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more closely resemble a random walk, and Chaboud, Chiquoine, Hjalmarsson and Vega (2014) 

find that LLT improves price efficiency through lower return autocorrelations and fewer 

arbitrage opportunities.  Other research suggests that the activities of LLTs improve market 

quality through increased liquidity and lower short-term volatility (Hendershott, Jones and 

Menkveld, 2011; Hasbrouck and Saar, 2013; Hendershott and Riordan, 2013).  

Does the increase in liquidity and market efficiency at the sub-second level improve the 

allocational efficiency enough to outweigh the actual cost of the arms race as well as the 

potential cost of reduced trust in markets?  LLTs have attracted the scrutiny of regulators due to 

concerns that their technological advantages create an unlevel playing field among market 

participants (Baer and Patterson, 2014). Some argue that LLTs’ ability to trade ahead of slower 

investors allows them to earn profits in excess of the risks involved. For example, Hirschey 

(2016) finds HFTs' aggressive trades lead those of other investors, and Baron, Brogaard, and 

Kirilenko (2012) find that aggressive (liquidity-taking) HFTs are highly profitable on a risk-

adjusted basis. These developments have led to arguments in the popular press that markets are 

“rigged” in favor of high-speed traders (Lewis, 2014), which erodes faith in financial markets 

and could raise firms’ cost of capital. 

One channel by which LLTs are presumed to benefit from their technological advantage 

is through rapidly responding to public information releases; this paper contributes to the LLT 

debate by exploring the sub-second market response to the release of eighteen different 

macroeconomic (macro) news announcements. Macro news releases provide a clean 
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seeking by low latency traders. The issue is whether the significant investments required for low 

latency create raises barriers to entry.  

We study quote and transaction data for the highly liquid S&P500 ETF (SPY) and the E-

mini S&P500 futures contract (ES). We find that the trading intensity increases ten-fold during 

the quarter-second following the release of macro news and there is a significant shift in order 

imbalances in the direction of the announcement surprise (based on the Bloomberg consensus 

forecast). This is consistent with the theoretical model of Foucault, Hombert and Rosu (2016) 

who argue that LLT trades are more correlated with short-run price changes and that they 

account for a large fraction of the trading volume around news events. The result is a remarkably 

efficient response to news. Prices react to announcement surprises within a tenth of a second and 

respond fully within five seconds. 

Although LLTs respond swiftly and convincingly to macroeconomic news releases, we 

find profits from fast trading are relatively modest compared to descriptions in the media (e.g. 

Mullins, et al, 2013).
2
 Trading in the direction of the announcement surprise results in average 

dollar profits (across market participants) of $19,000 per event for the S&P500 ETF. Profits are 
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to imply greater profit opportunities than we observe in the data. However, the posted quotes 

around news releases are not the stale, exploitable limit orders of slow investors but rather 

quickly changing quotes of the liquidity-supplying LLTs. Supporting this view, in the first 

quarter of a second after the news releases, we observe 500 changes to the best bid or offer quote 

in the ETF (across venues). These findings highlight the LLT’s lower adverse selection costs 

when supplying liquidity due to their ability to quickly update quotes in light of new information, 

consistent with the models of Jovanovic and Menkveld (2016), and Biais, Foucault and Moinas 

(2015).
3
 

In one controversial practice, Reuters began to sell access to the University of Michigan’s 

Consumer Sentiment Index to LLTs two seconds before wide release, and media articles suggest 

market participants were not aware of the early release (Mullins et al., 2013). This provides us 

with a natural experiment to test whether LLTs who receive early information are able to exploit 

slower traders to earn excess profits.  We find no evidence that purchasing the two-second early 

access to Consumer Sentiment data provides LLTs with incremental profits. While profits are 

lower after Reuters agreed to end the practice in July of 2013, this appears to be part of a general 

downward trend in trading profits across all macro announcements. A difference-in-difference 

approach reveals no statistically or economically significant changes in profits between 

Consumer Sentiment and other macroeconomic news announcements. The speed with which 

Consumer Sentiment information is incorporated into prices is consistent with a quick reaction 

among liquidity-supplying LLTs. In general, the evidence suggests LLTs are likely to be the 

marginal market participant following news releases regardless of timing.  

                                                           
3
 Scholtus, van Dijk, and Frijns (2014) document that LLTs improve market quality following macro news releases.  
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Our findings are consistent with increasing competition over time among LLTs. In 

particular, average profits for the S&P500 ETF fall from $38,000 per event in 2011, to $24,000 

in 2012, $5,000 in 2013, and are non-existent in 2014. The corresponding profits in the E-mini 

futures are $165,000, $62,000, $21,000 and $9,000, respectively. Supporting the view that 

declining profits reflect increased competition among market participants, we find a negative 

relation between announcement profits and the relative intensity of quote activity following the 

announcement. Moreover, the quote-to-trades ratio has increased over time while the available 

depth and trade sizes have decreased. We also observe that the speed of market reaction to macro 

announcements increases during the sample period. 

We next analyze the informativeness of order flow using a state space approach similar to 

Brogaard, Hendershott and Riordan (2014). We observe a decrease over time in the 

informativeness of the post-announcement order flow, which suggests an increasing ability for 

LLT quotes to respond directly to announcement surprises rather than responding indirectly 

through trading. Thus, as suggested by Menkveld (2013) the liquidity suppliers are also HFTs.  

Our analysis has implications for calls to regulate LLT. Baron, Brogaard and Kirilenko 

(2012) find that new HFT entrants have a propensity to underperform and exit, which points 
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The remainder of the paper is organized as follows. Section 2 discusses the 

macroeconomic news releases we consider and the stock index ETF and futures examined in the 
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Personal Consumption and the highest is 90 for Nonfarm Payrolls. The coverage suggests that 

these are highly watched, market moving events. We also observe a reasonable number of 

positive and negative surprises during the sample period. 

2.3 Market Moving Events 

The twenty-seven macroeconomic releases that we consider may not all impact financial 

markets in a significant way. We begin by objectively assessing which releases are potentially 

important to low latency traders. Specifically, we follow Balduzzi, Elton and Green (2001) and 

regress percentage mid-quote price changes, measured from 5 minutes before to 5 minutes after 

the release, on the standardized announcement surprises. Surprises are measured as the 

difference between the actual value of the release and its median estimate, standardized by its 

time series standard deviation. For releases before (after) 9:30 ET we use price changes for the 

S&P 500 E-mini Futures (SPY ETF). The coefficient on the standardized surprise is reported in 

the final column of Table 1. It represents the change in price associated with a one standard 

deviation increase in announcement surprise. The largest price impact is 30 basis points for a one 

standard deviation change in Nonfarm Payrolls. 

Eighteen different types of macroeconomic news have a statistically significant impact on 

stock prices at the 5% level, and we restrict our attention to these eighteen releases for the rest of 

our analysis. The coefficients on CPI, CPI excluding food and energy, and initial jobless claims 

are negative, as higher-than-expected inflation and unemployment had negative implications for 

the stock market. For ease of interpretation, we multiply these surprises by negative one so that 

all positive surprises are associated with good news for the stock market. 

3. Market Response to Macroeconomic News 
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 The pace of trading in financial markets has increased rapidly in recent years. In 2000, 

Busse and Green (2002) find that firm-specific information released during market hours is 

incorporated into prices within one minute. Speed of communication has since improved 

dramatically, leading to LLTs who strive to achieve low latency by investing in technology and 

co-locating their servers in the same data centers as stock exchanges. Hasbrouck and Saar (2013) 

note that the fastest traders have an effective latency of 2
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(above the consensus for CPI, CPI ex Food and Energy and Jobless Claims). Following positive 

(negative) surprises, we expect the cumulative mid-quote returns to be positive (negative). In 

Table 2, we combine positive and negative surprises together and report the mean absolute 

cumulative returns. Panel A reports the price response of the ETF to macro announcements 

released after 9:30am ET, and Panel B reports the results for the E-
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in S&P 500 ETF and S&P 500 E-mini futures by roughly one basis point (the results are 

otherwise similar). 

The Consumer Sentiment announcement also merits special attention, as for most of the 

sample period, early access subscribers were able to, for a fee, obtain information in machine 

readable form, two seconds prior to wider release. Using the early access time (9:54:58) as the 

information release time during this period of the sample, we find ETF prices incorporate 

roughly 73% of the ten-second price response within a half-second and futures prices react as 

quickly if not more so.9 On the other hand, regardless of whether information is released 

exclusively to LLTs or more widely, LLTs are the primary agents for incorporating new 

(machine readable) information into prices. 

Figure 1 disaggregates positive and negative announcement surprises and plots the 

average cumulative price response for the ETF (Panels A and B) and the E-mini Futures (Panels 

C and D) across announcements. The figures show that the speed of price reaction to negative 

surprises is similar to the price reaction to positive surprises. Consistent with Table 2, Panels A 

and C reveal that most of the price reaction happens within the first couple of seconds. Panels B 

and D focus on the two-second sub-period and more finely partition price changes into 100 

millisecond intervals. A large portion of the price reaction occurs within the first second. 

In order to statistically test for the speed of price response, we calculate price changes 

relative to the mid-quote measured twenty seconds after the announcement. In this setting, price 

changes should generally be statistically significant when measured before the event and 

gradually become insignificant as information is incorporated into prices. The resulting t-
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 We examine whether trading activity is oriented in the direction of announcement 

surprises by analyzing order imbalances. We assign transactions using the Lee and Ready (1991) 

algorithm. In particular, trades that are executed at a price higher (lower) than the prevailing 

mid-quote are treated as buys (sells). If a trade occurs at the mid-quote then we compare the 

traded price to the previous traded price, and upticks (downticks) are classified as buys (sells). 

We then calculate order imbalance as (number of buys – number of sells)/(number of buys + 

number of sells). We expect positive order imbalance for positive surprises and the opposite for 

negative surprises. 

 The last column of Table 3 reports mean order imbalances aggregated across positive and 

negative surprises, where we multiply negative surprise order imbalances by negative one. The 

evidence is consistent with traders reacting to announcement surprises. In the ETF (E-mini), 

order imbalance is zero (zero) during the benchmark period and 0.22 (0.19) and highly 

significant in the first quarter second after the news release. Order imbalance remains statistically 

significant for three seconds but falls considerably and loses significance afterwards. The 

relation between announcement surprise and order imbalance is similar when using the dollar 

value of purchases and sales (reported in Appendix A.1). The evidence suggests markets quickly 

incorporate new macroeconomic information, and part of the information is revealed through 

trading in the direction of the surprise. 

4. Profitability of Algorithmic Trading on Macroeconomic News 

The evidence in the previous section suggests that HFTs enhance market efficiency by 

swiftly and accurately responding to new information. This view is generally consistent with 

recent research on the effects of LLTs on financial markets (e.g. Brogaard et al., 2014; Carrion, 

2013; Chaboud et al., 2014). However, the concern of regulators and other market watchdogs is 
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that the contributions of LLTs to market efficiency come at the expense of reduced trust in 

financial markets. Conventional wisdom holds that LLTs’ speed advantage allows them to 

exploit slower market participants and earn profits that are disproportionate to the risks 

involved.10 For example, Hirschey (2016) finds that HFT’s aggressive purchases and sales lead 

those of other investors, and  Baron et al., (2012) find that aggressive (liquidity-taking) HFT is 

highly profitable on a risk-

http://www.sec.gov/Archives/edgar/data/1592386/000104746914002070/a2218589zs-1.htm
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profits to fast trading, and we stop at five minutes after announcements to avoid other 

confounding news events. Finally, we calculate aggregate dollar profits by multiplying the total 

dollar volume of trades in the direction of surprise during the entry period by the percentage 

price change. 

Table 4 reports the average profits. In the ETF, the average total dollar profits across 

events when exiting two to five seconds after the event (at the volume-weighted offsetting price) 

are below $7,000. Using a one to five minute exit window increases aggregate profits to $12,000, 

suggesting some price drift after the first five seconds. The profits from trading on Consumer 

Sentiment surprises do not exceed $6,000 ($8,000 in the case of the E-mini futures) per event on 

average for any exit window despite being provided early to subscribing LLTs during most of 

the sample period. Profits are $83,000 for ISM Manufacturing, however, suggesting quick 

reaction to this information was more profitable. 

Notional values are considerably higher in the E-mini futures contract, which leads to 

dollar profits that are an order of magnitude higher. For example, average profits from trading on 

announcement surprises for Nonfarm Payrolls, Chicago PMI, Existing Home Sales, and ISM 

Manufacturing all exceed $100,000. Profits are the highest using the later exit window. For 

example, the drift in mid-quotes we see in Panel B of Table 2 Panel B for Nonfarm Payrolls and 

ISM manufacturing after the first two seconds contributes to the profits for these announcements. 

Across all events, aggregate profits in the futures contract are roughly $50,000 per event.
12

 

 Figure 3 plots the percentage change in volume-weighted transaction prices surrounding 

the releases to provide a sense of scale for the dollar profits. We also partition the two-second 

entry window into smaller increments. We observe returns of about six basis points in the ETF if 

                                                           
12

 In appendix Table A.3 we report the profits for each event per month to make the profits across events 

comparable. This method of computing profits does not affect the relative importance of events considered here.   
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positions are entered within the first tenth of a second and unwound one to five minutes after the 

announcement. However, these high returns translate to relatively low aggregate dollar profits 

due to the limited trading in the first tenth of a second. Wider spreads for the futures contract 

lead to lower returns, just over two basis points, but dollar profits are higher due to larger 

notional values traded. A half-second delay greatly reduces returns. 

Aggregate dollar profits of $19,000 per event in the ETF and $50,000 per event in the 

futures contract appear modest in light of the costs involved in subscribing to real-time access to 

machine readable news.
13

 For example, AlphaFlash (part of Deutsche Börse Group) charges 

roughly $10,000 per month for machine readable access to several macroeconomic series 

(including inflation and employment announcements), plus an additional $1,500 for access to the 

ISM announcements and $1,000 per month for Chicago PMI. Separately, Reuters charged up to 

$6,000 per month for early access to Consumer Sentiment information. Moreover, these 

expenses do not include initial setup fees and other monthly product fees or take into account 

commissions on trading. Thus, it would appear that subscribing to machine readable news and 

trading on announcement surprises in the ETF and E-mini would be routinely profitable only for 

a relatively few LLTs with the lowest latencies. 

Our findings are somewhat at odds with descriptions of highly profitable “event-

jumping” LLT in the media. For example, Mullins, et al (2013) highlight the March 15, 2013 
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magnitude as the $31,578 profit we obtain using volume-weighted average transaction prices for 

a -0.5 to two second entry window and a one to five minute exit window. Both numbers are 

several multiples of the $5,200 we calculate on average for Consumer Sentiment announcements 

(in Table 4), which suggests the examples mentioned in media stories are outliers.14 

Another potential concern is that we only consider two instruments, whereas algorithmic 

traders could conceivably submit orders in hundreds if not thousands of securities. We chose our 

instruments based on their high liquidity, where small price changes may potentially be 
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Production, Factory orders and leading index for Futures). Table A.2 in the Appendix presents 

the results. The pattern is similar, with profits peaking in 2011 and declining thereafter. The 

pattern is similar in Appendix Table A.2, which repeats the analysis after filtering out events that 

are contemporaneous with other announcements (which could potentially lead to conflicting 

trading signals).  

 

5.2 Effects of SEC Naked Access Ban 

 A potential alternative explanation for the reduction over time in LLT trading profits is 

the SEC’s ban on naked market access. Naked Access is a practice where traders bypass broker 

controls and gain direct access to the exchanges. Concerned about the lack of oversight, the SEC 

began implementing a ban on naked access on November 30, 2011. The ban altered market 

access for a large group of LLTs that were not broker dealers, and Chakrabarty, Jain, Shkilko 

and Sokolov (2014) explore the effect of the ban on market quality. They find quoting activity 

falls by more than 33% after the implementation of the ban.  

 We test whether the LLTs who trade around macroeconomic news are affected by the ban 

by examining market activity in the six months around the ban (September 1, 2011 to February 

29, 2012) after splitting it into pre- and post-ban periods. Table 6 presents the results of market 

activity in the two periods: trading volume per second, number of trades per second, and number 

of quote changes per second. 

The evidence in Table 6 suggests that there is no discernable drop in quoting or trading 

activity around macroeconomic release times. In unreported results, we also find that the 

difference in trading and quoting activity between the pre-ban and post-ban periods is not 

statistically significant in the first two seconds after release when LLTs are likely to be most 
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active. While the ban may have limited the activity of a subset of LLTs, it does not appear to 

have a material effect on the liquid securities we consider. Therefore, the gradual decline in 

profits we observe in recent years appears unlikely to be driven by the ban on Naked Access. 

5.3 Effect of Competition on Profits
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5.4 Impact of Early Access to Macroeconomic News 

 In 2007 Reuters began compensating the University of Michigan for the exclusive right 

to distribute their Consumer Sentiment survey. Reuters created a two-tiered access system for 

their customers: standard clients would have access to the information at 9:55 am (five minutes 

before wide distribution), and premium subscribers could access the information in machine 

readable form an additional two seconds early at 9:54:58 am.
19

 Although Reuters advertised its 

early access arrangement to LLTs, the practice was not widely known among other market 

participants until a former employee filed a lawsuit against the company suggesting it was 

illegal. In July of 2013, Reuters agreed to end the practice at the request of the New York 

Attorney General.20 

In the previous subsection we found evidence that the decline in the profits associated 

with liquidity-demanding LLTs may be related to the quick updating of quotes by liquidity-

supplying LLTs. The early access to the Consumer Sentiment news release provides us with a 

natural experiment to test whether liquidity-demanding LLTs are able to profit from slow traders 

who may be unaware of their informational disadvantage. The timing of the suspension of early 

access is exogenous, and we use a difference-in-difference approach to control for changes in 

trading activity over time. 

We focus on the sample period near the change, January 2013–June 2013 for the early 

access period and July 2013–December 2013 for the no-early-access period. During the early 

access period, the E-mini futures had a volume per second of $552 million in the first quarter-

second following Consumer Sentiment information, compared to an average of $296 million in 

                                                           
19

 Baer and Patterson (2014) notes that the NY attorney general’s office sent subpoenas to more than a half-dozen 

HFTs, and the brief filed against Reuters describes their premium subscribers as “ultra low-latency,” which is 

consistent with HFTs being active market participants following macro news.  
20

 See Hu, Pan, and Wang (2014) for more details.  
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the other announcements. After ending the early access practice, the volume per second drops to 

just $44 million in the first quarter second, which suggests a huge effect due to the change. 

However, average volume in all other announcements also falls considerably to $37 million after 

July 2013, which highlights the importance of using a difference-in-difference approach. Table 8 

reports the difference-in-difference estimates for trading volume for the first quarter second 





27 

 

where pt refers to the log of mid-quote at the end of each tenth of a second, mt is the unobserved 

true or efficient price, wt is the permanent component and st is the transitory component. In the 

first stage, we estimate the two components for each event day using an Unobserved Component 

Model with log of mid-quotes observed every 100 milliseconds in the interval from two minutes 

before to two minutes after the event. In the second stage, we regress the change in permanent 

component (wt) and the temporary component (st) on the order imbalance (OIB) during that 100-

millisecond interval, in the first two seconds after the event, as follows:  

 wt = c + α OIBt + vt (3) 

 st = k + µ st-1 + β OIBt + ut. (4) 

We estimate the Unobserved Component Model in (1) and (2) and the regressions (3) and (4) 

separately for each announcement21 and then average α and β coefficients across announcements 

each year and calculate the corresponding standard errors, which are clustered by month.  

The results are presented in Table 9. The coefficient estimates of α and β are presented 

over the periods -120 to -60 seconds, 0 to 2 seconds, and for 60 to 120 seconds, with time zero 

being the announcement. The table reports statistical significance for each coefficient estimate 

using one, two, or three stars to denote significance at the 0.1, 0.05, and 0.01 levels. We also test 

whether parameters estimated during the 0 to 2 second interval are statistically different from 

estimates from the periods before and after. We display significance for these tests at the 5% 

level with bold font (for the -120 to -60 or 60 to 120 seconds periods).  

Over the whole sample, we see that the post-announcement ETF order imbalance (labeled 

0 to 2 seconds) positively predicts movement in the permanent price component, consistent with 

                                                           
21

 Brogaard, Hendershott, and Riordan (2014) estimate Equations 1-4 in one step using a Kalman filter and 

maximum likelihood. We opt for a two-step approach due to our small estimation samples. Stock and Watson (1989) 

point out that a two-step approach helps prevent misspecification in (3) and (4) from inducing inconsistency in (1) 

and (2), but at the cost of potential inefficiency. 
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Brogaard et al., (2014). The coefficient on the transitory component is orders of magnitude 

lower. For the 2008-2014 period, the impact of order flow on the permanent component is a 

statistically significant 0.224 basis points per unit of OIB. For the temporary component the 

impact is 0.004 basis points per unit of OIB. In the case of the E-mini futures contract, over the 

2011
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6. Conclusion 

Is LLT simply faster trading? The speed of trading has increased steadily for decades, 

and it is unclear whether LLT represents a fundamental shift in how markets operate. On the 

other hand, the introduction of many different trading venues, fragmentation of trading, and the 

large disparity in the speed of trading between LLTs and others market participants may have 

fund
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Figure 3: Profitability of Algorithmic Trading on Macroeconomic News Releases 

The figure shows average percentage profits (in basis points) from trading on macroeconomic announcement 

surprises. Positions are assumed to be entered into at the volume-weighted average purchase (sale) price for positive 

(negative) announcements and unwound later at the volume-weighted average (offsetting) transaction price. The plot 

shows profits for various entry and exit periods. For example, the entry interval labeled 0.1s refers to the period 0.5 

seconds before to 0.1 second after the event, and the exit period labeled 5m refers to the period 1 to 5 minutes after 

the event. The S&P500 ETF (SPY) sample period covers 2008–2014 and the E-mini Futures sample is from July 

2011- December 2014. 
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Figure 5: Trend in the Speed of Market Reaction 

The figure plots the trend in speed of market reaction over time. In 













44 

 

Table 5: Profitability of Algorithmic Trading on Macroeconomic News Releases by Year 

The table reports average per-event dollar profits from trading on macroeconomic announcement surprises. Positions 

are assumed to be entered into at the volume-weighted average purchase (sale) price for positive (negative) 

announcements measured during the half-second before to two seconds after the event. Positions are unwound at the 

volume-





46 

 

Table 7: Trading Profits around Macroeconomic News and Measures of Trade Competition 

The table presents the coefficient estimates from regressing trading profits on quote and trading activity around 

macroeconomic news announcements. Surprise is the absolute value of the standardized announcement surprise, with 

the standard deviation of surprise computed using time series of surprises for each event. Trades and Quotes are 

computed 5 minutes to 5 seconds before the announcement (denoted by Pre-Ann.) and 0 to 2 seconds after 

announcements (denoted by Post-Ann). Quote/Trade ratio is the number 
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The table compares market activity and trading profits for Consumer Sentiment announcements relative to other 

macroeconomic news. We measure the incremental effect of Consumer Sentiment during the period in which 

Thomson Reuters sold two-second early access to Consumer Sentiment information, and we compare this 

difference to the analogous measure calculated after Reuters ended the practice in July 2013. The difference-in-

difference estimates below are the post-advanced-feed period difference less the advanced-feed period 

difference. The advanced-feed sample is from Jan 2013–June 2013 and post-advanced-feed sample is from July 

2013-December of 2013. Panel A reports the estimates for Stock Market Activity in the S&P500 ETF (SPY) and 

the S&P500 E
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The table reports average per-event dollar profits from trading on macroeconomic announcement surprises 

excluding certain events. Positions are assumed to be entered into at the volume-weighted average purchase (sale) 

price for positive (negative) announcements measured during the half-second before to two seconds after the event. 

Positions are unwound at the volume-weighted average (offsetting) transaction price during different intervals after 

the event. For example, 5s to 1m indicates unwinding the position five seconds to 1 minute after the event. The 

S&P500 ETF (SPY) sample period covers 2008–2014 and the E-mini Futures sample is from July 2011- December 

2014. Market Moving Events only computes the average profits of all events in Table 5 with the exception of 

Factory Orders and Leading Index for SPY and CPI, CPI ex Food and Energy, Consumption, Capacity Utilization, 

Industrial Production, Factory Orders and Leading Index for S&P 500 Futures. Excluding confounding events 

reports average profits by excluding the announcements which were released contemporaneous with another 

announcement.  Profits are reported by year. Statistical significance at the 10%, 5%, and 1% level are denoted by *, 

**, and ***. 

 

Panel A: S&P500 ETF (SPY) 
 

Exit 

Time 
2008-2014 2008 2009 2010 2011 2012 2013 2014 

Market moving events only 

         
2s to 5s   8,054***   7,407***   7,443***






