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Strategic informed trading and the market reaction to  

earnings announcements 

 

Abstract 

 

We show that strategic informed trading that arises from the information asymmetry between 

the liquidity demander and the liquidity provider results in underreaction to earnings 

announcements. Specifically, we show that )1( 2 kERC  and 2 kPEAD , where ERC 

is the earnings response coefficient, PEAD is the post-earnings announcement drift, k is the 

information content of earnings, and   is the correlation coefficient between order imbalance 

and earnings surprise. In our model, 2  is an empirical metric of the information asymmetry-

driven underreaction that can be used to predict the size of the post-earnings announcement 

drift. We provide strong empirical evidence that is consistent with our analytical predictions. 
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1. Introduction 

 

In this study we analyze how strategic informed trading that arises from the information 

asymmetry between the liquidity demander and the liquidity provider affects both the 

immediate market reaction to earnings announcements and the post-earnings announcement 

drift (PEAD).1 Although there is an extensive literature analyzing the immediate and delayed 

market reactions to earnings announcements, prior research does not explicitly recognize in an 

analytical framework that the market reactions to earnings announcements depend on strategic 

informed trading.2 Our study contributes to the literature by developing an analytical model 

that relates strategic informed trading to the post-earnings announcement drift and testing its 

empirical predictions. 

Prior research suggests that earnings announcements increase information asymmetries 

among traders. Kim and Verrecchia (1994) maintain that earnings announcements provide 

information that allows some traders to make better judgments about a firm’s performance than 

others, increasing information asymmetries among traders during the earnings announcement 

period. Subsequent studies find evidence that is generally consistent with this prediction.3  

Kaniel, Liu, Saar, and Titman (2012) show that the private-information-based trading by 

individual investors around earnings announcements accounts for about half of the abnormal 

returns on and after earnings announcement dates. We incorporate these results into an 

analytical model and show that the degree of market underreaction to earnings announcements 

increases with the information asymmetry between the liquidity demander and the liquidity 

provider.  

Prior studies propose a number of possible explanations for why and how PEAD occurs. 

                                                 
1 In our analysis, this information asymmetry results from the underutilization of earnings information by the 

liquidity provider. 
2 See, e.g., Kothari (2001) and Zhang, Cai, and Keasey (2013). 
3 See, e.g., Lee, Mucklow, and Ready (1993), Coller and Yohn (1997), Yohn (1998), and Bhat and Jayaraman 

(2009). 
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One strand of research provides behavioral explanations of PEAD. For instance, the investor 

inattention hypothesis predicts that the market response to earnings announcement is muted 

and PEAD is higher on days of investor inattention (Hirshleifer et al., 2009; Hirshleifer et al., 

2011; Mian and Sankaraguruswamy, 2012). The disposition effect theory says that investors 

hold on to losing stocks for too long and sell winning stocks too soon, generating stock price 

underreactions to news and subsequent PEAD (Shefrin and Statman, 1985; Bernard and 

Thomas, 1989 and 1990; Odean, 1998; Frazzini, 2006; Barberis and Xiong, 2009). 

Another strand of research explains PEAD based on trading costs and information 

uncertainty. For example, the transaction cost hypothesis posits that trading costs deter 

informed traders from aggressively arbitraging pricing errors at the time of earnings 

announcements (Bhushan, 1994; Ke and Ramlingegowda, 2005; Sadka, 2006; Ng et al., 2008; 

Chordia et al., 2009). The information risk hypothesis explains that information risk or 

information uncertainty deters investors from reacting fully to the information in earnings 

announcements, creating initial underreaction and subsequent PEAD (Mendenhall, 2004; 

Zhang, 2006; Garfinkel and Sokobin, 2006; Francis et al., 2007, Zhang, Cai, and Keasey, 2013). 

In the present study, we extend the latter strand of research by providing an analytical model 

of PEAD and testing the unique empirical implications of the model that have not been explored 

in prior research.4  

A common explanation for persistent mispricing in the securities market is the limits of 

arbitrage. That is, the arbitrage trading corrects the mispricing only up to the point where the 

marginal benefit justifies the cost of arbitrage trading (e.g., Grossman and Stiglitz, 1980; 

Shleifer and Vishny, 1997). Therefore it is the cost of arbitrage, not the intensity of arbitrage 

                                                 
4 Although prior studies have examined the effect of information asymmetry and information risk on the market 

reaction to earnings announcements, there has been no formal analytical treatment of the issue. As a result, prior 

research (e.g., Zhang, Cai, and Keasey, 2013) does not make a clear distinction between fundamental (information) 

uncertainty and information asymmetry. Our study sheds further light on the issue using an analytical model.        
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trading, that determines the magnitude of the residual mispricing (e.g., PEAD). This line of 

thought assumes that the market is perfectly competitive in the long run and the marginal 

arbitrageur is indifferent between trading and non-trading. 

However, the market does not always become perfectly competitive soon after the firm 

makes a public announcement. This is because the “complete” extraction of the value-relevant 

information in a public announcement requires efforts, skills, and time, and is costly for most 

of market participants (Hirshleifer and Teoh, 2003). If only a few investors were able to 

immediately and completely extract the pricing implication of the announced information, they 

would capitalize on it by strategically exercising their trading options (Kyle, 1985). That is, 

they would optimize their trading by taking into account of its impact on the correction of 

mispricing. This “strategic trading” is exactly what generates the slow price adjustment, or a 

Kyle-type post-announcement drift and this mechanism gives rise to an association between 

the intensity of strategic trading and the stock price underreaction.  

To incorporate information asymmetry in an analytical framework, we employ a model 

in which some market participants have better information processing skills than others, which 

gives rise to information asymmetry between market participants. The market participants who 

possess better information processing skills have an information advantage and strategically 

exploit the advantage through trading. We invoke the assumption that some market participants 

better utilize earnings information than others from the fact that (1) a typical earnings 

announcement contains a large amount of information and data that are subject to different 

interpretations and (2) there are multiple sources of earnings forecasts with different 

information.5 The sheer size and diverse sources of information about earnings are likely to 

result in information asymmetries between market participants.    

                                                 
5 See, for example, Apple’s financial results for its fiscal 2014 first quarter ending on December 28, 2013 available 

at the following website: http://www.apple.com/pr/library/2014/01/27Apple-Reports-First-Quarter-Results.html. 

There were more than 30 analysts providing earnings forecasts for Apple in the first quarter of 2014. 

http://www.apple.com/pr/library/2014/01/27Apple-Reports-First-Quarter-Results.html
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Our model has three types of traders: the liquidity provider, the liquidity demander, and 

the utilitarian trader. The liquidity provider furnishes liquidity (immediacy) to the other traders 

by offering a price quote based on partial earnings information and the total order received 

from both the liquidity demander and the utilitarian trader. The liquidity demander strategically 

submits (market) orders based on full earnings information and trades at the quote set by the 

liquidity provider. Finally, the utilitarian trader trades for non-informational reasons.  

We define the information asymmetry between the liquidity demander and the liquidity 

provider as the ratio between the precision of the information used by only the liquidity 

demander and the precision of the information used by both the liquidity demander and the 

liquidity provider. Hence, information asymmetry increases with the precision of the 

information exclusively used by the liquidity demander and decreases with the precision of the 

information used by both the liquidity demander and provider. 

In our model, price impounds earnings information in two different ways. Price fully 

and instantly impounds the earnings information used by both the liquidity demander and the 

liquidity provider. This portion of earnings information is unrelated to either the liquidity 

demander’s order size or the total order imbalance because no market participants can generate 

a profit from this information. The portion of earnings information used only by the liquidity 

demander, however, gets into price through his strategic demand order. If the news is good 

(bad) the liquidity demander submits a buy (sell) order, and the liquidity provider raises (lowers) 

his price quote upon receiving the order.6 This portion of earnings information gets into price 

only partially because the liquidity provider cannot perfectly infer the earnings information 

used exclusively by the liquidity demander from the total order received. When there is a higher 

                                                 
6 Lee (1992) shows that quarterly earnings announcements with good (bad) news relative to the Value Line 

Investment Survey forecast trigger brief, but intense, buying (selling) in large trades. Bhattacharya (2001) and 

Battalio and Mendenhall (2005) show that small traders tend to trade in response to random-walk earnings forecast 

errors while large traders tend to trade in response to analysts' earnings forecast errors. 
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degree of information asymmetry, a larger portion of earnings information gets into price 

through the liquidity demander’s order, and thus a smaller portion of earnings information gets 

into price at the time of announcement (i.e., a smaller earnings response coefficient (ERC)) and 

a larger portion gets into price during the post-earnings announcement period (i.e., a larger 

PEAD). 

We define the degree of market underreaction to earnings announcements as the 

proportion of the earnings information that the stock price fails to impound instantly. In our 

model, underreaction increases with the information asymmetry between the liquidity 

demander and the liquidity provider but decreases with the information content of earnings. 

The information content of earnings in our model is the total stock price reaction to earnings 

announcement, and it increases with the precision of the earnings information released at the 

announcement relative to the precision of prior belief about earnings. 

The liquidity demander’s strategic exploitation of information advantage leads to a 

positive correlation coefficient (ρ) between order imbalance and earnings surprise. As this 

information asymmetry increases, more earnings information gets into price through the 

liquidity demander’s order and thus   increases. We show that 2  is the degree of 

underreaction and use this metric as our theory-based empirical measure of underreaction. 

Since underreaction is the cause of PEAD, 2  is a predictor of PEAD, and the size of PEAD 

depends on both 2  and the information content of earnings. Specifically, we show that 

2 kPEAD , where k is the information content of earnings.  

Our main empirical findings could be summarized as follows. We find a large positive 

(negative) order imbalance during the two-day event window when earnings news is good (bad), 

suggesting the liquidity demander’s exploitation of information advantage. To further confirm 

this result, we test the relation between a model-implied information asymmetry measure and 

various firm/stock attributes that prior research has used to measure information asymmetry 
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around corporate events. We show that our model-implied information asymmetry measure is 

significantly related to these attributes in the predicted manner, a result from which we gain 

confidence in the validity of our model.  

Consistent with the predictions of our analytical model, we show that the observed 

degree of underreaction is positively related to the model-implied information asymmetry 

measure, negatively related to the estimate of the information content of earnings, and 

positively related to our empirical metric of underreaction ( 2 ). We show that both our model-

implied information asymmetry measure and 2   explain PEAD and their explanatory power 

does not decrease even after we control for other information asymmetry proxies used in prior 

research. 

Our empirical results show that the explanatory power of our model-implied 

information asymmetry measure and 2  is higher than that of firm attributes (i.e., the bid-ask 

spread, opinion divergence, firm size, analyst following, and institutional ownership) that prior 

studies used to explain the post-earnings announcement drift. We interpret this result as 

evidence that our theory-based constructs of information asymmetry and underreaction provide 

a more accurate measurement of underreaction (thus, a more accurate prediction of PEAD) 

than these ad hoc measures of the firm’s information environment.  

Consistent with our analytical prediction, we also find that the relation between PEAD 

and 2  is steeper when the information content of earnings is larger. Finally, we show that a 

trading strategy based on both 2  and the estimate of information content is also profitable. 

Using the Pastor-Stambugh (2003) four-factor alpha, we show that the annual profit is as large 

as 11.64%. Out of this profit, around 8.25% is attributable to 2  and 3.39% is attributable to 

the information content of earnings. 

To the best of our knowledge, the present study is the first that measures underreaction 
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to earnings announcements using a theory-based empirical metric of underreaction. Another 

important contribution of our study is that we provide a unifying framework for analyzing the 

market reaction to earnings announcements. A number of previous studies analyze the 

determinants of ERC.7 There is also a large literature that tries to understand the causes and 

consequences of the post-earning announcement drift (PEAD). However, there has been little 

attempt to understand the interrelatedness of ERC and PEAD within a unified analytical 

framework or empirical analysis. The joint analysis of ERC and PEAD should prove useful 

because ERC and PEAD span the total information content of earnings. Our study provides 

such a framework, along with pertinent empirical evidence.       

We organize the rest of the paper as follows. Section 2 presents our model and derives 

analytical expressions for ERC, PEAD, and  . Section 3 develops our testable hypotheses 

from the model. Section 4 explains our data sources, variable measurements, and descriptive 

statistics. Section 5 tests our hypotheses. Section 6 evaluates the explanatory power of 2 and 

our empirical metric of information asymmetry relative to that of other firm/stock attributes 

used in prior research to explain the post-earnings announcement drift. Section 7 assesses the 

profitability of trading strategies that are based on the empirical metrics developed in our paper. 

Finally, we provide a brief summary and concluding remarks in Section 8. 

 

2. The model and analytical results 

2.1. The model 

In this section, we introduce our analytical model in which we define information 

asymmetry and the information content of earnings. There are three types of traders in our 

model: the liquidity demander who fully utilizes earnings information at the time of earnings 

announcements, the liquidity provider who posts price quotes based on the partial earnings 

                                                 
7 See, e.g., Collins and Kothari (1989). 
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information, and the utilitarian trader who trades for non-informational reasons. 

In the real market setting, both limit-order traders and market makers play the role of 

the liquidity provider in our model.8 They establish their price quotes based on the information 

available to them, and other traders buy and sell at their quotes. Traders who consume (or 

demand) liquidity by submitting market orders play the role of the liquidity demander in the 

model. They are aggressive traders who typically have informational advantages over other 

market participants (e.g., limit order traders and market makers) and strategically trade at prices 

set by the liquidity provider. Lastly, those traders who submit buy or sell orders for non-

informational reasons play the role of the utilitarian trader in our model.  

Consider a market with one risky asset (the firm) and a riskless bond. The final payoff 

from one unit of the risky asset is , which is normally distributed with mean 0 and precision 

(inverse of variance) h. There are three time periods. Period 1 is the pre-earnings-

announcement period in which no traders possess any information other than the prior 

distribution of . Period 2 is the earnings announcement period. The critical assumption in 

this model is that the earnings signal , which arrives in period 2, consists of two noisy 

information signals,  and . Signal  is a signal used by both the liquidity provider 

and the liquidity demander and  is a signal used only by the liquidity demander, 

where  and  are both normally and independently distributed with mean zero and 

precision m and s, respectively. One may interpret y~  and z~  as two imperfect understandings 

(or knowledge) in period 2 on the pricing implication of the announced earnings, and x~  as the 

one-signal summary of y~  and z~  written as precision-weighted knowledge: 

                                                 
8 Limit order traders play a critical role in the price discovery process on the NYSE and NASDAQ during our 

study period. The U.S. Securities and Exchange Commission introduced the limit order display rule in 1997 that 

requires market makers and specialists to reflect public limit orders in their quotes when the orders are better than 

their own quotes. This rule ensures that the general public competes directly with market makers and specialists 

in the price discovery process. 

u~

u~

x~

y~ z~ ~~~  uy

~~~  uz

~ ~



 

9 

 

.  

A typical earnings report comprises a large amount of information and multiple 

forecasts usually precede each earnings announcement. In the context of our model, x~  could 

be viewed as a composite measure of earnings surprise (i.e., actual – predicted) implied by all 

the information contained in both announced earnings and available forecasts of earnings. Our 

model assumes that the liquidity demander extracts information y~  and from all the sources 

and utilizes them in trading, while the liquidity provider extracts only information y~ . 

In period 3 the final payoff  is determined and consumption occurs. In period 2, the 

liquidity demander submits an order of size  to the liquidity provider based on his available 

information. The utilitarian trader also submits an order of size  to the liquidity provider 

based on his random needs. We assume that  is normally and independently distributed with 

mean 0 and variance L. The two orders are batched together and the liquidity provider only 

observes the order imbalance . The liquidity provider conjectures that the liquidity 

demander’s order  is a linear function of the two information signals in the form of 

 and sets the price as the expectation of  conditional on the available 

information at the time. That is, . The liquidity demander strategically decides 

his order based on a conjecture that the price chosen by the liquidity provider is a linear function 

of the information available to the liquidity provider at the time. That is, we can express the 

liquidity demander’s conjecture as .  

In this model it is straightforward to show that there is a unique equilibrium in which: 

, 
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, 

, 

and 

. 

Thus, the liquidity demander’s order size and the liquidity provider’s price are determined as 

 

and 

 

                

,                 (1) 

respectively. The liquidity demander’s order  is proportional to the difference between , 

which only the liquidity demander uses, and the liquidity provider’s expectation of , , 

based on his information. As a result, we have 

 

                                
.                  (2) 

That is, in equilibrium the liquidity demander’s order size and also the total order imbalance 

are not based on, and thus are not correlated with, the earnings signal used by both the liquidity 

demander and provider. 

We define information asymmetry between the liquidity demander and the liquidity 

provider as the ratio between the precision (s) of the information ( z~ ) used by only the liquidity 
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demander and the precision (s + m) of the liquidity demander’s total information ( z~  and y~ ), 

i.e., 
sm

s


 . Information asymmetry increases with the precision (s) of the information 

exclusively used by the liquidity demander and decreases with the precision (m) of the 

information used by both the liquidity demander and provider. 

Finally, consider regressing the final payoff, , on earnings surprise, . We define 

the information content of earnings (i.e., informativeness of x~ ) as the regression coefficient 

on , i.e., 
 
 xVar

xuCov
k ~

~,~
 . When the sum of precisions (m + s) of the information released at 

the time of earnings announcement is high, x~  is close to u~  and k is close to 1. On the other 

hand, when the precision is low, x~  is not informative and k is close to 0. In Appendix A we 

show that 
 
  smh

sm

xVar

xuCov
k




 ~

~,~
. Note that h is an inverse measure of the inherent (or 

fundamental) uncertainty in earnings, which is likely to be determined by the firm’s business 

and operating risks. If the firm’s business and operating risks were low (i.e., h is large), the 

information content of earnings would be low even if its precision (i.e., m + s) is high because 

there is little uncertainty in the final payoff to begin with. In contrast, if the firm’s business and 

operating risks were high (i.e., h is small), the information content of earnings would be high 

even if its precision is low. 

 

2.2. ERC and PEAD as functions of information content and information asymmetry     

In our model we introduce strategic informed trading as a new property of market 

reaction to an earnings announcement independent from the information content of earnings. 

Thus, the two factors, information asymmetry and information content, determine the impact 

of the earnings announcement on share price and PEAD. Consider regressing the price change 

in the earnings announcement period, , on earnings surprise, . We derive in 

u~ x~

x~

212

~~~
PPP  x~



 

12 

 

Appendix A the following result for the earnings response coefficient (ERC):  

              
 

                                 
                                                           (3) 

In the last expression above, we use two ratio parameters, information content (k) and 

information asymmetry (θ). 9  If there is no information asymmetry between the liquidity 

provider and the liquidity demander, i.e., if θ = 0, ERC is equal to the information content of 

earnings, k. If there is information asymmetry between the liquidity provider and the liquidity 

demander, i.e., if θ > 0, ERC is smaller than k. In the extreme case of θ = 1, i.e., if the entire 

earnings information is asymmetrically utilized, ERC is equal to . 

 From equation (3) we have two comparative static results:  and . 

That is, ERC increases with the information content of earnings and decreases with information 

asymmetry. The following proposition summarizes these results: 

Proposition 1:  is increasing in k and decreasing in 

, where k is the information content of earnings, and  is the information asymmetry between 

the liquidity demander and the liquidity provider.  

From the definition of k (i.e., k =
m+ s

h+m+ s
), the information content (k) of earnings 

announcements increases with information risk (inverse of h). The positive relation between 

ERC and k is consistent with the information content hypothesis of Zhang, Cai, and Keasey 

(2013) that information risk reduces the informativeness of price, raises the relative importance 

                                                 
9 The range of ERC is between 0 and 1 in our one period model. In a model where an earnings number represents 

a permanent stream, the ERC would be multiplied by 1+1/r, where r is the discount rate. 
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of earnings announcements in the price discovery process, and thus increases the initial market 

reaction per unit of earnings surprise. Our study provides further insight that the information 

asymmetry between the liquidity demander and the liquidity provider is another determinant 

of the initial market reaction.  

Now consider regressing the price change during the post-earnings announcement 

period, 
2

~~ Pu  , on earnings surprise, x~ . We derive (in Appendix B) the following result for 

the post-earnings announcement drift (PEAD): 

                           
 

  )1(2

)1(
~

~,
~~

2





k

k
kERCk

xVar

xPuCov
PEAD







 .                           (4) 

From equation (4), when the liquidity demander does not have an information advantage (i.e., 

0 ), PEAD is zero. In this case, ERC reflects the entire information content of earnings (i.e., 

ERC = k) and thus there is no residual price adjustment after the earnings announcement period 

(i.e., PEAD = 0). When all earnings information gets into price through the liquidity 

demander’s order (i.e., 1  and ERC =
2

k
), PEAD is equal to 

2

k
. It is easy to show that 

0






PEAD
. The partial derivative of PEAD with respect to k, however, is not monotonic. We 

find that 0




k

PEAD
 if 1)2(  kk , but 0





k

PEAD
 if 1)2(  kk . The following 

proposition summarizes these results: 

Proposition 2: 
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PEAD  is increasing in θ, where k is 

the information content of earnings and θ is information asymmetry between the liquidity 

demander and the liquidity provider. PEAD is increasing in k if 1)2(  kk , but decreasing 

in k if . 

It is useful to characterize the degree of market underreaction (DMU) to earnings 
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announcement as the proportion of the information content of earnings that stock price fails to 

impound instantly. From equation (4), it is straightforward to show that this proportion is DMU 

=
)1(

1

2 



k

k




. Note from equation (3) that  DMUk

k

k
kERC 




















 1

1(

1

2
1




. Hence, 

1
1 1

2 (1 )

k
DMU

k





 
   

 
 represents the proportion of the information content of earnings 

that is incorporated into stock price at the time of earnings announcement. 

A simple comparative statics analysis shows that the degree of underreaction (DMU) is 

increasing in   but decreasing in k. We show in Figure 1a and Figure 1b the relation between 

the degree of underreaction and k at different levels of θ and the relation between the degree of 

underreaction and θ at different levels of k, respectively.10 The positive relation between the 

degree of underreaction and θ shown in Figure 1b is generally steeper than the negative relation 

between the degree of underreaction and k for most values of k shown in Figure 1a. These 

results suggest that variation in the degree of underreaction is more likely driven by variation 

in information asymmetry than by variation in information content. The following corollary 

summarizes these results. 

Corollary 1: The degree of market underreaction to earnings announcement, 

)1(

1

2 



k

k




, is increasing in   but decreasing in k, where   is the information asymmetry 

between the liquidity demander and the liquidity provider and k is the information content of 

earnings. 

 

2.3. Correlation between order imbalance and earnings surprise (  ) 

Consider the correlation coefficient between order imbalance and earnings surprise 

                                                 
10 The maximum possible value for the degree of underreaction is 0.5, and this is the case when   is equal to 1.   
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(  ).11 We show in equation (2) that the correlation between order imbalance ( ) and the part 

of earnings information ( ) that both the liquidity demander and the liquidity provider use is 

zero. In contrast, we expect a positive correlation between order imbalance and the earnings 

information ( ) used only by the liquidity demander because the intensity and direction of the 

information-based trading (and thus ) are a function of . Because , we 

expect the correlation between order imbalance ( ) and the entire earnings information (i.e., 

) to capture the extent to which a subset of market participants (i.e., the 

liquidity demander in our model) exploit the information advantage and the resulting 

information asymmetry among traders. 

We show in Appendix A that the correlation coefficient between  and can be 

expressed as: 
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Note that equation (5) can be rewritten as follows: 
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12

12
,                                                    (6)                   

and from equations (3) and (4) we have )1( 2 kERC  and . That is, the 

degree of market underreaction is simply 2 .  

Because 2  is the coefficient of determination (R2) in the regression of order 

imbalance on earnings surprise, the degree of underreaction is equal to the proportion of the 

variation in order imbalance that is due to the variation in earnings surprise. To see the 

economic intuition behind this result, note first that underreaction would occur only if there 

                                                 
11 Chordia, Roll, and Subrahmanyam (2002) and Chordia and Subrahmanyam (2004) analyze the relation between 

order imbalance and stock returns. 
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were informed trading because the liquidity provider fails to fully incorporate all information 

into price. If there were no informed trading, there would be no underreaction, and order 

imbalance would also be unrelated to earnings surprise because the uninformed traders’ order 

sizes (β  and ) are unrelated to earnings surprise. Hence, no underreaction would be 

observed when there is zero correlation between order imbalance and earnings surprise. As 

informed trading increases, the degree of underreaction and the correlation between order 

imbalance and earnings surprise would increase simultaneously. These considerations suggest 

why the degree of underreaction increases with the proportion of the variation in order 

imbalance that is due to the variation in earnings surprise.                             

The following proposition summarizes the above results: 

Proposition 3: )1( 2 kERC , , and r2 =
q 1- k( )
2 1- kq( )

, where 2  is 

the squared correlation coefficient between order imbalance and earnings surprise, k is the 

information content of earnings, and θ is the information asymmetry between the liquidity 

demander and the liquidity provider. 

Although there is a large body of literature analyzing the effect of earnings 

announcements on share prices, prior research does not explicitly recognize that the post-

earnings announcement drift depends not only on the information content of earnings (k) but 

also on 2 , which is largely determined by the information asymmetry (θ) between traders.12 

For instance, Zhang, Cai, and Keasey (2013) examine the effects of information risk and 

transaction costs on ERC and PEAD. They show that the earnings announcements of firms with 

higher levels of information risk (i.e., lower h in our model) convey more information and thus 

result in higher ERC and that higher transaction costs decrease ERC and increase PEAD. Our 

                                                 
12 We showed earlier in Figure 1a and Figure 1b that although ρ is a function of both information content (k) and 

information asymmetry (θ), ρ is largely determined by information asymmetry. 
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study differs from theirs in that earnings announcements invoke information asymmetry in our 

study whereas earnings announcements provide new information that reduces information risk 

in their study. Proposition 3 shows how to disentangle the effects of these two properties (i.e., 

information content and information asymmetry) of earnings announcements on the post-

earnings announcement drift.  

 

3. Testable hypotheses 

In this section we develop testable hypotheses based on the results in Section 2.  

 

3.1. Measurement of information asymmetry and its empirical determinants  

Our measure of information asymmetry (θ) is not directly observable because it is a 

function of two unobservable variables m and s, where m denotes the precision of the 

information used by both the liquidity demander and provider and s denotes the precision of 

the information exclusively used by the liquidity demander. However, Proposition 3 enables 

us to estimate θ by expressing θ as a function of two empirically measurable variables:  

                                              
2

2

ˆˆ2ˆ1

ˆ2ˆ









kk
,                                                       (7)  

where ̂  is the model-implied information asymmetry measure, ̂  is the empirical estimate 

of the correlation coefficient between order imbalance and earnings surprise, k̂  is the 

coefficient on x~  in the regression of the final payoff ( ) on earnings surprise ( ) (see Section 

5 for details).  

If   measures the liquidity demander’s information advantage, then we expect ̂  to be 

associated with the firm/stock attributes that prior research has used to proxy for the 

information asymmetry around corporate events (e.g., Huang and Stoll, 1996; Easley, Kiefer, 

O’Hara, and Paperman, 1996; Garfinkel and Sokobin, 2006). These firm/stock attributes 

u~ x~
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include the price impact of a trade (measured by the adverse selection component of the spread), 

the effective bid-ask spread, the probability of informed trading (PIN), the divergence of 

investors’ opinions, firm size, the number of analysts, and the number of institutional investors. 

A large price impact and wide effective bid-ask spread both indicate a high degree of 

information asymmetry. Hence, we expect ̂  to be positively related to these variables 

measured at the time of earnings announcement. A high PIN value also indicates a high degree 

of information asymmetry. Different from the previous two variables, PIN captures the extent 

of informed trading before earnings announcement. Because   measures the pre-existing 

information asymmetry across investors before earnings announcement and high   is simply 

a manifestation of this pre-existing information asymmetry, we hypothesize that ̂  increases 

with the degree of informed trading (PIN) before earnings announcement.13 

Garfinkel and Sokobin (2006) use the divergence of investors’ opinions as a measure 

of the pre-existing information asymmetry before earnings announcement and show that a high 

pre-existing information asymmetry leads to a low share price at the time of earnings 

announcement and a positive price drift afterwards. Similarly, we hypothesize that ̂  increases 

with the divergence of investors’ opinions. Prior research (e.g., Brennan and Subramanyam, 

1995; Atkins et al., 2012) suggests that larger firms, firms followed by more analysts, and firms 

with more institutional investors are associated with a lower degree of information asymmetry. 

Thus, we expect ̂  to be negatively related to firm size, the number of analysts following the 

firm, and the number of institutions that hold the firm’s shares. These considerations lead to 

the following hypothesis. 

Hypothesis 1: The model-implied information asymmetry measure (i.e.,̂ ) is positively 

                                                 
13 Vega (2006) shows that high PIN is associated with insignificant post-earnings announcement drift because 

high informed trading before earnings announcement is associated with low rational structural uncertainty at the 

time of earnings announcement. 
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related to price impact, effective spread, PIN, and the divergence of investors’ opinions and 

negatively related to firm size, number of analysts, and number of institutional investors.               

 

3.2. Determinants of underreaction 

From Corollary 1 and Proposition 3, the degree of underreaction ( 2 ) is positively 

associated with   and negatively associated with k. Although we do not expect that the 

observed degree of underreaction is exactly equal to our estimate of 
2  because underreaction 

could be driven by many other factors that are not considered in our analytical model, we expect 

the observed degree of underreaction to be positively related to our estimate of 
2 .  These 

considerations lead to the following hypothesis: 

 

Hypothesis 2: The observed degree of underreaction to earnings announcement is 

positively related to information asymmetry ( ), negatively related to the information content 

of earnings (k), and positively related to the square of the correlation between order imbalance 

and earnings surprise ( ).  

 

3.3. Predictability of PEAD based on 
2 , k, and  

Proposition 2 shows that PEAD is a positive function of  . Proposition 3 shows that 

PEAD is the product of k and 
2 . Proposition 3 also suggests that the relation between PEAD 

and 
2  is steeper when k is larger. These considerations lead to our third hypothesis: 

 

Hypothesis 3: PEAD is positively related to 
2  and  , and the relation between 

PEAD and 
2  is steeper when k is larger.  

 

2
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4. Data sources, variable measurement, and descriptive statistics  

4.1. Data sources 

We obtain the data required for our analysis from the following sources: the Center for 

Research in Security Prices (CRSP), Thomson-Reuters Institutional Holdings (13F), the 

Institutional Brokers’ Estimate System (I/B/E/S), NYSE’s Trade and Quote (TAQ), and 

Standard & Poor’s Compustat. Our initial sample includes all Compustat firms that have 

quarterly earnings announcement dates between 2000 and 2012.14 To ensure the accuracy of 

earnings announcement dates, we follow DellaVigna and Pollet (2009) and use the earlier date 

of two earnings announcement dates reported in Compustat and I/B/E/S (if available). We 

remove observations if the difference in earnings announcement dates reported in these 

databases is longer than five calendar days. We keep only those firm-quarters with earnings 

announcement dates falling within 90 days of the fiscal quarter end. We use only those firms 

with common shares (share code in 10 or 11) traded in the market and included in CRSP.  

 

4.2. Variable measurement and descriptive statistics  

In our model, is a theoretical construct that captures the surprise in earnings implied 

by the complex sets of information contained in corporate earnings reports and earnings 

forecast reports produced by various market participants (e.g., analysts). As such,  is not 

directly observable. In this study, we use the difference between actual earnings and a 

composite measure of earnings forecast constructed from multiple earnings forecasts as an 

empirical proxy for . Specifically, we first retrieve all individual analyst forecasts with a 

                                                 
14 To conduct our empirical analysis with a relatively homogeneous sample, our study period begins in 2000. 

Regulation Fair Disclosure (Reg FD), introduced by the Securities and Exchange Commission (SEC) in 2000, 

requires all publicly traded companies to disclose material information to all market participants simultaneously. 

The regulation prohibits selective disclosure, in which some market participants receive value-relevant 

information before others. Reg FD fundamentally changed how companies communicate with investors by 

bringing more transparency and more frequent and timely communications. 

x~

x~
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forecast period in one or two quarters ahead that are issued within 90 calendar days prior to the 

earnings announcement date from the I/B/E/S unadjusted detail history file and obtain the 

median value of these forecasts for each earnings announcement. We then estimate earnings 

surprise (i.e., our empirical proxy for ) using the following formula: 

                             ;                                    (8) 

where UE denotes earnings surprise, Actual EPS is the actual earnings per share obtained from 

the I/B/E/S unadjusted detail history file, Analyst EPS Forecast is the median value of analyst 

forecasts explained above, and PRICEq  is the closing price at the current fiscal quarter end 

obtained from Compustat. We exclude observations if the absolute value of the actual EPS or 

the absolute value of the median analyst EPS forecast is larger than the stock price. We also 

delete observations if the stock price is lower than $1.  

If all traders were to have an access to the I/B/E/S unadjusted detail history file and use 

it to estimate earnings surprise UE in equation (8), UE would be a closer empirical proxy for 

earnings signal than for earnings signal . However, only a subset of traders were to have 

an access to and make use of the data, UE would be considered a reasonable empirical proxy 

for . In this sense, our empirical analysis could be considered a joint test of our model and 

the reasonableness of our empirical proxy for unobservable variable .         

We use trade and quote data from the TAQ database to calculate order imbalance (OI) 

at the time of the earnings announcement. We measure OI by the mean daily difference between 

the buyer- and seller-initiated dollar volume (i.e., Buy$Volume – Sell$Volume) over the two-

day event window [0, +1] minus the mean daily difference between the buyer- and seller-

initiated dollar volume over the 40-day pre-event window [−41, −2], scaled by the mean daily 

dollar volume over the 250-day pre-event period [−251, −2]. That is, 
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We follow the Ellis, Michaely, and O’Hara (2000) algorithm to determine whether a buyer or 

a seller initiates a trade.15  

Figure 2 shows the daily order imbalance from d = −30 to d = 30 for firms with positive, 

zero, and negative UE. Prior to the earnings announcement date, the daily order imbalances are 

all close to zero. For positive UE firms, the daily order imbalance increases from d = 0 to d = 

1, with the total (cumulative) increase reaching around 8% (4%   each day) over the two-day 

event window. It resumes to its pre-event level beginning from d = 2. For negative UE firms, 

the daily order imbalance decreases from d = 0 to d = 1, and the largest decrease occurs on d = 

1. The total decrease over the two-day event window is about 5.2%. This result suggests a 

positive correlation between order imbalance and earnings surprise (i.e.,     0) and is 

consistent with the notion that the liquidity demander trades on superior earnings information. 

Unlike positive UE firms, there appears to be a post-earnings announcement trading drift for 

negative UE firms. For zero UE firms, we find no abnormal order imbalance over the two-day 

event period. 

We define and measure other variables as follows. AR is the two-day [0, +1] size and 

B/M adjusted return, BHAR is the 60-day [+2, +61] size and B/M adjusted return, and U is the 

62-day [0, +61] size and B/M adjusted return.16 PI is the two-day [0, +1] adverse selection 

                                                 
15 The quoted ask and bid prices are based on National Best Bid and Offer (NBBO) quotes. We follow the NBBO 

algorithm provided by WRDS to obtain NBBO quotes. Following Bessembinder (2003), we match each trade 

with contemporaneous quotes. 
16 Most prior studies of the post-earnings announcement drift use either a 60-day window/3-month period (Bartov 

et al., 2000; Garfinkel and Sokobin, 2006; Ng et al., 2008; Chordia et al., 2009; Hirschleifer, 2009;  Chung and 

Hrazdil, 2011) or a 12-month period (Ng et al., 2008; Atkins et al., 2012). Mendenhall (2004) chooses an interval 

from one day after the earnings announcement date through the next earnings announcement date (roughly a 3-

month period). Ke and Ramalingegowda (2005) measure cumulative abnormal returns over the 3-, 6-, and 9-

month period after the earnings announcement. Francis et al. (2007) focus on the 6-month holding period after the 

earnings announcement. 
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component/price impact measure from Huang and Stoll (1996). ESPREAD is the trade-

weighted effective spread during the two-day event period. PIN is the probability of informed 

trading measure from Easley, Kiefer, O’Hara, and Paperman (1996). OD is the measure of 

opinion divergence from Garfinkel and Sokobin (2006). MVE is the market value of equity, 

NAF is the number of analysts following the firm, and NII is the number of institutional 

investors that hold the firm’s shares. TURN is the average daily turnover ratio during the 50-

day period prior to earnings announcement. BETA and SIGMA are systematic and unsystematic 

risk, respectively. EAPER is the measure of earnings persistence and MBR is the market-to-

book asset ratio. LOSS is equal to one if announced earnings are negative and zero otherwise. 

EAVOL is earnings volatility and PREANN is the 40-day preannouncement size and B/M 

adjusted return. Appendix C provides details regarding the construction of these variables. 

Table 1 reports descriptive statistics.  

 

5. Empirical results 

In Section 5.1, we test our hypothesis (Hypothesis 1) regarding how our model-implied 

information asymmetry measure is related to various information asymmetry proxies. In 

Section 5.2, we test our hypothesis (Hypothesis 2) regarding whether the degree of market 

underreaction to earnings announcements is positively related to information asymmetry and 

2  and negatively related to the information content of earnings. Section 5.3 tests our 

hypothesis (Hypothesis 3) regarding whether PEAD can be explained by 
2 , , and k. 

To reduce the effect of outliers, we divide each firm/stock attribute (except AR, BHAR, 

and U) into 11 groups, assign numeric values −1, −0.8, −0.6, −0.4, −0.2, 0, 0.2, 0.4, 0.6, 0.8, 

and 1 to these groups, and use these numeric values in empirical analysis. We use raw values 

of AR, BHAR, and U (instead of their group numeric values) because they are the variables that 

we attempt to explain. We scale OI and UE so that their standard deviations are equal to the 
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standard deviation of U. The purpose of the scaling is to ensure that the estimates of k and   

are within their theoretically permissible range (i.e., between 0 and 1) so that we can obtain a 

reasonable estimate of ̂ .17   

 

 

5.1. Empirical results for Hypothesis 1 

To examine how our model-implied information asymmetry measure is related to a 

firm/stock attribute, we calculate ̂  and k̂  for each of the 11 groups of the firm/stock attribute. 

Specifically, we obtain k̂  by regressing U on UE and ̂  by regressing OI on UE using their 

time-series and cross-sectional observations in each group. 18  We then obtain our model-

implied information asymmetry measure (i.e., ̂ ) from equation (7) using the values of ̂  and 

k̂ . Finally, we calculate the Pearson and Spearman rank correlation coefficients between the 

group numeric values (i.e., from −1 to 1) of the firm/stock attribute and the values of ̂ , k̂ , 

and ̂   across the 11 groups. We repeat the above process for each of the seven firm/stock 

attributes (PI, ESPREAD, PIN, OD, MVE, NAF, and NII) that are likely to vary with 

information asymmetry. It is important to note that we estimate ̂  and k̂  independently of 

these firm/stock attributes. Hence, a significant correlation between ̂  and these firm/stock 

attributes helps us gain confidence that the positive correlation between order imbalance and 

earnings surprise (shown in Figure 2) is driven by information asymmetry. 

Table 2 reports ̂ , k̂ , and ̂  as well as the Pearson correlation and Spearman rank 

                                                 
17 This approach ensures that the estimates do not exceed the theoretical maximum value, but does not guarantee 

that the estimates will not be negative. In our sample we find that only a few firms have negative k̂  or ̂ . To 

calculate ̂ , we set them to be zero if they are negative.  
18 Note that the regression coefficient estimated using our scaled dependent and independent variables is the 

correlation coefficient between the two variables. We employ the regression approach, instead of directly 

calculating the correlation coefficient between OI and UE, to improve the precision of  estimates (see Section 

5.2).  
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correlation between firm/stock attributes and ̂ , k̂ , and ̂ . Panel A shows that ̂  increases 

with PI (Pearson correlation = 0.797, p value = 0.003), ESPREAD (Pearson correlation  = 0.929, 

p value = 0.000), PIN (Pearson correlation = 0.629, p value = 0.038), and OD (Pearson 

correlation = 0.754, p value = 0.007), and decreases with MVE (Pearson correlation = −0.924, 

p value = 0.000), NAF (Pearson correlation = −0.971, p value = 0.000), and NII (Pearson 

correlation = −0.928, p value = 0.000). The Spearman rank correlation produces almost 

identical results, except for PIN (Spearman correlation = 0.555, p value = 0.077). These results 

are consistent with our Hypothesis 1 that the model-implied information asymmetry measure 

is positively related to the price impact of a trade, the effective spread, the probability of 

informed trading, and the divergence of investors’ opinions, and negatively related to firm size, 

the number of analysts, and the number of institutional investors. 

We find that k̂  increases with ESPREAD, PIN, and OD, and decreases with MVE, NAF, 

and NII. The negative association of k̂  with MVE, NAF, and NII is consistent with the finding 

of prior research (e.g., Atiase, 1985; Shores, 1990; El-Gazzar, 1998) that the information 

content of earnings is smaller for larger firms and those firms that are followed by more analysts.  

 

5.2. Empirical results for Hypothesis 2 

5.2.1. Estimation of ̂ , k̂ , and  

In this section, we test the hypothesis that the degree of underreaction increases with ̂  

and 
2̂ , but decreases with k̂ . Instead of estimating ̂ , k̂ , and ̂  for each firm/stock attribute 

group (as in Table 2), we calculate these values for each firm-quarter to fully utilize data and 

improve the precision of estimates. For this, we first estimate the following regression model:  

                                    ,0 iqiqiqiq UEOI                                                   (10) 

̂
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where subscript iq indicates firm i and quarter q of earnings announcement.19 Because we use 

the scaled values of OIiq and UEiq (with the same standard deviation as the standard deviation 

of U), ρiq is the correlation coefficient between order imbalance (OIiq) and unexpected earnings 

(UEiq), which is identical to the square root of our measure of underreaction for firm i in quarter 

q (i.e., 2

iq ). 

We use regression model (10) to estimate  instead of directly calculating the 

correlation coefficient between order imbalance and earnings surprise for each firm because 

we have only quarterly observations of these variables, which are not adequate for a reliable 

estimation of the correlation coefficient between the two variables for each firm. Another 

important advantage of using regression model (10) over a direct calculation of the correlation 

coefficient between order imbalance and earnings surprise is that we could increase the 

precision of   estimates by utilizing the firm/stock attributes that are theoretically related to 

 . Equation (5) shows that   is related to both information asymmetry (θ) and information 

content (k). We include various firm/stock attributes that are likely associated with information 

asymmetry and information content to improve the precision of    estimates. Hence, our 

estimation method is similar, in spirit, to the one used in Pastor and Stambaugh (2003). Pastor 

and Stambaugh (2003) assume that each stock’s liquidity beta is a function of various firm 

attributes [see their equations (10) and (11)] to increase the precision of beta estimates.   

For instance, we include PI, ESPREAD, OD, MVE, NAF, and NII in the regression 

because they may be associated with the information asymmetry (θ) associated with earnings.20 

                                                 
19 We use the group numeric values of each variable than its raw values in the regression. 
20 We do not include PIN in the model because including it results in a significant reduction in sample size. 
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TURN, a proxy for liquidity, might be related to the liquidity demander’s incentive to exploit 

information advantage. BETA controls for systematic risk and SIGMA controls for the cost of 

arbitrage and unsystematic risk. Prior research suggests that the information content of earnings 

varies with earnings persistence and growth opportunities. EAPER controls for earnings 

persistence and MBR controls for growth opportunities. We include LOSS because prior 

research shows that negative earnings have smaller information content (e.g., Hayn, 1995; Basu, 

1997).21 EAVOL controls for earnings volatility. High earnings volatility might be associated 

with low information content. PREANN controls for the preannouncement information 

environment. Finally, to control for industry effects, we include industry dummy variables 

using the Fama-French 10 industry classification.  

Using   estimates from regression model (10), we then calculate the firm-specific and 

time-varying estimates of  , iq̂ , using the following equation: 
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          (11) 

Note that iq̂   captures cross-firm and cross-quarter variations in    to the extent that the 

variations are reflected in the firm/stock attributes used in the estimation. It is also important 

to note that the above estimation of   is not possible without our analytical results.  

Similarly, we estimate the following regression model using the 62-day [0, +61] size 

and B/M adjusted return, U, as the dependent variable to calculate the information content of 

earnings (k):22  

                                                 
21 Hayn (1995) argues that shareholders have a liquidation option, and therefore returns do not respond as strongly 

to loss as they do to profit. Basu (1997) argues that due to accounting conservatism, bad news is reflected in 

earnings in a more timely manner than is good news. ERC thus is relatively smaller for losses. 
22 Recall that we defined the information content of earnings by the coefficient on in the regression of the final 

payoff ( ) on earnings surprise ( ) in Section 2.1. 
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We include the same set of firm/stock attributes in regression model (12) that we include in 

regression model (10) to improve the precision of k̂  because Table 2 shows that firm/stock 

attributes that are associated with ̂   are also associated with k̂  . Using β estimates from 

regression model (12), we then calculate  using the following equation: 
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      (13) 

Finally, we plug the values of iq̂  and iqk̂  into equation (7) to calculate iq̂ . Panel A in 

Table 3 shows the results of regression models (10) and (12). Consistent with the results in the 

previous section, we find that in regression model (10), the estimated coefficients on the 

interaction terms with PI, ESPREAD, and OD are all positive and significant, suggesting a 

positive relation between these stock attributes and   . In contrast, the coefficients on the 

interaction terms with NAF and NII are negative and significant, suggesting a negative relation 

between these attributes and  . The information content of earnings (k) decreases with firm 

size (MVE), analyst following (NAF), turnover rate (TURN), and earnings volatility (EAVOL). 

Consistent with the findings of Hayn (1995) and Basu (1997), we also find that the information 

content is lower for negative earnings (LOSS). In contrast, the information content of earnings 

increases with the divergence of investors’ opinions (OD) and unsystematic risk 

(SIGMA).Panel B in Table 3 presents the descriptive statistics of iq̂ , iqk̂ , and iq̂ . The mean 

,0 iqiqiqiq UEkU  

iqk̂
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values of iq̂ , iqk̂ , and iq̂  are 0.051, 0.136, and 0.011, respectively. The correlation between 

iq̂   and iqk̂   is about 0.686, and the correlation between iq̂   and iqk̂   is about 0.608 (not 

tabulated). The results show that about 5% of iq̂  and iqk̂ estimates have negative values. We 

obtain qualitatively identical results regardless of whether we set these negative values to zero 

or drop them from the study sample. 

 

5.2.2. Regression results 

Before we formally test the positive relation between the observed degree of market 

underreaction and 2  (Hypothesis 2), we first measure the average degree of underreaction 

for our sample firms using the following regression model: 
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,               (14) 

where iqk̂  is estimated from equation (13). Note that the regression coefficient on UE in the 

first model is the estimate of ERC, i.e., ERC =   iqkb ˆ1   and the regression coefficient on UE 

in the second model is the estimate of PEAD, i.e., PEAD = iqkb ˆ .23 Hence b is our estimate of 

the degree of underreaction or the proportion of the information content of earnings ( ) that 

fails to get into price at the time of earnings announcements. 

 We employ the Generalized Method of Moments (GMM) to estimate regression model 

(14). The weighting matrix is based on the Newey-West weighting scheme with three lags. We 

use a constant term and iqi UEk ˆ  as the instrumental variables, where ik̂  is the firm-specific 

                                                 
23 See Section 2.2. 
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average of iqk̂ .24 Panel A in Table 4 shows that the estimate of b is 29.5%, indicating that, on 

average, 70.5% of the information content of earning gets into price during the announcement 

period and the rest (29.5%) gets into price during the post-earnings announcement period. 

We now estimate the following model to formally test  Hypothesis 2: 
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,                           (15) 

Note that the regression coefficient on UE in the first model is the estimate of ERC, i.e., ERC 

=      iqiqiq kkdcb ˆˆˆ1    and the regression coefficient on UE in the second model is the 

estimate of PEAD, i.e., PEAD =    iqiqiq kkdcb ˆˆˆ   . Hence,   iqiq kdcb ˆˆ    is our 

estimate of the degree of underreaction. We use a constant term, iqi UEk ˆ , iqii UEk  ˆˆ 2 , and 

iqi UEk 2ˆ  as the instrumental variables, where 
2ˆ
i  is the firm-specific average of 2ˆ

iq .  

The degree of underreaction is hypothesized to be positively associated with   and 

negatively associated with k. Hence, we expect that both c and d are positive. Panel B in Table 

4 shows that c = 10.583 (t-statistic = 16.22) and d = 2.456 (t-statistic = 9.44). Note that c is 

larger than d and the difference is significant at the 1% level, suggesting that the degree of 

underreaction is more sensitive to   than to k, which is consistent with our analytical results 

in Figure 1a and Figure 1b that the degree of underreaction is more strongly related to θ than 

to k. 

The regression coefficient b in regression model (14) provides an estimate of the 

average degree of underreaction. However, regression model (14) is unable to provide any 

insight regarding the degree of underreaction for each firm-quarter. Earlier, we show 

                                                 
24  We use firm-specific average value because iqk̂  contains measurement error, which will enter into the 

regression error term. Thus, we use firm-specific average (i.e., ik̂ ) because it is correlated with iqk̂  but is not 

correlated with measurement error.   
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analytically that the square of the correlation coefficient between order imbalance and the 

earnings surprise ( 2 ) is a measure of underreaction [i.e., )1( 2 kERC and

2 kPEAD ]. To assess the empirical validity of 2  as a measure of underreaction for each 

firm-quarter, we estimate the following model:  

             
  

  ;ˆˆ

ˆˆ1

2

2

2

1

iqiqiqiqiq

iqiqiqiqiq

eUEkcbaBHAR

UEkcbaAR








,                 (16) 

where 2ˆ
iq  is our empirical estimate of 

2  for stock i in quarter q calculated from equation 

(11). Note that the regression coefficient ( 2ˆ
iqcb  ) on UEiq is the observed value of the degree 

of underreaction, whereas 2ˆ
iq  is the analytically predicted value of the degree of underreaction. 

We assess the empirical validity of our analytical construct 
2   by looking at the sign and 

statistical significance of the estimated value of c in the second model. We use a constant term, 

iqi UEk ˆ , and  as the instrumental variables.  

Since 
2  is hypothesized to be positively associated with the degree of underreaction, 

we expect c to be positive and significant. Panel C in Table 4 shows that c is 20.564 (t-statistic 

= 11.70), which is consistent with our model prediction. We find that the estimate of b is 0.125 

(t-statistic = 8.13), which implies that even when 
2   is zero, there is still about 12.5% of 

information content that does not get into price at the time of earnings announcement.25 Thus, 

about 42.4% (12.5% divided by 29.5%) of the market underreaction cannot be explained by 

our model.26 

                                                 
25 We do not use the estimated b in regression model (15) to infer this value because the degree of underreaction 

is a nonlinear function of θ and k and thus the estimated b will be biased. Since 
2  summarizes the effect of θ 

and k and relates their combined effect to the degree of underreaction in a linear fashion, we expect estimated b 

in regression model (16) to be unbiased. 
26 The results of the over-identifying restrictions test indicate that models (14), (15), and (16) are not misspecified 

and that the instrumental variables are not correlated with regression error terms. 

iqii UEk  ˆˆ 2
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As a robustness check, we use the three-stage least squares (3SLS) and full-information 

maximum likelihood (FIML) methods to estimate the above three models and report the results 

in Panel D, Panel E, and Panel F, respectively. Unlike the GMM and 3SLS methods, FIML 

does not require instrumental variables. To deal with the potential bias due to the measurement 

errors associated with 2ˆ
iq , iqk̂ , and iq̂ , we replace them with 2ˆ

i , ik̂ , and î  in the above 

three models, where 2ˆ
i  and ik̂  are firm-specific average values and î  is calculated using 

2ˆ
i  and ik̂ . Thus, the estimation results based on the FIML method should be interpreted as 

the unconditional effect of  , k, and  on the degree of underreaction.  

Panel D, Panel E, and Panel F show that the estimation results based on 3SLS and FIML 

are very similar to the results based on GMM. Note that the FIML results in Panel D and Panel 

F suggest that about 52.27% (0.1464 divided by 0.2801) of the market underreaction cannot be 

explained by the unconditional 
2 . This figure is larger than 42.4% when the 

2  estimate is 

time-varying (the GMM and 3SLS results). Therefore, conditional 
2  seems to explain a 

greater proportion of the degree of underreaction than unconditional 
2 .27           

Overall, empirical results are supportive of Hypothesis 2 that the degree of 

underreaction increases with information asymmetry and 
2   and decreases with the 

information content of earnings.     

   

5.3. Empirical results for Hypothesis 3 

In this section, we test our third hypothesis that PEAD is predictable by ̂ , k̂ , and 
2̂  

and that the relation between PEAD and 
2̂  is steeper when k̂  is larger. We perform out-of-

                                                 
27  The difference between the conditional and unconditional effect cannot be attributed to the econometric 

methods that we employed. When we use GMM and 3SLS to estimate the unconditional effect, we find very 

similar results. 

2
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sample tests. The first rolling window starts from the first (calendar) quarter of 2000 to the 

fourth quarter of 2002 (a 12-quarter estimation period). We estimate equation (10) and equation 

(12) to obtain ̂  and ̂  using all firms that announce earnings during the 12-quarter period. 

Next, based on equation (11) and (13), we calculate 2ˆ
iq , iqk̂ , and iq̂  using ̂ , ̂ , and 

firm/stock attributes of all firms that announce earnings in the first quarter of 2003. This 

completes the estimation for the first rolling window. We repeat the above procedure to 

calculate 2ˆ
iq , iqk̂ , and  until the fourth quarter of 2012. 

To test whether iq̂  and 2ˆ
iq  can predict PEAD, for each quarter from the first quarter 

of 2003 to the fourth quarter of 2012, we divide the sample into five groups according to UE 

(raw values of UE before conversion to group numeric values). We also divide the sample into 

five groups according to iq̂  and 2ˆ
iq , respectively. We then calculate the average BHAR for 

each of the 25 groups. Panel A in Table 5 reports the results when the 25 groups are formed by 

UE and iq̂  and Panel B reports the results when the 25 groups are formed by UE and 2ˆ
iq .  

Panel A shows the average BHAR for each of the 10 groups in the highest and lowest 

UE quintiles. As iq̂  increases, the average BHAR for the lowest UE firms decreases by 2.04 

percentage points (t-statistic = −3.20) from 0.43% to −1.61%. As iq̂  increases, however, the 

average BHAR for the highest UE firms increases by 1 percentage point (t-statistic = 1.82) from 

2.52% to 3.52%. The differences in BHAR between the highest and lowest UE firms are all 

positive and significant. As iq̂  increases, this difference increases by 3.04 percentage points 

(t-statistic = 3.62) from 2.09% to 5.13%. These results suggest that iq̂  has strong predictive 

power for PEAD. Panel B shows similar results. As 
2ˆ
iq  increases, the difference in BHAR 

between the highest UE and lowest UE firms increases by 3.15 percentage points (t-statistic = 

iq̂
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3.72).  

Panel C reports the subsample results when iqk̂  is large and when iqk̂  is small, 

respectively. For each quarter, we divide the sample into five groups according to iqk̂ . Firms 

that belong to the first and second quintiles have small iqk̂  and firms that belong to the fourth 

and fifth quintiles have large iqk̂ . We replicate the results in Panel B using these subsample 

o+bservations. Panel C shows that when iqk̂  is small, as 2ˆ
iq  increases, the difference in BHAR 

increases by 1.27 percentage points (t-statistic = 0.65), from 2.70% to 3.97%. When iqk̂  is large, 

however, as 2ˆ
iq  increases, the difference in BHAR increases by 4.89 percentage points (t-

statistic = 3.08) from 0.39% to 5.28%. These results are consistent with Hypothesis 3 that the 

relation between PEAD and  is steeper for firms with larger k. 

 

6. Predictive power of 
iq̂  and 

2ˆ
iq relative to that of other firm/stock attributes  

Prior research shows that PEAD is smaller for firms with smaller transaction costs (Ng, 

Rusticus, and Verdi, 2008), larger size (Foster et al., 1984; Bernard and Thomas, 1989), more 

analyst following (Bhushan, 1994; Gleason and Lee, 2003), and more institutional investors 

(Bartov et al., 2000; Ke and Ramalingegowda, 2005; Atkins et al., 2012). In this section we 

evaluate the predictive power of 
iq̂  and 

2ˆ
iq  relative to that of these firm/stock attributes. Our 

metric of underreaction is about underreaction arising from information asymmetry; how good 

it is as a measure of underreaction relative to other metrics is essentially an empirical question. 

If the predictive power of our metric is greater than that of other firm/stock attributes, the extra 

predictive power would come from the fact that our metric more closely and directly measures 

underreaction than these attributes. 

We estimate the following regression model to help answer the above question: 

2



 

35 

 

                ,,

10

1

130 iqiqn

n

niqiqiq mmyIndustryDuUEΨBHAR   



                     

;

ˆˆˆˆ

131211109

876

2

54

2

321

iqiqiqiqiq

iqiqiqiqiqiqiqiqiq

PINTURNNIINAFMVE

ODESPREADPIkkΨ








           (17) 

where the regression coefficient on UE is the estimate of PEAD, i.e., PEADiq = .28 

Panel A of Table 6 reports the results when we include UE and the interaction variable 

between UE and each firm/stock attribute in the regression. Column (2) shows that the 

coefficient on the interaction variable between UE and ESPREAD is positive and significant at 

the 1% level, which is consistent with the finding of Ng, Rusticus, and Verdi (2008) that firms 

with smaller transaction costs provide lower abnormal returns for the PEAD trading strategy. 

Columns (3) through (6) show that the coefficients on the interaction variable between UE and 

MVE, NAF, or NII are all negative and significant at the 5% level. These results are all 

consistent with the findings of prior research that PEAD is smaller for firms with larger size, 

more analyst following, and more institutional investors. Column (7) shows that PEAD is 

smaller for firms with higher share turnover ratios, which is consistent with the positive relation 

between PEAD and transaction costs documented in Ng, Rusticus, and Verdi (2008).29 As 

expected, column (8) shows that PEAD increases with the probability of informed trading 

(PIN). Column (1) shows that although the coefficient on PI is positive as expected, it is not 

statistically significant.   

Table 6 Panel B columns (1) through (6) show that the coefficients on both iqiq UÊ  

and iqiq UE2̂  are all positive and significant at the 1% level, regardless of whether firm/stock 

                                                 
28 See Proposition 2. 
29 This is because transaction costs (ESPREAD) decreases with trading volume. 

iqΨ
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attributes are included or excluded. 30  The results also show that the coefficients on the 

interaction variables between UE and each of two direct measures of information asymmetry 

(PI and PIN) are not significant when either iq̂  or 2ˆ
iq  is included in the model, suggesting that 

the effects of PI and PIN are subsumed by the effects of iq̂  or 2ˆ
iq .   

More importantly, we find that the predictive power of iq̂  and 2ˆ
iq  is higher than that 

of those firm attributes (i.e., ESPREAD, OD, MVE, NAF, and NII) that prior studies employ to 

explain the post-earnings announcement drift. We interpret this result as evidence that our 

theory-based constructs of information asymmetry and underreaction (i.e., iq̂  and 2ˆ
iq ) 

provide a more accurate and timely measurement of underreaction (and thus, a more accurate 

prediction of PEAD) than these ad hoc measures of the firm’s information environment used 

in prior research.  

The last two columns in Table 6 Panel B show the results when we add two interaction 

variables (i.e., iqiq UEk ˆ  and iqiqiq UEk  ˆˆ 2 ) in the regression. We find that the coefficients on 

iqiqiq UEk  ˆˆ 2 are positive and significant, indicating that the effect of 2ˆ
iq  on PEAD increases 

with iqk̂ , which is consistent with Hypothesis 3. The coefficients on iqiq UE2̂ are not 

significantly different from zero, indicating that PEAD is unrelated to 2ˆ
iq  when the 

information content of earnings (k) is zero. We find that the coefficients on iqiq UEk ˆ  are 

negative and significant, indicating PEAD decreases with iqk̂  when 
2ˆ
iq  is zero. According to 

our model (Proposition 2), PEAD decreases with k when 1)2(  kk . From Corollary 1 and 

                                                 
30 Our results complement the findings of Ayers et al. (2011) who report a negative relation between PEAD and 

the interaction term between order imbalance at the time of the earnings announcement and earnings surprise. 

While we show that higher degree of underreaction leads to larger PEAD, Ayers et al. (2011) show that given the 

same degree of underreaction, stronger trade reaction at the time of earnings announcement is associated with 

smaller PEAD. Chordia, Roll, and Subrahmanyam (2002) and Chordia and Subrahmanyam (2004) also analyze 

the relation between order imbalance and stock returns. 
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Proposition 3 and from Figure 1a and Figure 1b, 2  approaches to zero when   approaches 

to zero and k approaches to 1. But small   and high k also imply that 1)2(  kk , which is 

the case when the relation between PEAD and k is negative. Thus, the negative coefficient on 

iqiq UEk ˆ  is consistent with our model prediction. 

 

7. Profitability of trading strategies based on 
2̂  and ̂   

In this section we analyze the profitability of portfolio strategies that are based on 
2̂  

and ̂ .  To the extent that the post-earnings announcement drift is predictable by 2̂  and ̂ , 

it may be possible to earn positive abnormal returns using a 2̂ -based or a ̂ -based trading 

strategy. Since PEAD depends on both 2  and k, we expect larger profits from stocks/firms 

with greater k̂ .  

One possible trading strategy is as follows. The first rolling window starts from January 

2000 to December 2002. We estimate iq̂ , iqk̂ , and iq̂  for all firms that announce earnings 

during this period using equations (10) through (13) and calculate their mean values ( î , ik̂ , 

and î ) for each firm during the period.31 Then, we divide all firms that announce earnings 

from October 2002 to December 2002 into five groups according to UE (raw values of UE 

before conversion to group numeric values). We also divide these firms into five groups 

according to î , 
2ˆ
i , and , respectively.  

For each of the five groups formed by î , 
2ˆ
i , or ii k̂ˆ 2  , we form a hedge portfolio 

that is long in the highest UE quintile firms and short in the lowest UE quintile firms and hold 

                                                 
31 Using sample observation during the portfolio formation period for the first rolling window, we divide all firm 

attributes into 11 groups and convert them into 11 group values. We also scale OI and UE so that they have the 

same standard deviation as the standard deviation of U calculated during this period only. 

ii k̂ˆ 2 
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each of the five hedge portfolios for the month of January 2003. This completes the first rolling 

window. We repeat the above procedure and calculate the return of the five hedge portfolios 

for the month of February 2003. The last portfolio holding month is December 2012. Using the 

monthly returns of the five hedge portfolios, we calculate the Pastor-Stambaugh four-factor 

alpha for each hedge portfolio. Table 7 reports the annualized alpha of each of the five hedge 

portfolios. Panel A shows that as î   increases, alpha increases from 0.52% to 8.34%. The 

difference between the two alphas is 7.82% (t-statistic = 2.23). Panel B shows that as 
2ˆ
i  

increases, alpha increases from 0.38% to 8.62%. The difference between the two alphas is 8.25% 

(t-statistic = 2.33). Finally, Panel C shows that as ii k̂ˆ 2   increases, alpha increases from −3.19% 

to 8.44%. The difference between the two alphas is 11.64% (t-statistic = 3.52). Thus, these 

results indicate that trading on î   and 
2ˆ
i   are both profitable, and trading on additional 

information on ik̂   will further improve the profit by about 3.39% (i.e., 11.64% − 8.25%). 

Overall, these results underscore the potential practical value of our empirical metrics of 

underreaction and information asymmetry for investors and traders. 

    

8. Summary and concluding remarks 

In this study we develop an analytical framework that enables us to disentangle the 

effects of the information content of earnings announcements and the information asymmetry 

associated with earnings on market underreaction to earnings announcements. Despite the fact 

that our analytical model is stylized and simple, we believe that our model and empirical 

proxies are sufficiently intuitive to be successfully applied empirically. 

Our analytical model predicts that the degree of market underreaction to earnings 

announcements and PEAD increase with information asymmetry among traders. We provide 

robust empirical evidence that is consistent with these predictions. We develop a metric for 
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information asymmetry that is defined by two empirically observable variables (i.e., the 

information content of earnings and the correlation coefficient between earnings surprise and 

order imbalance), and we show that this metric is highly correlated with various firm/stock 

attributes that prior research has shown to be good proxies for information asymmetry in the 

predicted manner. We also show that our theory-based constructs of information asymmetry 

and underreaction provide a more accurate and timely measurement of underreaction and thus 

a more timely prediction of PEAD than firm/stock attributes that prior studies employ to 

explain the post-earnings announcement drift. Furthermore, we analyze the profitability of 

trading strategies based on the empirical metrics developed in our paper and show that these 

strategies could generate statistically significant excess returns. On the whole, both our 

analytical results and empirical findings provide strong support for our conjecture that the 

market reactions to earnings announcements depend not only on the information content of 

earnings announcements but also on the information asymmetry associated with earnings.  
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Table 1 

Descriptive statistics 

 
OI is order imbalance at the time of earnings announcement, UE is earnings surprise, AR is the two-day [0, +1] size 

and B/M adjusted return, BHAR is the 60-day [+2, +61] size and B/M adjusted return, U is the 62-day [0, +61] size 

and B/M adjusted return, PI is the two-day [0, +1] adverse selection component/price impact measure, ESPREAD 

is the trade-weighted effective spread during the two-day event period, PIN is the probability of informed trading, 

OD is the measure of opinion divergence, MVE is the market value of equity, NAF is the number of analysts 

following the firm, NII is the number of institutional investors that hold the firm’s shares, TURN is the average daily 

turnover ratio during the 50-day period prior to earnings announcement, BETA and SIGMA are systematic and 

unsystematic risk, respectively, EAPER is the measure of earnings persistence, MBR is the market-to-book asset 

ratio, LOSS is equal to one if announced earnings are negative and zero otherwise, EAVOL is earnings volatility, 

and PREANN is the 40-day preannouncement size and B/M adjusted return. Appendix C provides details regarding 

the construction of these variables. 

 

Variable N Mean 

Standard 

deviation 

Percentile 

5th 25th 50th 75th 95th 

OI 142,052 1.308 63.489 −41.693 −8.817 0.649 11.493 49.171 

UE 142,223 −0.108 3.238 −1.519 −0.070 0.047 0.230 1.266 

AR (%) 137,696 0.072 8.855 −13.538 −3.761 0.013 3.968 13.588 

BHAR (%) 137,695 0.243 22.571 −31.778 −10.606 −0.757 9.320 33.780 

U (%) 137,701 0.417 24.682 −34.964 −11.855 −0.776 10.612 37.969 

PI 141,774 0.169 2.535 −1.141 −0.006 0.068 0.256 1.720 

ESPREAD 142,223 0.394 0.614 0.030 0.075 0.166 0.423 1.577 

PIN 102,865 0.180 0.100 0.070 0.114 0.158 0.219 0.372 

OD 141,938 0.932 2.444 −0.399 −0.030 0.295 1.089 4.169 

MVE ($million) 142,214 4.796 19.208 0.059 0.240 0.723 2.453 18.298 

NAF 142,223 9.187 7.521 1 4 7 13 25 

NII 141,824 161.305 179.809 16 57 109 193 490 

TURN 141,938 0.912 1.000 0.112 0.349 0.647 1.139 2.555 

BETA 141,873 1.074 0.595 0.180 0.661 1.032 1.429 2.110 

SIGMA (%) 141,873 2.912 1.749 1.027 1.711 2.464 3.620 6.367 

EAPER 139,033 0.298 2.002 −0.140 0.080 0.284 0.509 0.767 

MBR 141,182 2.143 2.663 0.878 1.077 1.441 2.304 5.414 

LOSS 139,033 0.256 0.437 0 0 0 1 1 

EAVOL 137,489 4.242 7.239 0.091 0.648 1.656 4.506 17.029 

PREANN (%) 137,701 0.282 20.107 −26.769 -8.837 -0.688 7.620 28.381 
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Table 2 

Correlation between  , k,   and firm/stock attributes  

 

We divide each firm/stock attribute into 11 groups, assign numeric values −1, −0.8, −0.6, −0.4, −0.2, 0, 0.2, 0.4, 

0.6, 0.8, and 1 to these groups, and use these numeric values in empirical analysis. We scale OI and UE so that their 

standard deviations are equal to the standard deviation of U, where OI is order imbalance at the time of earnings 

announcement, UE is earnings surprise, and U is the 62-day [0, +61] size and B/M adjusted return. To examine how 

our model-implied information asymmetry measure is related to a firm/stock attribute, we calculate ̂  and k̂  for 

each of the 11 groups of the firm/stock attribute. Specifically, we obtain k̂  by regressing U on UE and ̂  by 

regressing OI on UE using their time-series and cross-sectional observations in each group. We then obtain our 

model-implied information asymmetry measure (i.e., ̂ ) using the values of ̂  and k̂ . Finally, we calculate the 

Pearson and Spearman rank correlation coefficients between the group numeric values (i.e., from −1 to 1) of the 

firm/stock attribute and the values of ̂ , k̂ , and ̂  across the 11 groups. We repeat the above process for each of 

the seven firm/stock attributes (PI, ESPREAD, PIN, OD, MVE, NAF, and NII), where PI is the two-day [0, +1] 

adverse selection component/price impact measure, ESPREAD is the trade-weighted effective spread during the 

two-day event period, PIN is the probability of informed trading, OD is the measure of opinion divergence, MVE is 

the market value of equity, NAF is the number of analysts following the firm, NII is the number of institutional 

investors that hold the firm’s shares. Appendix C provides details regarding the construction of these variables. 

 

Panel A: Portfolio formed by PI 

PI Mean PI ̂  k̂  ̂  

−1 −3.458 0.047 0.146 0.005 

−0.8 −0.136 0.057 0.158 0.008 

−0.6 −0.017 0.030 0.132 0.002 

−0.4 0.013 0.023 0.125 0.001 

−0.2 0.037 0.055 0.122 0.007 

0 0.069 0.032 0.138 0.002 

0.2 0.113 0.052 0.146 0.006 

0.4 0.180 0.066 0.143 0.010 

0.6 0.296 0.076 0.172 0.014 

0.8 0.569 0.085 0.163 0.017 

1 4.193 0.095 0.180 0.022 

Pearson correlation  0.754 0.596 0.797 
  (0.007) (0.053) (0.003) 

Spearman correlation  0.736 0.564 0.736 
  (0.009) (0.071) (0.009) 

Panel B: Portfolio formed by ESPREAD 

ESPREAD Mean ESPREAD ̂  k̂  ̂  

−1 0.025 0.006 0.095 0.000 

−0.8 0.049 0.003 0.118 0.000 

−0.6 0.069 0.027 0.127 0.002 

−0.4 0.093 0.046 0.141 0.005 

−0.2 0.124 0.064 0.135 0.009 

0 0.167 0.059 0.150 0.008 

0.2 0.228 0.068 0.143 0.011 

0.4 0.320 0.058 0.166 0.008 

0.6 0.475 0.063 0.177 0.010 

0.8 0.783 0.079 0.183 0.015 

1 2.000 0.094 0.157 0.021 

Pearson correlation  0.923 0.906 0.929 
  (0.000) (0.000) (0.000) 

Spearman correlation  0.873 0.927 0.909 
  (0.001) (0.000) (0.000) 
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Panel C: Portfolio formed by PIN 

PIN Mean PIN ̂  k̂  ̂  

−1 0.064 0.015 0.125 0.000 

−0.8 0.093 0.068 0.159 0.011 

−0.6 0.110 0.066 0.142 0.010 

−0.4 0.125 0.073 0.141 0.012 

−0.2 0.141 0.076 0.146 0.013 

0 0.158 0.082 0.165 0.016 

0.2 0.176 0.057 0.163 0.008 

0.4 0.198 0.064 0.157 0.010 

0.6 0.228 0.083 0.182 0.017 

0.8 0.277 0.079 0.194 0.015 

1 0.414 0.079 0.150 0.015 

Pearson correlation  0.594 0.677 0.629 
  (0.054) (0.022) (0.038) 

Spearman correlation  0.564 0.627 0.555 

    (0.071) (0.039) (0.077) 

Panel D: Portfolio formed by OD 

OD Mean OD ̂  k̂  ̂  

−1 −0.634 0.015 0.054 0.000 

−0.8 −0.169 0.043 0.081 0.004 

−0.6 −0.054 0.059 0.100 0.008 

−0.4 0.043 0.049 0.091 0.005 

−0.2 0.154 0.067 0.134 0.010 

0 0.297 0.066 0.136 0.010 

0.2 0.494 0.072 0.144 0.012 

0.4 0.781 0.072 0.155 0.012 

0.6 1.234 0.056 0.191 0.008 

0.8 2.074 0.058 0.218 0.009 

1 6.032 0.065 0.344 0.013 

Pearson correlation  0.646 0.906 0.754 
  (0.032) (0.000) (0.007) 

Spearman correlation  0.473 0.991 0.764 
  (0.142) (0.000) (0.006) 

Panel E: Portfolio formed by MVE 

MVE Mean MVE ̂  k̂  ̂  

−1 0.055 0.093 0.186 0.021 

−0.8 0.128 0.069 0.173 0.011 

−0.6 0.215 0.072 0.158 0.012 

−0.4 0.331 0.083 0.162 0.017 

−0.2 0.493 0.057 0.156 0.008 

0 0.728 0.060 0.136 0.008 

0.2 1.093 0.056 0.142 0.007 

0.4 1.697 0.039 0.142 0.003 

0.6 2.872 0.012 0.102 0.000 

0.8 6.080 0.003 0.101 0.000 

1 39.061 0.015 0.084 0.000 

Pearson correlation  −0.930 −0.954 −0.924 
  (0.000) (0.000) (0.000) 

Spearman correlation  −0.927 −0.964 −0.927 
  (0.000) (0.000) (0.000) 
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Panel F: Portfolio formed by NAF 

NAF Mean NAF ̂  k̂  ̂  

−1 1.000 0.080 0.178 0.016 

−0.8 2.000 0.087 0.181 0.019 

−0.6 3.000 0.077 0.160 0.014 

−0.4 4.481 0.069 0.158 0.011 

−0.2 6.000 0.065 0.166 0.010 

0 7.000 0.061 0.132 0.008 

0.2 8.462 0.038 0.144 0.003 

0.4 10.475 0.044 0.115 0.004 

0.6 13.358 0.036 0.116 0.003 

0.8 17.760 0.024 0.122 0.001 

1 27.027 −0.005 0.122 0.000 

Pearson correlation  −0.953 −0.917 −0.971 
  (0.000) (0.000) (0.000) 

Spearman correlation  −0.982 −0.873 −0.982 
  (0.000) (0.001) (0.000) 

Panel G: Portfolio formed by NII 

NII Mean NII ̂  k̂  ̂  

−1 14.887 0.093 0.175 0.021 

−0.8 34.133 0.077 0.149 0.014 

−0.6 53.000 0.059 0.188 0.009 

−0.4 71.564 0.079 0.160 0.015 

−0.2 89.348 0.073 0.151 0.012 

0 108.691 0.060 0.142 0.008 

0.2 131.505 0.046 0.155 0.005 

0.4 161.171 0.035 0.136 0.003 

0.6 207.666 0.026 0.112 0.002 

0.8 292.369 −0.008 0.113 0.000 

1 610.217 0.016 0.093 0.001 

Pearson correlation  −0.921 −0.879 −0.928 
  (0.000) (0.000) (0.000) 

Spearman correlation  −0.918 −0.845 −0.945 

    (0.000) (0.001) (0.000) 
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Table 3 

Estimation of  , k, and    

 

Panel A shows how the correlation coefficient between order imbalance and earnings surprise (  ) and the information content of earnings (k) are related to various firm/ stock 

attributes. Panel B shows the descriptive statistics of the correlation coefficient between order imbalance and earnings surprise (
iq̂ ), the information content of earnings (

iqk̂ ), 

and the model implied information asymmetry measure ( iq̂ ). OI is order imbalance at the time of earnings announcement, UE is earnings surprise, U is the 62-day [0, +61] 

size and B/M adjusted return, PI is the two-day [0, +1] adverse selection component/price impact measure, ESPREAD is the trade-weighted effective spread during the two-

day event period, OD is the measure of opinion divergence, MVE is the market value of equity, NAF is the number of analysts following the firm, NII is the number of 

institutional investors that hold the firm’s shares, TURN is the average daily turnover ratio during the 50-day period prior to earnings announcement, BETA and SIGMA are 

systematic and unsystematic risk, respectively, EAPER is the measure of earnings persistence, MBR is the market-to-book asset ratio, LOSS is equal to one if announced earnings 

are negative and zero otherwise, EAVOL is earnings volatility, and PREANN is the 40-day preannouncement size and B/M adjusted return. Appendix C provides details 

regarding the construction of these variables. Standard errors are adjusted for clustering by firm and time. Figures in parentheses are t-statistics. 

 

Panel A:   and k regressions 

Dependent 

variables 

Variables interacting with UE 

PI ESPREAD OD MVE NAF NII TURN BETA SIGMA EAPER MBR LOSS EAVOL PREANN 

OI 
1.83*** 2.31*** 4.65*** 0.13 −1.84*** −3.12** −0.51 −0.96* −0.64 −0.28 0.78 −0.15 −1.87*** 1.33*** 

(3.89) (2.89) (9.45) (0.11) (−2.70) (−2.26) (−0.82) (−1.88) (−0.88) (−0.62) (1.45) (−0.21) (−2.96) (3.18) 
               

U 
0.84 1.14 14.16*** −3.59** −3.33*** −0.51 −2.96*** −0.14 2.18*** 0.39 −0.23 −3.97*** −1.49** 0.06 

(1.48) (1.33) (21.57) (−2.21) (−3.78) (−0.29) (−3.75) (−0.23) (2.99) (0.67) (−0.34) (−5.01) (−2.00) (0.11) 

 

Panel B: Descriptive statistics 

Variable N Mean 
Standard  

deviation 
Min 1st  5th  25th  50th  75th  95th  99th  Max 

iq̂  135,486 0.051 0.045 −0.126 −0.049 −0.021 0.019 0.050 0.082 0.128 0.157 0.224 

iqk̂  135,486 0.136 0.092 −0.191 −0.081 −0.023 0.074 0.140 0.201 0.279 0.330 0.444 

iq̂  135,486 0.011 0.015 0.000 0.000 0.000 0.001 0.006 0.016 0.042 0.067 0.157 

 
***Significant at the 1% level. **Significant at the 5% level. *Significant at the 10% level. 
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Table 4 

Testing how underreaction is related to information asymmetry, information content, 

and 
2   

 
Panel A shows the results of the following regression model:  
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,               

where ARiq is the two-day [0, +1] size and B/M adjusted return, BHARiq is the 60-day [+2, +61] size and B/M 

adjusted return, UEiq is earnings surprise, and iqk̂  is the estimate of the information content of earnings for firm i 

in quarter q. We employ Generalized Method of Moments (GMM) to estimate the model. The weighting matrix 

is based on the Newey-West weighting scheme with three lags. We use a constant term and iqi UEk ˆ  as the 

instrumental variables, where 
ik̂  is the firm-specific average of iqk̂ . Panel B shows the results of the following 

regression model:  
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,                            

We employ Generalized Method of Moments (GMM) to estimate the model. The weighting matrix is based on 

the Newey-West weighting scheme with three lags. We use a constant term, iqi UEk ˆ , iqii UEk  ˆˆ 2 , and 

iqi UEk 2ˆ   as the instrumental variables, where 
2ˆ
i  is the firm-specific average of 2ˆ

iq . Panel C shows the 

results of the following regression model: 

           ,              

where 2ˆ
iq  is our empirical estimate of 

2  for stock i in quarter q. We employ Generalized Method of Moments 

(GMM) to estimate the model. We use a constant term, iqi UEk ˆ  , and iqii UEk  ˆˆ 2   as the instrumental 

variables. As a robustness check, we use the three-stage least squares (3SLS) and full-information maximum 

likelihood (FIML) method to estimate the above three models and report the results in Panel D, Panel E, and Panel 

F, respectively. Unlike the GMM and 3SLS methods, FIML does not require instrumental variables. To deal with 

the potential bias due to the measurement errors associated with 2ˆ
iq , iqk̂ , and iq̂ , we replace them with 

2ˆ
i , 

ik̂ , and î  in the above three models, where 
2ˆ
i  and ik̂  are firm-specific average values and î  is calculated 

using 
2ˆ
i  and ik̂ . Thus, the estimation results based on FIML method should be interpreted as the unconditional 

effect of  , k, and 
2  on the degree of underreaction. Figures in parentheses are t-statistics. 
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Panel A: Results of regression  model (14) using GMM 

a1 a2 b    2  N 

0.000* 0.003*** 0.295***    
0.3750 135,479 

(1.75) (4.67) (41.71)    
[0.9454]  

Panel B: Results of regression model (15) using GMM 

a1 a2 b c d  2  N 

−0.000 0.003*** 0.593*** 10.583*** 2.456***  
7.7995 135,479 

(−0.03) (5.27) (11.55) (16.22) (9.44)  
[0.1676]  

Panel C: Results of regression model (16) using GMM 

a1 a2 b c   2  N 

0.000 0.003*** 0.125*** 20.564***   
0.8575 135,479 

(1.30) (4.84) (8.13) (11.70)   
[0.9306]  

Panel D: Results of regression model (14) using 3SLS and FIML 

 a1 a2 b   

3SLS 
0.000* 0.003*** 0.295***   

(1.79) (4.71) (54.28)   

FIML 
0.001*** 0.003*** 0.280***   

(4.26) (4.51) (63.30)   

Panel E: Results of regression model (15) using 3SLS and FIML 

 a1 a2 b c d 

3SLS 
−0.000 0.003*** 0.604*** 10.529*** 2.513*** 

(−0.08) (5.40) (16.45) (22.36) (13.30) 

FIML 
0.001*** 0.003*** 0.418*** 11.57*** 1.70*** 

(2.91) (5.01) (21.09) (28.94) (14.02) 

Panel F: Results of regression model (16) using 3SLS and FIML 

 a1 a2 b c   

3SLS 
0.000 0.003*** 0.127*** 20.265***  

(1.34) (4.88) (11.85) (18.22)  

FIML 
0.001*** 0.003*** 0.146*** 23.287***  

(3.43) (4.82) (22.03) (29.40)  

 

***Significant at the 1% level. *Significant at the 10% level. 
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Table 5 

Post-earnings announcement drift of portfolios formed by UE, ̂ , 
2̂ , and  

 

This table shows whether PEAD is predictable by ̂ , k̂ , and 
2̂  and the relation between PEAD and 

2̂  is 

steeper when k̂  is larger. We perform out-of-sample tests. The first rolling window starts from the first (calendar) 

quarter of 2000 to the fourth quarter of 2002 (a 12-quarter estimation period). We estimate ̂  and ̂  using all 

firms that announce earnings during the 12-quarter period. Next, we calculate
2ˆ
iq , iqk̂ , and iq̂  using ̂ , ̂ , 

and firm/stock attributes of all firms that announce earnings in the first quarter of 2003. This completes the 

estimation for the first rolling window. We repeat the above procedure to calculate 
2ˆ
iq , iqk̂ , and iq̂  until the 

fourth quarter of 2012. To test whether iq̂  and 
2ˆ
iq  can predict PEAD, for each quarter from the first quarter of 

2003 to the fourth quarter of 2012, we divide the sample into five groups according to UE (raw values before 

conversion to 11 numeric values). For each quarter, we also divide the sample into five groups according to iq̂  

and 
2ˆ
iq , respectively. We then calculate the average BHAR for each of the 25 groups. Panel A in Table 5 reports 

the results when the 25 groups are formed by UE and iq̂  and Panel B reports the results when the 25 groups are 

formed by UE and 
2ˆ
iq . Figures in parentheses are t-statistics. 

 

Panel A: Portfolios formed by UE and ̂  

UE Quintile 
̂  Quintile 

1 2 3 4 5  5 − 1 

1 
0.43% −0.53% −0.37% −1.13%*** −1.61%***  −2.04%*** 

(0.83) (−1.25) (−0.88) (−3.03) (−4.14)  (−3.20) 

5 
2.52%*** 1.79%*** 1.90%*** 2.84%*** 3.52%***  1.00%* 

(6.21) (4.33) (5.00) (7.08) (9.62)  (1.82) 

        

5 – 1 
2.09%*** 2.32%*** 2.27%*** 3.97%*** 5.13%***  3.04%*** 

(3.16) (3.19) (3.99) (7.25) (9.62)  (3.62) 

Panel B: Portfolios formed by UE and 
2̂  

UE Quintile 

2̂  Quintile 

1 2 3 4 5  5 − 1 

1 
0.78% −0.59% −0.78%* −1.19%*** −1.44%***  −2.22%*** 

(1.54) (−1.30) (−1.93) (−3.15) (−3.70)  (−3.52) 

5 
2.58%*** 2.00%*** 1.92%*** 2.52%*** 3.50%***  0.93% 

(5.97) (4.82) (5.00) (6.88) (9.51)  (1.64) 

        

5 – 1 
1.79%*** 2.59%*** 2.70%*** 3.71%*** 4.94%***  3.15%*** 

(2.68) (4.21) (4.84) (7.05) (9.23)  (3.72) 

 

 

 

  

k̂
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Panel C: Portfolios formed by UE and 
2̂  

When k̂  is small 

UE Quintile 

2̂  Quintile 

1 2 3 4 5  5 − 1 

5 – 1 
2.70%*** 1.33% 1.65%* 4.47%*** 3.97%***  1.27% 

(3.21) (1.60) (1.74) (4.24) (3.09)  (0.65) 

         

When k̂  is large 

UE Quintile 

2̂  Quintile 

1 2 3 4 5  5 − 1 

5 – 1 
0.39% 3.47%*** 2.88%*** 4.58%*** 5.28%***  4.89%*** 

(0.26) (3.01) (3.28) (5.98) (8.17)  (3.08) 
        

 
***Significant at the 1% level. *Significant at the 10% level. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  



 

52 

 

Table 6 

Predictive power of 
iq̂  and 2ˆ

iq relative to that of other firm/stock attributes 

 
This table shows the results of the following regression model: 
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where the regression coefficient on UE is the estimate of PEAD, i.e., PEADiq = 
iqΨ . Panel A reports the results 

when we include UE and the interaction variable between UE and each firm/stock attribute in the regression. Panel 

B shows the results when we include these firm attributes, 
iqiq UÊ , and 

iqiq UE2̂  in the regression. The last two 

columns in Panel B show the results when we add two interaction variables (i.e., 
iqiq UEk ˆ  and

iqiqiq UEk  ˆˆ 2 ) in the 

regression. UE is earnings surprise, BHAR is the 60-day [+2, +61] size and B/M adjusted return, PI is the two-day 

[0, +1] adverse selection component/price impact measure, ESPREAD is the trade-weighted effective spread during 

the two-day event period, OD is the measure of opinion divergence, MVE is the market value of equity, NAF is the 

number of analysts following the firm, NII is the number of institutional investors that hold the firm’s shares, TURN 

is the average daily turnover ratio during the 50-day period prior to earnings announcement, and PIN is the 

probability of informed trading. Appendix C provides details regarding the construction of these variables. Standard 

errors are adjusted for clustering by firm and time. Figures in parentheses are t-statistics. 

 

Panel A: The relation between PEAD and firm/stock attributes 

  (1) (2) (3) (4) (5) (6) (7) (8) 

UE 0.02*** 0.02*** 0.03*** 0.02*** 0.02*** 0.02*** 0.03*** 0.03*** 

 (8.24) (8.34) (8.41) (7.24) (7.05) (7.23) (8.54) (9.40) 

PI×UE 0.50        

 (0.97)        

ESPREAD×UE  2.28***       

  (4.29)       

OD×UE   −1.17**      

   (−2.36)      

MVE×UE    −3.07***     

    (−6.45)     

NAF×UE     −3.64***    

     (−7.63)    

NII×UE      −3.82***   

      (−8.15)   

TURN×UE       −2.86***  

       (−6.00)  

PIN×UE        2.76*** 

        (4.96) 

         

Industry No No No No No No No No 

R2 0.002 0.002 0.002 0.002 0.002 0.003 0.002 0.003 

N 106,253 106,443 106,440 106,443 106,443 106,201 106,440 70,707 
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Panel B: The relation between PEAD and  ̂  and 
2̂  

  (1) (2) (3) (4) (5) (6) (7) (8) 

UE 0.01*** 0.01** 0.01 0.01*** 0.01** 0.01 0.04*** 0.03** 

 (2.93) (2.21) (1.23) (2.67) (2.19) (1.15) (3.43) (2.52) 

̂ ×UE 0.75*** 0.60*** 0.58***      

 (5.92) (3.83) (3.38)      

2̂ ×UE    1.99*** 1.45*** 1.47*** −1.11 −0.48 

    (5.90) (3.57) (3.32) (−1.28) (−0.52) 

k̂ ×UE 
      −0.16** −0.16* 

       (−2.22) (−1.88) 

2̂ × k̂ ×UE 
      10.92*** 8.12** 

       (3.03) (2.11) 

PI×UE  −0.89 −0.53  −0.84 −0.51 −0.73 −0.41 

  (−1.56) (−0.86)  (−1.48) (−0.83) (−1.28) (−0.66) 

ESPREAD×UE  −1.07 −1.60*  −1.03 −1.56 −0.71 −1.37 

  (−1.25) (−1.65)  (−1.21) (−1.61) (−0.85) (−1.44) 

OD×UE  −0.51 −0.47  −0.25 −0.25 1.15 1.27 

  (−0.78) (−0.59)  (−0.40) (−0.33) (1.08) (1.00) 

MVE×UE  0.53 −0.16  0.51 −0.21 0.43 −0.40 

  (0.35) (−0.10)  (0.33) (−0.13) (0.29) (−0.24) 

NAF×UE  −1.40* −1.41  −1.49* −1.46 −1.88** −1.96** 

  (−1.80) (−1.51)  (−1.92) (−1.57) (−2.33) (−2.07) 

NII×UE  −3.03* −3.18  −3.08* −3.10 −3.16* −3.00 

  (−1.77) (−1.60)  (−1.80) (−1.59) (−1.90) (−1.62) 

TURN×UE  −0.79 −1.04  −0.84 −1.06 −1.23* −1.56* 

  (−1.24) (−1.31)  (−1.31) (−1.35) (−1.81) (−1.87) 

PIN×UE   0.98   0.98  1.21* 

   (1.55)   (1.55)  (1.93) 

         

Industry No Yes Yes No Yes Yes Yes Yes 

R2 0.002 0.056 0.059 0.002 0.056 0.059 0.056 0.059 

N 104,996 104,996 69,511 104,996 104,996 69,511 104,996 69,511 
 

***Significant at the 1% level. **Significant at the 5% level. *Significant at the 10% level. 
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Table 7 

Profitability of trading strategies based on ̂ , 
2̂ , and  

 

We estimate iq̂ , iqk̂ , and iq̂  for all firms that announce earnings during January 2000 to December 2002 and 

calculate their mean values (
î , 

ik̂ , and 
î ) for each firm during the period. Then, we divide all firms that 

announce earnings from October 2002 to December 2002 into five groups according to UE values (raw values 

before conversion to group numeric values). We also divide these firms into five groups according to 
î , 

2ˆ
i , 

and 
ii k̂ˆ 2   , respectively. For each of the five groups formed by 

î  , 
2ˆ
i  , or 

ii k̂ˆ 2   , we form a hedge 

portfolio that is long in the highest UE quintile firms and short in the lowest UE quintile firms and hold each of 

the five hedge portfolios for the month of January 2003. This completes the first rolling window. We repeat the 

above procedure and calculate the return of the five hedge portfolios for the month of February 2003. The last 

portfolio holding month is December 2012. Using the monthly returns of the five hedge portfolios, we calculate 

the Pastor-Stambaugh four-factor alpha for each hedge portfolio. This table reports the annualized alpha of each 

of the five hedge portfolios. Figures in parentheses are t-statistics. 
 

Panel A: ̂  Quintile 

1 2 3 4 5  5 − 1 

0.52% 2.06% 4.73% 8.02%** 8.34%***  7.82%** 

(0.15) (0.63) (1.57) (2.57) (3.19)  (2.23) 

       

Panel B: 
2̂  Quintile 

1 2 3 4 5  5 − 1 

0.38% 3.89% 5.07%* 6.43%** 8.62%***  8.25%** 

(0.11) (1.17) (1.71) (1.96) (3.26)  (2.33) 

       

Panel C: 
2̂ × k̂  Quintile 

1 2 3 4 5  5 − 1 

−3.19% 3.65% 6.46%** 7.62%** 8.44%***  11.64%*** 

(−0.88) (1.20) (2.17) (2.46) (2.88)  (3.52) 

       

 
***Significant at the 1% level. **Significant at the 5% level. *Significant at the 10% level. 

 

 

k̂
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Figure 1a. Relation between the degree of 

underreaction and k at different levels of θ 

 

 
Figure 1b. Relation between the degree of 

underreaction and θ at different levels of k 
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Figure 2. Daily order imbalance around earnings announcement 
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Appendix A 

Derivation of k, ERC, and   equations 

From: 

, 

 

, 

 

and , it is straightforward to show that: 
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and  

 

 

 

 

From the above equations we get: 
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To express ERC and   as functions of k (information content) and θ (information 

asymmetry), we use the following identities:  

 

, . 

 

From the above two definitions we get: 

 

, , and thus, . 

 

Now   and ERC can be rewritten as: 
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Appendix B 

Derivation of PEAD  

 
From    
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Appendix C 

Variable definitions and measurement    

 
(a) AR is the two-day [0, +1] size and book-to-market ratio (B/M) adjusted return and is defined as 

follows: 

 

where is the Fama-French 25 portfolio returns formed on size and the book-to-market ratio. 

 

(b) BHAR is the 60-day [+2, +61] size and B/M adjusted return and is defined as follows: 

 

where is the Fama-French 25 portfolio returns formed on size and the book-to-market ratio. 

 

(c) U is the 62-day [0, +61] size and B/M adjusted return and is defined as follows: 

 
 


61
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25)1()1(
d d

ffiqiq retretU  

where is the Fama-French 25 portfolio returns formed on size and the book-to-market ratio. 

 

(d) PI is the price impact a trade.  PIiq,d,t of the trade at time t for firm-quarter iq on event date d is 

defined as follows: 
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where Midiq,d,t is the quote midpoint at time t, Midiq,d,t+5 is the first available quote midpoint between 5 

minutes and 10 minutes after the trade time t, and Diq,d,t is equal to 1 for buyer-initiated trades and −1 

for seller-initiated trades. We calculate the trade-weighted price impact over the two-day event 

window [0, +1].  

 

(e) ESPREAD (the trade-weighted effective spread) is estimated over the two-day [0, +1] event 

window. The effective spread of trade at time t for firm-quarter iq on event date d is defined as 

follows: 

 

where Piq,d,t is the trade price at time t, Midiq,d,t is the quote midpoint at time t, and Diq,d,t is equal to 1 

for buyer-initiated trades and −1 for seller-initiated trades. The trade-weight average of the effective 

spread at each trade time is then calculated over the two-day [0, +1] event window. 

 

(f) PIN is the probability of information-based trading measure [see Easley, Kiefer, O’Hara, and 

Paperman (EKOP), 1996]. We use Ellis, Michaely, and O’Hara (2000) algorithm to determine the 

number of buyer-initiated trade ( dB ) and seller-initiated trade ( dS ) for each day over the 40-day 

event window [−41, −2] prior to each earnings announcement. The daily likelihood function in 

EKOP is defined as follows. 
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, 

where   is the probability that an information event has occurred,   is the probability of a low 

signal given that an event has occurred,   is the probability that a trade comes from an informed 

trader given that an event has occurred,   is the probability that uninformed traders will actually 

trade, T  is the total trading time for the day. We estimate  by maximizing the product of 

daily likelihood function,  

   





2

41

,|,,,|,,,
d

dd SBLML  . 

PIN measure is then defined as 




ˆ2ˆˆ

ˆˆ


PIN .   

 

(g) OD is a proxy for opinion divergence at the time of earnings announcement (see Garfinkel et al., 

2006). ODiq for firm-quarter iq is defined as follows: 

 

where d = 0 is the earnings announcement date for calendar quarter q and  is share 

turnover ratio on event date d.  

 

(h) MVE (market value of equity) is the product of closing price and number of shares outstanding at 

fiscal quarter end. 

 

(i) NAF is the number of analysts following the firm during the one-year period prior to earnings 

announcement. 

 

(j) NII is the number of institutional investors holding the share of the firm prior to the fiscal quarter 

end.  

  

(k) TURN (turnover ratio) is the daily ratio of share volume to number of shares outstanding averaged 

across the 50-day period [−54, −5] prior to earnings announcement. 

  

(l) BETA (systematic risk) is the systematic risk of a stock, which is the slope coefficient obtained 

from the regression of daily excess return on daily excess market return over the 250-day event 

window prior to the earnings announcement. 

 

(m) SIGMA (unsystematic risk) is the standard deviation of the residuals in the regression model for 

BETA. 

 

(n) EAPER (earnings persistence) is estimate of in the following regression: 

  iqiqiqiqiqiqiqiqiq AEAEAEAE    555144 ////  
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where  is net income before extraordinary items divided by total asset for firm i in calendar 

quarter q. 

 

(o) MBR (market-to-book ratio) is the ratio of the market value of the firm (the book value of total 

assets – the book value of equity + market value of equity) to the book value of total assets at the end 

of the previous fiscal year. 

 

(p) LOSS is equal to 1 if earnings at the current fiscal quarter end are negative and 0 otherwise. 

 

(q) EAVOL (earnings volatility) is the standard deviation of the difference in earnings (net income 

before the extraordinary items divided by total assets) between the most recent fiscal quarter end and 

the fiscal quarter end four quarters ago using the eight-year period of data prior to earnings 

announcement. 

 

(r) PREANN is the 40-day [−41, −2] preannouncement return and is defined as follows:   

 

where is the Fama-French 25 portfolio returns formed on size and book-to-market ratio. 

 

 

 

 

  

 

 

 

 

 

 

 

 

iqiq AE

 









2

41

2

41

25)1()1(
d d

ffiqiq retretPREANN

25ffret


