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Volume dynamics around FOMC announcements

Xingyu Sonya Zhu

Bank for International Settlements

Abstract

The stock market volume decreases in anticipation of FOMC announcements and in-

creases afterwards. I develop a stylized model and attribute the volume dynamics to

discretionary liquidity trading resulting from the presence of private information. Consis-

tent with the model’s prediction, I find information asymmetry increases ahead of FOMC

announcements, especially before large target rate surprises. Using firm-level high-frequency

data, I also find, in the cross-section, that volume changes around these events are particu-

larly stronger for stocks that are more exposed to discretionary liquidity trading. Volume

dynamics and liquidity shocks can explain around one third of the pre-FOMC price drift.
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1 Introduction

From 1994 to 2011, about 80% of excess returns in the equity market are realized in the 24

hours before scheduled Federal Open Market Committee (FOMC) announcements (Lucca and

Moench (2015)). A growing body of literature studies the impact of FOMC announcements on

financial markets, but mostly concentrate on the price dynamics. Nevertheless, in the standard

economic paradigm, price is determined through trading between buyers and sellers. Given

the strong impact of FOMC announcements on stock prices and to shed light on the price

formation process, it is therefore critical to study the volume dynamics around such events.

This paper documents the FOMC volume dynamics in the stock market and also seeks to answer

two additional questions: (1) what are the possible drivers of the volume dynamics; and (2)

whether FOMC announcements introduce liquidity shocks to the market.

The contribution of this paper to the literature is threefold. First, it quantifies the volume

changes around FOMC announcements in the stock market using intraday data. Most studies

that analyze the impact of FOMC announcements on the stock market concentrate on price

dynamics. In comparison, the evidence on volume dynamics is scant, likely limited by the access

to high-frequency data.1 Second, I link the volume dynamics to a model with discretionary

liquidity traders who can choose the timing of their transactions. The model predicts these

traders are willing to provide liquidity only when the market is thick. When private information

appears prior to FOMC announcements2, the model generates volume dynamics that are

qualitatively similar to those observed in the stock market: volumes decline prior to the public

announcement and increase afterwards. Lastly, this paper examines the FOMC volume dynamics

for individual stocks and link them to firm characteristics. The cross-sectional analysis suggests

1Lucca and Moench (2015) find that volumes of the E-mini S&P 500 futures significantly decline before
scheduled FOMC announcements. But the authors have not implemented a quantitative analysis on the volume
dynamics.

2Several recent studies present evidence of private information (Bernile, Hu, and Tang (2016)) ahead of FOMC
announcements. See Section 3.2 for a more detailed discussion on the source of private information.
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that stocks that are perceived to be more exposed to discretionary liquidity trading exhibit more

pronounced volume changes when private information presents.

My paper shows that from 1996 to 2020 and compared with its average level over the

previous month, the turnover volume of the SPDR S&P 500 ETF Trust (SPY) on average

decreased by around 24% (about 3.4 billion dollars less of transactions) in the 24 hours before

FOMC announcements and increased by a similar amount in the 24 hours after announcements.

This volume pattern in SPY around FOMC announcements is economically significant, persistent

over the sample period and more pronounced around announcements associated with policy rate

changes. Individual stocks exhibit similar volume dynamics surrounding FOMC announcements,

though their magnitude is much smaller.

The FOMC volume dynamics in the stock market are consistent with a model with discre-

tionary liquidity trading when private information is present. To further validate the theory, I

show empirically that the probability of informed trading measured by absolute order imbalance

increased ahead of scheduled FOMC announcements, especially those with large target rate

surprises. This evidence has two implications: (1) private information appears ahead of sched-

uled FOMC announcements and (2) the private information is likely related to upcoming target

rate decisions, rather than the informational shocks introduced by FOMC announcements.

Liquidity shocks captured by the abnormal turnover or the absolute order imbalance also

contribute to the pre-FOMC price drift. Consistent with the literature, the stock market earned

an excess return of around 45 basis points during the sub-sample period between 1996 and

2011. After 2011, the pre-FOMC price drift shifted to the second day before scheduled FOMC

announcements and its size also reduced to 22 basis points. During the full sample period from

1996 to 2020, the average pre-FOMC drift is about 36 basis points and approximately one third

of it can be explained by the contemporaneous shocks to market liquidity.

Investors trade in financial markets either to exploit private information (informed traders)

or to meet their liquidity demands (liquidity traders). Liquidity traders have mostly been
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considered uninformed institutional investors (Han, Tang, and Yang (2016)) who trade for

reasons such as idiosyncratic wealth shocks (e.g. margin call, redemption), risk-exposure

adjustment (Vayanos (2004)), portfolio-balancing (Stein (2009)) or to make the transactions

required to synthesize derivative securities. These financial institutions typically prefer to trade

when markets are thick and with timing discretion.3

More importantly, financial institutions often trade stocks with higher market-beta, higher

market liquidity and of larger firms due to the non-informational reasons mentioned above. As

a result, these stocks are expected to be more exposed to discretionary liquidity trading when

private information appears. Consistent with this hypothesis, I find these stocks are associated

with more pronounced volume changes around large target rate surprises.

Alternative candidate explanations without asymmetric information are unlikely to account

for the FOMC volume dynamics. The change in price volatility or market uncertainty has little

explanatory power for stocks’ volume dynamics. Early resolution of market uncertainty prior

to FOMC announcements, in the absence of private information, implies thicker market and

more trade activities. Disagreement models have straightforward implications for the abnormal

volume in the post-FOMC but not the pre-FOMC trading window.

The increase in market illiquidity indicates the presence of private information prior to

FOMC announcements. The presence of private information, however, might not directly result

from information leakage. One possible reason for the presence of private information could

be that some traders process public information faster or better than others do. For example,

one could interpret the pre-FOMC window as a time when some sophisticated investors such as

rate traders more efficiently allocate their attention to monetary policy news in anticipation of

FOMC announcements, while the remaining investors in the market only learn of monetary

policy news after announcements.

3Their trading strategies also drive the intraday and weekly volume patterns (Foster and Viswanathan (1993)),
as well as the trading volume dynamics around corporate announcements (Chae (2005), Tetlock (2010)).
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The remainder of the paper proceeds as follows. Section 2 describes the source of data.

Section 3 presents the main empirical results. Section 4 analyzes a number of alternative

explanations for the volume dynamics, and Section 5 concludes the paper.

Related literature This paper contributes to the large strand of literature that investigates

price formation around macroeconomic announcements. Early studies mainly concentrate

on the US Treasury market (Jones, Lamont, and Lumsdaine (1998); Fleming and Remolona

(1999); Balduzzi, Elton, and Green (2001); Green (2004); Jiang, Lo, and Verdelhan (2011))

and the currency market (Evans and Lyons (2008)). Of these studies, Jones, Lamont, and

Lumsdaine (1998) find that stock prices seem to be less affected than bond prices by news

releases regarding employment and producer price index data.

However, recent studies show that the stock market is also affected by macroeconomic

announcements. To name a few, Savor and Wilson (2013) show that stock market average

returns are significantly higher on days when important macroeconomic news about inflation,

unemployment or interest rates is scheduled for announcement. More specifically, they find

that the average announcement-day excess return from 1958 to 2009 is 11.4 basis points

versus 1.1 basis points for all other days, suggesting that over 60% of the cumulative annual

equity risk premium is earned on announcement days. The Sharpe ratio is also 10 times higher.

Cieslak, Morse, and Vissing-Jorgensen (2018) find that, in the period from 1994 to 2016, the

equity premium is earned entirely in even weeks between FOMC meeting cycles. Their study,

together with those of Savor and Wilson (2014) and Vissing-Jorgensen (2020), also implies that

FOMC announcements have a larger stock market impact than other types of macroeconomic

announcements.

Apart from the magnitude of the premium, whether macroeconomic announcements are

incorporated through public information or private information is still debated. Lucca and

Moench (2015) find that about 80% of annual realized excess stock returns over the period

from 1994 to 2011 are accounted for by the return drift in the 24 hours before scheduled FOMC
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announcements. Although the timing of FOMC announcements seems to be consistent with a

leak-based explanation, the authors still argue against such an explanation because the private

information would have to be systematically positive. Nevertheless, other empirical studies

seem to support the leak-based explanation. Kurov et al. (2019) show that some scheduled

macroeconomic announcements are incorporated in the prices of the stock index futures and

Treasury futures ahead of the official release time. Bernile, Hu, and Tang (2016) find that the

abnormal order imbalance of E-mini S&P 500 futures can predict the market’s reaction to FOMC

announcements. Hu et al. (2022) and Vissing-Jorgensen (2020) highlight the possibility of

information leakage ahead of scheduled FOMC announcements. My paper stands out from the

literature by linking the volume dynamics to the information environment in the stock market

around FOMC announcements.

This paper also contributes to literature that studies volume or liquidity dynamics around

scheduled financial disclosures. Of these papers, Tetlock (2010) finds that firms’ earning

announcements resolve information asymmetries between informed investors and liquidity

traders. However, the paper only discusses the post-announcement trading volumes. The

volume dynamics before FOMC announcements documented in this paper are similar to those

before scheduled firm-level earning announcements (Chae (2005)). They are also consistent

with a theory of discretionary liquidity traders responding to the presence of private information.

Relevant literature also includes studies on the relationship between volume and disagree-

ment (Kandel and Pearson (1995); Bollerslev, Li, and Xue (2018)). Of these papers, Bollerslev et

al. argue that the trading volume spikes in a stock market ETF following FOMC announcements

are related to the level of disagreement among investors. In this paper, I examine the volume

dynamics both before and after FOMC announcements, and find that it is difficult to rationalize

the pre-announcement volume change using the disagreement theory.

Last, this paper is relevant to studies that use equilibrium models to understand the excess

stock returns on days with macroeconomic announcements. Current theories (Ai and Bansal
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(2018); Wachter and Zhu (2022)) attribute the macroeconomic announcement premium to the

resolution of preference uncertainties. Because these models mainly focus on explaining the

announcement premium, the authors use representative-agent models to simplify their studies

and fail to provide implications regarding trading volumes. In contrast, my findings show that

the information contained in some macroeconomic announcements might be observed by a

certain group of investors in advance. As a result, some uninformed invetors are reluctant

to provide liquidity and will postpone the exogenous trade demands they receive prior to

announcements until the information asymmetry is resolved (Admati and Pfleiderer (1988);

Foster and Viswanathan (1993); Kim and Verrecchia (1994)).

2 Data Description

My empirical analysis focuses on equity asset volume and liquidity dynamics around scheduled

FOMC announcements and most of the evidence is based on intraday data. I use several data

sources. From the Thomson Reuters TickHistory database, I obtain the tick-by-tick trade and

quote data of SPY, and the minute-by-minute value of VIX, for the sample period from 1996 to

2020. From FirstRate Data, I obtain the five-minute price and trade data of S&P 500 stocks

for the 2005–2020 period. These data are fully adjusted for dividends and splits. The firm

identifiers from FirstRate Data are trading symbols and company names, which are manually

mapped to those from the Center for Research in Security Prices (CRSP). This step allows me

to gain access to the number of outstanding shares of each stock. Finally, I construct firms’

year-end book equity using financial variables from COMPUSTAT.

My study mostly investigates the volume dynamics around scheduled FOMC announcements

after 1996. FOMC meetings usually span two days, and policy decisions are announced to the

public on the second day. In September 1994, the FOMC started to release their monetary

policy decision statements following a public schedule. Before May 1999, the announcements
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were made at or a few minutes after 2:15 p.m. E.T.4 following each scheduled meeting at

which a policy action was initiated.5 Starting from the April 2011 meeting, the Chair of the

FOMC has given a press conference at every other FOMC meeting. In 2011 and 2012, FOMC

statements that were scheduled along with a press conference were released at 12:30 p.m.,

and the press conference started at 2:15 p.m. FOMC statements unaccompanied by a press

conference were released at 2:15 p.m., as in the pre-2011 sample. Starting in 2013, FOMC

statements were always released at 2:00 p.m., while press conferences started at 2:30 p.m. Since

2019, press conferences have been held following every FOMC meeting. I collect scheduled

FOMC announcement dates following Lucca and Moench (2015) for the period 1996 to 2011

and extend their sample with announcement dates manually collected from minutes published

on the Federal Reserve website.

I further extend the empirical analysis to two other of the most closely watched macroe-

conomic announcements listed on Bloomberg: the release of the Purchasing Managers’ Index

(PMI) and the release of the nonfarm payrolls (NFP). The Institute for Supply Management

(ISM) Manufacturing Business Survey Committee typically releases the PMI at 10:00 a.m. ET

on the first Monday of each month, and the NFP from the previous month are reported by the

US Bureau of Labor Statistics at 8:30 a.m. ET on the first Friday of each month. The PMI has

been compiled since January 1996, and I collect its release dates from the Bloomberg Economic

Calendar. The publication time of the NFP announcements is available on the Bloomberg

Economic Calendar starting from 1997. For the periods before 1997, I obtain the publication

time from digital copies published on the website of the U.S. Bureau of Employment Statistics.

Table 1 provides a summary of the scheduled release times for the three types of macroeconomic

announcements.
4The only exception to the time of the announcement is the statement of March 26, 1996, which was released

in the morning because the chairman was scheduled to testify in Congress later that day. This meeting is excluded
from my event study.

5Otherwise, the FOMC announced that no statement would be released, indicating to investors that no policy
action had been taken.
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3 Empirical results

In this section, I analyze FOMC volume dynamics in the equity market. To begin with, I

document the volume dynamics of SPY around FOMC announcements. By concentrating the

analysis on SPY rather than individual stocks, I ensure that my empirical results are not affected

by firm-level informational or cash flow shocks (e.g. M&As, earnings announcements), and can

be extended to alternative liquidity measures later using tick data. Then, in the second part of

this section, I document the FOMC volume dynamics of S&P 500 stocks and link them to firm

characteristics.

3.1 The FOMC volume dynamics of SPY

My empirical analysis aims to capture the abnormal trading activity around scheduled FOMC

announcements over a long timespan in an event study fashion. Therefore, it is important

to first construct a stationary volume time series. Compared with share or dollar volumes,

turnover volumes are typically less affected by stock splits or issuances of new share. Even so,

as is shown in the upper panel of Figure 1, turnover volumes are still not stationary; they are

related to business cycles and exhibits low-frequency persistence. In addition, the variance of

turnover increases with its level.

Following Campbell, Grossman, and Wang (1993), I further transform turnover into a time

series that enables me to (1) remove low-frequency variations from the variance by using

log turnover rather than levels and (2) remove low-frequency variations from the level by

subtracting the one-month moving average of log turnover. In the rest of the paper, I refer to

the monthly detrended (log) turnover as abnormal turnover. As is shown in the lower panel of

Figure 1, abnormal turnover is a stationary time series.

To first illustrate abnormal trading activity around FOMC announcements from a high-

frequency perspective, I construct the abnormal turnover of SPY in each 5-minute trading
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window. Formally, the abnormal turnover of SPY in the h-th trading window on day d is defined

as the logarithm of total turnover in this trading window, detrended by its average value in the

previous month:

τh,d = log(
Vh,d

SharesOutd
)−

1
22

22
∑

k=1

log(
Vh,d−k

SharesOuth,d−k
), (1)

where Vh,d is the share volume traded at time h, and SharesOutd is the total number of

outstanding shares on day d. By construction, an increase of 0.1 unit in τh,d indicates that

the turnover around time h increases by approximately 10% on day d compared with its past

monthly average level.

Figure 2 presents the average abnormal turnover of SPY over a 48-hour window, centering

around announcement and non-announcement (NonFOMC) days, respectively. NonFOMC

days consist of 3,000 dates that are randomly drawn from the sample, and the abnormal

turnover is close to zero on these days. By contrast, the abnormal turnover of SPY is negative

and significantly different from zero in the 24 hours ahead of FOMC announcements6. After

monetary policy decisions have been announced, turnover increases rapidly.

Having illustrated the high-frequency volume dynamics of SPY, I aggregate it into daily

frequency data for regression analysis. For most trading days, this is done in two steps: (1)

adding together tick-by-tick turnovers on that day and (2) detrending the log value of daily

turnover by its past monthly average. However, for the trading days prior to or associated

with scheduled FOMC announcements, I follow Lucca and Moench (2015) and aggregate the

tick-by-tick turnovers separately for the 24-hour trading windows before and after scheduled

FOMC announcements. Supposing an FOMC announcement is made at time h of day d, the

abnormal turnover prior to FOMC announcements, i.e., the abnormal turnover on day d-1 is

constructed based on the turnovers from time h of day d-1 to the same time on day d. Likewise,

6The FOMC announcements included are scheduled announcements from 1996 to 2020. The FOMC typically
announces its monetary policy decisions at around 2 p.m. during this sample period, with some variations over
time. Section 2 provides a more detailed summary of the evolution of FOMC communications over time.
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the abnormal turnover on day d represents the post-FOMC abnormal turnover, defined as

turnovers from time h of day d to the same time of day d+1. Table 2 provides summary statistics

for SPY for pre-(post-) FOMC 24-hour windows and for all other trading days. During the

sample period from 1996–2020, the daily abnormal turnover is typically negative on pre-FOMC

days, and positive on post-FOMC days (Figure 3).

To evaluate the quantity as well as the significance of the volume dynamics in Figure 3, I

regress the daily abnormal turnover of SPY on FOMC dummies. Column 1 of Table 3 implies that

the trading volume declines by 22.36% in the 24 hours before scheduled FOMC announcements

and increases by 22.35% afterwards. Foster and Viswanathan (1993) find that trading volumes

in the stock market have an intraweek periodicity. They are, on average, lower on Mondays and

higher after Wednesdays. Because FOMC announcements are typically released on Wednesdays,

one concern about the estimation results from the dummy regression is that they may wrongly

capture the weekly trends in trading volumes. However, adding the weekday fixed effect to the

regression barely changes the coefficients on the dummy variables (Column 2), implying that

the FOMC volume dynamics are unlikely to be driven by the intraweek periodicity. During the

sample period from 1996 to 2020, the average daily amount of transactions in SPY is around

14.11 billion dollars on non-FOMC days (Table 2). A 22.36% decline in the turnover of SPY,

therefore, implies that the dollar transaction amount, in anticipation of FOMC announcements,

is below its average in the past month, by about 3.15 billion. After FOMC announcements, the

24-hour dollar transaction amount increases by a similar amount.

Hu et al. (2022) find that the level of financial uncertainty has changed surrounding FOMC

announcements. Such a shock may have altered the demand for the risky asset among agents

with different risk appetites (Kroencke, Schmeling, and Schrimpf (2021)) and therefore affected

volume dynamics. Column 3 reports the estimation results of regressing abnormal turnover

on the contemporaneous percentage change in VIX. On average, trading activities increase

with market uncertainty. A 1% increase (or decrease) in VIX is associated with a 1.2% increase

(or decrease) in turnover. However, this relationship between abnormal trading activities and
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abnormal turnover is not exclusive to FOMC announcement days. That said, the change in

market uncertainty does not have strong explanatory power for abnormal trading activity

around FOMC announcements.

Additionally, I investigate whether the FOMC volume dynamics are only concentrated around

certain types of monetary policy decisions. To this end, I create a new dummy variable and

split FOMC announcements by the associated direction of the policy rate change. The new

regression result, in Column 4, implies that the FOMC volume dynamics are, on average, more

pronounced around policy rate changes. However, even in the absence of policy rate changes,

the abnormal turnover around FOMC announcements is still significantly different from zero.

To shed light on the duration of the effect of FOMC announcements on volume dynamics, I

regress the daily abnormal turnover of SPY on dummy variables that indicate the trading day

relative to the FOMC announcement. The estimated results in Table 4 indicate that the impact

of FOMC announcements on trading activity in the market likely lasts for about two trading

days around the announcement time. Trading activity typically starts to fall off from the second

trading day prior to the FOMC announcement, and rebounds until two trading days after the

announcements.

3.2 Private information before FOMC announcement

In the appendix, I show that a stylized model with discretionary liquidity trading can gener-

ate volume dynamics that are qualitatively similar to those around FOMC announcements,

namely with volumes that are abnormally lower in anticipation of FOMC announcements, and

higher afterwards. The model implies that the presence of private information before FOMC

announcements is key to explaining the FOMC volume dynamics.

The model builds on Admati and Pfleiderer (1988) and Kim and Verrecchia (1994). In

these models, information regarding the payoff of the risky asset is gradually released, first

privately to some agents, and then publicly to all agents. In other words, in certain periods,
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there are investors in the market with private information. Besides these informed investors,

discretionary liquidity traders are also in the market and they are free to choose the timing of

their trading. Due to the presence of private information, their optimal strategy is to trade in

the period when the market is most liquid.

Recent literature suggests that some investors receive superior information regarding the

upcoming monetary policy decisions. Therefore, liquidity traders may face an information

disadvantage before the FOMC announces these decisions. To this end, it is optimal for some

liquidity traders not to act on their trading demands before the announcements. Ex post, the

market will exhibit a volume pattern that is similar to the FOMC volume dynamics.

Besides explaining the FOMC volume dynamics, I will discuss two additional testable

implications of the model. First, market liquidity declines ahead of FOMC announcements.

Second, the size of the abnormal volume surrounding FOMC announcements is related to the

density of discretionary liquidity trading, defined as the ratio between discretionary and total

liquidity volatility.

3.2.1 Market liquidity

In this section, I evaluate the information environment before FOMC announcements using

liquidity measures that are robust to micro-structure noise. Holden and Jacobsen (2014)

investigate standard liquidity measures and show that estimates of depth and absolute order

imbalance are the liquidity measures least biased by the matching errors between trades and

quotes. To this end, I use absolute order imbalance to measure market liquidity. Absolute order

imbalance is also viewed as an alternative measure of the probability of informed trading, and

it can be computed over relatively short periods of time. On calendar day d, the absolute order

imbalance is defined as

pd =

�

�

�

�

Buysd − Sel lsd

Buysd + Sel lsd

�

�

�

�

, (2)
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where Buysd and Sel lsd are the number of buys and number of sells on day d, respectively. The

direction of trades is determined using the Lee and Ready (1991) convention and the tick test.7

To remove the noise from extreme values, I first winsorize the absolute order imbalance

at the top and bottom 0.5% of its distribution. Then, to ease the economic interpretation, I

normalize its distribution for each year to have a zero mean and unit variance. According to

the result in the first column of Table 5, the absolute order imbalance on average increases by

0.33 standard deviations ahead of FOMC announcements.

The evidence from the absolute order imbalance is consistent with the theory that there is

private information present prior to FOMC announcements. Fed communications can introduce

three types of shocks to the economy — the target rate surprise, the path surprise, and infor-

mational shocks (by revealing macroeconomic fundamentals through forward guidance). If

the private information is related to a certain one of these types of shocks, one could expect

a higher probability of informed trading prior to FOMC announcements that are associated

with larger shocks of that type. To evaluate the type of private signals that has been exploited

by informed investors, I use the target rate and path surprises, as extended by Acosta (2023)

following Gürkaynak, Sack, and Swanson (2005). Informational shocks introduced by FOMC

announcements are typically related to macroeconomic fundamentals and can be captured by

shocks to the term premium in the long-term government bond. More specifically, I measure

FOMC informational shocks using residuals from regressing changes in the 10-year bond yield

on target rate surprises.

I create three dummy variables to identify FOMC announcements that introduce significant

surprises to the market. In Table 5, PreTarget, PrePath and PreTP are dummy variables that

equal one when the target rate surprise, path surprise, or term premium surprise introduced

by FOMC announcements exceeds 50% of its standard deviation, respectively. According to

Table 5, the change in absolute order imbalance is significantly higher prior to large target

7A trade is a buy (sell) if the trade price is greater (less) than the midpoint. A tick test is used if the trade
price and midpoint are equal. The tick test specifies that a trade is a buy (sell) if the most recent prior trade at a
different price was at a lower (higher) price than the current trade price.
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rate surprises than to other types of FOMC announcements. Therefore, informed investors are

likely trading based on private signals related to target rate surprises, rather than to path or risk

premium shocks. The estimated results are also robust to controlling for the contemporaneous

change in VIX, the realized price volatility, the lagged value of absolute order imbalance, and

the contemporaneous and lagged excess returns. In an unreported analysis, I also find that

the estimated results are robust to excluding the zero-lower bound period from the sample.

Nevertheless, the estimated coefficients are no longer statistically significant when alternative

liquidity measures such as Kyle (1985), Amihud (2002) and the effective bid ask spread are

used instead of absolute order imbalance. This evidence is line with Holden and Jacobsen

(2014), who argue alternative liquidity measures are more subject to high-frequency estimation

errors.

However, the presence of private information might not directly result from information

leakage. One possible reason for the presence of private information could be that some traders

process public information faster or better than others do. Peng and Xiong (2006) demonstrate

that limited attention (Kahneman (1973)) can lead to investors’ category-learning behavior.

Further, Kacperczyk, Van Nieuwerburgh, and Veldkamp (2016) show that mutual fund managers

allocate their attention between signals about aggregate and idiosyncratic components of cash

flows, and they optimally choose to process signals about the component that has a larger

impact on future payoffs. As a result, fund managers choose to process information about

aggregate shocks in recessions and idiosyncratic shocks in booms. Along these lines, one could

interpret the pre-FOMC window as a time when some sophisticated investors more efficiently

allocate their attention to monetary policy news in anticipation of FOMC announcements, while

the rest of the investors in the market only learn of monetary policy news after announcements.

Consistent with this view, Lucca and Moench (2015) find the number of news articles about

the Fed in the print issues of the Wall Street Journal and the Financial Times picks up markedly

before FOMC meetings. Moreover, Ben-Rephael et al. (2021) find that institutional investors’

information demand, measured by search frequencies of news articles on the Bloomberg Termi-
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nal, increases significantly on days with FOMC announcements. In comparison, retail investors’

information demand, measured by abnormal Google search volumes, does not significantly

increase. In this way, one could interpret the pre-FOMC window as a time when institutional

investors pay more attention to monetary policy news. Intuitively, this evidence implies that

“faster” learners may act like informed traders ahead of FOMC announcements, which is in line

with the implication of my model on informed trading. In this manner, some investors perfectly

observe monetary policy decisions due to their superior information acquisition skills.

The volume and liquidity shocks induced by FOMC announcements to the equity market

also contribute to to the pre-FOMC drift well documented by the literature. In the first two

columns of Table 6, I evaluate the pre-FOMC drift separately for the pre-2011 and post-2012

periods, to examine whether the pre-FOMC premium has been traded away after researchers

start to document its pattern. In the sample period from 1996 to 2011, the average excess

return of SPY in the 24 hours before FOMC announcements is about 45 basis points (Column

1), which is close to the finding of Lucca and Moench (2015) for the period from 1994 to 2011.

However, after 2012 the pre-FOMC price drift seems to accrue earlier than in the pre-2011

sample, starting from the second last day ahead of announcements. The shift in the timing of

the pre-FOMC drift can be attributed to the introduction of FOMC press conferences, which

re-coordinated investors’ expectations and attention (Boguth, Grégoire, and Martineau (2019)).

Additionally, the FOMC premium has been diminishing over time (to only 22 bps after 2012).

I further examine whether abnormal trading activity or market liquidity shocks help explain

the abnormal return earned ahead of FOMC announcements. Given that the timing of pre-FOMC

drift has shifted after 2012, I define an indicator variable, PreFOMC , as follows:
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PreFOMCd =



























1, if day d is a scheduled FOMC announcement day before 2011,

or if day d+1 is a scheduled FOMC announcement day after 2012.

0, otherwise.

Column 3 of Table 6 implies that the average pre-FOMC drift is around 36 basis points

between 1996 and 2020. Hu et al. (2022) find evidence that the FOMC announcement premium

is typically accompanied by a large drop in VIX. Therefore, I first regress the daily excess return on

the PreFOMC dummy and the contemporaneous change in VIX, and use this regression model

as a baseline case. Consistent with their finding, the regression result in Column 4 suggests that

around 33% (or 12 bps) of the pre-FOMC drift could be explained by the contemporaneous

change in market uncertainty. More interestingly, the estimated coefficient of the interaction

term between VIX and the PreFOMC dummy is not significantly different from zero. This

evidence is important, as it implies that the equity market usually obtains excess returns when

the market uncertainty is resolved. This relationship between the abnormal equity return and

market uncertainty is independent of FOMC announcements.

After setting up the baseline case, I add standardized absolute order imbalance and daily

abnormal turnover to the dummy regression. The results in Columns 5–7 suggest that both

variables have explanatory power for the pre-FOMC price drift, and they also carry different

information. Around 27% (or 9 bps) of the excess return earned before FOMC announcements

can be explained by these two liquidity measures. However, Column 8 shows that the estimated

coefficients of absolute order imbalance and abnormal turnover both shrink after controlling

for the contemporaneous change in VIX, although they are still statistically significant. The

explained the pre-FOMC price drift further increases to 37% (or 13 bps).
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3.2.2 The FOMC volume dynamics of individual stocks

Policy rates can directly affect firms’ borrowing cost or indirectly affect expected future cash-

flow growth (Chen (2022)). Investors in individual stocks who are informed of the upcoming

monetary policy decisions can therefore form a better estimation of firms’ cost of equity and

trade upon such private information. In response to this asymmetric information, discretionary

liquidity traders will shy away ahead of FOMC announcements. In the cross-section, stocks

that are associated with a higher density of discretionary liquidity trading should then exhibit a

more pronounced FOMC volume dynamics. To test this hypothesis, I use high-frequency price

and volume data for individual stocks that are S&P 500 constituents. Because the probability of

informed trading is mostly significant ahead of large target rate surprises, I use these FOMC

announcements to test the cross-sectional implications of privation information.

Table 7 presents summary statistics of the return, turnover, market beta, Amihud measure,

firm size, book-to-market ratio and past cumulative returns for S&P500 stocks. Similarly to the

daily abnormal turnover of SPY, the daily return and turnover for each stock are constructed

on each trading day, except for the days before or with FOMC announcements. For these days,

the daily return and turnover are constructed accordingly for the 24 trading hours before or

after the scheduled FOMC announcement time. The daily turnover of the individual stocks is

much lower than the turnover of SPY. The individual turnover has a mean value of 0.01, and its

90th percentile cutoff is 0.02, which is less than one seventh of the daily turnover of SPY. The

median market beta is close to one, implying that my sample is not tilted toward riskier stocks.

With only S&P500 stocks included, the average firm size in my sample is 23.23 billion

dollars, about ten times the average value for all listed firms reported in Lou and Shu (2017).

The book-to-market ratio is the ratio of the book value of equity to the market value of equity,

constructed following Gorodnichenko and Weber (2016).8 Cumulative returns are defined as

8The book value of equity is defined as stockholders’ equity plus balance-sheet deferred taxes and investment
tax credit, minus the book value of preferred stock. I use the book value of the fiscal year ending in calendar year
y , and match it to the market value of equity on day d of year y to calculate the book-to-market ratio.
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the sum of daily log returns, calculated for the past one month or one year, and will be used as

the control variables for the regression analysis. Idiosyncratic risk is defined as the standard

deviation of the residual terms from the Fama-French three-factor regressions estimated with a

one-month rolling window. The average idiosyncratic risk of S&P500 stocks is 1.72%, about a

tenth of that reported for all listed companies in Fu (2009). Lastly, the median level of Amihud

illiquidity is 2.28× 10−9, implying that one million dollars of transactions move the market

price by around 0.23%.

Although the density of discretionary liquidity trading is not directly observable, the academic

consensus suggests that much of it is engaged in by financial institutions (Han, Tang, and

Yang (2016)). Many large institutions, such as mutual funds and pension funds, are leverage

constrained (Black (1972); Frazzini and Pedersen (2014)) and increase their risk exposures

by tilting toward high-beta stocks (Jylhä and Rintamäki (2021)). This is especially the case

when they want to beat a benchmark (Christoffersen and Simutin (2017)). The tightness of

leverage constraints, as well as the benchmark pressure, are time-varying (Boguth and Simutin

(2018)). Therefore, they may create non-informational trading demands from large institutions

for high-beta stocks. Following this strand of literature, I use the market beta as the first proxy

for the density of discretionary liquidity trading.

The top left panel of Figure 5 plots the value-weighted daily abnormal turnover of beta-sorted

portfolios. On each day, individual stocks are sorted into decile groups according to market

betas estimated from the three-factor Fama-French model with a one-year rolling window. On

non-FOMC days, the daily abnormal turnover of each beta portfolio is zero. However, this is

not the case on days around scheduled FOMC announcements associated with rate changes.

The average abnormal turnover for different portfolios is negative in the 24 hours before these

announcements and positive afterwards. More interestingly, on days around large target rate

surprises, the daily abnormal turnover is also related to firms’ exposure to systematic risk.

An asset with a higher market beta is associated with more pronounced abnormal trading

volumes on these days. This evidence is consistent with the hypothesis that high-beta stocks
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are more prone to discretionary liquidity trading due to the risk management demands from

large institutions.

One potential concern is that the relationship between the market beta and abnormal

turnover is biased by the use of betas that are not conditioned on the type of day. Although

Savor and Wilson (2014) find very small differences between betas estimated for announcement

versus non-announcement days, it is still relevant to address this issue. To this end, I estimate

the unconditional market beta for each stock using its daily returns in the full sample period, and

sort the stocks into ten beta portfolios. The top right panel of Figure 5 shows the value-weighted

abnormal turnover of each portfolio against its unconditional market beta. The relationship

between firms’ daily abnormal turnover and their market betas is robust to different estimation

models.

To further test the statistical significance of the volume-beta relation, I regress the daily

abnormal turnover of individual stocks on their market betas. Table 8 reports the regression

results of the following equation:

τi
d = Intercept + β i

d−1 × PreTar get + β i
d−1 × PostTar get + β i

d−1 (3)

+ PreTar get + PostTar get + Cont rols+ ei
d ,

where PreTar get and PostTar get are two event dummies—PreTar get equals one if day d is

the 24-hour trading window before a scheduled FOMC announcement that is associated with a

large target rate surprise, and zero otherwise; PostTar get equals one if day d is the 24-hour

trading window after a scheduled FOMC announcement with large target rate surprise, and

zero otherwise. The regressions also include various control variables that may affect individual

abnormal turnovers.

Column 1 in Table 8 reports the cross-sectional average of abnormal turnover on PreTar get

and PostTar get days. In anticipation of FOMC announcements, the turnovers of individual

stocks, on average, decline by about 3.5% compared with their past monthly average level.
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Following the announcements, turnovers are 19.8% higher than the same benchmark. These

volume dynamics are also robust to firm and weekday fixed effects.

The volume dynamics of individual stocks are much weaker than those of SPY, in line with

the fact that the market ETF has a higher density of discretionary liquidity trading. As discussed

in the appendix, a low density of discretionary liquidity trading can also explain why the size of

the volume change before and after FOMC announcements is asymmetric.

In Column 4, coefficients on the interaction terms capture the relation between abnormal

turnovers and stocks’ exposure to the market risk. The coefficient on the first interaction term

is −6.44, indicating that stocks with higher exposure to the market risk experience a greater

volume decline before scheduled FOMC announcements that are associated with large target

rate surprises. Ceteris paribus, a stock with a market beta of 2 experiences a 12.88% decline in

turnover before FOMC announcements, while a stock with a market beta of 1 only experiences

a 6.44% decline in turnover at the same time. After these announcements, the correlation

between abnormal turnover and market beta becomes positive, and stocks with higher exposure

to the market risk exhibit higher abnormal turnover. In Column 5, I also report regression

results using firm-level market betas estimated with all daily returns over the whole sample

period. The estimated coefficients for the interaction terms have different magnitudes to the

ones in Column 4, but their signs are similar. Therefore, the relationship between the market

beta and abnormal turnover around FOMC announcements is robust to the estimation error of

individual market betas.

Previous studies have documented that institutional investors have a stable and strong

demand for stocks with a thick market or with a large market capitalization (Gompers and

Metrick (2001), Dahlquist and Robertsson (2001), Ferreira and Matos (2008)). They usually

sell these stocks in response to redemption, margin calls or other types of unanticipated wealth

shocks. Therefore, I use Amihud illiquidity and firm size as alternative proxies for the density

of discretionary liquidity trading.
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For each firm i, on each day d, I measure the firm’s market liquidity following Amihud

(2002):

Ai
d =

|r i
d |

Dvol i
d

, (4)

where the Amihud measure Ai
d is the daily ratio of the absolute return to the dollar trading

volume. FirstRate Data do not directly report dollar transactions. For each stock i and day d,

I estimate Dvol i
d by multiplying the share volumes by the average of the highest and lowest

trading prices. The bottom left panel of Figure 5 plots the value-weighted daily abnormal

turnover of Amihud-sorted portfolios. Individual stocks are sorted into ten portfolios using

the average (logarithm) Amihud in the past year. The level of Amihud illiquidity of assets

from the top-quintile group is seven times that of those from the bottom-quintile group. More

importantly, the blue solid line is upward sloping, which implies that liquid stocks experience a

more pronounced decline in turnover on days prior to large target rate surprises. The relationship

between Amihud illiquidity and daily abnormal turnover is reversed on post-target-surprise

days.

To test the relationship between abnormal turnover and the Amihud illiquidity of a stock, I

run the following regressions:

∆τi
d = c + ln(Amihud)

i

d−1 × PreTar get + ln(Amihud)
i

d−1 × PostTar get (5)

+ ln(Amihud)
i

d−1 + PreTar get + PostTar get + Cont rols+ ei
d ,

where ln(Amihud)
i

d−1 is the average of the natural logarithm of the Amihud illiquidity of stock

i in the past year up to day d-1.

Column 6 in Table 8 presents the results from fixed effect regressions. The first interaction

term confirms a positive correlation between stock illiquidity and abnormal turnover on pre-

target-surprise days. The correlation between illiquidity and abnormal turnover turns negative

on post-target-surprise days. Column 7 in Table 8 implies that the daily abnormal turnover of
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stocks with larger market capitalization is more pronounced around FOMC announcements

with significant target rate surprises. This is consistent with the evidence shown in the bottom

right panel of Figure 5.

The firm characteristics I used as proxies for discretionary liquidity trading are not orthogonal

to each other. For instance, larger stocks are often associated with higher market liquidity,

or lower market betas. Indeed, the results in the last column of Table 8 imply that the effect

of market capitalization on abnormal turnover can be partly explained by market betas and

Amihud illiquidity. Firm size is a somewhat weaker proxy for the density of discretionary

liquidity trading than the other two factors.

3.3 Volume around other types of macroeconomic announcements

Having studied the volume dynamics in the stock market around FOMC announcements, I

extend the analysis to two other major macroeconomic announcements—the scheduled releases

of PMI and NFP. They are often the first major surveys released each month, and among the

most closely watched economic indicators.

Figure 4 shows the abnormal turnover of SPY surrounding the release of the PMI (top panel)

and the NFP (bottom panel). There is no clear evidence that investors trade less before the

release of these economic indicators. However, the volume spikes after the release of the PMI

and NFP are similar to those that follow FOMC announcements. After these releases, volumes

skyrocket for a short period and then return to their normal levels.

One possible driver of the volume spike at various macroeconomic announcements is news-

based algorithmic trading. Traders use algorithms to predict market sentiment about the news

releases. Algorithmic trading gradually grew after the early 2000s, accounting for an almost

negligible percentage of the total market volume before 2003, but growing to about 10% in

2006 and 85% in 2012 (Glantz and Kissell (2013)). However, as is shown in Figure 3, the

post-FOMC volume did not show a significant increase after 2003. The pre-FOMC trading
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volume, in contrast, started to converge to zero after 2010, indicating that investors’ willingness

to provide liquidity to the market ahead of FOMC announcements has improved over time.

It is also possible that investors form different interpretations based on public signals released

by macroeconomic announcements, as in Kandel and Pearson (1995) and Bollerslev, Li, and

Xue (2018). While such models can explain the volume dynamics around the release of the

PMI or NFP, it is difficult to use them to rationalize the pre-FOMC volume decline. Section 4

will discuss disagreement models in more details.

4 Other explanations

In this section, I discuss why it is challenging for alternative candidate explanations to account

for the volume dynamics in the financial market around FOMC announcements.

Volatility and volume Volume and volatility usually move in tandem (Kim and Verrecchia

(1991); Harris and Raviv (1993)). An extensive empirical literature has documented the

existence of a strong positive contemporaneous relation between trading volume and price

volatility (see Karpoff (1987) for a survey). In this section, I study whether the change in price

volatility explains the volume dynamics around FOMC announcements.

To this end, I construct three measures of the price volatility of SPY based on minute-by-

minute trade data. On each day d, |rd | is the daily average of the minute-by-minute absolute log

price change.
p

r2
d is the squared root of the daily average of the minute-by-minute squared

log price change. sd(r)d is the daily standard deviation of minute-by-minute log price change.

All volatility measures are expressed in basis points, and each is winsorized at the top and

bottom 0.5% of its distribution. The first two price volatility measures are highly correlated

(Pearson correlation = 0.96). The correlations between them and the standard deviation of the

price changes are 0.69 and 0.75, respectively. The regression results are reported in Table 9.
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According to the first two columns, the absolute and squared returns of SPY both decline

on pre-FOMC days but the change is not significant after controlling for the contemporane-

ous change in VIX. In contrast, they increase by 55% of the standard deviation after FOMC

announcements. The evidence from the standard deviation of the return is different. It suggests

a significant decline in the price volatility ahead of FOMC announcements, but the post-FOMC

change is not significant. Regardless of the discrepancies among the different price volatility

measures surrounding FOMC announcements, their relationships with the abnormal turnover

are consistent. Columns 4–6 of Table 9 indicate a strong and positive correlation between

abnormal turnover and price volatility on non-FOMC days. Still, the FOMC volume dynamics

cannot be explained well by the contemporaneous price volatility.

Resolution of uncertainty A growing body of literature investigates whether economic

uncertainty has been resolved before FOMC announcements, and whether the resolution of

uncertainty contributes to the pre-announcement price drift (Hu et al. (2022)). In the absence

of information asymmetry, however, the early resolution of uncertainty implies that market

makers face less inventory risk and become more willing to provide liquidity. Under this scenario,

the market should be thick, which seems to be inconsistent with the evidence from liquidity

measures.

Disagreement FOMC announcements, like other types of public news, can be noisy (Kim and

Verrecchia (1991)) and trigger investors’ disagreement regarding how the news will affect firms’

fundamental values. Upon the arrival of FOMC announcements, it is possible that investors

agree to disagree on their interpretation of the same public signal (Harrison and Kreps (1978);

Harris and Raviv (1993); Kandel and Pearson (1995); Scheinkman and Xiong (2003); Banerjee

and Kremer (2010)).

Along these lines, Bollerslev, Li, and Xue (2018) propose a difference-in-difference jump

regression in the high-frequency data setting and study the volume-volatility relation of SPY
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after FOMC announcements. They find that the jump size of the volume is greater than that

for volatility upon the arrival of FOMC announcements, which they attribute to the additional

trading motive caused by differences of opinion. After the FOMC release a statement regarding

their monetary policy decisions, investors form diverse beliefs on the future payoffs of risky

assets and rebalance their positions accordingly. Therefore, disagreement models can interpret

the post-FOMC volume jump to some extent. Nevertheless, the pre-FOMC volume change

still presents a challenge to such models, because it is hard to explain why investors would

suddenly hold less diverse beliefs, and why private information would be present before FOMC

announcements.

5 Conclusion

This paper studies volume dynamics in the stock market around scheduled FOMC announce-

ments. In the 24 hours before (after) FOMC announcements, turnover in the S&P 500 ETF

decreases (increases) by around 24% during the sample period from 1996 to 2020, compared

to its average level in the previous month. Volume changes of individual stocks exhibit similar

patterns, but their magnitudes are smaller than those of the S&P 500 ETF.

The volume dynamics around FOMC announcements are consistent with a model with

discretionary liquidity trading in response to the presence of private information. Market

illiquidity measured by the absolute order imbalance significantly increased ahead of FOMC

announcements, indicating some investors had received a private signal prior to the public

announcements. To avert this informational disadvantage, liquidity traders who can choose

the timing of their transactions will postpone their pre-FOMC trading demands until the

announcement.

The increase in the absolute order imbalance is stronger prior to FOMC announcements that

are associated with large target rate surprises. This evidence suggests that the pre-announcement
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informed trading is likely based on target rate decisions. Together with the contemporaneous

change in turnover volume, the absolute order imbalance can explain around one third of

pre-FOMC drift.

In the cross-section, individual stocks’ FOMC volume dynamics also depend on the density

of discretionary liquidity trading. In response to a systematic illiquidity shock such as an FOMC

announcement, assets with a higher density of discretionary liquidity trading, such as the market

ETF and stocks that are widely used for leverage and liquidity reasons, are more likely exposed

to worsening liquidity conditions.

The findings of this paper imply that some investors learn about the upcoming monetary

policy decisions earlier than the rest of the market. These investors act as informed investors

but also encounter the “wait and see” strategy of some liquidity traders. The presence of private

information may arise due to informational leakage, or alternatively because some investors

have superior information-processing skills. Although these two sources of private information

are hard to disentangle, it is still relevant to study which type of investors are better informed

prior to FOMC announcements, and the implications for monetary policy neutrality.
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Table 1: Scheduled release times of macroeconomic announcements. This table presents the
scheduled release time (in Eastern Time) of three types of macroeconomic announcements from 1996 to
2020: the FOMC announcement (FOMC), the release of the Purchasing Manager’s Index (PMI), and the
release of the nonfarm payrolls (NFP). The third column shows the period when the scheduled release
time is effective. The last column shows the number of scheduled announcements in each year.

Type Scheduled release time Effective period Number of ann. (per year)

FOMC
2:15 p.m. Sep. 1994–Mar. 2011 8

12:30 p.m. Apr. 2011–Dec. 2012 8

2:00 p.m. Jan. 2013–May. 2018 8

PMI 10:00 a.m. Jan. 1996–May. 2018 12

NFP 8:30 a.m. Jan. 1994–May. 2018 12
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Table 2: Summary statistics of SPY. This table reports summary statistics for the SPDR S&P 500
ETF Trust (SPY) for pre-(post-) FOMC 24-hour windows and for all other trading days in the sample
period from January 1996 to December 2020. Excess Ret (%) is the holding period excess return (in
percentage) of SPY during regular trading hours, and |Ret| is the absolute return, defined as the daily
average of absolute five-minute price changes, multiplying by

p
390 . Turnover is the turnover volume,

defined as the ratio between total number of shares traded and total number of shares outstanding.
Share volume is the total number of shares traded (in millions). Dollar volume is the total amount
of dollar transactions (in billions). ∆V IX is the percentage change in the VIX index. p (std) is the
absolute order imbalance normalized to zero mean and unit variance each year. There are 197 FOMC
announcements in the sample period.

Mean St. Dev. P25 P50 P75 No.Obs.
NonFOMC
Excess Ret (%) -0.02 1.06 -0.49 0.03 0.53 5,867
|rd | 2.80 1.89 1.50 2.23 3.54 5,867
Turnover 0.18 0.14 0.08 0.13 0.23 5,867
Share volume (mln) 92.14 96.22 22.43 63.75 127.71 5,867
Dollar volume (bln) 14.11 12.90 2.45 12.79 21.44 5,867
∆V IX (%) -0.51 5.80 -3.87 -1.09 2.25 5,867
p (std) -0.01 1.00 -0.75 -0.23 0.52 5,867
PreFOMC
Excess Ret (%) 0.31 0.85 -0.10 0.21 0.67 197
|rd | 2.64 1.74 1.46 2.05 3.51 197
Turnover 0.14 0.12 0.06 0.10 0.17 197
Share volume (mln) 72.87 81.48 22.86 52.34 99.03 197
Dollar volume (bln) 11.08 10.14 2.24 10.96 16.85 197
∆V IX (%) -1.21 5.23 -4.74 -0.98 1.91 197
p (std) 0.32 1.13 -0.61 0.12 1.05 197
PostFOMC
Excess Ret (%) -0.10 1.43 -0.82 -0.05 0.77 197
|rd | 3.85 2.18 2.34 3.19 4.78 197
Turnover 0.22 0.17 0.11 0.16 0.28 197
Share volume (mln) 117.05 115.81 33.61 83.07 171.34 197
Dollar volume (bln) 17.93 15.53 3.41 17.00 27.65 197
∆V IX (%) 0.10 8.75 -5.94 -1.03 5.11 197
p (std) -0.08 0.86 -0.78 -0.25 0.40 197
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Table 3: Abnormal turnover of the SPDR. This table shows the coefficients of regressing the abnormal
turnover of the SPDR on dummy variables: τd = PreFOMC+PostFOMC+Constant+Cont rolsd+ed .
The dependent variable τd is the abnormal turnover (in percentage), defined as the log turnover of the
SPDR on day d, detrended by its average value in the previous month. The main independent variables
are the dummies: PreFOMC (PostFOMC) equals one if the abnormal turnover is constructed using data
from the 24 trading hours before (after) a scheduled FOMC announcement and zero otherwise; No
Change, Down, and U p equals one if the FOMC announce an unchanged, downward, and upward interest
rate decision. Control variables are the percentage absolute return (|rd |); and the percentage change
in the VIX index (∆V IXd). Both changes are contemporaneous with the abnormal turnover. Values in
parentheses are Newey and West (1987) standard errors robust to autocorrelations up to 5 daily lags.
Weekday FE indicates whether the regression includes a weekday fixed effect. *, **, and *** denote
statistical significance at the 10%, 5%, and 1% level. The sample period is January 1996 – December
2020.

Dependent variable: τd(%)
(1) (2) (3) (4)

PreFOMC -24.81*** -24.74*** -24.21***
(2.75) (2.78) (2.81)

PostFOMC 24.11*** 23.04*** 22.47***
(2.74) (2.81) (2.77)

Constant 0.05
(0.64)

No Change x PreFOMC -19.06***
(3.23)

No Change x PostFOMC 18.70***
(3.25)

Down x PreFOMC -43.04***
(7.64)

Down x PostFOMC 28.28***
(7.66)

Up x PreFOMC -28.85***
(6.52)

Up x PostFOMC 34.28***
(6.54)

∆V IXd(%) 1.20*** 1.15***
(0.08) (0.08)

∆V IXd(%) x PreFOMC -0.46
(0.52)

∆V IXd(%) x PostFOMC -0.58*
(0.32)

Weekday FE N Y Y Y
R2 0.03 0.03 0.06 0.06
Observations 6,244 6,244 6,244 6,244

33



Table 4: Duration of discretionary liquidity trading of the SPY. This table shows the coefficients
of regressing the abnormal turnover of SPY on day dummies that identify the trading days in relative
to FOMC announcement days. The dependent variable τd is the abnormal turnover (in percentage),
defined as the log turnover of SPY on day d, detrended by its average value in the previous month. The
dummy variable t + k (k=-4,-1,...,+3) equals one if day d is the k-th trading day before (when k<0) or
after (when k ≥ 0) the announcement. When k = -1 (or k = 0), the abnormal turnover is constructed
using data from the 24 trading hours before (or after) a scheduled FOMC announcement. The percentage
change in the VIX index (∆V IXd) is contemporaneous with the abnormal turnover. Values in parentheses
are Newey and West (1987) standard errors robust to autocorrelations up to 5 daily lags. Weekday
FE indicates whether the regression includes a weekday fixed effect. *, **, and *** denote statistical
significance at the 10%, 5%, and 1% level. The sample period is January 1996 – December 2020.

Dependent variable: τd(%)
(1) (2) (3)

t-4 7.68*** 4.18 3.80
(2.67) (2.73) (2.69)

t-3 6.59** 3.35 1.01
(2.70) (2.76) (2.72)

t-2 -16.91*** -12.35*** -13.36***
(2.72) (2.78) (2.74)

t-1 -24.55*** -20.91*** -20.38***
(2.72) (2.75) (2.71)

t 24.37*** 23.31*** 22.70***
(2.72) (2.76) (2.72)

t+1 4.80* 1.21 0.80
(2.72) (2.77) (2.73)

t+2 12.52*** 9.34*** 7.81***
(2.72) (2.77) (2.73)

t+3 -4.55* 0.21 0.94
(2.68) (2.75) (2.71)

∆V IXd(%) 1.08***
(0.08)

Constant -0.21
(0.70)

Weekday FE N Y Y
R2 0.04 0.03 0.06
Observations 6,244 6,244 6,244
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Table 5: The market liquidity before FOMC announcements. This table shows the change in market
illiquidity of SPY ahead of FOMC announcements. Market illiqudity on day d is measured using absolute order
imbalance (pd), constructed as the absolute ratio between net buys and the total number of trades. Absolute
order imbalance is winsorized each year at the top and bottom one percentile, and normalized to zero mean and
unit variance. The dummy variable PreFOMC (PostFOMC) equals one if the measure is constructed using data
from the 24 trading hours before (after) a scheduled FOMC announcement on day d and zero otherwise. Dummy
variables PreTarget, PrePath, PreTP equals to one if day d is the 24-hour trading window prior to a scheduled
FOMC announcement with large target rate, path or risk premium surprises, respectively. A surprise greater than
0.5 standard deviation of its distribution is considered large. ∆V IXd is the percentage change in VIX, |rd | is the
absolute return on day d, and pd−1 is the lagged value of absolute order imbalance. Values in parentheses are
Newey and West (1987) standard errors robust to autocorrelations up to 5 daily lags. *, **, and *** denote
statistical significance at the 10%, 5%, and 1% level. The sample period is January 1996 – December 2020.

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)
PreFOMC 0.33*** 0.25** 0.35*** 0.41*** 0.23** 0.33*** 0.39*** 0.24** 0.33*** 0.39*** 0.33**

(0.07) (0.08) (0.09) (0.10) (0.08) (0.09) (0.10) (0.08) (0.09) (0.10) (0.13)
PostFOMC -0.07 -0.07 -0.07 -0.07 -0.03 -0.03 -0.03 -0.09 -0.09 -0.09 -0.09

(0.07) (0.07) (0.07) (0.07) (0.07) (0.07) (0.07) (0.07) (0.07) (0.07) (0.07)
PreTarget 0.32* 0.36** 0.32* 0.32*

(0.16) (0.16) (0.16) (0.17)
PrePath -0.04 -0.02 -0.02 -0.07

(0.14) (0.14) (0.14) (0.14)
PreTP -0.15 -0.14 -0.14 -0.11

(0.14) (0.14) (0.14) (0.14)
∆V IXd -0.51** -0.51** -0.51** -0.05 -0.04 -0.04 -0.05

(0.21) (0.21) (0.21) (0.27) (0.27) (0.27) (0.27)
|rd | -0.04*** -0.04*** -0.04*** -0.03*** -0.03*** -0.03*** -0.03***

(0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
pd−1 0.11*** 0.11*** 0.11*** 0.11***

(0.01) (0.01) (0.01) (0.01)
r̃d 0.05** 0.05** 0.05** 0.05**

(0.01) (0.01) (0.01) (0.01)
r̃d−1 0.03** 0.03** 0.03** 0.03**

(0.01) (0.01) (0.01) (0.01)
Constant -0.01 -0.01 -0.01 -0.01 0.09*** 0.09*** 0.09*** 0.08** 0.07** 0.07** 0.08**

(0.01) (0.01) (0.01) (0.01) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)
R2 0.004 0.004 0.004 0.004 0.010 0.010 0.010 0.025 0.025 0.025 0.025
Observations 6,261 6,261 6,261 6,261 6,261 6,261 6,261 6,260 6,260 6,260 6,260
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Table 6: Liquidity premium and pre-FOMC price drift. Dependent variables are the daily excess return, rd ,
expressed in percent. For each trading day d, rd is the holding period excess return from the market closing time
on day d to the same time on day d-1. When day d contains a FOMC announcement, excess return is constructed
using data from the 24 trading hours before the scheduled announcement time, and the dummy variable t − 1 is
set to one. The dummy, t − 2, equals one if day d is the penultimate day before an FOMC announcement. The
dummy variable PreFOMC equals to t-1 from 1996 to 2011, and t-2 from 2012 to 2020. Other independent
variables are constructed using trading windows that match those of rd . ∆V IXd (%) is the percentage change in
the VIX index. pd is the standardized absolute order imbalance. τd is the abnormal turnover on day d. Values
in parentheses are Newey and West (1987) standard errors robust to autocorrelations up to 5 daily lags. *, **,
and *** denote statistical significance at the 10%, 5%, and 1% level. The full-sample period is January 1996 –
December 2020.

Pre-2011 Post-2012 Full sample

(1) (2) (3) (4) (5) (6) (7) (8)
t-2 0.09 0.23**

(0.10) (0.11)
t-1 0.45*** 0.12

(0.10) (0.11)
PreFOMC 0.37*** 0.32*** 0.35*** 0.32*** 0.28*** 0.31***

(0.08) (0.06) (0.08) (0.09) (0.08) (0.06)
∆V IXd -11.14*** -11.09***

(0.18) (0.18)
pd 0.06*** 0.05*** 0.04***

(0.01) (0.01) (0.01)
τd -0.36*** -0.35*** -0.05*

(0.03) (0.03) (0.03)
PreFOMC x ∆V IXd -0.76

(1.06)
PreFOMC x pd 0.01

(0.07)
PreFOMC x τd 0.18

(0.22)
Constant -0.04** 0.01 -0.02 -0.08*** -0.02 -0.02 -0.02 -0.07***

(0.02) (0.02) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
R2 0.005 0.002 0.004 0.382 0.007 0.020 0.022 0.383
Observations 3,996 2,265 6,261 6,261 6,261 6,244 6,244 6,244
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Table 7: Summary statistics of individual stocks. This table reports the summary statistics for S&P
500 stocks in the sample period from July 2005 to December 2020. Excess Ret(%) is the excess return
(in percentage) of individual stocks on each trading day. Turnover is the turnover volume, defined as
the ratio between total number of shares traded and total number of outstanding shares. β is the market
beta, estimated following Fama and French (1996) with a one-year rolling window. Size is the market
capitalization in billion dollars. BM is the book-to-market ratio, constructed following Gorodnichenko
and Weber (2016). Cumret(1m or 1y) is the cumulative annualized (log) return in the previous month
or in the previous year. IdioRisk is the volatility of residuals from the Fama-French three-factor model
estimated using a one-year rolling window. Amihud is the average daily Amihud measure (×109),
defined as the ratio between absolute return and dollar volume.

Mean St. Dev. Q10 Q25 Q50 Q75 Q90 No.Obs.
Excess Ret (%) 0.01 1.99 -2.08 -0.89 0.01 0.91 2.06 2,298,400
Turnover 0.01 0.06 0.00 0.00 0.01 0.01 0.02 2,298,400
β 1.01 0.36 0.59 0.79 1.00 1.22 1.46 2,298,400
Size (bln) 23.23 58.10 0.80 3.01 8.32 20.31 49.11 2,298,400
BM 0.97 15.96 0.12 0.22 0.37 0.67 1.06 2,221,302
Cumret (1m) (%) 0.71 11.44 -10.94 -4.07 1.33 6.30 11.94 2,298,304
Cumret (1y) (%) 7.26 35.86 -34.54 -8.29 10.88 27.01 43.69 2,297,588
IdioRisk (%) 1.72 0.98 0.85 1.06 1.44 2.05 2.93 2,298,400
Amihud (x 1e9) 22.26 64.73 0.38 0.90 2.28 7.40 45.49 2,298,400
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Table 8: Abnormal turnover and firm characteristics. This table shows results from panel regressions
of abnormal turnover (in percentage) on the interaction term between dummy variables and firm
characteristics. Three firm characteristics, market beta, Amihud illiquidity, and market capitalization,
are proxies for discretionary liquidity trading. The dependent variable, τi

d , is the abnormal turnover (in
percent) of stock i on day d. When d+1 (d) contains a FOMC announcement that is accompanied by a
large target rate surprise, τi

d is replaced by the abnormal turnover constructed using data from the 24
trading hours before (after) the scheduled announcement time, and the dummy variable PreTar get
(PostTar get) is set to one. In Column 4, the main independent variables are the interaction terms
between dummies and the market beta of stock i, estimated from one-year rolling Fama and French
(1996) regressions up to day d-1. In Column 5, the main independent variables are the interaction
terms between dummies and the unconditional market beta of individual stocks, estimated with the data

from the whole sample period. In Column 6, log(Amihud)
i
d−1 is the average of the natural logarithm

of Amihud illiquidity of individual stocks in the previous year (up to day d-1). In Column 7, Sizei
d−1 is

market capitalization (tln) of firm i on day d-1. In Columns 4 – 8, I report the regression results after
controlling for the book-to-market ratio (BM i

d−1), the one-month and one-year cumulative annualized
(log) return of stock i up to day d-1, the idiosyncratic risk in the past month (IdioRiski

d−1,1m), the

percentage change in VIX on day d, the lagged daily absolute return (|r|id−1) in percentage, and the
lagged daily excess return (r̃ i

d−1) in percentage. The row “FE” indicates whether the regression includes
only a firm fixed effect (F) or additionally a weekday fixed effect (W). Values in parentheses are standard
errors clustered by firms. *, **, and *** denote statistical significance at the 10%, 5%, and 1% level.
The sample period is July 2005 – December 2020.

Dependent variable: τi
d(%)

PreTarget -3.53*** -2.97*** -2.97*** 1.69 -0.49 -6.18*** -4.51*** -0.27
(0.41) (0.42) (0.42) (1.48) (2.30) (0.50) (0.48) (1.47)

PostTarget 19.83*** 17.91*** 17.91*** 11.99*** 7.99*** 16.66*** 14.49*** 13.16***
(0.41) (0.41) (0.41) (1.49) (2.03) (0.45) (0.46) (1.44)

PreTarget × β i
d−1 -6.44*** -5.90***

(1.36) (1.34)
PostTarget × β i

d−1 3.18** 2.74**
(1.38) (1.32)

PreTarget × β i -4.18*
(2.17)

PostTarget × β i 7.05***
(1.89)

PreTarget × log(Amihud)
i

d−1 1.14*** 1.09***
(0.28) (0.31)

PostTarget × log(Amihud)
i

d−1 -1.21*** -0.92***
(0.28) (0.33)

PreTarget × Sizei
d−1(t ln) -12.28** 3.91

(4.81) (5.58)
PostTarget × Sizei

d−1(t ln) 29.65*** 16.09***
(4.92) (5.92)

β i
d−1 -2.22*** -2.24*** -2.24*** -2.23***

(0.25) (0.24) (0.24) (0.25)

log(Amihud)
i

d−1 0.59*** 0.59*** 0.59*** 0.59*** 0.59***
(0.11) (0.11) (0.11) (0.11) (0.11)

Sizei
d−1(t ln) 0.43 0.22 0.42 0.34 0.33

(1.22) (1.23) (1.22) (1.22) (1.22)
BM i

d−1(/1000) -2.11 -3.53 -2.12 -2.11 -2.12
(3.07) (2.80) (3.07) (3.07) (3.08)

Cumret i
d−1,1m(%) -0.14*** -0.14*** -0.14*** -0.14*** -0.14***

(0.01) (0.01) (0.01) (0.01) (0.01)
Cumret i

d−1,1y(%) 0.06*** 0.06*** 0.06*** 0.06*** 0.06***
(0.00) (0.00) (0.00) (0.00) (0.00)

IdioRiski
d−1,1m(%) -5.97*** -6.11*** -5.97*** -5.97*** -5.97***

(0.25) (0.25) (0.25) (0.25) (0.25)
∆V IXd(%) 0.46*** 0.46*** 0.46*** 0.46*** 0.46***

(0.01) (0.01) (0.01) (0.01) (0.01)
|r|id−1(%) 1.35*** 1.34*** 1.35*** 1.35*** 1.35***

(0.05) (0.05) (0.05) (0.05) (0.05)
r̃ i

d−1(%) -0.45*** -0.45*** -0.45*** -0.45*** -0.45***
(0.03) (0.03) (0.03) (0.03) (0.03)

Constant -0.14***
(0.03)

FE No F F+W F+W F+W F+W F+W F+W
R2 0.001 0.001 0.001 0.034 0.034 0.034 0.034 0.034
Observations 2,285,248 2,285,248 2,285,248 2,122,225 2,122,225 2,122,225 2,122,225 2,122,225
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Table 9: Contemporaneous relation between volume and volatility. This table tests whether volatility
shocks explain the volume dynamics of SPY around FOMC announcements. In Columns 1–3, I regress
price volatility of SPY on FOMC-related dummies. I consider three measures for the price volatility of SPY:
the average 1-minute absolute return, |rd | (Column 1); the squared root of the average squared 1-minute

return,
r

r2
d (Column 2); and the standard deviation of 1-minute return, sd(r)d (Column 3). All these

measures are constructed based on the 1-minute percentage log price change, and standardized to zero
mean and unit variance. The regression equation in Columns 4–6 is τd = PreFOMC + PostFOMC +
xd + PreFOMC × xd + PostFOMC × xd + ed . The dependent variable τd is the percentage abnormal
turnover, defined as the log turnover of SPY on day d, detrended by the its average value in the previous
month. xd is the price volatility on day d. PreFOMC (PostFOMC) equals one if the volume and
volatility measures are constructed using data from the 24 trading hours before (after) a scheduled
FOMC announcement and zero otherwise. Values in parentheses are Newey and West (1987) standard
errors robust to autocorrelations up to 5 daily lags. All regressions include the weekda y fixed effect. *,
**, and *** denote statistical significance at the 10%, 5%, and 1% level. The sample period is January
1996 – December 2020.

|rd |
Ç

r2
d sd(r)d τd

(1) (2) (3) (4) (5) (6)
PreFOMC -0.03 -0.10 -0.29*** -19.19*** -18.28*** -13.01***

(0.07) (0.07) (0.07) (2.59) (2.60) (2.93)
PostFOMC 0.55*** 0.49*** 0.07 20.04*** 20.01*** 21.75***

(0.07) (0.07) (0.07) (2.83) (2.78) (2.62)
PreFOMC × |rd | 4.20

(2.76)
PostFOMC × |rd | -5.97***

(2.21)

PreFOMC ×
Ç

r2
d 3.74

(2.83)

PostFOMC ×
Ç

r2
d -5.74**

(2.26)
PreFOMC × sd(r)d 14.57***

(4.64)
PostFOMC × sd(r)d 0.70

(3.72)
|rd | 10.38***

(0.58)
Ç

r2
d 10.76***

(0.57)
sd(r)d 8.85***

(0.53)
∆V IXd(%) 0.01*** 0.01*** 0.01*** 0.97*** 0.97*** 0.96***

(0.00) (0.00) (0.00) (0.07) (0.07) (0.07)
R2 0.01 0.01 0.01 0.13 0.13 0.11
Observations 6,261 6,261 6,261 6,244 6,244 6,244
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Figure 1: Turnover of SPY. This figure plots the turnover series of SPY spanning the sample period
January 1996 – December 2020. The top chart plots the level of turnover and the bottom chart plots the
monthly detrended log turnover.
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Figure 2: Abnormal turnover around FOMC announcements. This figure shows the average abnormal
turnover of the SPY over day triplets. For each 5-minute trading window, the abnormal turnover is
constructed as the logarithm turnover detrended by its past-monthly average. The blue solid line shows
the average abnormal turnover from 2 p.m. on the day before a FOMC announcement to 2 p.m. on the
day after a FOMC announcement. The red dashed line is the result of the same calculation for three-day
windows surrounding 3,000 dates randomly drawn from Non-FOMC announcement days. The shaded
areas represent pointwise 95% confidence bands around average abnormal turnovers. The two dashed
vertical lines indicate 2 p.m. and 2:15 p.m. The sample period is from January 1996 through December
2020.
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Figure 3: Abnormal turnover around FOMC announcements over time. This figure shows the time
series of the abnormal turnover of SPY in the 24 hours before and after scheduled FOMC announcements.
For each day, abnormal turnover is defined as the log turnover detrended by its monthly average. The
blue solid line shows the abnormal turnover in the 24 hours before FOMC announcements, and the
green dashed line shows the abnormal turnover in the 24 hours after FOMC announcements. The sample
period is from January 1996 through December 2020.
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Figure 4: Abnormal turnover around other types of macroeconomic announcements. This figure
shows the average abnormal turnover of SPY by each 5 minutes around PMI or NFP releases. The blue
solid line shows the average abnormal turnover in the 24 hours before and after a PMI release in the top
panel and a NFP release in the bottom panel. In both panels, the red dashed lines are the result of the
same calculation for 48-hour windows surrounding 3,000 dates randomly drawn from non-release days.
The shaded areas represent pointwise 95% confidence bands around average abnormal turnovers. The
dashed vertical line in the top panel is 10:00 a.m. (the typical PMI announcement time). NFP is usually
announced at 8:30 a.m. and outside regular trading hours. The sample period is from January 1996 to
December 2020.
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Figure 5: Abnormal turnover of beta-, illiquidity- and size-sorted portfolios. On each trading day,
individual stocks are sorted into ten groups according to their market beta, (log) Amihud illiquidity
and market capitalization. The subplots exhibit the portfolio abnormal turnover (in percentage) on
“PreTarget”, “PostTarget”, and “Other” days. For stocks in each decile group, I report their value-weighted
average for the variable specified by the axis label. “PreTarget” represents the 24-hour trading window
before scheduled FOMC announcements that are associated with large target rate surprises. “PostTarget”
represents the 24-hour trading window following these announcements. “Other” are the remaining
trading days in the sample period. Abnormal turnover is the logarithm of turnover, detrended by its
past monthly average. In the top left panel, individual market betas are estimated from a three factor
Fama-French regression with a one-year rolling window. In the top right panel, individual market betas
are estimated from the same model using all observations over the sample period. For stock i on day
d, Amihud illiquidity is the average ratio between absolute return and dollar volume in the past year
(up to day d-1), multiplying 109. Size is the market value in trillion dollars on day d-1. Lines are the
ordinary least squares estimates implied by the average portfolio abnormal turnover on each type of day.
Shaded areas represent the 95% confidence bands of each regression line. The sample covers the July
2005 – December 2020 period.
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Appendix

A.1 Baseline case

In this section, I introduce the main features of the model using a baseline case and derive
its implication on trading volumes in absence of private information. The model consists of
one risky asset and three time periods. Trading occurs in period 1 and period 2, and the asset
pays off in period 3. The payoff of the risky asset is θ , and is pre-determined by an external
source. Its value is unobservable to the market participants but it is a common knowledge that
θ ∼ N(0,σ2

θ
). In period 2, an announcement can be made to reveal θ to all traders.

In each trading period t (t = 1,2), m discretionary liquidity traders arrive at the market.
Each of them independently demands dt ∼ N(0,σ2

d) shares of asset and has to satisfy such
demand before t+1. However, they can minimize their trading costs by choosing to trade either
immediately or with a delay. Besides discretionary liquidity traders, the market also consists of
noise traders. In each period, the trading demand of noise traders is zt ∼ N(0,σ2

z ). All market
participants are risk neutral. d1, z1, d2, z2 and θ are mutually independent.

In each period, market markers observe the total order flow and set the price to clear the
market. The zero-profit condition implies that the equilibrium price in period t equals to
market makers’ expectation of the final payoff in that period. In period 1, no public or private
information reveals the value of θ , so the market makers’ conditional expectation equals to
their unconditional expectation, i.e. P1 = 0. In the second period, market makers observe the
value θ and set the price P2 = θ . In both periods, order flows are not informative and therefore
do not have price impact. Because the trading cost equals to zero in both periods, “trade” is
always an optimal strategy for discretionary liquidity traders. The equilibrium order flow in
each period equals to ωt = mdt + zt .

The timeline below summarizes the key events in the benchmark model.

t = 1

(1) Discretionary liquidity
traders arrive at the market
with i.i.d. liquidity shocks.

t = 2

(1) Public news reveals θ ;
(2) Discretionary liquidity
traders arrive at the market
with i.i.d. liquidity shocks.

Final period

(1) Traders receive a div-
idend of θ for each share
they hold.

Let Vt be the total trading volume in period t. Admati and Pfleiderer (1988) demonstrates
that the expected trading volume equals half the sum of the absolute demand from each trader.
Then the expected trading volume in each period equals to

Vb =
1
2
(mE[|dt |] + E[|zt |]) =

√

√ 1
2π
(mσd +σz). (6)
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A.2 The case with private information

Suppose a risk-neutral informed investor also arrives at the market in period 1. She observes
the value θ and trades on this information. Market makers are aware of the informed trading
and set the price following a linear function of the order flow (Kyle (1985)),

P1 = E[θ |ω1] = λ1ω1, (7)

where ω1 is the total order flow in period 1 and λ1 captures the impact of order flow on price.

The informed investor submits an order that maximizes her expected utility.

U1 = max
x1

E[(θ − P1)x1|θ], (8)

where x1 is demand from the informed investor and P1 is equilibrium price in period t = 1.

Substitute equation 7 into equation 8, and the optimal informed demand is

x1 =
θ

2λ1
.

The parameter 1
2λ1

captures the aggressiveness of the informed investor—she trades more when
the price impact λ1 is low. Because the private signal only lasts for one period, the informed
demand in period 2 is zero (i.e. x2 = 0).

Discretionary liquidity traders that arrive in the first period can either trade in the current
period or in the next period. For the j th liquidity trader who receives a liquidity demand d j

1, her
expected cost of trading immediately is

E[P1|d
j
1]d

j
1 = λ1d j

1

2
.

If the discretionary liquidity trader chooses to wait, her expected cost of trading is

(E[P2|d
j
1] + c)d j

1 = (λ2 + c)d j
1

2
= cd j

1

2
,

where cd j
1

2
is the cost that the discretionary liquidity trader needs to bear if she chooses to

“wait”. The last part in equation 9 is because there is no private information in period 2 so
the order flow is not informative for market makers. For simplicity, I assume c is positive but
its value is negligible. Due to the presence of private information, the optimal strategy for
discretionary liquidity traders that arrive in period 1 is “wait”.

In the first period, only the informed investor and the noise traders submit orders therefore
the total order flow is ω1 = x1+ z1. Market makers observe the total order flow and determine
the price following the Bayes’ law:

P1 = E[θ |ω1] = 2λ1

σ2
θ

var(ω1)
ω1, (9)
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where var(ω1) =
σ2
θ

4λ2
1
+σ2

z is the variance of order flow.

Match the structure of equation 9 and equation 7 and solve for the equilibrium value of λ1:

λ1 =
σθ
2σz

. (10)

Having solved the equilibrium price impact, it is straightforward to derive the expected
trading volume. In period 1, the expected trading volume consists of the trading demand from
both the informed trader (x1) and noise traders (z1). Therefore, the expected trading volume
in this period is

E[V1] =
1
2

�√

√ 2
π

1
2λ1
σθ +

√

√ 2
π
σz

�

=
1
p

2π
2σz. (11)

In period 2, order flows are from three groups of traders: 1. noise traders (z2), 2. discretionary
liquidity traders that arrive in the first period but chose to “wait” (d j

1 , where j = 1, 2, ..., m) and
3. discretionary liquidity traders that arrive in the second period (dk

2 , where k = 1,2, ..., m) .
The expected trading volume in this period is

E[V2] =
1
2

�

2mσ0

√

√ 2
π
+σz

√

√ 2
π

�

=
1
p

2π
(2mσd +σz). (12)

To ease economic interpretations, let d = mσd
mσd+σz

and represent the density of discretionary
liquidity trading. Then the expected trading volume in period 2 can be rewritten as

E[V2] =
1
p

2π

1+ d
1− d

σz. (13)

Equation 11 implies that, in period 1, the informed investor trades against noise traders.
As a result, the expected volume only depends on the volatility of noise trading σz. In period
2, due to the arrival of public announcement, the informed investor no longer trades. The
expected volume, therefore, is determined by the total trading demands from liquidity traders.
Because period 2 is the last trading period, liquidity traders that newly arrive the market trade
immediately. Also, since the price impact of trading in period 2 is lower than the one in period
1, all discretionary liquidity traders that arrive the market in period 1 postpone their trading.
Consequently, tradings cluster at the public announcement, and the expected trading volume in
period 2 depends on the density of discretionary liquidity trading in the market (equation 13).

Likewise, the expected trading volume in the benchmark model can be rewritten as

E[Vb] =
1
p

2π

1
1− d

σz. (14)
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When private information presents, the pattern of trading volume in the model matches the
one of SPY around FOMC announcements. The relative volume change against the baseline
case (i.e., the abnormal volume), is 1− 2d in period 1 and d in period 2. As d is positive, the
expected trading volume in period 2 is always higher than the baseline case. In other words, the
abnormal volume in this period is positive. In period 1, the sign of abnormal volume depends
on the value of d. When d is large, the abnormal volume in period 1 is negative, because the
absence of discretionary liquidity trading dominates the arrival of informed trading. Vice versa
when d is small.

In the upper panel of Figure A.1, I plot the abnormal volume in period 1 (the green dashed
line) and compare it with the one in period 2 (the blue solid line). They are both monotonic in
the density of discretionary liquidity trading. Moreover, the lower panel shows that the volume
changes can be asymmetric. For instance, when d is larger than 0.5, the volume increase in
period 2 outweighs the volume decline period 1. But as d further increases, the asymmetry will
diminish.
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Figure A.1: Abnormal volume and density of discretionary liquidity trading. This graph shows
the relationship between the abnormal volume in each trading period (vertical axis) and the density of
discretionary liquidity trading (horizontal axis). For simplicity, the volatility of noise trading σz is set top

2π. The abnormal volume is defined as the difference between the expected volume in a model with
private information, and the expected volume in a model without private information.
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