01 0.06 0.63 0.08
360 -0.40*** 0.58 1.18 0.04 1.06 -0.01
420 -0.37*** 0.60 0.84 0.05 1.26 0.02
480 -0.35*** 1.38 0.62 0.05 1.49* 0.01
540 -0.35*** 0.30 0.60 0.04 1.29 -0.01
600 -0.34*** 0.22 0.56 0.04 1.33* -0.02
660 -0.34*** 0.15 0.55 0.03 1.51* -0.03
720 -0.32*** 0.25 0.50 0.03 1.58** -0.04
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Figure 1: Time Series of Macroeconomic News Reports. Figure plots the news report variable NRt for the full sample
of MNAs. For a given MNA, the news report variable is the announced data less the forecasted data based on a Bloomberg
survey of economists, all normalized by the sample standard deviation of the announced less the forecasted difference for that
MNA: NRt = (At − Ft) /σ̂.
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Figure 2: Intraday Stock and Bond Dollar Volumes on Days with MNAs. Panels A and B plot the intraday
minute-by-minute and cumulative dollar volumes for stocks (front ES futures contract) and bonds (front TY futures contract),
respectively. The values are averaged across all days in the sample that have MNAs. The three dashed vertical lines correspond
to 8:30 AM, 9:15 AM, and 10:00 AM ET.

Panel A: Stocks
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Panel B: Bonds
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Figure 3: The Pre-Announcement Conditional Drift in Stocks and Bonds. Panels A and B plot the mean cumulative
return (in bps) starting 360 minutes before MNAs for stocks (front ES futures contract) and bonds (front TY futures contract),
respectively. “Full Sample” includes the full sample of MNAs. “News Report > 1” includes only the MNAs with greater than
1 standard deviation positive news reports; that is, NRt > 1. “News Report < −1” includes only the MNAs with less than 1
standard deviation negative news reports; that is, NRt < −1. NRt measures the informational content of MNAs and is defined
in Figure 1.

Panel A: Stocks

50



Panel B: Bonds
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Figure 4: Timelines of Events in the Model. Panels A and B plot the timelines of events in the model with one risky
asset and two risky assets, respectively.

Panel A: Model with One Risky Asset
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Panel B: Model with Two Risky Assets
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Figure 5: Price(s) of the Risky Asset(s) in the Model. Panels A and B plot the average cum-dividend price(s) of the
risky asset(s) in the model with one risky asset and the model with two risky assets (a and b), respectively. I assume that the
news report is good for the risky asset(s): n > 0 in Panel A, and na > 0 and nb > 0 in Panel B; otherwise, flip the figures. In
both panels, the i = 1 and i ∈ (0, 1) lines correspond to the case when all traders are sophisticated and the case when measure
i of traders are sophisticated, respectively. In Panel A, the risky asset price starts at 0 and ends at the efficient-market level
αn. In Panel B, the prices of a and b start at 0 and end at the efficient-market levels αana and αbnb, respectively. I scale the
parameters such that αana = αbnb (see Section 6.2). α, αa, and αb are defined in Appendix B as functions of model parameters.

Panel A: Model with One Risky Asset
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Panel B: Model with Two Risky Assets
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Figure 6: Trading on Perfect Foresight of Macroeconomic News Reports. Panel A plots the annualized Sharpe
ratios from trading strategies based on perfect foresight of macroeconomic news reports. Panel B decomposes the Sharpe ratios
into the annualized standard deviations and the annualized means. For a given −x on the x-axis, the trading strategies take
positions in stocks and bonds starting x days or minutes before MNAs. In stocks (front ES futures contract), the strategies go
long {short} before positive {negative} news reports of greater than 0.7 standard deviation in magnitude; that is, |NRt| > 0.7.
In bonds (front TY futures contract), the strategies go the opposite direction. In both stocks and bonds, positions are unwound
5 minutes after MNAs. NRt measures the informational content of MNAs and is defined in Figure 1.

Panel A: Annualized Sharpe Ratios
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Panel B: Annualized Standard Deviations
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Panel C: Annualized Means
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Figure 7: Trading on the Predictable Component of Macroeconomic News Reports with Transaction Costs.
The figure plots the annualized Sharpe ratios from trading strategies based on the predictable component of macroeconomic
news reports NRp,t defined in Table 5. The strategies take positions in stocks (Panels A and B) and bonds (Panels C and
D) starting some number of days (Panels A and C) or minutes (Panels B and D) before MNAs. In stocks (front ES futures
contract), the strategies go long {short} before the top {bottom} “Trade Threshold” percentile of NRp,t. In bonds (front TY
futures contract), the strategies go the opposite direction. Positions are unwound 5 minutes after MNAs for stocks and 5 minutes
before MNAs for bonds.

Panel A: Stocks in the Days before MNAs
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Panel B: Stocks in the Hours before MNAs
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Panel C: Bonds in the Days before MNAs
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Panel D: Bonds in the Hours before MNAs
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Figure 8: Trading on Return Reversal after MNAs with Transaction Costs. The figure plots the annualized Sharpe
ratios from trading strategies based on return reversal after MNAs. The strategies take positions in stocks (front ES futures
contract) and bonds (front TY futures contract) starting 5 minutes after MNAs. In both assets, the strategies go short {long}
after the top {bottom} “Trade Threshold” percentile of ±5 minute announcement returns. Positions are unwound the indicated
number of minutes after MNAs.

Panel A: Stocks
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Panel B: Bonds
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Appendix A: Empirics

A.1 Intraday Stock and Bond Dollar Volume

Figure A.1 uses volume data to illustrate ES and TY liquidity on days without MNAs. Panels

A and B plot the intraday, minute-by-minute and cumulative dollar volumes for stocks and

bonds, respectively. The values are averaged across all days in the sample without MNAs.

The three dashed vertical lines correspond to 8:30 AM, 9:15 AM, and 10:00 AM ET when

MNAs are announced on the days that have such announcements. For both assets, there

are negligible or moderate increases in trading activity corresponding to these timestamps.30

Days without MNAs have substantial liquidity: the average daily cumulative dollar volumes

for stock and bond futures are on the order of $100 billion.

Figure A.2 compares the liquidity between days in the sample with and without MNAs.

For both ES and TY, the dollar volumes are greater in the former case than the latter

case. The differences in liquidity are particularly large on and immediately after timestamps

associated with MNAs; for example, the differences are over $250 million per minute for ES

futures and over $700 million per minute for TY futures around 8:30 AM ET. Days with

MNAs are more liquid even in the early morning hours, though the differences are small in

magnitude. The average daily cumulative dollar volumes for days with MNAs are over $8

billion higher for stock futures and $14 billion higher for bond futures compared to those for

days without MNAs.

A.2 Order Imbalances

To classify trades into buys and sells and compute order imbalances, I use the bulk volume

classification (BVC) approach developed by Easley, López de Prado, and O’Hara (2013).

This trade classification algorithm addresses the challenges presented by modern financial

markets dominated by high frequency trading. For example, buying and selling pressure are

increasingly less likely to be manifest in aggressive trades (lifting the offer or hitting the bid)

and more likely to be manifest in passive trades (such as sitting on the bid or offer). Based

on papers such as Easley, López de Prado, and O’Hara (2013) and Panayides, Shohfi, and

Smith (2014), the BVC algorithm often outperforms other trade classification algorithms

such as that of Lee and Ready (1991). The BVC technique compares favorably in both

the correct classification of trades into buys and sells and in identifying order flow linked to

underlying information.

30The fact that there are any increases at all is due to the sample selection. What I call days without
MNAs are actually days without MNAs from Table 1. There are a few types of MNAs not included in Table
1 that occur on these days and drive increases in trading activity.
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The implementation of the BVC algorithm is straightforward: aggregate trades over

some interval and split the trades into buys and sells based on the standardized price change

between the start and end of the interval. Specifically, for every minute interval τ in which

there are trades, I split the volume Vτ into estimated buys V̂ B
τ and sells V̂ S

τ :

V̂ B
τ =V × t

(
Pτ − Pτ−1

σ∆P

, df

)
, and

V̂ B
τ =V − V̂ S

τ .

Pτ is the close price of interval τ , σ∆P is the standard deviation of Pτ −Pτ−1 estimated from

July 2003 to March 2014, and t (·) is the CDF of the Student’s t distribution with df degrees

of freedom. Consistent with Easley, López de Prado, and O’Hara (2013), I set df = 0.25.

For a longer interval T that covers some number of minute intervals τi, the estimated buys

V̂ B
T =

∑
i V̂

B
τi

, the estimated sells V̂ S
T =

∑
i V̂

S
τi

, and the total volume VT = V̂ B
T + V̂ S

T . The

order imbalance for interval T is

ÔIT =
V̂ B
T − V̂ S

T

VT
.

The order imbalance multiplied by the volume gives the estimated excess volume of buys or

sells.

Analogous to Table 2, I calculate summary statistics of order imbalances in Table A.1.

Row −x corresponds to the pre-announcement order imbalance (in bps) from x minutes

to 5 minutes before MNAs. Row 0 corresponds to the ±5 minute announcement order

imbalance (in bps) around MNAs. Panel A presents summary statistics for stocks. In the

“Full Sample of MNAs,” there are unconditionally positive buy order imbalances both in the

10-minute window around announcements (mean of 50.6 bps) and in the pre-announcement

period (mean of up to 22.0 bps).31 As shown in the “News Report > 1” and “News Report

< −1” columns, the announcement order imbalance of stocks is positive (mean of 453.3

bps) for greater than 1 standard deviation positive news reports and negative (mean of

−808.5 bps) for less than 1 standard deviation negative news reports. The announcement

order imbalance is preceded by the pre-announcement order imbalance in the same direction.

There is a positive buy order imbalance (up to 60.7 bps on average) in the hours prior to

greater than 1 standard deviation positive news reports and a negative sell order imbalance

(up to −4.7 bps on average) in the hours prior to less than 1 standard deviation negative

news reports.

31These two results correspond to the announcement premium of stocks around MNAs and pre-
announcement drift of stocks before MNAs, respectively. See Fn. (11) and Fn. (12), respectively.
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Panel B presents analogous summary statistics for bonds. In the “Full Sample” of MNAs

in Panel B of Table A.1, there are unconditionally negative sell order imbalances on an-

nouncements (mean of −21.1 bps) and before announcements (mean of up to −35.2 bps).32

Opposite that of stocks, the order imbalance of bonds is negative (mean of −787.8 bps)

on announcements of greater than 1 standard deviation positive news reports and positive

(mean of 868.2 bps) on announcements of less than 1 standard deviation negative news re-

ports. Identical to the case of stocks, however, the announcement order imbalance of bonds

is preceded by the pre-announcement order imbalance of bonds in the same direction. There

is a negative sell order imbalance (up to −91.4 bps on average) in the hours prior to greater

than 1 standard deviation positive news reports and a positive buy order imbalance (up

to 7.5 bps on average) in the hours prior to less than 1 standard deviation negative news

reports.

Table A.2 shows that the pre-announcement conditional pattern in the order imbalance

is statistically significant. Panel A runs regressions of pre-announcement and announcement

order imbalances on the news report variable NRt:

ÔIT,t = α + βNRt + εt.

In row −x, the left-hand-side variable ÔIT,t is the pre-announcement order imbalance (in

bps) for interval T from x minutes to 5 minutes before MNAs. In row 0, ÔIT,t is the

announcement order imbalance (in bps) for interval T covering the ±5 minutes around

MNAs. The coefficient β measures the order imbalance sensitivity to a 1 standard deviation

news report. For both assets, β̂ in row 0 is statistically significant: the order imbalance of

stocks increases {decreases} 357.7 bps more and that of bonds decreases {increases} 498.4 bps

more in the 10 minutes around announcements of 1 standard deviation positive {negative}
news reports. For rows −x, the majority of the β̂ for stocks and all the β̂ for bonds are

statistically significant: the order imbalance of stocks increases {decreases} up to 15.9 bps

more and that of bonds decreases {increases} up to 24.4 bps more before announcements of

1 standard deviation positive {negative} news reports.

In Panel B, I evaluate how news reports impact order imbalances in a different regression

specification:

ÔIT,t = α + β+D+
t + β−D−

t + εt.

32The former result is statistically insignificant, consistent with the lack of an announcement premium
for bonds around MNAs. The latter result is statistically significant, consistent with the presence of the
pre-announcement drift of bonds before MNAs. See Fn. (13).
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D+
t and D−

t are dummy variables equal to 1 if NRt > 1 and NRt < −1, respectively, and

ÔIT,t is as defined above. The coefficients β+ and β− measure the order imbalance sensitivity

to large magnitude news reports that are positive and negative, respectively. For both assets,

β̂+ and β̂− in row 0 are statistically significant: the order imbalance of stocks increases 322.4

bps {decreases 939.3 bps} more and that of bonds decreases 747.2 bps {increases 908.8

bps} more for announcements of greater than 1 standard deviation positive {negative} news

reports.33 For rows −x, the majority of the β̂+ but none of the β̂− for stocks and almost all

the β̂+ and β̂− for bonds are statistically significant: the order imbalance of stocks increases

up to 44.8 bps {decreases up to 20.2 bps} more and that of bonds decreases up to 61.2 bps

{increases up to 34.4 bps} more before announcements of greater than 1 standard deviation

positive {negative} news reports.34

Panels A and B of Figure A.3 graphically illustrate the pre-announcement conditional

pattern in the order imbalance for stocks and bonds, respectively. I plot the mean order

imbalance (in bps) for the indicated time intervals on the x-axes starting 360 minutes before

MNAs. First, consider the results for stocks in Panel A. In the hours before announcements,

the order imbalance is lowest before less than 1 standard deviation negative news reports,

intermediate before announcements in general, and highest before greater than 1 standard

deviation positive news reports. Parallel results hold for bonds in Panel B. In the hours before

announcements, the order balance is highest before less than 1 standard deviation negative

news reports, intermediate before announcements in general, and lowest before greater than

1 standard deviation positive news reports. The pre-announcement conditional pattern in

the order imbalance, in addition to the pre-announcement conditional drift, provides support

for sophisticated trading in stocks and bonds around MNAs.

A.3 Alternative Tests for Anchoring Bias

In Section 4, I estimate the anchoring bias regression in Eq. (5) for each type of MNA

separately. The results are robust to a battery of tests. In particular, the results hold when

I estimate the the regression using different anchors and different windows. As indicated

in the “Anchor” columns of Table A.3, the alternative tests use the h = 1 anchor (last

actual data release), h = 3 anchor (average of the last 3 actual data releases), or “Best”

anchor (anchor that more frequently has a higher adjusted R2 or anchor that has a higher

33See Fn. (14) for discussion of the asymmetry in stocks.
34For stocks in Panels A and B, the row 0 α̂ is positive and statistically significant. This corresponds to

the announcement premium for stocks around MNAs referenced in Fn. (11). The row −x α̂ is also positive
and generally statistically significant. This is the pre-announcement drift of stocks before MNAs referenced
in Fn. (12). For bonds, the row 0 α̂ is statistically insignificant, but the row −x α̂ is negative and generally
statistically significant. As discussed in Fn. (13), there is no announcement premium for bonds around
MNAs, but there is a pre-announcement drift of bonds before MNAs.
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adjusted R2 in each iteration). As indicated in the “Window” columns of Table A.3, the

alternative tests extend the rolling regression window back the listed number of years, with

“All” corresponding to the earliest available date with data. The results in Table 4 covered

in the body of this paper correspond to the “Best” anchor (anchor that more frequently has

a higher adjusted R2), “All” window specification. Other specifications yield results similar

to those in Table 4: for most types of MNAs, the mean of γ̂ is positive and large relative to

the standard deviation.

I also estimate the anchoring bias regression grouping all MNAs together. To do so, I

standardize the independent and dependent variables in Eq. (5) by dividing by σ̂ such that

the variables are in the same (standardized) units across different types of MNAs:

NRt = κ+ γ

(
Ft − Ah

σ̂

)
+ εt. (11)

The left-hand-side variable is just the news report variable NRt. I estimate the above

regression using the different anchors and different windows listed in Table A.3. Table A.4

shows the mean, standard deviation, maximum, and minimum of γ̂ for the various tests.35

As in the case without grouping all MNAs together, the case with grouping yields positive γ̂

means that are large relative to the standard deviations. Based on both cases, economists’

forecasts exhibit anchoring bias, and differences between economists’ forecasts and past data

realizations predict macroeconomic news reports.

A.4 Alternative Constructions of the Predictable and Unpredictable

Components of News Reports

Appendix A.3 shows that various specifications of the anchoring bias regression predict

macroeconomic news reports. Accordingly, there are many ways to construct the pre-

dictable and unpredictable components of the news report variable. I run regressions of

pre-announcement (corresponding to Eq. (6)) and announcement (corresponding to Eq.

(7)) stock and bond returns on alternative constructions of these two components.

When MNAs are not grouped together, the regression results are similar to those in Table

5, so I do not report the estimated coefficients. In other words, the results in Table 5 are

robust. In the pre-announcement return regressions, β̂p is positive for stocks, negative for

bonds, and statistically significant for both assets: stocks increase {decrease} and bonds

decrease {increase} in the hours before news reports predicted to be positive {negative}.
This finding suggests that, around MNAs, markets are inefficient over time, as I discuss

in Section 5.1. In the announcement return regressions, β̂p is statistically significant for

35The “Best” anchor specifications use the anchor that has a higher adjusted R2 in each iteration.
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stocks but not for bonds: stocks but not bonds react to announcements of the predictable

component. This finding suggests that, around MNAs, markets are inefficient across assets,

as I discuss in Section 5.2.

When the MNAs are grouped together, the regression results are similar to those in Table

A.5. In this table, I construct NRp,t as the one-step-ahead forecast of the “Best” anchor

(anchor that has a higher adjusted R2 in each iteration), “1 year” window specification

of the anchoring bias regression. NRu,t is the regression residual. The results of Table

A.5 are generally similar to those in Table 5. In the pre-announcement return regressions,

for example, β̂p is positive for stocks, negative for bonds, and statistically significant for

both assets. There is still a “late trading puzzle” over time. In the announcement return

regressions, however, β̂p is now statistically insignificant for stocks and bonds, so it appears

that neither asset reacts to announcements of the predictable component. This finding (or

lack thereof) calls into question whether it is the case that, before announcements, the

predictable component of news reports is fully impounded into bonds but only partially

impounded into stocks. It may be that the predictable component is fully impounded into

both assets. Nonetheless, there is other, independent evidence that stocks are less efficient

than bonds. As shown in Section 5.2, stocks but not bonds display return momentum

between pre-announcement and announcement returns.

Appendix B: Model

B.1 Model with One Risky Asset

Section 6.1 sets up the model. Agents in the model at time t choose demand xt to maximize

utility over next period wealth Wt+1 = Wt + (pt+1 + dt+1 − pt)xt, with pt the ex-dividend

price of the risky asset, and dt+1 the dividend paid out by the risky asset between t and

t+ 1. The standard framework of the model implies that the optimal demand xt for agents

with a given set of beliefs and information is

xt =
E [pt+1 + dt+1]− pt
AV [pt+1 + dt+1]

. (12)

Below, I show the derivation for equilibrium prices under the general case for measure i ∈
[0, 1] of sophisticated traders and measure 1− i of unsophisticated traders.

B.1.1 t = 4

Working backward in time, it is obvious that p4 = 0, and the efficient-market price of the
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risky asset right before the payment of dividend d at t = 4 is

E [p4 + d|n] = αn,

with

α =
σ2
d

σ2
d + σ2

ε

. (13)

B.1.2 t = 3

At t = 3, sophisticated traders see the public news report n, which they already know. Their

demand is

xS,3 =
E [p4 + d|n]− p3

ASV [p4 + d|n]
=
αn− p3

ASασ2
ε

.

Unsophisticated traders also see n and have demand

xU,3 =
E [p4 + d|n]− p3

AUV [p3 + d|n]
=
αn− p3

AUασ2
ε

.

Imposing the market-clearing condition at t = 3 that

ixS,3 + (1− i)xU,3 = 0,

we get that the equilibrium price of the risky asset at t = 3 is

p3 = αn.

B.1.3 t = 2

At t = 2, sophisticated traders have advance knowledge of n and can trade on this information

in the “late period.” Doing so is risky, however, because there is a shock to holding the risky

asset in the form of dividend payout sl ∼ N
(
0, σ2

s,l

)
between t = 2 and t = 3. The

sophisticated traders’ demand is

xS,2 =
E [p3 + sl|n]− p2

ASV [p3 + sl|n]
=
αn− p2

ASσ2
s,l

.

Unsophisticated traders are unaware of n, so their demand is

xU,2 =
E [p3 + sl]− p2

AUV [p3 + sl]
=

−p2

AU
(
α2 (σ2

d + σ2
ε ) + σ2

s,l

)
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Imposing the market-clearing condition at t = 2 that

ixS,2 + (1− i)xU,2 = 0

and solving for p2 yields

p2 =
1

1 +
(

1−i
i

) (
AS
AU

)
σ2
s,l

(α2(σ2
d+σ2

ε)+σ2
s,l)

αn =
1

1 +
(

1−i
i

) (
AS
AU

)
σ2
s,l

(α2(σ2
d+σ2

ε)+σ2
s,l)

p3,

which is Eq. (9). I define the coefficient in front of p3 as k2. In the efficient-market

specification in which all traders are sophisticated and i = 1, p2 = p3. Otherwise, in the

inefficient-market specification in which some traders are unsophisticated and i ∈ (0, 1),

p2 < p3.

B.1.4 t = 1

At t = 1, sophisticated traders first obtain advance knowledge of n and have an opportunity

to trade in the “early period.” Trading is risky, and there is a shock to holding the risky asset

in the form of dividend payout se ∼ N
(
0, σ2

s,e

)
between t = 1 and t = 2. The sophisticated

traders’ demand is

xS,1 =
E [p2 + se|n]− p1

ASV [p2 + se|n]
=
k2αn− p1

ASσ2
s,e

.

Unsophisticated traders are unaware of n, so their demand is

xU,1 =
E [p2 + se]− p1

AUV [p2 + se]
=

−p1

AU
(
k2

2α
2 (σ2

d + σ2
ε ) + σ2

s,e

) .
Imposing the market-clearing condition at t = 1 that

ixS,1 + (1− i)xU,1 = 0

and solving for p1 yields

p1 =
1

1 +
(

1−i
i

) (
AS
AU

)
σ2
s,e

(k22α2(σ2
d+σ2

ε)+σ2
s,e)

k2αn =
1

1 +
(

1−i
i

) (
AS
AU

)
σ2
s,e

(k22α2(σ2
d+σ2

ε)+σ2
s,e)

p2,

which is Eq. (10). In the efficient-market specification in which all traders are sophisticated

and i = 1, p1 = p2 = p3. Otherwise, in the inefficient-market specification in which some

traders are unsophisticated and i ∈ (0, 1), p1 < p2 < p3.
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B.1.5 t = 0

Since no information has arrived for either type of traders and all random variables have

zero mean,

p0 = 0.

B.2 Model with Two Risky Assets

Section 6.2 sets up the model. Agents in the model at time t choose demands xt,a and xt,b

for risky assets a and b, respectively, to maximize utility over next period wealth Wt+1 =

Wt + (pt+1,a + dt+1,a − pt,a)xt,a + (pt+1,b + dt+1,b − pt,b)xt,b. pt,a and pt,b are the ex-dividend

prices of the risky assets, and dt+1,a and dt+1,b are the dividends paid out by the risky assets

between t and t+ 1. Since the random variables in the model corresponding to assets a and

b are independent across assets, the optimal demands xt,a and xt,b for agents with a given

set of beliefs and information are of the same form as Eq. (12), the optimal demand in the

model with one risky asset. Similarly, the derivation for equilibrium prices in the model

with two risky assets parallels that for the model with one risky asset. The only difference

is the addition of asset-specific subscripts. For example, αa and αb are defined by Eq. (13)

as σ2
d,a/

(
σ2
d,a + σ2

ε,a

)
and σ2

d,b/
(
σ2
d,b + σ2

ε,b

)
, respectively.
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Appendix Tables and Figures

Table A.1: Summary Statistics of Pre-Announcement and Announcement Order Imbalances in Stocks and
Bonds. Panels A and B present summary statistics for stocks (front ES futures contract) and bonds (front TY futures con-
tract), respectively. Row −x corresponds to the pre-announcement order imbalance (in bps) from x minutes to 5 minutes
before MNAs. Row 0 corresponds to the ±5 minute announcement order imbalance (in bps) around MNAs. The “Full Sample”
columns include the full sample of MNAs. The “News Report > 1” columns include only the MNAs with greater than 1 standard
deviation positive news reports; that is, NRt > 1. The “News Report < −1” columns include only the MNAs with less than 1
standard deviation negative news reports; that is, NRt < −1. NRt measures the informational content of MNAs and is defined
in Figure 1.

Panel A: Stocks

Full Sample News Report > 1 News Report < −1
(n = 2179) (n = 291) (n = 286)

Mean Std. Dev. t-stat Mean Std. Dev. t-stat Mean Std. Dev. t-stat

-720 18.2 218.9 3.9 45.0 228.7 3.4 -0.6 191.1 -0.1
-660 18.3 220.9 3.9 43.7 231.2 3.2 -1.6 192.5 -0.1
-600 18.1 222.6 3.8 44.9 234.5 3.3 -1.5 195.1 -0.1
-540 18.5 224.4 3.9 46.6 236.3 3.4 0.0 198.2 0.0
-480 18.9 226.7 3.9 47.6 239.9 3.4 -0.8 200.0 -0.1
-420 18.0 229.9 3.7 47.4 244.1 3.3 -2.1 203.3 -0.2
-360 17.6 236.7 3.5 45.9 251.9 3.1 -3.7 210.8 -0.3
-300 17.5 250.9 3.3 50.8 268.1 3.2 -3.8 228.1 -0.3
-240 17.7 267.3 3.1 50.9 286.4 3.0 -0.1 252.2 0.0
-180 18.2 284.2 3.0 55.7 304.9 3.1 -4.7 272.0 -0.3
-120 21.7 310.6 3.3 55.0 335.1 2.8 5.6 306.0 0.3
-60 22.0 361.1 2.8 60.7 368.9 2.8 17.1 362.7 0.8

0 50.6 1277.2 1.8 453.3 1360.2 5.7 -808.5 1403.0 -9.7
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Panel B: Bonds

Full Sample News Report > 1 News Report < −1
(n = 2179) (n = 291) (n = 286)

Mean Std. Dev. t-stat Mean Std. Dev. t-stat Mean Std. Dev. t-stat

-720 -19.7 190.1 -4.8 -48.3 189.6 -4.3 6.9 201.6 0.6
-660 -20.0 192.4 -4.9 -48.9 190.4 -4.4 7.5 204.6 0.6
-600 -21.1 194.9 -5.0 -50.2 193.4 -4.4 6.2 207.7 0.5
-540 -21.4 196.5 -5.1 -50.6 196.2 -4.4 6.7 207.6 0.5
-480 -23.0 199.1 -5.4 -52.2 198.1 -4.5 5.6 211.1 0.4
-420 -23.6 202.2 -5.5 -53.5 202.3 -4.5 3.5 214.7 0.3
-360 -24.4 209.8 -5.4 -53.2 211.5 -4.3 5.5 222.1 0.4
-300 -26.4 225.3 -5.5 -61.3 227.0 -4.6 3.7 244.4 0.3
-240 -29.5 246.7 -5.6 -66.4 243.5 -4.7 -0.5 265.8 0.0
-180 -31.2 270.8 -5.4 -75.0 270.8 -4.7 -0.1 287.3 0.0
-120 -34.3 304.1 -5.3 -72.4 301.0 -4.1 0.7 325.8 0.0
-60 -35.2 373.4 -4.4 -91.4 368.2 -4.2 -5.9 397.5 -0.2

0 -21.1 1319.8 -0.7 -787.8 1245.3 -10.8 868.2 1284.8 11.4

75



Table A.2: Regressions of Pre-Announcement and Announcement Order Imbal-
ances in Stocks and Bonds. The table shows results from regressions of pre-announcement
and announcement stock (front ES futures contract) and bond (front TY futures contract)
order imbalances on the news report variable NRt. Regressions are run on the full sam-
ple of MNAs, and n = 2179. Panels A and B represent different regression specifications:
ÔIT,t = α + βNRt + εt, and ÔIT,t = α + β+D+

t + β−D−
t + εt, respectively. In row −x, the

left-hand-side variable ÔIT,t is the pre-announcement order imbalance (in bps) for interval

T from x minutes to 5 minutes before MNAs. In row 0, the left-hand-side variable ÔIT,t is
the announcement order imbalance (in bps) for interval T covering the ±5 minutes around
MNAs. NRt measures the informational content of MNAs and is defined in Figure 1. D+

t

and D−
t are dummy variables equal to 1 if NRt > 1 and NRt < −1, respectively, and zero

otherwise. t-statistics (not shown) are based on heterosckedasticity-consistent standard er-
rors. *** denotes significance at the 1% level, ** denotes significance at the 5% level, and *
denotes significance at the 10% level.

Panel A: Regressions of the Form ÔIT,t = α + βNRt + εt

Stocks Bonds

β̂ (bps) α̂ (bps) R2
adj (%) β̂ (bps) α̂ (bps) R2

adj (%)

-720 12.0** 18.0*** 0.26 -13.3*** -19.5*** 0.45
-660 11.8** 18.1*** 0.24 -13.5*** -19.7*** 0.46
-600 12.0** 17.9*** 0.25 -13.6*** -20.8*** 0.45
-540 11.7** 18.3*** 0.23 -13.7*** -21.1*** 0.45
-480 12.0** 18.6*** 0.24 -13.9*** -22.7*** 0.45
-420 12.1** 17.8*** 0.23 -14.2*** -23.4*** 0.46
-360 12.4** 17.4*** 0.23 -14.7*** -24.1*** 0.45
-300 13.4** 17.3*** 0.24 -17.1*** -26.1*** 0.54
-240 13.8** 17.4*** 0.22 -17.2*** -29.2*** 0.44
-180 15.9*** 17.9*** 0.27 -19.5*** -30.8*** 0.48
-120 13.4** 21.4*** 0.14 -20.6*** -33.9*** 0.42
-60 15.2** 21.7*** 0.13 -24.4*** -34.7*** 0.38

0 357.7*** 44.0* 7.89 -498.4*** -11.9 14.40

76



Panel B: Regressions of the Form ÔIT,t = α + β+D+
t + β−D−

t + εt

Stocks Bonds

β̂+ (bps) β̂− (bps) α̂ (bps) R2
adj (%) β̂+ (bps) β̂− (bps) α̂ (bps) R2

adj (%)

-720 28.3** -17.3 16.7*** 0.21 -29.0** 26.2** -19.3*** 0.47
-660 26.4* -18.9 17.3*** 0.19 -29.2** 27.2** -19.7*** 0.48
-600 28.1** -18.2 16.8*** 0.21 -29.5** 26.8** -20.7*** 0.46
-540 29.9** -16.7 16.7*** 0.21 -29.5** 27.8** -21.1*** 0.47
-480 30.4** -17.9 17.2*** 0.23 -29.5** 28.3** -22.8*** 0.47
-420 31.1** -18.4 16.3*** 0.23 -30.5** 26.5** -23.0*** 0.44
-360 29.6** -19.9 16.3*** 0.21 -28.7** 30.0** -24.5*** 0.43
-300 35.5** -19.0 15.3** 0.24 -35.7** 29.2** -25.5*** 0.46
-240 36.1** -14.9 14.8** 0.18 -38.4** 27.5* -28.0*** 0.39
-180 40.2** -20.2 15.5** 0.23 -46.3*** 28.6* -28.7*** 0.44
-120 36.5* -12.9 18.5** 0.10 -38.7** 34.4* -33.7*** 0.29
-60 44.8* 1.2 15.8* 0.09 -61.2** 24.3 -30.2*** 0.31

0 322.4*** -939.3*** 130.8*** 7.47 -747.2*** 908.8*** -40.6 10.41
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Table A.3: Alternative Tests for Anchoring Bias. The table lists different specifi-
cations for running the anchoring bias regressions in Eqs. (5) and (11). As indicated in
the “Anchor” columns, the alternative tests use the h = 1 anchor (last actual data release),
h = 3 anchor (average of the last 3 actual data releases), or “Best” anchor (anchor that
more frequently has a higher adjusted R2 or anchor that has a higher adjusted R2 in each
iteration). As indicated in the “Window” columns, the alternative tests extend the rolling
regression window back the listed number of years, with “All” corresponding to the earliest
available date with data.

Anchor Window Anchor Window Anchor Window

Best All 1 All 1 3 years
Best 1 year 3 All 3 3 years
Best 2 years 1 1 year 1 4 years
Best 3 years 3 1 year 3 4 years
Best 4 years 1 2 years 1 5 years
Best 5 years 3 2 years 3 5 years
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Table A.4: Predicting Macroeconomic News Reports Grouping All MNAs To-
gether. For each “Anchor” and “Window” specification described in Table A.3, the cor-
responding row runs the regression NRt = κ + γ

((
Ft − Ah

)
/σ̂
)

+ εt. The “Best” anchor
specifications use the anchor that has a higher adjusted R2 in each iteration. NRt mea-
sures the informational content of a given data release, and σ̂ and NRt are both defined
in Figure 1. For the same data release, Ft is the median forecasted value from a survey of
economists, and Ah is the historical average of the past h realizations. To avoid look-ahead
bias, I estimate the regression in a dynamic manner over a changing window.

Anchor Window Mean γ̂ Std. Dev. γ̂ Max. γ̂ Min. γ̂

Best All 0.11 0.01 0.13 0.10
Best 1 year 0.11 0.06 0.29 -0.03
Best 2 years 0.11 0.05 0.23 0.03
Best 3 years 0.11 0.03 0.16 0.05
Best 4 years 0.11 0.03 0.15 0.06
Best 5 years 0.11 0.02 0.15 0.06

1 All 0.07 0.01 0.09 0.06
3 All 0.11 0.01 0.13 0.10
1 1 year 0.06 0.04 0.17 -0.03
3 1 year 0.11 0.06 0.29 -0.01
1 2 years 0.06 0.03 0.14 0.00
3 2 years 0.11 0.05 0.23 0.03
1 3 years 0.06 0.02 0.10 0.02
3 3 years 0.11 0.03 0.16 0.05
1 4 years 0.06 0.02 0.10 0.03
3 4 years 0.11 0.02 0.15 0.06
1 5 years 0.06 0.02 0.09 0.03
3 5 years 0.11 0.02 0.15 0.06
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Table A.5: Regressions of Stock and Bond Returns on the Predictable and Unpredictable Components of
Macroeconomic News Reports. The table shows results from regressions of pre-announcement and announcement stock
(front ES futures contract) and bond (front TY futures contract) returns on the predictable and unpredictable components of
news reports NRp,t and NRu,t, respectively: Rt = α+βpNRp,t+βuNRu,t+ εt. Regressions are run on the full sample of MNAs,
and n = 2174. In row −x, the left-hand-side variable Rt is the cumulative pre-announcement return (in bps) from x minutes to
5 minutes before MNAs. In row 0, the left-hand-side variable Rt is the ±5 minute announcement return (in bps) around MNAs.
NRp,t is the one-step-ahead forecast of the “Best” anchor, “1 Year” window specification of the anchoring bias regression in
Table A.4. NRu,t is the regression residual. t-statistics (not shown) are based on heterosckedasticity-consistent standard errors.
*** denotes significance at the 1% level, ** denotes significance at the 5% level, and * denotes significance at the 10% level.

Stocks Bonds

β̂p (bps) β̂u (bps) α̂ (bps) R2
adj (%) β̂p (bps) β̂u (bps) α̂ (bps) R2

adj (%)

-720 9.3* 1.6 4.3*** 0.12 -7.7*** -1.3*** -0.3 0.93
-660 9.2* 1.3 4.1*** 0.10 -8.0*** -1.4*** -0.5 1.09
-600 6.2 1.3 4.2*** 0.04 -6.9*** -1.4*** -0.7* 0.94
-540 4.9 1.4 4.6*** 0.03 -6.2*** -1.4*** -0.9** 0.88
-480 8.4* 1.9* 4.3*** 0.17 -6.0*** -1.4*** -1.1*** 0.92
-420 8.0 2.2** 3.5*** 0.20 -5.9*** -1.4*** -0.9** 0.96
-360 3.9 1.8* 2.8*** 0.09 -5.1*** -1.4*** -0.7* 0.94
-300 4.4 2.3** 1.7* 0.23 -4.7*** -1.4*** -0.7* 1.00
-240 2.7 1.9** 1.1 0.14 -4.8*** -1.2*** -0.7** 0.91
-180 9.1*** 1.6** 0.3 0.40 -5.6*** -1.1*** -0.7** 1.15
-120 2.0 1.0 0.8 0.02 -3.2** -1.1*** -0.6** 0.84
-60 6.5*** 0.7 0.1 0.31 -1.1 -0.7*** -0.7*** 0.56

0 2.2 6.8*** 1.1* 6.43 1.6 -5.5*** 0.1 8.26
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Figure A.1: Intraday Stock and Bond Dollar Volumes on Days without MNAs. Panels A and B plot the intraday
minute-by-minute and cumulative dollar volumes for stocks (front ES futures contract) and bonds (front TY futures contract),
respectively. The values are averaged across all days in the sample without MNAs. The three dashed vertical lines correspond
to 8:30 AM, 9:15 AM, and 10:00 AM ET.

Panel A: Stocks
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Panel B: Bonds
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Figure A.2: Differences in Intraday Stock and Bond Dollar Volumes between Days with and without MNAs.
Panels A and B plot the average differences in the intraday minute-by-minute and cumulative dollar volumes for stocks (front
ES futures contract) and bonds (front TY futures contract), respectively. The differences are taken between all days in the
sample with and without MNAs. The three dashed vertical lines correspond to 8:30 AM, 9:15 AM, and 10:00 AM ET.

Panel A: Stocks
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Figure A.3: Pre-Announcement Order Imbalances in Stocks and Bonds. Panels A and B plot the mean order im-
balances (in bps) for the indicated time intervals on the x-axes starting 360 minutes before MNAs for stocks (front ES futures
contract) and bonds (front TY futures contract), respectively. “Full Sample” includes the full sample of MNAs. “News Report
> 1” includes only the MNAs with greater than 1 standard deviation positive news reports; that is, NRt > 1. “News Report
< −1” includes only the MNAs with less than 1 standard deviation negative news reports; that is, NRt < −1. NRt measures
the informational content of MNAs and is defined in Figure 1.
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