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Abstract:  

 

This paper examines the impact of accounting information events (i.e., earnings announcements 

and analystsô earnings forecasts) on the profitability of a pairs trading strategy proposed by 

Gatev et al. (2006). Using a portfolio of U.S. stock pairs between 1981 and 2006, we find that 

pairs trades are frequently triggered around accounting information events. More importantly, we 

find that pairs positions opened after accounting events are significantly less profitable than pairs 

positions opened in non-event periods. Furthermore, we find that incremental excess returns can 

be achieved by delaying the closing of a pairs position until after accounting information events. 

Overall, our results suggest that drift in stock prices following earnings announcements and 

analystsô earnings forecasts is a significant factor affecting the profitability of pairs trades.  
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1. Introduction 

 

This paper studies the impact of accounting information events (such as earnings 

announcements and analystsô earnings forecasts) on the profitability of an active investment 

strategy known as pairs trading. Pairs trading is an relative-value investment strategy that 

attempts to profit from relative pricing errors of a pair of ñsimilarò securities. In the case of 

equities, the strategy sells a stock that has had a relative price increase and simultaneously buys a 

ñsimilarò stock that has had a relative price decrease. ñSimilarò stocks are typically identified by 

finding two stocks whose prices have historically moved in tandem. Gatev, Goetzmann, and 

Rouwenhorst (2006) propose and implement an unconditional pairs trading strategy for a sample 

of U.S. stocks and find that the strategy generates excess returns of about 11% per year.
1
 We 

examine impact of accounting information events on the Gatev et al. (2006) strategy. We find 

that pairs trades are frequently triggered around accounting information events. Furthermore, we 

document that: (a) pairs positions opened after accounting events are significantly less profitable 

than pairs positions opened in non-event periods, and (b) incremental excess returns can be 

achieved by delaying the closing of a pairs position until after accounting information events. 

Overall, our results suggest that own-price drift in stock prices following earnings 

announcements and analystsô earnings forecasts is a significant factor affecting the profitability 

of pairs trades. 

The two key elements of an equity pairs trades are: (1) a pairs position is opened (by 

going long in the ñdownò security and by going short in the ñupò security) when the relative 

stock prices of a pair diverge, and (2) a pairs position is closed to generate a future profit when 

                                                 
1
 An ñunconditionalò pairs trading strategy only uses relative stock price movements as triggers to open or close a 

pairs position. Gatev et al (2006) apply such a strategy without reference to the type of event that lead to the stock 

price changes for a pair of stocks. 
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there is a reversal of this relative price discrepancy. Given that divergence and reversal of prices 

are the keys to pairs trades, we argue that accounting information events can affect both the 

likelihood of triggering a pairs trade and the profitability of an unconditional pairs trading 

strategy such as the one proposed by Gatev et al. (2006). First, it is well established in the 

accounting literature that stock price volatility tends to increase around accounting information 

events (see, for example, Beaver 1968). Other things equal, this event-period volatility increases 

the likelihood of a relative price change in a pair that will trigger either the opening or closing of 

a pairs position. Second, numerous accounting studies document that investors appear to 

undereact to a firmôs own accounting information events which leads to a subsequent drift in 

stock prices (see, for example, Foster, Olsen and Shevlin, 1984, Bernard and Thomas, 1989, 

Stickel, 1991, and Gleason and Lee, 2003). This empirical regularity suggests that accounting 

information events can affect the profitability of pairs trades triggered around accounting 

information events because the own-firm stock price drift can lead to further price divergence in 

a pair rather than a convergence in relative prices of the trading pair.
2
 

In this study, we investigate the impact of accounting information events on the Gatev et 

al. (2006) pairs trading strategy for a sample of U.S. stocks between 1981 and 2006. For this 

sample period, we document annualized excess stock returns of almost 7.7% for the 

unconditional version of the Gatev et al. pairs trading strategy. We then directly analyze the 

profitability of the subset of pairs trades opened and closed around common accounting 

information events. We focus on two major types of accounting information events: quarterly 

                                                 
2
 It should be noted that a lead-lag relationship in firmsô stock returns (see, Lo and MacKinlay, 1990) and, in 

particular, the reaction to common information can also lead to profitable pairs trades. In this case, one firm has a 

faster stock price reaction to a common information event, while the other firmôs stock price underreacts to the 

information. Given this type of lead-lag relationship in prices, accounting information events may not diminish (and 

could even enhance) the profitability of a pairs trade around an accounting information event. This issue is discussed 

in more detail in section 3. It is ultimately an empirical issue whether own-price underreaction or a lead-lag 

underreaction is the dominant factor affecting the profitability of pairs trades around accounting information events.  
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earnings announcements and analyst earnings forecasts. First, we document that pairs positions 

frequently open around accounting information. Second, we find that pairs positions opened 

immediately after these accounting events are significantly less profitable than pairs positions 

opened during non-event windows. The excess returns to pairs trades opened after an earnings 

announcement or analyst forecast event are small and statistically insignificant. Third, we find 

that pairs positions closed immediately after these accounting events are significantly less 

profitable than delayed closing of these pairs positions. We find incremental excess monthly 

returns between 20 and 30 basis points by delaying the closing of a pairs position by 15 trading 

days. We do not find significant excess monthly returns from the delayed closing of pairs 

positions around non-event windows. Overall, our results suggest that investorsô systematic 

underreaction to accounting information events leads to a drift/divergence in relative stock prices 

that diminishes the profitability of an important subset of the unconditional pairs trades that arise 

in the Gatev et al. (2006) pairs trading algorithm. 

Our paper extends the emerging academic literature on relative-value investment 

strategies and introduces important insights from the accounting literature. The two previous 

papers on pairs trading in equity markets are Gatev, Goetzmann, and Rouwenhorst (2006) and 

Andrade, di Pietro, and Seasholes (2005). Gatev et al. use daily U.S. stock return data for a 

sample between 1962 and 2002. They propose a simple unconditional pairs trading rule that 

generates excess returns of around 11% per year for the full sample period. The returns have 

high risk-adjusted alphas, low exposures to common measures of systematic risk, appear to 

exceed typical transaction costs, and do not come from short-term return reversals. Andrade et al. 

(2005) also find excess returns to pairs trading using daily stock return data from the Taiwanese 

stock market between 1994 and 2002. They also present evidence that uninformed trading shocks 
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may generate some of the profits to pairs trading in Taiwanese stocks. For example, they 

document that uninformed net buying is significantly correlated with a pairôs initial price 

divergence. Overall, both Gatev et al (2006) and Andrade et al (2005) interpret the excess stock 

returns as compensation for keeping prices in line (i.e., liquidity provision). 

Our findings extend the aforementioned literature by providing a better understanding of 

the impact of firm-specific accounting information events on the stock returns of closely-related 

firms. While prior research examines accounting information flows across firms in the same 

industry (i.e., Ramnath, 2002) or for firms with customer-supplier relationships (i.e., Cohen and 

Frazzini, 2006, and Pandit, Wasley, and Zach, 2007), we examine a potentially broader and less 

restricted class of related firms that display co-movement in their stock market returns.
3
 Our 

work also contributes to the prior literature by showing that accounting information events can 

affect the payoffs to pairs trades and that unconditional pairs trades (based solely on stock price 

movements) may be suboptimal. We also propose research extensions that provide additional 

links between accounting information and pairs trading. In particular, we are investigating: (i) 

whether accounting information can be used to find ñbetterò pairs candidates in the ex ante 

formation period, (ii) whether other accounting information events such as management earnings 

forecasts and analyst recommendation revisions also affect the profitability of pairs trades, and 

(iii) how specific accounting information contained in earnings announcements (such as 

accruals) or in analyst forecasts (ie, size of forecast revision or dispersion in forecast revisions) 

affect the profitability of pairs trades. 

The rest of the paper is organized as follows. Section 2 outlines the details of the pairs 

trading strategy. Section 3 discusses the possible impact of accounting information events on the 

                                                 
3
 The co-movement in stock returns for a pair can be driven by a number of factors including co-movement in cash 

flows, risk exposures, or investor sentiment. 
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profitability and implementation of pairs trading.  Section 4 explains the sample selection 

procedure and the descriptive statistics for the baseline strategy. Section 5 outlines the main 

empirical tests. Section 6 summarizes and concludes.   

 

 

2. Baseline pairs trading strategy 

 

Pairs trading is a relative-value investment strategy where a trader buys an ñunder-

pricedò security and simultaneously sells a similar ñover-pricedò security.
4
 Similar securities are 

often chosen on the basis of historical co-movement in their stock returns. This co-movement in 

stock prices can be partially attributable to the fact that both securities had similar loadings on 

systematic risk factors. Therefore, the strategy arguably has low exposure to systematic risk 

factors because a long position in one stock is effectively hedged by an offsetting position in 

another stock with similar factor loadings. Therefore, the strategy is often viewed as a market-

neutral strategy. 

The goal of our study is to determine the impact of accounting information events on the 

profitability of equity pairs trades. Given that there are potentially an infinite number of ways to 

implement a pairs trading strategy, we decide to follow the base-line pairs trading strategy and 

algorithm proposed in Gatev, Goetzmann, and Rouwenhorst (2006) for U.S. stocks. We then 

document the effect of accounting information events on the profitability of this particular 

trading strategy. 

 

2.1. Unconditional pairs trading strategy 

 

Similar to Gatev et al, we first define a 12-month ñformationò period where we calculate 

and track firmsô normalized daily stock prices. A candidate pair is comprised of two stocks, 

                                                 
4
 See Hansell (1989) for an interesting discussion of pairs trading at Morgan Stanley during the 1980ôs. 
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Stock A and Stock B. The normalized stock prices of both Stock A and Stock B are set to a value 

of ñ1ò at the open of the first trading day of a 12-month formation period. The beginning of the 

formation period is either the first trading day in January or the first trading day in July in a 

given year. The normalized price of a stock (in this case, Stock A) at the end of each trading day t 

in the formation period is calculated as: 

     Pt
A
 = ɄŰ=1,t (1+rŰ

A
)     (1) 

 

 

where Pt
A
 is the normalized stock price for Stock A at the end of trading day t, and rŰ

A
 is the daily 

return (inclusive of dividends) for Stock A on trading day Ű. The 12-month formation period 

typically has around 250 trading days. At the end of the 12-month formation period, we calculate 

the time series of normalized stock price deviations for every pair of stocks. Similar to Gatev et 

al, we calculate a distance measure (ClosenessAB) that captures the sum of squared normalized 

price deviations for the two stocks in the pair over the entire 12-month formation period: 

 

    ClosenessAB = Ɇt=1,#TradingDays(Pt
A
 - Pt

B
)
2
   (2) 

 

 

In order to identify unrestricted pairs of stocks with the closest historical co-movement in 

prices, Gatev et al suggest a brute-force approach where the Closeness measure is calculated for 

all possible pairs of U.S. stocks with complete daily stock return information over the 12-month 

formation period.
5
 For example, in a sample of 1,000 stocks, this methodology entails calculating 

499,500 values of the Closeness measure.
6
  Then all candidate pairs of stocks are ranked, from 

                                                 
5
 In addition to the ñunrestrictedò set of pairs candidates, Gatev et al (2006) also present results where stock pairs are 

restricted to belong to one of four broad S&P industry categories. The Closeness measure is then used to match 

stocks within each of these industry groups. Gatev et al find that the average profitability of the industry-restricted 

pairs strategy to be similar to the average profitability of the ñunrestrictedò pairs strategy. This is not surprising 

given that they find that the ñunrestrictedò strategy often identifies close pairs of stocks from the same industry. 
6
 The formula for the number of unique pairs in a population of N stocks is N*(N-1)/2. 
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lowest to highest based on the sum of squared deviations, to find the closest 20 pairs with the 

smallest values of the ClosenessAB measure in a given 12-month formation period. 

 

2.1.2. A faster approach to identifying closest pairs 

The Gatev et al technique for finding the closest 20 pairs involves checking pairs of 

stocks that are very unlikely to have high co-movement. For example, if one stock had an annual 

return of -20% and another stock had an annual return of +20% over the formation period, then it 

is highly unlikely that these two stocks are one of the 20 closest pairs in the sample (i.e., these 

two stocks will undoubtedly have a very large value of the Closeness measure). Therefore, to 

optimize the selection of candidate pairs and reduce unnecessary calculations, we pre-sort all 

stocks into quintiles based on their 12-month stock return over the formation period. Then within 

each ñ12-month returnò quintile, we sort the stocks again into ñ6-month returnò quintiles, based 

on each stockôs return over the first six months of the formation period. In the end, we form 25 

(5 x 5) groups of stocks that have similar 6-month and 12-month stock return profiles. In other 

words, these groups of stocks have roughly the same co-movement over the 6-month and 12-

month horizons. 

We then restrict our calculations of the Closeness measure in equation (2) to the stock 

pairs within each of the 25 pre-sorted groups. In a sample of 1,000 stocks, this approach sorts 

stocks into 25 groups containing 40 stocks each. Therefore, the optimized methodology entails 

calculating only 19,500 values of the Closeness measure (i.e., [# groups]*[n*(n-1)/2] = 

[25]*[40*(40-1)/2] = 19,500). This optimization results in an order of magnitude fewer 
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calculations compared to the original Gatev et al approach.
7
 Additional discussion of this 

optimized pairs identification technique is provided in Appendix A. 

 

2.2. Trigger point for opening a pairs position 

 

Following the 12-month formation period, we track each of the 20 ñclosestò pairs over 

the next 6-month trading period. At the beginning of this trading period, we again re-normalize 

the stock prices of stock in a pair to be equal to ñ1ò. We then track the normalized prices of the 

two stocks and wait until their prices have diverged sufficiently before initiating a position. 

Similar to Gatev et al, the trigger value for opening a pairs position is based on two standard 

deviations of the historical price divergence of Stock A and Stock B in a pair. The historical price 

divergence is measured over the 12-month formation period immediately before the trading 

period: 

 

    Trigger
AB

 = ±2·stdev(Pt
A
 - Pt

B
)    (3) 

 

 

2.3. Taking a pairs position 

 

The signal to open a pairs position occurs when | Pt
A
 - Pt

B
 | > Trigger

AB
. The position is 

opened by selling the stock with the relatively higher price and buying the stock with the 

relatively lower price. However, we apply the ñwait one day ruleò of Gatev et al before opening 

the position. The rationale behind this waiting rule is that the calculated excess returns to pairs 

trading may be biased upwards because of the bid-ask bounce of closing stock prices recorded on 

CRSP (see, for example, Conrad and Kaul, 1989, and Jegadeesh, 1990). Therefore, part of an 

apparent price movement that can trigger an opening of a pairs position can arise from price 

                                                 
7
 When coded in SAS, the calculation of the Closeness measure is computationally intensive. Therefore, the 

optimized technique proposed in this section reduces SAS run times from several hours to tens-of-minutes for each 

of the 52 formation windows between 1980 and 2005. 
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ñmovementsò between the bid and ask prices quoted for a given stock. In other words, 

conditional on observing CRSP price divergence, the ñhigh pricedò stock is more likely to be an 

ask quote and the ñlow pricedò stock is more likely to be a bid quote. Therefore, using these 

daily CRSP prices as the benchmark prices to open a pairs position may bias upwards the excess 

returns to the pairs trading strategy because one is implicitly buying at bid quotes and selling at 

ask quotes. The opposite is also true when one closes a pairs position when the CRSP prices re-

converge. Therefore, similar to Gatev et al, we address this issue by opening a pairs position 

using prices on the day following the divergence in stock prices beyond the trigger value.
8
 

We track the pairs position using a tri-state indicator variable, It
AB

, that track the pairs 

position over the trading period: 

   

     0 not open 

    It
AB

 ſ+1    short A; long B     (4) 

              -1     long A; short B 

 

 

2.4. Closing a pairs position 

Similar to Gatev et al, a pairôs normalized prices and CRSP returns are recorded at the 

end of each trading day and the pairs position is held open until the normalized prices re-

converge (i.e., they cross). When the normalized prices cross, then we wait one day before 

closing out pairs position to minimize the effects of bid-ask bounce (see discussion in section 

2.3). If a pairs position remains open at the end of the 6-month trading period, the position is 

automatically closed and the profit or loss is recorded based on the closing stock prices on the 

last day of the trading period. In addition, if a stock in a pair is delisted from CRSP, then we 

                                                 
8
 The exceptions to this ñ1-day waiting ruleò occur when: (1) the pairs position remains open on the last day of the 

6-month trading window (in this case, the closing prices on the last trading day are used), and (2) one of the stocks is 

delisted (in this case, the delisting returns and prices are used). 
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close the pairs position and calculate the profit or loss using the delisting return of the last 

available price on CRSP. See footnote 4 in Gatev et al (2006) for additional discussion of the 

robustness of the calculation of excess returns to this assumption. 

We track the 20 closest pairs strategy from each 12-month formation period over the next 

6-month trading window. Trading periods start at beginning of January or July of each year.
9
 

Therefore, our trading periods are non-overlapping. Our use of non-overlapping 6-month trading 

periods (which means there is only a 6-month overlap in the formation periods) prevents the 

over-statement of excess returns because we do not run the risk of double-counting the trades in 

the same 20 closest pairs that can arise from overlapping trading and formation periods. 

 

2.5. Portfolio excess returns computation 

 

Based on the trading rules discussed in sub-section 2.3 and 2.4, each of the 20 pairs in a 

given 6-month trading period may open or close at different times and each pair may open and 

close multiple times. As a result, the payoffs to the unconditional pairs trading strategy are a set 

of payoffs that are spread across the trading period. The payoffs can be interpreted as excess 

returns given that they are computed over long-short positions of one dollar. Similar to Gatev et 

al. (2006), we compute the excess return on a pair during a trading window as the re-invested 

payoffs during the trading window given that the long and short portfolio positions are marked-

to-market at the end of each trading day. The unadjusted daily return for each long or short 

position on a given (open or closed) pair is calculated as: 

 

r t
A 

= -It
AB

·rt
A
)     and     r t

B 
= I t

AB
·rt

B
    (5) 

 

 

                                                 
9
 This strategy contrasts slightly with Gatev et al (2006) where they initiate the pairs at the beginning of every month 

and, therefore, have overlapping six-month trading periods. 
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However, to calculate realizable buy-and-hold returns to a portfolio of 20 pairs 

candidates, we calculate value-weighted returns in the following way: 

 

rP,t = (ɆiʻP wi,t·r i,t) / (ɆiʻP wi,t )    (6) 

 

where r i,t represents the daily indicator-based stock returns from equation (5) and wi,t are weights 

to capture the compounding effect of daily stock returns (i.e., wi,t = (1+ r i,1) ··· (1+ ri,t-1) ).  Our 

portfolio returns are calculated based on fully invested returns (i.e, actual capital employed).  

 

3. Impact of accounting events on pairs trading  

 

The accounting literature has shown an increase in stock price volatility around important 

accounting information events (see, for example, Beaver 1968). Based on the unconditional pairs 

strategy described in section 2, this volatility would tend to increase the likelihood that a pairs 

position will open or close around the accounting information events. Another empirical 

regularity documented in the accounting literature is the systematic market undereaction to a 

firmôs own accounting information events. This own-firm underreaction subsequently leads to 

drift in stock prices following the event (see, for example, Foster, Olsen and Shevlin, 1984, 

Bernard and Thomas, 1989, Stickel, 1991, and Gleason and Lee, 2003). 

The market underreaction to a firmôs own accounting events suggests that accounting 

information events may decrease the profitability of pairs trades executed around these 

information events because a firmôs own-price drift leads to further price divergence in a pair 

rather than a reversal of the relative price discrepancy. On the other hand, a lead-lag relationship 

in stock prices (see, for example, Lo and MacKinlay, 1990; Hou and Moskowitz, 2005, and Hou, 

2006) could conceivably reinforce the profitability of pairs trades executed around accounting 

information events. For example, one firm may experience a faster stock price reaction to 
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common information released at accounting event, while the other firmôs stock price underreacts 

to this information. If this type of lead-lag relationship exists, then accounting information events 

may not diminish (and could even enhance) the profitability of a pairs trade that is triggered 

around an accounting information event. Therefore, it is ultimately an empirical issue whether 

own-price underreaction or a lead-lag underreaction to information is the dominant factor 

affecting the profitability of pairs trades around accounting information events.  Therefore, we 

undertake a series of empirical tests to determine the properties and profitability of pairs trades 

opened and closed around accounting information events. 

 

3.1. Opening pairs trades around accounting events 

 

Based on the above discussion, we have reason to expect: (a) an high likelihood of a pairs 

trade opening following an accounting information event, and (b) continued drift in stock prices 

(rather than reversal) following the information event. Therefore, we investigate the profitability 

(excess returns) of pairs trades that open in the days following two major accounting information 

events, namely quarterly earnings announcements and clustered analyst earnings forecasts. 

To determine the impact of quarterly earnings announcements, we analyze all pairs 

positions (for the top 20 pairs in each 6-month trading period between 1981 and 2006) that 

opened when the threshold trigger was surpassed within 5 days after an earnings announcement 

for at least one firm in pair. In other words, we check if the threshold trigger from equation (3) 

was exceeded on days t Ÿ t+5, where day t is the date of quarterly earnings announcement 

recorded on the Compustat quarterly database during the trading period. If the opening pairs 

position occurred within this window, then we include the returns to this pairs trade in the 

separate portfolio of ñPairs Trades Opened After Earnings Announcements.ò The excess returns 

to this portfolio are calculated in the same way as discussed in section 2.5. 
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To determine the impact of ñclustered analyst forecastsò, we analyze all pairs positions 

(for the top 20 pairs in each 6-month trading period between 1981 and 2006) that opened when 

the threshold trigger was surpassed within 5 days after a ñclusteredò analyst forecast event for at 

least one firm in pair.
10

 A ñclusteredò analyst forecast event is defined as at least 1/4 of analysts 

following the firm during the prior 12-month formation period issue an earnings forecast within a 

3-day window.
11

 In other words, we check if the threshold trigger from equation (3) was 

exceeded on days t Ÿ t+5, where day t is the last day in a rolling 3-day window where the 

ñclusteredò I/B/E/S analyst forecast event occurred. If the opening pairs position occurred within 

this window, then we include the returns to this pairs trade in the separate portfolio of ñPairs 

Trades Opened After Clustered Analyst Forecastsò. Again, the excess returns to this portfolio are 

calculated in the same way as discussed in section 2.5. 

 

3.2. Delayed closing of pairs positions around accounting events 

 

Similar to the arguments presented in section 3.1, we have reason to expect: (a) an 

increased likelihood of a possible crossing of pairsô prices following accounting information 

events (due to higher price volatility), and (b) continued drift in stock prices following these 

information events. Given the expected drift in prices, an immediate closing of a pairs position 

may forgo additional returns that may be realized from keeping the pairs positions open. 

Therefore, we investigate the profitability (excess returns) of pairs trades that are supposed to 

close in the days following quarterly earnings announcements and clustered analyst earnings 

                                                 
10

 We consider ñclusteredò analyst forecast events to avoid the problem of identifying which analysts are the most 

informative. Cooper, Day and Lewis (2001) show that ñleaderò analyst forecasts tend to be the most informative for 

stock prices and cause subsequent revisions by ñòfollowerò analysts. Our 3-day window captures the reaction of 

analysts to a significant information shock. 
11

 It should be noted that these ñclusteredò analyst forecast events can also capture analystsô reactions to 

management guidance events (see, for example, Soffer et al, 2000, Matsumoto, 2002, and Richardson, Teoh and 

Wysocki, 2004). Cotter, Tuna and Wysocki (2006) show that a large fraction of analyst forecast revisions within a 

fiscal quarter occur in response to explicit management guidance. 
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forecasts. In particular, we track the incremental excess returns to delayed closing (by 5, 10 and 

15 trading days) after the initial re-convergence (price crossing) of the pairs stock prices. 

To determine the impact of quarterly earnings announcements, we analyze all pairs 

positions (for the top 20 pairs in each 6-month trading period between 1981 and 2006) where the 

normalized stock prices crossed within 5 days after an earnings announcement for at least one 

firm in pair. In other words, we check if the prices re-converged on days t Ÿ t+5, where day t is 

the date of quarterly earnings announcement recorded on the Compustat quarterly database 

during the trading period. If the price crossing occurred within this window, then we calculate 

the incremental returns to keeping this pairs positions open for an additional 5, 10 , or 15 trading 

days. We then calculate the incremental returns to these separate portfolios of ñDelayed Closing 

of Pairs Trades After Earnings Announcements.ò The incremental returns to this portfolio are 

calculated in the same way as discussed in section 2.5. For comparative purposes, we also 

tabulate the incremental returns to keeping pairs positions open for cases of price crossing that 

do occur after an earnings announcement (ie, non-announcement closing events). Again, we 

tabulate portfolio benchmark returns for keeping the position open for an additional 5, 10, or 15 

trading days. 

Similarly, to determine the impact of clustered analysts forecasts, we analyze all pairs 

positions (for the top 20 pairs in each 6-month trading period between 1981 and 2006) where the 

normalized stock prices crossed within 5 days after a ñclusteredò analyst forecast event for at 

least one firm in pair. Again, a ñclusteredò analyst forecast event is defined as at least 1/4 of 

analysts following the firm during the prior 12-month formation period issue an earnings forecast 

within a 3-day window. In other words, we check if the prices re-converged on days t Ÿ t+5, 

where day t is the last day in a rolling 3-day window where the ñclusteredò I/B/E/S analyst 
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forecast event occurred. If the price crossing occurred within this window, then we calculate the 

incremental returns to keeping this pairs positions open for an additional 5, 10, or 15 trading days 

beyond the standard closing date. We then calculate the incremental returns to these separate 

portfolios of ñDelayed Closing of Pairs Trades After Clustered Analyst Forecasts.ò Again, for 

comparative purposes, we also tabulate the incremental returns to keeping pairs positions open 

for cases of price crossing that do not occur after clustered analyst forecasts (ie, non-forecast 

closing events). Again, we tabulate portfolio benchmark returns for keeping the position open for 

an additional 5, 10, or 15 trading days. 

 

3.3. Potential confounding effect of intra-industry information transfers 

 

Inherent in the above discussion is the assumption that accounting information events 

mostly affect the price of one of the stocks in a trading pair. For example, Stock A announces its 

quarterly earnings announcement on a given day and its positive stock return leads to the 

opening of a pairs position because the price of Stock B is unchanged. Furthermore, it is assumed 

that Stock Aôs price will continue to drift in an upward direction following its earnings 

announcement. Therefore, an accounting information event would affect the profitability of a 

pairs trade. 

However, a potential confounding effect may arise when one firm announces its earnings 

(or has an analyst forecast) and there is a spillover effect to the stock price of the other firm in 

the pair. For example, two firms in the same industry can be subject to the same economic forces 

affecting the earnings of both firms. Therefore, one firmôs earnings announcement can contain 

value-relevant information for the other firm in the pair. For example, research by Foster (1981) 

and Ramnath (2002) present evidence that the stock prices of both the announcing firm as well as 
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its industry peers generally move in the same direction.
12

 If such spillover effects are strong, then 

there may be post-announcement drift in the stock price of both the announcing firm and the 

non-announcing firm in a pair. The possible implications of this effect are twofold. First, if both 

the announcing and non-announcing firmsô stock prices increase on the earnings announcement 

(or analyst forecast date), then the pairs position is not more likely to open following an 

accounting information event. Second, let us assume that a pairs position either opens or is 

already open after an accounting event for one of the stocks in the pair. If there is post-

announcement stock price drift for both the announcing and non-announcing firm, then the 

relative prices of the two stocks is unlikely to further diverge following the information event. 

Overall, this potential confounding effect may offset some of the effects of accounting event on 

the profitability of pairs trades. 

Therefore, it is an empirical issue whether there is: (a) an increased likelihood of a pairs 

opening following an accounting information event, and (b) continued relative drift in stock 

prices (rather than reversal) following the information event.
13

 It should be noted that the tests 

discussed in sections 3.1 and 3.2 focus on pairs trades that actually opened or closed. Therefore, 

these events suggest that there were differential price reactions of each stock in the pair to the 

accounting information event. 

 

4. Sample selection 
 

In order to tabulate the profitability of the base-line pairs-trading strategy, we require 

daily stock price and returns information for U.S. stocks. As described in section 2.1, we identify 

                                                 
12

 Cohen and Frazzini (2006) also examine the lead-lag relationship if stock returns for economically-linked firms 

with supplier and customer relationships. In their sample, the majority of ñlinkedò firms are in different industries. 
13

 See also Thomas and Zhang (2006) who suggest that non-announcing firms overreact to announcement 

information from other firms in the same industry. Given that our tests condition on a pairs position opening after an 

accounting event, the Thomas and Zhang result can lead to further divergence in stock prices after the accounting 

event. 
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the top 20 pairs for each trading period based on historical stock returns tracked over a 12-month 

formation period. In addition, in order to assess the impact of accounting information events on 

the base-line pairs-trading strategy, we require accurate information for quarterly earnings 

announcement dates and for analyst earnings forecasts dates during the trading period. To ensure 

that we are following stocks with complete and accurate historical information on these two 

types of accounting events, we restrict our sample to U.S. NYSE/AMEX/Nasdaq stocks between 

January 1980 and June 2006 that meet the following requirements for the 12-month formation 

period: 

1. Complete daily CRSP returns for each 12-month formation period commencing in 

either January or July each year; 

2. Four quarterly earnings announcement dates reported on the Compustat quarterly 

database during the 12-month formation period commencing in either January or 

July each year; 

3. At least two analysts issuing an I/B/E/S earnings forecast for the firm during the 

12-month formation period commencing in either January or July of each 

calendar year; and 

4. Matched links between the CRSP, Compustat, and I/B/E/S databases. 

 

 

Two reasons we restrict our sample to the post-1970ôs period are: (i) the Compustat 

coverage of quarterly earnings announcements dates is more accurate and comprehensive during 

this period (see, for example, Lamont and Frazzini, 2007), and (ii) the I/B/E/S coverage of 

analyst forecasts is more complete during this period. The first 12-month formation period 

begins on the first trading day of January 1980 and ends on the last trading day of December 

1980. The top 20 pairs are identified using historical daily CRSP price and return data over this 

period. Then, the first 6-month trading period begins on the first trading day of January 1981 and 

ends on the last trading day of June 1981. Pairs positions are tracked (opened and closed) over 

this 6-month window and excess returns to the strategy are also calculated. At the end of the first 

trading period, all open positions are closed. We then roll forward the both the formation period 
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and trading period by 6-months and the process is repeated. There are 52 non-overlapping 

trading windows over the 1981-2006 sample period.  

 

5. Empirical r esults 

 

In this section, we present empirical results on the properties and profitability of pairs 

trades executed using: (i) the Gatev et al (2006) unconditional strategy, (ii) a conditional strategy 

that only considers pairs opened following major accounting events, and (iii) a conditional 

strategy that delays closing of pairs positions that occur following major accounting events. All 

tests are performed on the sample of 52 non-overlapping 6-month trading windows for the 

sample of U.S. stocks described in section 4. 

 

5.1. Unconditional pairs trading strategy 

 

We start by reviewing the results of the base-line Gatev et al (2006) unconditional pairs 

trading strategy for the sample of U.S. stocks between 1981 and 2006. Similarly to Gatev et al, 

we first identify the 20 closest pairs in each 12-month formation period (52 formation periods in 

total) starting in 1980. It should be noted that we use the optimized pairs identification approach 

described in section 2.1.2 and Appendix A.
14

 Once the top 20 pairs are identified in the 

formation period, we track the performance of these 20 pairs in the subsequent 6-month trading 

period. For example, in the case of the 1980 formation period (January 1, 1980 through 

December 31, 1980), we track the stock price performance of the pairs for the next six months 

(January 1, 1981 through June 30, 1981). We repeat the process by rolling the formation period 

forward 6 months (i.e., we analyze the closest pairs for the 12 months from July 1, 1980 through 

                                                 
14

 As a robustness check, we compared the top 20 pairs identified using the Gatev et al (2006) ñbrute-forceò 

approach against our optimized approach for 5 formation periods (calendar years 1980, 1985, 1990, 1995 and 2000). 

In all cases, the ñbrute-forceò approach identified exactly the same 20 closest pairs as the optimized approach in 

each of the 5 sample formation periods.  
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June 30, 1981). We then analyze the performance of the pairs during the trading window which 

is the 6-month period from July 1, 1981 through December 31, 1981. In other words, there are 52 

non-overlapping 6-month trading windows from 1981-2006 and the profitability of the trades is 

calculated using wait-one-day trades in order to avoid potential bias from the bid-ask spread. 

 

5.1.1. Descriptive statistics for unconditional pairs trading strategy 

 

Table 1 presents descriptive statistics for the unconditional pairs trading strategy for the 

52 non-overlapping 6-month trading windows. In each 6-month trading window, we track the 

performance of the 20 best matched pairs from the formation period. The average monthly 

excess return to the fully-invested portfolio is 0.62% and it is statistically significant at greater 

than the 1% level. Gatev et al (2006) find a 0.89% average monthly excess return in their paper. 

The profitability of the pairs trading strategy in this paper is lower than Gatev et al (2006) mainly 

because our sample covers a more recent period.  

Examining the profitability of the strategy over time reveals that there is a decrease in the 

profitability of the strategy in more recent years. The monthly (annualized) excess returns from 

the strategy are 0.87% (10.94%) for the 1981-1993 sub-period and are comparable to the results 

of Gatev et al (2006). During the second sub-period (1994-2006), the monthly (annualized) 

excess returns decline to 0.36% (4.46%) but are still statistically significant. The descriptive 

statistics on the implementation of the strategy show that a 5.47% price deviation on average 

opens a pair and the average time a pair remains open is 3.6 months. The average number of 

pairs traded per 6-month period is 19 (out of 20 maximum pairs) and the average number of 

round-trip trades per pair is 1.9. The pairs tend to be larger firms as evident by the high analyst 

following for these firms (7.1 analysts per firm). There is also an increase in analyst following 

for these firms over years consistent with a generic increase in analyst following and also 
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broader coverage by I/B/E/S. The descriptive statistics in table 1 are comparable with the 

findings of Gatev et al (2006). 

  

5.2. Conditional pairs trading 

 

5.2.1. Profitability of pairs trades opened after an earnings announcement 

 

As discussed above, there are on average almost 2 round-trip trades per pair for the 

sample period and on average 19/20 pairs open during the 6-month trading window. In table 2, 

we find that 9% of these trades occur after earnings announcements. The average monthly excess 

return for a portfolio of pair trades opening after earnings announcements is a statistically 

insignificant 0.07% compared to the unconditional average monthly excess return of 0.62%. Pair 

trades that open shortly after earnings announcements are unprofitable for both sub-periods 

examined. Note that the fraction of cases where both firms in a pair announce in a 5-day window 

is 42%; this indicates clustering of earnings announcements. Overall, the evidence in table 2 

suggests that opening pair trades in the short window following earnings announcements is 

unprofitable. Given the evidence on stock price drift following earnings announcements, it 

appears that the potential for stock price convergence for pair firms is offset by the relative drift 

in their individual prices. 

 

 

5.2.2. Profitability of pairs trades opened after clustered analyst forecasts 

 

Table 3 examines whether the pairs trading strategy is affected by drift in stock prices of 

firms following clustered analyst forecasts (Richardson et al 2004). First, we find that 14% of 

these trades occur after a clustered analyst forecast event for the entire sample period. This value 

increases to 19% for the second sub-period (1994-2006) consistent with the increased frequency 
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of analyst activity and clustered analyst forecast activity in the latter sub-period. The average 

monthly excess return for a portfolio of pair trades opening after a clustered analyst forecast 

event is -0.12% (statistically significant) compared to the unconditional average monthly excess 

return of 0.62%. The fraction of cases where both firms experience an analyst forecast event is 

28% for the overall sample indicating some clustering of analyst forecasts across firms and this 

percentage is higher in the latter sub-period. In general, opening pair-trades in the short window 

after a clustered analyst forecast event is unprofitable and the relative drift in individual prices 

offsets the potential for convergence in the stock prices of the pair firms. The results in table 3 

are consistent with the findings in table 2; price drift following significant accounting events 

offsets the convergence needed for implementing a profitable pairs trading strategy.  

 

5.2.3. Properties of pairs trades closed after an earnings announcement 

 

The prior sections examine the performance of a pairs trading strategy when positions are 

opened following earnings announcements and clustered analyst forecasts. In this section we 

examine whether incremental profits from a pairs trading strategy can be generated once one 

takes into account the implications of drift in stock prices following significant accounting 

related events. The unconditional pairs trading strategy of Gatev et al (2006) dictates closing the 

position once the stock prices of the individual firms in the pair converge. However, it is possible 

that incremental profits can be generated by keeping the position open even after prices of the 

stocks in the pair cross given the presence of drift in the prices of individual securities. For 

example, such a modification of the pairs trading strategy would generate incremental profits if 

(i) the price of the security held in long continues to rise in value, or (ii) the price of the shorted 

security in the pair continues to fall, or (iii) both of the aforementioned price movements occur.  
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Therefore, we look at the performance of the pairs position for an additional 1, 2 and 3 

trading weeks (5, 10 and 15 trading days) after prices cross. We exclude cases where the trigger 

for closing a pairs position occurred at the end of the 6-month trading window although 

arguably, this rule might be relaxed if the end of the 6-month trading window occurs 

immediately after an earnings announcement. The incremental average monthly excess return 

when holding the position open for 5, 10 or 15 trading days is found to be 0.08%, 0.17% and 

0.22% respectively. The incremental profitability is higher in the first sub-period (1981-1993) 

indicating that post-earnings announcement drift is less pronounced in the 1994-2006 period. As 

a benchmark, we provide statistics on the incremental profitability of holding open positions for 

non-event pairs. As expected, the incremental excess returns from delayed closing of non-event 

pairs are non-existent indicating the concentration of drift around accounting related events. 

 

5.2.4. Properties of pairs trades closed after clustered analyst revisions 

 

Table 5 presents statistics on the profitability of a delayed-closing pairs trading strategy 

where positions are held open for 1, 2 or 3 weeks after a clustered analyst forecast revision event. 

The average incremental monthly excess returns from holding the pairs position open for an 

additional 5, 10 or 15 trading days are 0.02%, 0.15% and 0.31% respectively. Moreover, the 

incremental returns from such a strategy appear to be higher in the second sub-period (1994-

2006) suggesting that the importance of analyst forecast events for returns is more pronounced in 

the second sub-period. Moreover, the sub-period results in table 4 and table 5 suggest that there 

is a substitution of ñinformational driftò from formal earnings announcement events. This is not 

surprising given that many firms have started to pre-announce earnings and provide guidance 

during the latter sub-period (Soffer et al (2000), Richardson et al (2004)). Similar to the results 
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presented in table 4, there are no incremental excess returns from delaying closing of open 

positions for non-event pair trades. 

 

6.  Conclusions and Future Work 

 

This paper explores the impact of earnings announcements and ñclusteredò analyst 

forecast events on the profitability of a pairs trading strategy proposed by Gatev et al. (2006). 

Using a more recent sample of U.S. firms between 1981-2006, we find annualized excess stock 

returns of almost 7.7% from the unconditional pairs trading strategy (compared to the 11% 

excess returns documented by Gatev et al. for the 1962-2002 period). Moreover, we find that 

pairs trades are frequently triggered around earnings announcements and ñclusteredò analysts 

forecast events. These accounting information events also affect the profitability of unconditional 

pairs trades. Specifically, we find that pairs positions opened after accounting events are 

significantly less profitable than pairs positions opened in non-event periods. Furthermore, we 

find that incremental excess returns can be achieved by delaying the closing of a pairs position 

until well after an accounting information event. Overall, our results suggest that own-price drift 

in stock prices following earnings announcements and analystsô earnings forecasts is a 

significant factor affecting the profitability of pairs trades. 

Our current empirical findings extend the work of Gatev et al. (2006) and Andrade et al. 

(2005) by showing that accounting information events affect the payoffs to pairs trades and that 

unconditional pairs trades (based solely on stock price movements) may be sub-optimal. Our 

findings also provide a better understanding of the impact of firm-specific accounting 

information events on the stock returns of closely-related firms. While prior research examines 

accounting information flows across firms in the same industry (i.e., Ramnath, 2002) or for firms 

with customer-supplier relationships (i.e., Cohen and Frazzini, 2006, and Pandit, Wasley, and 
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Zach, 2007), we examine a less restricted and potentially broader class of related firms that 

display co-movement in their stock market returns. We are also currently undertaking additional 

tests on the links between accounting information and pairs trading. These additional tests are in 

three distinct areas. 

The first area we are investigating determines whether there are ways to identify ñbetterò 

pairs candidates in the ex ante formation period. In particular, we are testing whether time-series 

co-variation in quarterly accounting fundamentals (i.e., sales, earnings, and cash flows) can be 

used to help identify economically ñsimilarò firms rather than relying solely on market-based 

metrics derived from the historical co-movement in stock prices. We are also exploring 

alternative specifications of the formation-period Closeness measure that may better predict 

future divergence/re-convergence of pairsô stocks prices. For example, we are testing whether 

pairs of stocks that has displayed frequent short-term price divergence and re-convergence in the 

historical formation period are ñbetterò pairs candidates than pairs of stocks whose prices are 

always close together. 

The second area we are exploring is whether other types of firm-specific information 

events such as management earnings forecasts, analyst recommendation revisions, and dividend 

changes affect the profitability of pairs trades. Prior research suggests that investors also tend to 

under-react to these types of information events. 

Finally, we are testing how specific accounting information contained in earnings 

announcements (such as abnormally high or low accruals) or in analyst forecasts (such as the 

size of a forecast revision or the cross-sectional dispersion in analystsô forecast revisions) can 

affect the profitability and outcomes of pairs trades. Initial evidence suggests that the market 
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reaction to this accounting information is asymmetric and can differentially affect the payoffs to 

pairs trades executed around these accounting information events. 
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Appendix A: A Faster Method for Identifying ñClosestò Pairs Candidates 

 

Gatev et al. (2006) identify ñclosestò pair candidates by calculating the squared distance 

measure (Closeness) for all unique stock pairs in the formation period. In a sample of N=1,000 

stocks, this methodology entails calculating N*(N-1)/2 = 499,500 values of the Closeness 

measure. This can be visualized as calculating values of the Closeness measure for all 

combinations in the lower triangle of an N x (N-1) matrix (see Figure 1 below). 

 

The closest pairs are then identified by sorting the N*(N-1)/2 values of the Closeness 

measure to find the 20 pairs with the smallest values of Closeness in a given formation period. 

This ñunconditionalò method involves checking candidate pairs of stocks that are unlikely to 

have high co-movement. For example, if one stock had an annual return of -20% and another 

stock had an annual return of +20% over the formation period, then it is very unlikely that these 

two stocks will have a small value of the Closeness measure (i.e., a good pair). 

 

To optimize the selection of candidate pairs and reduce unnecessary calculations, we pre-

sort all stocks into quintiles based on their 12-month formation-period stock return. Then within 

each ñ12-month returnò quintile, we sort the stocks again into ñ6-month returnò quintiles, based 

on each stockôs return over the first six months of the formation period. There are then 25 (5 x 5) 

groups of stocks that have similar co-movements over the 6-month and 12-month horizons. We 

then restrict our calculations of the Closeness measure to the stock pairs within each of the 25 

pre-sorted groups. In a sample of 1,000 stocks, this approach sorts stocks into 25 groups 

containing 40 stocks each. Therefore, the optimized methodology entails calculating only 19,500 

values of the Closeness measure (i.e., [# groups]*[n*(n-1)/2] = [25]*[40*(40-1)/2] = 19,500). 

The reduced number of calculations is depicted Figure 2 below. This is an order of magnitude 

fewer calculations compared to the original Gatev et al. (2006) approach.
*
 

 

 
 

                                                 
*
 The optimized technique proposed in this section reduces SAS run times from hours to tens-of-minutes for each of 

the 52 formation windows between 1980 and 2005. 

25 groups of stocks 

sorted by similar 6 
and 12 month 

returns. 

Figure 1: All Pairs Figure 2: Optimized 
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Table 1: Descriptive Statistics for Unconditional Pairs-Trading Strategy 

 
This table provides descriptive statistics for the unconditional pairs trading strategy (proposed by Gatev et al, 2006) 

for a sample of U.S. stocks for 52 non-overlapping 6-month trading periods between January 1981 and December 

2006. We trade based on the rule that a pairs position is opened with a 1-day delay after the prices of the stocks in 

the pair diverge by two historical standard deviations. An open pairs position is closed with a 1-day delay when the 

relative prices re-converge. Open pairs positions are closed at the end of the 6-month trading period or if one of the 

stocks in the pair is delisted (delisting returns used to calculated profits). Candidate pairs are ranked according to a 

least squared distance in historical price space. We trade only the 20 pairs with the least distance measures 

calculated in the prior 12-month formation period. 

 

  

Full Sample ï 

1981-2006 (52 six-

month trading 

windows) 

 

 

1981-1993 sub-

sample (26 six-

month trading 

windows) 

 

1994-2006 sub-

sample (26 six-

month trading 

windows) 

 

Average monthly excess 

 

0.62% 

 

0.87% 

 

0.36% 

return (t-statistic) (5.47) 

 

(6.81) (4.05) 

Annualized return 7.67% 

 

10.94% 4.46% 

Average price deviation 

trigger to open pair 

 

5.47% 4.93% 6.02% 

Average # of pairs traded per 

six month period 

 

18.9/20 18.5/20 19.3/20 

Average number of round-trip 

trades per pair 

 

1.9 1.8 2.0 

Average time pairs are open 

in months 

 

3.6 3.4 3.8 

Average analyst following 

 

7.1 5.3 8.9 
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Table 2: Descriptive Statistics for Pairs Trades Opened after Earnings Announcement 
 
This table provides descriptive statistics for the sub-sample of pairs trades (based on the Gatev et al, 2006 strategy) 

that opened in the 5 days after a quarterly earnings announcement. The sub-sample is drawn from the total sample of 

U.S. stocks for 52 non-overlapping 6-month trading periods between January 1981 and December 2006. A pairs 

position is opened with a 1-day delay after the prices of the stocks in the pair diverge by two historical standard 

deviations and the divergence occurs within 5 days after an earnings announcement for at least one firm in pair. An 

open pairs position is closed with a 1-day delay when the relative prices re-converge. Open pairs positions are closed 

at the end of the 6-month trading period or if one of the stocks in the pair is delisted (delisting returns used to 

calculated profits). Candidate pairs are ranked according to a least squared distance in historical price space based 

on the following calculation for the normalized prices of Stock A and Stock B: 

 

ClosenessAB = Ɇt=1,#TradingDays(Pt
A
 - Pt

B
)
2
 

 

We only consider the 20 pairs with the least distance measures calculated in the prior 12-month formation period. 

Quarterly earnings announcement dates are obtained recorded on the S&P Compustat quarterly database. 

 

  

Full Sample ï 

1981-2006 (52 six-

month trading 

windows) 

 

 

1981-1993 sub-

sample (26 six-

month trading 

windows) 

 

 

1994-2006 sub-

sample (26 six-

month trading 

windows) 

 

 

Fraction occurring after 

earnings announcement 

 

 

9% 

 

11% 

 

7% 

Average monthly return 0.07% -0.05% 0.12% 

(t-statistic) (0.82) (-0.42) (1.87) 

 

Annualized return 

 

 

0.84% 

 

-0.60% 

 

1.45% 

Fraction where both firms 

announce in 5-day window 

 

42% 37% 46% 
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Table 3: Descriptive Statistics for Pairs Trade Opened after 

Clustered Analyst Earnings Forecasts 
 
This table provides descriptive statistics for the sub-sample of pairs trades (based on the Gatev et al, 2006 strategy) 

that opened in the 5 days after a ñclusteredò analyst forecast event. A ñclusteredò analyst forecast event is defined as 

at least 1/4 of analysts following the firm during the prior 12-month formation period issue an earnings forecast 

within a 3-day window in the 6-month trading period. The sub-sample is drawn from the total sample of U.S. stocks 

for 52 non-overlapping 6-month trading periods between January 1981 and December 2006. A pairs position is 

opened with a 1-day delay after the prices of the stocks in the pair diverge by two historical standard deviations and 

the divergence occurs within 5 days after a ñclusteredò analyst forecast event for at least one firm in pair. An open 

pairs position is closed with a 1-day delay when the relative prices re-converge. Open pairs positions are closed at 

the end of the 6-month trading period or if one of the stocks in the pair is delisted (delisting returns used to 

calculated profits). Candidate pairs are ranked according to a least squared distance in historical price space based 

on the following calculation for the normalized prices of Stock A and Stock B: 

 

ClosenessAB = Ɇt=1,#TradingDays(Pt
A
 - Pt

B
)
2
 

 

We only consider the 20 pairs with the least distance measures calculated in the prior 12-month formation period. 

Analyst earnings forecast dates are obtained from the I/B/E/S Detail History database. 
 

  

Full Sample ï 

1981-2006 (52 six-

month trading 

windows) 

 

1981-1993 sub-

sample (26 six-

month trading 

windows) 

 

1994-2006 sub-

sample (26 six-

month trading 

windows) 

 

Fraction occurring after 

clustered forecast 

 

14% 

 

9% 

 

19% 

 

Average monthly return 

 

-0.12% 

 

-0.09% 

 

-0.15% 

(t-statistic) (-2.08) (-1.13) (-1.44) 

 

Annualized return 

 

 

-1.43% 

 

-1.08% 

 

1.79% 

Fraction with overlapping 

firm forecasts 

 

 

28% 

 

25% 

 

32% 

 




