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Abstract: 
 
The relationship between accruals quality and the cost of equity is an important research question in 
recent literature. Francis et al. (2005) find that lower accruals quality is associated with higher stock 
returns. We show that this result is driven by a small number of the smallest firms. For the majority 
(80%) of the relatively large firms, the opposite relationship holds, consistent with the differences of 
opinion and short-sale constraints theory of Miller (1977) and many recent empirical findings on 
information uncertainty. Moreover, accruals quality affects the returns through liquidity risk. Once 
exposure to liquidity risk is controlled, the positive return difference between poor and good accruals 
quality firms in the smallest firm group disappears, and the negative return difference for the relatively 
large firms widens. Further tests based on short-sale constraints and earnings announcements returns 
support the Miller (1977) theory. Overall, we conclude that lower accruals quality is associated with 
lower returns for the majority of firms.  
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How Is Accruals Quality Priced by the Stock Market? 

1. Introduction 

Whether accounting quality is relevant for pricing publicly traded securities is one of the most 

important and yet controversial issues in recent accounting research. Some widely cited papers (e.g. 

Francis, LaFond, Olsson and Schipper, 2005, FLOS hereafter; Ecker, Francis, Kim, Olsson and 

Schipper, 2006) show that lower (higher) accruals quality is associated with higher (lower) subsequent 

stock returns. They regard accruals quality as a proxy for information risk and use Easley and O’Hara’s 

(2004) argument that information risk is priced by the stock market. The accruals quality measure they 

use is the standard deviation of accruals around the conditional mean (determined by lagged, 

concurrent, and forward cash flows and a few other variables) based on the augmented Dechow and 

Dichev (2002) model. In other words, these studies show that higher accruals (conditional) volatility is 

associated with higher future returns.  

However, the findings of FLOS and Ecker et al. (2006) appear inconsistent with those of a 

number of studies in the recent “differences of opinion” literature primarily in finance. These studies 

show that higher information uncertainty is actually associated with lower, rather than higher, future 

returns, where information uncertainty has been proxied by a wide array of measures such as analyst 

forecast dispersion or coverage, earnings volatility, stock return volatility, trading volume, firm age, 

and so on (e.g., Lee and Swaminathan, 2000; Diether, Malloy and Scherbina, 2002; Jiang, Lee and 

Zhang, 2005; Zhang, 2006; Ang, Hodrick, Xing and Zhang, 2006; Berkman, Dimitrov, Jain, Koch and 

Tice, 2009). The idea, based on the Miller (1977) theory, is that information uncertainty about a firm 

triggers differences of opinion among investors. The “optimists” can buy the stock, but some 

“pessimists” are prevented from selling the stock short because of the short-sale constraints they face. 

Thus, the market observes more optimists than pessimists, leading to initial overvaluation of the stock. 
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This is followed by a subsequent correction when the uncertainty gets resolved, resulting in lower stock 

returns. This effect is larger when information uncertainty is higher (see Rubinstein, 2004, among 

others, for a more complete discussion). Accruals volatility has been justified to be a reasonable 

measure of accruals quality and more generally financial reporting quality by its positive correlation 

with those information uncertainty measures (Dechow and Dichev, 2002; FLOS; Rajgopal and 

Venkatachalam, 2007). Then, it is puzzling that accruals volatility would be positively related to future 

returns while the other measures, presumably capturing similar things, would be robustly negatively 

related to future returns. 

The main purpose of this paper is to reconcile the inconsistent results from the above two lines 

of research and provide more general results on how accruals volatility is priced by the stock market. 

We first show that the positive relationship between accruals volatility and returns documented by 

FLOS is driven by a small subset (20%) of the smallest firms. For the vast majority of the remaining 

(80%) relatively large firms, the opposite relationship holds, similar to the findings of the many 

differences of opinion studies.1 In our opinion, this finding is striking in itself in that the statement that 

accruals quality negatively affects the cost of capital is a general one; yet, it does not seem to apply to 

even the majority of firms. This alone would beg researchers to rethink the relationship between 

accruals quality and the cost of capital. 

Next we attempt to provide an explanation for the above findings. We conjecture that there are 

possibly two distinct – and opposite – pricing effects associated with accruals quality, which work with 

different strengths for firms of different sizes. The first is a liquidity risk effect. It is often argued that 

information quality is priced through liquidity risk (Diamond and Verrecchia, 1991; Ng, 2010). This 

may be especially a concern when firms are small and relatively illiquid to start with. Poor information 

                                                 
1  The 20% and 80% classification is somewhat arbitrary based on our quintile cut of the sample. It is possible to have a 

15% vs. 85% cut or 25% vs. 75% cut, but we do not expect to see any qualitative difference from our findings. 
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quality will exacerbate liquidity risk and have a particularly large impact for these firms. The second is 

the differences of opinion effect discussed above. This effect is likely subdued for small and illiquid 

firms because even “optimists” may find it difficult to buy these firms, precisely because of their 

illiquidity. Thus, the asymmetry in buying and selling activities may not be large, leading to a small 

effect even when their information quality is poor.2 For these firms, the liquidity risk effect is likely to 

dominate. For other relatively large firms, the differences of opinion effect becomes more important, 

and may dominate the liquidity risk effect, as many previous studies show.  

To test the above conjecture, we use Liu’s (2006) measure of liquidity risk and show that firms 

are progressively exposed to liquidity risk as accruals quality lowers. While the poor and good accruals 

quality firms exhibit a significant positive difference in the alphas from the Fama and French (1993) 

three-factor model for the overall sample, this difference is turned entirely negative when the liquidity 

risk factor is controlled. This suggests that the observed accruals quality-related return difference for 

the overall sample is largely attributable to liquidity risk. When we apply the analysis to different firm 

size groups, we find that the significant positive return difference between poor and good accruals 

quality firms in the smallest size quintile, which is driving the overall sample’s return difference, 

becomes insignificant with the control of liquidity risk. For the remaining relatively large firms, the 

already negative return difference even before controlling for liquidity risk becomes much larger after 

the control. These results indicate that the results observed in FLOS are driven by the small subset of 

the smallest firms that are highly exposed to liquidity risk. For the remaining relatively large firms, the 

differences of opinion effect, with the opposite pricing implications, dominates; and the full effect is 

better captured with the control of liquidity risk. 

If the pricing of accruals quality for the majority of firms is what one should care most about, 

                                                 
2  A closely related asymmetry argument is found in Asquith, Pathak and Ritter (2005), who posit that short-sale 

constraints are most binding when there is both strong demand and limited supply for short selling. 
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the dominating differences of opinion effect, largely ignored in the accruals quality literature, deserves 

more attention. To provide further corroborating evidence, we separate the sample based on the 

strength of short-sale constraints, since overvaluation related to differences of opinion arises only in the 

presence of short-sale constraints according to the Miller (1977) theory. Following previous studies 

(Chen, Hong and Stein, 2002; D’Avolio, 2002, Berkman et al., 2009), we use institutional ownership as 

a proxy for short-sale constraints and find that the underperformance of poor accruals quality firms is 

significant and larger when institutional ownership is low, making short-selling difficult, and is 

insignificant when institutional ownership is high. 

As another corroborating test, we examine the return differences around earnings 

announcements. If the lower returns of lower accruals quality firms are due to a correction of 

overvaluation related to differences of opinion, the correction is expected to be the largest around 

events that help resolve the differences. While identifying all the uncertainty-resolving events is 

beyond the scope of this paper, Berkman et al. (2009) argue that earnings announcements are perhaps 

one of the most important uncertainty-resolution mechanisms and provide a powerful setting to test the 

Miller (1977) theory. We find that for the majority of the relatively large firms, poor accruals quality 

firms have significantly lower announcement returns than good accruals quality firms.  

Our study is related to but different from Core et al. (2008) who question the conclusion of 

FLOS that accruals quality is a priced risk factor. They show that the difference in future returns 

between poor and good accruals quality portfolios is progressively smaller as one reduces the portfolio 

rebalancing frequency from daily to monthly and to yearly. Rebalancing once per year would eliminate 

the significance of return difference.3 We show that even with monthly rebalancing where the return 

                                                 
3  They also apply a rigorous 2-stage asset pricing test: in the first stage, accruals quality based factor betas are obtained as 

the coefficient on the factor-mimicking portfolio returns; in the second stage, the factor betas are shown to be not 
associated with any significant risk premium. Kim and Qi (2010) follow a similar approach but document some risk 
premium after controlling for low price stocks. We take a step back and examine portfolio return differences related to 
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difference appears significant, it is driven by only a small number of firms and, more importantly, 

would in fact take the opposite sign for the majority of other firms. They also find that excluding low 

price stocks would reduce the significance of return difference, consistent with illiquid stocks driving 

the overall results. We directly consider liquidity risk. Recently, Ng (2010) argues that information risk 

could influence security prices both directly as an identifiable risk factor and indirectly through its 

impact on liquidity risk or other factors. He finds a negative relationship between liquidity risk and 

quality of information such as management forecasts, analyst coverage and consensus, but not accruals 

quality. His liquidity risk premium follows Pastor and Stambaugh (2003). We use a different a measure 

and methodology. The most important difference between our study and Core et al. (2008) and Ng 

(2010) is that instead of regarding accruals as a risk factor and question whether and how it is priced, 

we focus on reconciliation of existing accrual quality studies with a different stream of literature 

stemming from Miller (1977) that predicts the opposite pricing relationship. In addition, we examine 

how the liquidity risk effect and the alternative effect work separately across firms of different sizes.  

Our study contributes to the existing literature in several ways. First, we reconcile the 

differences of opinion and accruals quality literature and show that there are in fact two separate and 

opposite pricing effects associated with accruals quality. The liquidity risk effect dominates among a 

small subset of small firms; the differences of opinion effect dominates among the majority of 

relatively large firms. Importantly, we show that for the majority of firms, accruals quality is indeed 

priced, but in the opposite direction to what is suggested by FLOS. This result is stronger than Core et 

al.’s (2008) criticism of FLOS that accruals quality does not appear a priced risk factor on average. 

Second, we refine the differences of opinion argument by showing that the asymmetry between buying 

and selling constraints, rather than short-sale constraints per se, drives the overvaluation of high 

                                                                                                                                                                        
accruals quality. Any return difference, after controlling for standard risk factors (e.g., by the Fama-French model), 
would either indicate mispricing, or if the factor is regarded as a risk factor, serve as the basis for forming factor-
mimicking portfolios used in the first stage for further rigorous tests of the pricing of the risk factor. 
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uncertainty firms. The smallest firms may not face asymmetric buying and selling due to their illiquid 

nature, thus do not exhibit the differences of opinion effect. Third, we provide evidence that the 

subsequent price correction experienced by poor accruals quality firms is centered around earnings 

announcements. This lends further support to the Berkman et al.’s (2009) findings using other 

information uncertainty measures.  

Our results also have important implications for investors. For example, if one buys the stock of 

a relatively large firm with poor accruals quality and believes in the FLOS study, she would expect a 

higher return compared to an otherwise similar stock with higher accruals quality. However, she is 

most likely to be disappointed according to our study: instead of being compensated for the higher 

information risk she has taken, she will likely be unpleasantly surprised by an even lower return. Our 

results suggest that poor accruals quality firms are poor stock performers and should be avoided in 

general unless one would not mind investing in the smallest and illiquid firms.  

The remainder of the paper is organized as follows. Related research on accruals quality and 

information uncertainty is the focus of section 2. Section 3 is devoted to the construction of the accruals 

quality metric and sample description. Main results regarding accruals quality, size and liquidity risk 

are provided in section 4. Section 5 concludes. 

 

2.  Related research  

2.1. Theories on the pricing of information risk 

Although the role of information risk in asset pricing has long been studied, a consensus has yet 

to be reached on whether it should be priced or not. In the Sharpe-Lintner CAPM model, firm-specific 

information risk plays no role. Subsequent research has introduced two effects of information into asset 

pricing models. First, information can reduce the estimation risk, that is, investors’ uncertainty in 
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assessing the parameters of assets’ payoff distributions. Quality of information is negatively related to 

expected returns because higher quality of information reduces the premium on estimation risk (e.g. 

Klein and Bawa, 1976; Coles and Loewenstein, 1998; Easley and O’Hara, 2004). Other studies, 

however, argue that estimation risk is diversifiable in large economies (e.g. Clarkson, Guedes and 

Thompson, 1996). Recently, Lambert, Leuz and Verrecchia (2007) show in a CAPM framework that 

the quality of information affects returns through beta. A proxy of information risk would be useful 

only to the extent that beta estimated by researchers is measured with error. 

Second, public information such as accounting information can reduce information asymmetry 

among investors and consequently reduce expected returns. Information asymmetry among investors 

exists when relevant information is privately available to a subset of investors but not others. 

Uninformed investors would be reluctant to trade with possibly informed investors, causing illiquidity, 

unless they are compensated with higher returns (e.g., Amihud and Mendelson, 1986). Easley and 

O’Hara (2004) show in a multi-asset rational expectations model that such information risk is non-

diversifiable but can be reduced with higher quality of public information. In a paper more closely 

related to our argument, Diamond and Verrecchia (1991) present a model where information 

asymmetry increases a firm’s cost of capital through liquidity risk. However, whether information 

asymmetry-related liquidity risk is diversifiable remains controversial (e.g., Hughes, Liu and Liu, 

2007).  

 

2.2. The Miller (1977) theory  

Miller (1977) departs from the above asset-pricing models and proposes another theory on the 

relationship between information uncertainty and stock returns. His model is built upon two 

assumptions: (a) investors have differences of opinions, with some who are optimistic and others 

pessimistic about the firm, and (b) investors face short-sale constraints (e.g., many mutual funds and 
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pension funds are specifically prohibited from taking short positions). Miller reasons that if pessimists 

cannot take adequate short positions due to the short-sale constraints, stock prices will overly reflect 

optimistic opinions and be overvalued. In that case, overvaluation will presumably get corrected over 

time. Since higher information uncertainty is likely to trigger more diverse opinions, the induced 

optimism and overvaluation of stock prices tend to be larger. Subsequent returns will then be lower. 

The Miller theory and risk-based asset-pricing models differ fundamentally in their predictions: 

The Miller theory predicts that information uncertainty is negatively associated with future returns, 

whereas risk-based asset-pricing models predict that information risk is either positively associated with 

future returns, or at most not priced.  

Empirical results using a variety of proxies for information uncertainty and actual returns 

appear to support the Miller theory. For example, in an influential work, Diether et al. (2002) show that 

firms with higher analyst forecast dispersion underperform those with lower analyst forecast dispersion 

and that such return differences cannot be explained by other risk factors. Using firm age, return 

volatility, trading volume and implied equity duration as proxies for information uncertainty, Jiang et 

al. (2005) similarly show that firms with higher information uncertainty earn lower subsequent returns 

(see also Ang et al., 2006; Lee and Swaminathan, 2000 and Zhang, 2006).  

One implication of the Miller theory is that the price correction or return effect should be most 

pronounced at the time when information uncertainty is resolved and differences of opinion are 

reduced. This is in contrast to risk-based asset-pricing models whose prediction is that risk premiums 

should be evenly spread over time and not predictably concentrated on specific dates. Miller (1977, p. 

1156) explicitly recognizes the role of reported earnings in helping resolve information uncertainty. 

Berkman et al. (2009) utilizes this implication and uses returns around subsequent earnings 

announcements for a more powerful test of the Miller theory. They show that firms with higher 

information uncertainty (larger earnings volatility, return volatility, trading volume, analyst forecast 
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dispersion, smaller analyst coverage, and younger firms) earn significantly lower announcement 

returns, which cannot be explained away by other factors that have been proposed to explain the 

Diether et al. (2002) findings (Johnson, 2004; Chen and Jiambalvo, 2006). 

 

2.3. Motivation of our research questions 

FLOS and Ecker et al. (2006) document that lower accruals quality, as measured by higher 

accruals volatility, is followed by higher returns. The accruals volatility measure they use has been 

justified as a proxy for quality of accruals or financial reporting by its correlations with many 

information uncertainty measures. For example, Dechow and Dichev (2002) show that higher accruals 

volatility is associated with higher volatilities of sales, cash flows and earnings, smaller firms, longer 

operating cycle, and higher frequency of negative earnings. Rajgopal and Venkatachalam (2007) show 

that accruals volatility is positively correlated with return volatility. If these proxies are supposed to 

similarly capture information uncertainty, it seems puzzling that the other measures would support the 

Miller theory while accruals quality would go against it. 

It must be noted that samples in various studies are often different. For example, those 

examining analyst forecast dispersion/analyst coverage and stock returns are necessarily restricted to 

those relatively large firms followed by analysts (e.g., Diether et al., 2002). Other studies such as 

Zhang (2006) require firms to have stock prices to be at least $5 to avoid the small deflator problem. It 

is possible that the results of FLOS and Ecker et al. (2006) are driven by firms excluded from these 

other studies, that is, those relatively small and generally illiquid firms. Since the excluded firms should 

be of a small number nonetheless, it becomes an important question whether and how one could 

generalize the results to the whole universe of firms. The claim that accruals quality is priced as a 

source of information risk is a general statement and presumably answers a fundamental question 

empirically. However, if the empirical finding does not apply to, or even holds oppositely, for the 
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majority of firms, one has to cast the relationship between accruals quality and the cost of capital in an 

entirely new light. For example, if factor returns to the accruals quality-based mimicking portfolios 

constructed by Ecker et al. (2006) are of the opposite sign in the first place for the majority of firms, 

using exposure to such factor returns as a measure of accounting quality, as they advocate, could be 

misleading. 

Thus, our first research question is whether the FLOS results are driven by a small subset of 

relatively small firms, and whether for the majority of other firms, accruals quality is related to returns 

similarly to other information uncertainty measures in previous studies. We do not want to rule out ex 

ante the possibility that accruals quality captures something different from those other information 

uncertainty measures. Evidence in this regard not only reconciles studies in different streams of 

literature, but also gives us more comfort with important empirical regularities that shape how people 

view accruals, and more generally accounting, quality. 

If we indeed find accruals quality is priced differently for firms of different sizes, our second 

research question is: what is driving the small number of relatively small firms to behave differently 

from the other majority of firms? It is possible that accruals quality is associated with both information 

risk as reflected through liquidity risk and differences of opinion. Then controlling for liquidity risk 

should reveal the differences of opinion effect. However, for small firms that are generally more 

illiquid, liquidity risk could be the primary working force since the differences of opinion effect is 

likely reduced as illiquidity level gets increasingly high. The reason is that in the Miller theory, it is the 

asymmetry between buying and selling constraints, not short-sale constraint per se, that is the source of 

the lower returns for firms with high differences of opinion. For very illiquid firms, even “optimists” 

cannot readily act on their beliefs, and that this buying constraint could reduce the likelihood of 

overvaluation even with high uncertainty. Thus, the liquidity risk effect could dominate the differences 

of opinion effect for small firms. For the relatively large and more liquid firms, short-sale constraints 
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become a matter of greater importance by creating asymmetric buying and selling activities. Then the 

differences of opinion effect could be stronger while the marginal impact of accruals quality on 

liquidity risk could be weaker. For these firms, the differences of opinion effect is expected to be more 

pronounced once the liquidity risk effect is controlled.  

If lower returns are found to be associated with lower accruals quality for the majority of firms, 

our last research question is to make sure that it is indeed driven by the differences of opinion effect as 

posited by Miller (1977). We do this in two ways. First, we examine firms with different levels of 

short-sale constraints and expect the accruals quality-related return difference to be larger when short-

sale constraints are more stringent. We use the level of institutional ownership as a measure of short-

sale constraint following previous studies (e.g. Nagel, 2005; Berkman et al., 2009) because institutions 

such as mutual funds and asset managers are the most important lenders of shares in short transactions. 

Perhaps even more closely related to our setting, because many institutional investors such as pension 

funds are explicitly not allowed to short sell, those who are “pessimistic” about a firm’s prospects will 

only be able to express that belief by selling their long position if they have one. When their ownership 

is already low, asymmetry in buying and selling activities is wider.   

Second, we examine the return difference around earnings announcements. An important 

distinction between risk-based and market friction-based theories is that returns attributable to risk 

cannot be predicted to happen on specific dates such as earnings announcements (Bernard and Thomas, 

1989; Bernard, Thomas and Whalen, 1997). If accruals quality represents information risk, differential 

returns to firms with different accruals quality documented by FLOS and Ecker et al. (2006) should be 

evenly distributed across time. The Miller theory, on the other hand, predicts that correction of 

overvaluation is most pronounced around events that help resolve the information uncertainty.  
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3.  Variable measurement and sample description 

3.1. Variable measurement 

3.1.1. Accruals quality 

Accounting data used for our study are obtained from Compustat and cover the period 1980-

2005. Following FLOS, we use a measure of accruals quality (AQ) based on the augmented Dechow 

and Dichev (2002; hereafter DD) model capturing the extent to which working capital accruals are 

associated with operating cash flows (see more discussion in McNichols, 2002). In particular, the 

augmented DD model is as follows: 

 TCAj,t = δ0,t + δ1,tCFOj,t-1 + δ2,tCFOj,t + δ3,tCFOj,t+1 + δ4,tΔRevj,t + δ5,tPPEj,t + vj,t, (1) 

where subscripts j and t refers to firm j in year t, TCA = ΔCA – ΔCL – ΔCash + ΔSTDEBT, ΔCA = 

change in current assets (Compustat item #4), ΔCL = change in current liabilities (Compustat #5), 

ΔCash = change in cash (Compustat #1), ΔSTDEBT = change in debt in current liabilities (Compustat 

#34), CFO = NIBE – TCA + DEP,  NIBE = net income before extraordinary items (Compustat #18), 

DEP = depreciation and amortization expense (Compustat #14), ΔRev = change in revenue (Compustat 

#12), and PPE = gross value of property, plant and equipment (Compustat #7).4 All variables are scaled 

by average total assets. Extreme values of all variables are winsorized at the 1st and 99th percentiles. 

Since we adopt a calendar month approach to examine the accrual pricing effects, we need to 

ensure that all variables required to calculate AQ of a month are available at the time. To do this, for 

each month, we estimate Eq.(1) within each of the 48 Fama and French (1997) industries with at least 

20 firms with the most recent fiscal year data available. We assume that annual reports are released by 

the end of the third month after the fiscal year-end. For example, for 04/2003 the regressions would be 

                                                 
4 As in FLOS, we calculate cash flow from operations using the balance sheet rather than the cash flow statement 

approach because part of our sample predates SFAS no. 95 and availability of statement of cash flow data. Although 
Hribar and Collins (2002) argue that this could bias the results, especially for firms with mergers and acquisitions, FLOS 
find that the same inferences are drawn when the post-1988 time period and the statement of cash flow data are used . 
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based on fiscal year data up to 12/2002. This means using firm-year observations of TCA for fiscal 

years ended between 01/2001 and 12/2001 and their subsequent year’s CFO as required by Eq.(1). This 

yields firm-specific residuals of the previous year, vj,t-1. Firm-specific residuals over years t-2 to t-5 are 

calculated similarly. A firm’s accruals quality of the month is then calculated as AQj = -σ(vj,T)T=[t-5,t-1], 

i.e., the standard deviation of the residuals over the previous 5 years multiplied by -1. The 

multiplication by -1 facilitates the interpretation that a lower value of AQ means lower accruals quality. 

As pointed out by FLOS, extreme accruals do not necessarily lead to a low AQ: if the residuals of a 

firm from industry regressions are consistently large but positive or negative with little variation, AQ 

will be close to zero. For such a firm, accruals map poorly into cash flows, but present little 

uncertainty, so the effect of priced uncertainty is expected to be small. Finally, the 5 annual data points 

required to calculate AQ requires 7 years of accounting data, as the t-5 estimation uses CFOt-6 while the 

t-1 estimation uses CFOt. This requirement biases the sample toward larger, more successful firms. 

This point is to keep in mind, should we find differences in the market pricing of AQ across firm size 

groups in later tests.  

 

3.1.2. Liquidity variables 

We obtain market data from CRSP. Liquidity is a key construct in our study. Following Liu 

(2006), for each month, we use turnover-adjusted zero volume days over the prior 12 months, LM12, as 

our main liquidity measure.5 This variable is obtained by applying the following formula:  

 LM12 = [Number of zero daily volumes in prior 12 months + 1/(12-month turnover*11,000)] * 

 252/Number of trading days in prior 12 months (2) 

where 12-month turnover is the sum of daily turnover over the 12-month period, with daily turnover 

equal to the ratio of the number of shares traded on a day to the number of shares outstanding at the end 
                                                 
5 From this point forward, subscripts j and t are omitted for brevity unless further clarification is needed. 
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of the day. Higher values of LM12 indicate less lower liquidity. 

The term within brackets in Eq.(2) has two components, and the first – Number of zero daily 

volumes in prior 12 months – is by far the most important. The purpose of the second term is to serve 

as a tiebreaker in ranking firms with the same number of zero volume days, especially firms that have 

trades every day – the higher the turnover, the lower the second term, thus the more liquid the firm.6 

The term outside the brackets standardizes the number of trading days in the prior 12 months to 252 for 

comparability across time. 

As shown by Liu (2006), the two biggest advantages of LM12 over other liquidity risk proxies, 

particularly Pastor and Stambaugh’s (2003) price impact measure, is that (a) it can be calculated for 

any firm whose shares are traded on an exchange, regardless of how frequently these shares are 

actually traded7, and (b) it performs well at both the firm level and the aggregate (market) level. 

Among other features, at the firm level, a liquidity factor constructed from LM12 has significant 

explanatory power for the cross-section of asset returns, and the measure itself is correlated with other 

measures that have been used to capture liquidity (bid-ask spread, turnover, return-to-volume 

measures). At the market level, the measure aggregated from individual stocks’ LM12 shows sharp 

liquidity declines during events that have commonly been regarded as liquidity shocks (1972-1974 

recession, 1987 stock market crash, the first Gulf War), and there is a strong negative correlation 

between the liquidity factor and the market return, consistent with investors requiring compensation for 

holding less liquid assets in downturn states. 

We construct a liquidity factor, LIQ, using factor-mimicking portfolios based on LM12 as in Liu 

(2006). Carhart (1997) and FLOS have essentially used the same approach to construct the momentum 

                                                 
6  The use of 11,000 as a deflator in that second term is to ensure that all values of 1/(12-month turnover) fall between 0 

and 1, to keep the effect of turnover as a tiebreaker only. 
7  Pastor and Stambaugh (2003) require 15 daily observations within a given month to calculate a stock’s liquidity 

measure, which has the effect of dropping the least liquid firms. 
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factor and accruals quality factor (AQfactor). Specifically, at the beginning of each month, we rank all 

CRSP firms according to their calculated value of LM12, using data from the prior 12 months. We then 

form low liquidity portfolio (LL) and high liquidity portfolio (HL) as follows: 

- LL contains the 15% lowest liquidity NYSE/AMEX stocks and the 35% lowest liquidity 

NASDAQ stocks (before 1984, 15% lowest NYSE/AMEX stocks only)8 

- HL contains the 35% highest liquidity NYSE/AMEX stocks and the 15% highest liquidity 

NASDAQ stocks (before 1984, 35% highest NYSE/AMEX stocks only) 

The factor return for any given month is then the return of going long $1 in the LL portfolio and short 

$1 in the HL portfolio. 

We also use other liquidity and transaction cost proxies for descriptive and validation reasons. 

First, we follow Ball, Kothari and Shanken (1995) and use share price (PRICE), which prior studies 

have argued is inversely related to quoted bid-ask spreads or commissions per share (Bhardwaj and 

Brooks, 1992; Blume and Goldstein, 1992). Consistent with Bhushan (1994), we use average daily 

dollar volume (VOL), defined over 250 trading days ending at the firm's year-end,9 with a minimum of 

100 trading days over the past 12-month period. As an additional measure, we follow Bekaert et al. 

(2003) and others and calculate the proportion of zero return days (ZRET) over the past 250 trading 

days, with a minimum of 100 daily nonmissing returns on CRSP.10  

3.1.3. Short-sale constraints and differences of opinion 

                                                 
8  We separate NASDAQ firms from NYSE/AMEX firms for portfolio formation because daily turnover values used to 

obtain LM12 use the number of shares traded, which for NASDAQ includes interdealer trades, thereby inflating 
NASDAQ LM12 numbers. Liu (2006) mentions that the explanatory power of the LIQ factor is not affected by the 
choice of different breakpoints for the LL and HL portfolios. 

9 This differs from Mashruwala, Rajgopal and Shevlin (2006), who use the 250 trading days from months t-10 to t+2 
relative to a year-end date t. Untabulated results show a correlation of 0.99 between the two measures. 

10 Liu (2006) points out that this metric overstates liquidity when bid-ask averages are used to calculate returns, as there 
can be nonzero returns for firms that were not traded, but whose bid and/or ask changed during the day. To the extent 
that accruals quality is associated with liquidity risk, tests using ZRET will understate that association, as illiquid stocks 
may be classified as liquid because of frequent bid-ask bounces, while liquid but very stable stocks may be classified as 
illiquid because of low volatility. 
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In the Miller (1977) framework, high uncertainty firms become overvalued because of the 

presence of short-sale constraints. However, while some market participants (e.g. pension funds) are 

prohibited from short-selling due to various regulations, there is generally no specific constraint on 

which shares can be sold short11. In practice, the shares most heavily sold short are those most widely 

held by the institutions who lend to short sellers. 

Following numerous earlier studies (e.g. Chen, Hong and Stein, 2002; Ali, Hwang and 

Trombley, 2003; Nagel, 2005; Berkman et al., 2009), we use INSOWN, the level of institutional 

ownership, to proxy for short-sales constraints: a low INSOWN implies a more binding short-sale 

constraint. This data is obtained from the Thomson/Spectrum (13f) database, which lists all shares held 

by institutional investors for all publicly traded companies. We define INSOWN as the percentage of 

outstanding shares that are held by these institutional investors. We use CRSP shares outstanding as the 

denominator because the Spectrum database does not have information on the total number of shares 

outstanding before 2000.  

For our argument to be complete, we need to demonstrate that AQ is indeed related to 

differences of opinion. For validation purposes, we correlate it to not only uncertainty measures, as 

Dechow and Dichev (2002) and FLOS do, but also analyst forecast dispersion, a more direct measure 

of differences of opinion (Diether et al., 2002). This data is obtained from IBES. Specifically, we 

construct two dispersion measures. The first one, DISM, is the standard deviation of earnings forecasts 

(STDEV) reported from the last month of a firm’s fiscal year by IBES. For example, for a firm whose 

fiscal year-end is December 31, 2002, we would use the STDEV for December 2002. The second 

measure, DISY, is the mean STDEV for the twelve (12) months leading up to the fiscal year-end (e.g. 

for January 2002 to December 2002 in our example). To reduce the estimation error, we require 

                                                 
11  Exceptions for some share types may be temporarily instituted by the SEC under extreme circumstances, such as the 

prohibition of short selling the shares of financial companies in September 2008 
(http://www.sec.gov/news/press/2008/2008-211.htm). 
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STDEV figures to be constructed from five (5) or more EPS estimates. Both DISM and DISY are 

deflated by the beginning of year stock price and winsorized at the top and bottom 1% levels.12 

 

3.1.4. Market variables and quintile assignments 

We define SIZE, or CRSP market capitalization, as CRSP shares outstanding times CRSP price 

at the fiscal year-end. Those firm-month observations are sorted by quintiles according to the most 

current values of AQ and SIZE. Therefore, for a firm whose fiscal year-end date is on month t, its AQ 

quintile in month t+4 is obtained by comparing AQ to the corresponding measure for all other firms 

with year-end dates in months t-11 to t. In some tests, firm-month observations are also assigned AQ 

quintiles conditional on SIZE, by ranking all firms according to AQ within the same SIZE quintile 

during a given month. This is done to reduce the imbalance in AQ/SIZE groups due to the positive 

correlation between the two variables. 

For stock returns, if the CRSP return value is missing for any month, we assign a value of zero 

rather than deleting the observation.13 This is because CRSP calculates the next nonmissing return 

using the last nonmissing price; deleting observations with missing returns might skew the results 

(Kraft, Leone and Wasley, 2005). For any missing delisting return, we follow Shumway (1997) and 

assume a return of -35% (-55%) for a firm traded on NYSE/AMEX (NASDAQ) if the delisting code is 

500 or 520-584. 

Ecker et al. (2006) first assign AQ deciles at the beginning of each month and then calculate 

daily differential returns between firms with the poorest 40% and the best 40% measure of AQ. This 

daily calculation is done because their primary purpose is to use AQfactor (the resulting return spread) 

                                                 
12  In practice, only the top 1% of (deflated) DISM and DISY are affected since more than 1% of the observations have a 

STDEV of 0. To the extent that we are arguing that low AQ firms have higher analyst forecast dispersion, this goes 
against us finding significant results. The results are unchanged if year-end stock price is used as a deflator. 

13  Results are not significantly affected if those observations are deleted instead. 



18 
 

to uncover the market-implied accruals quality figure, especially for firms with insufficient accounting 

data to calculate AQ properly. They report an average AQfactor of 0.0772%/day over the 1970-2003 

period, which they translate as a 22% annual risk premium for accruals quality. This last calculation 

implies daily rebalancing of the AQ portfolio. Core et al. (2008) show that this is problematic because 

part of the results may be driven by bid-ask bounces, not actual transactions.14 This would cast doubt 

on the implementability of AQfactor as a trading strategy, especially if AQfactor is shown to be 

correlated with liquidity, which is one of the objectives of this paper. In addition, even if daily 

rebalancing was achievable, it would come at the expense of transaction costs that might eliminate the 

profitability of AQ as a trading strategy. Thus, we follow Core et al. (2008) and FLOS and focus on 

monthly portfolio returns. We note, however, that our main results hold qualitatively when daily 

returns are used. 

 

3.2. Descriptive statistics 

Our full sample consists of 61,756 firm-year observations associated with 741,072 monthly 

returns and quintile assignments.15 A statistical description is contained in panels A, B and C of Table 

1. Panel A summarizes variables used to construct the AQ metric. The average (median) firm has 

assets, revenues and market capitalization of $1,916.1 MM, $1,775.1 MM and $1,611.5 MM ($173.8 

MM, $195.0 MM and $126.0 MM) respectively. Those numbers are slightly higher than FLOS, but 

their sample covers an earlier time period (1970-2001 compared to 1980-2005 here). The mean 

                                                 
14 Core et al. (2008) give an example where a stock finishes three consecutive days at $1.50, $0.50 and $1.50 respectively. 

Using the CRSP daily returns, which is calculated on either the closing price or the closing bid-ask average for the day, 
gives returns of -67% on the first day and 300% on the second day, for a daily average of (-67+300)/2 = 117%. They 
argue that perfect daily rebalancing cannot be done for those stocks, and hence the 22% return premium cannot be 
achieved through an appropriate trading strategy. This is especially important if low AQ stocks (the long side in 
AQfactor) are relatively illiquid. 

15  For analyst forecast dispersion measures DISM and DISY, the number of available observations drops to 20,258. As 
expected, Panels B and C show that the dropped observations mostly come from small, low AQ firms. 
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(median) value of AQ is -0.0554 (-0.0397), lower than what FLOS report.16 Untabulated analyses show 

an almost monotonic decrease of AQ over time from 1980-2005; hence the difference is likely due to a 

decreasing time trend. Consistent with prior literature, mean and median current accruals are positive 

but total accruals are negative, due to depreciation, while mean (median) CFO and sales growth, as a 

percentage of average assets, are 5.11% and 8.84% (7.58% and 6.84%) respectively. While requiring 

seven years of accounting data to calculate AQ introduces a survivorship bias that overweighs large 

firms, we note that 25% of firms in the resulting sample still have a share price of $5.35 or under, a 

market capitalization of $28.6 MM or less, an average daily dollar trading volume of $0.05 MM or less, 

and 28.46% or more zero return days. Both institutional ownership and forecast dispersion show wide 

variation across the sample, with a mean (median) INSOWN, DISM and DISY of 29.37% (20.80%), 

0.0050 (0.0013) and 0.0062 (0.0019) respectively.  

Panel B presents the mean and standard deviation of those variables within each AQ quintile. 

Market capitalization, assets, revenues, share price, trading volume and institutional ownership clearly 

decrease as AQ weakens, while LM12 and zero return days increase as AQ weakens. This suggests that 

the findings in FLOS of the AQ pricing effect is possibly attributable at least partly to a liquidity effect. 

In addition, AQfactor should be more important for small firms than for large firms. Analyst forecast 

dispersion, measured through either DISM or DISY, is higher for lower AQ firms. For example, the 

mean DISY is 0.0111 for firms in the lowest AQ quintile, compared to 0.0044 in the highest quintile. 

This is consistent with the previous finding that AQ is associated with uncertainty and our contention 

that lower AQ firms are likely to experience larger differences of opinion. Coupled with short-sale 

constraints, these firms would tend to be overvalued, if the Miller (1977) theory holds.  

Panel C on the correlation coefficients, with Pearson (Spearman) coefficients above (below) the 

diagonal, tells more of the same. In particular, the Spearman coefficient between AQ and PRICE, VOL 
                                                 
16 FLOS report a mean (median) AQ of -0.0442 (-0.0313) (Table 1, p.307). 
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and SIZE are -0.467, -0.212 and -0.360, respectively. As expected, LM12 is highly negatively 

correlated with PRICE, VOL and SIZE, and highly positively correlated with ZRET, suggesting that 

LM12 is a reasonable proxy for liquidity. It is somewhat surprising that the correlation between AQ and 

LM12 is rather low, despite the fact that they both have strong negative correlations with common 

variables. Also, SIZE, PRICE and VOL are all correlated, suggesting that a two-way sorting of firms 

based on AQ and any of these three variables are likely to yield qualitatively similar results. 

Institutional investors appear to prefer larger and less uncertain firms, as indicated by the correlation 

between INSOWN and SIZE (0.501), AQ (-0.147) and DISY (-0.252). 

 

4. Main results 

4.1. Replication and generalizability of previous results 

We begin our tests by first replicating the previous result that lower AQ firms exhibit higher 

returns as the pricing of information risk would suggest. Each month from 1980 to 2005, we create 5 

portfolios based on AQ: portfolios AQ1 to AQ5 are equal-weighted portfolios of firms in the highest to 

lowest AQ quintile according to data available at the beginning of that month. This gives a series of 312 

monthly returns Rp for each portfolio. In Table 2, we present the mean raw monthly returns of the 

portfolios. The rows represent the AQ quintiles (from high to low) and the difference between AQ1 and 

AQ5; the columns represent the overall sample and size quintiles (from small to large). Column 1 

indicates that for the overall sample, the mean returns are 0.0134 and 0.0170 for AQ1 and AQ5, 

respectively, with a return spread of 0.0036 (i.e. 0.36% per month) between the two. This is consistent 

with FLOS’s (2005) finding that lower AQ firms have higher returns. 

In columns 2 to 7, we calculate the returns within each size group. We first sort firms into SIZE 

quintiles and then into AQ quintiles within each size quintile at the beginning of each month based on 
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data available at that time. This results in a total of 25 portfolios.17 The AQ return effects now exhibit 

very different patterns across the size groups. In the smallest size group Q1, AQ5 has a mean return of 

0.0321, higher than the 0.0211 of AQ1, similar to the pooled result in column 1. However, for the 

relatively larger firms in groups Q2 to Q5, the mean returns for the AQ5 portfolios are lower than for 

the AQ1 portfolios when these firms are pooled together and in all individual groups, in stark contrast 

to the result for the Q1 group. 

We believe the results in Table 2 are sufficiently striking in themselves. The statement that 

lower accruals quality is associated with higher returns due to information risk is a general one, and is 

not conditional on other factors. We show that this statement does not apply even to the majority of 

firms. The overall pooled result is driven by only a small subset of the smallest firms. For the 80% of 

relatively larger firms, lower accruals quality is in fact associated with lower returns, in contrary to the 

prediction of the information risk theories but entirely consistent with the differences of opinion and 

short-sale constraints theory of Miller (1977). 

 

4.2. Accruals quality and liquidity risk 

Next we examine whether the AQ pricing result for the pooled sample above holds after 

controlling for other risk factors and, in particular, whether it is attributable to liquidity risk. While 

Table 1 Panel C suggests that low AQ firms are relatively small and that illiquid firms are also 

relatively small, the correlation between AQ and our main measure of illiquidity LM12 is not obvious.  

For each AQ portfolio, we first control for risk using the CAPM model and regress excess 

monthly portfolio returns Rp – Rf,, where Rf is the risk-free rate, on the excess return to the market 

portfolio, Rm – Rf (Eq. (3) below). Then we control for the three Fama and French (1993) factors: 

                                                 
17  We first sort firms according to SIZE because we see it as a more primitive firm characteristic than AQ. Results are 

similar if the SIZE quintile assignment is conditional on the AQ quintile. 
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market excess return (Rm – Rf), size (SMB) and book-to-market (HML), hereafter referred to as the 3FF 

model (Eq. (4) below).18 Finally, we control for liquidity risk by adding to the 3FF model a fourth 

liquidity factor LIQ constructed using the procedure described in section 2, which we call the 3FF+LIQ 

model (Eq. (5) below). In untabulated analysis we also consider the momentum factor in the presence 

and absence of the liquidity factor and find qualitatively similar results.  

 Rp,t – Rf,t = αp + βMKT, p (Rm,t – Rf,t)  + εp,t (3) 

 Rp,t – Rf,t = αp + βMKT, p (Rm,t – Rf,t)  + βSMB, p SMBt + βHML, p HMLt + εp,t (4) 

 Rp,t – Rf,t = αp + βMKT, p (Rm,t – Rf,t)  + βSMB, p SMBt + βHML, p HMLt + βLIQ, p LIQt + εp,t (5) 

Table 3, Panels A to C present the estimation results for Eq.(3) to (5) respectively. Panel A has 

two results consistent with prior research on AQ with the CAPM model. First, portfolio betas (βMKT,p) 

are increasing as we move from high to low AQ portfolios (from 0.7680 to 1.2609), indicating that low 

AQ firms are riskier than high AQ firms. Second, after controlling for beta, the lowest AQ portfolio Q5 

has a slightly higher αp, although the difference from that of the highest AQ portfolio Q1 is 

insignificant, possibly because the former’s point estimate has a larger standard error.  

Panel B on the 3FF model yields some interesting results. The lowest AQ portfolio’s exposure 

to the size factor is much higher than the highest AQ portfolio’s (βSMB,p 1.185 vs. 0.292), consistent 

with the findings from Table 1. In addition, αp of the low AQ portfolio is now significantly higher than 

that of the high AQ portfolio. The reason is that the AQ portfolio Q1 is mostly comprised of value 

stocks with a high book-to-market (B/M) ratio, resulting in a significant part of its CAPM αp taken 

away by the inclusion of HML, while AQ portfolio Q5 shows no exposure to the B/M factor. 

Some striking changes appear in Panel C with the inclusion of the liquidity factor. Despite the 

fact that at the firm level, LM12 and AQ are not correlated, the lowest AQ portfolio is much more 

                                                 
18  Factor data are taken from Kenneth French’s website. 
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exposed to liquidity risk (βLIQ,p of 1.004) than all other portfolios. The loading taken by this factor 

seems mostly at the expense of SMB, suggesting that small and illiquid firms are a significant part of 

the lowest AQ portfolio. The most striking feature of Panel C is that the progression of αp across AQ 

portfolios is entirely reversed relative to panel B: αp of the AQ portfolio Q5 is now significantly lower 

than αp of the highest AQ portfolio, by an estimated 54 basis points per month on average. The 

difference is significant at the 0.05 level. Thus, the overall “lower AQ-higher return” relation indeed 

appears driven by liquidity risk. Once liquidity risk is controlled, lower AQ is associated with lower 

returns, as the Miller (1977) theory predicts. The main takeaway from this table is that there seems to 

be two pricing effects associated with AQ: poorer information quality firms (i.e. lower AQ firms here) 

have higher liquidity risk, associated with higher required returns; but poor information quality firms 

are also likely to have greater differences of opinion which, combined with short-sale constraints, lead 

to lower returns. The latter effect, suggested by many previous studies on differences of opinion, pops 

out here when liquidity risk is controlled.  

 

 4.3. Accruals quality and liquidity risk conditional on size 

The higher values of βSMB, p and βLIQ, p for the lowest AQ portfolio in Table 3 may suggest that it 

is comprised of relatively small and illiquid firms, but they do not necessarily imply that the overall 

results are driven by a subset of firms that are both small and illiquid. On the other hand, if lower AQ 

firms already exhibit lower returns for the majority of the relatively large firms even without 

controlling for risk (Table 2), we expect such pricing effect to be stronger if liquidity risk is controlled.  

We repeat the analysis in Table 3 within different size groups. Table 4 Panel A reports the αp 

estimates from the 3FF model (Eq. (4)). The results based on the CAPM are qualitatively similar and 

omitted for brevity. As in Table 2, αp is significantly higher for AQ portfolio Q5 than for AQ portfolio 
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Q1 only for the smallest size quintile. This relation does not hold or is even significantly opposite for 

the remaining relatively larger firms. When firms in size quintile Q2 to Q5 are pooled together, the 

lowest AQ firms earn an average return of 26 basis points lower than highest AQ firms. 

Table 4 Panels B1-B5 present the αp and factor loadings from the 3FF+LIQ model (Eq. (5)) 

with liquidity risk controlled.19 For the smallest firms (size Q1 column), it is clear that the lowest AQ 

firms are much more exposed to liquidity risk than the highest AQ firms (Panel B5), as evidenced by 

the portfolio βLIQ, p of 2.071 compared to 0.837. This difference of 1.2338 is significant well beyond the 

0.01 level. For the other factor loadings, the differences are similar to those reported in Table 3 in the 

AQ-only quintile analysis, except for βSMB, p, which only shows an increase of 0.2123, compared to 

0.6377 in Table 3. Importantly, the difference in αp across AQ quintiles for these smallest firms is 

reduced from a significant 0.0110 when the 3FF model is used to an insignificant 0.0015. In other 

words, the higher returns associated with lower AQ, stemming only from the smallest firms but driving 

the results for the overall sample, are attributable to liquidity risk. 

 Results for the other four size quintiles show a sharp contrast. The difference in βLIQ, p between 

the lowest and highest AQ portfolios drops from 1.2338 for SIZE Q1 to 0.8597, 0.5130, 0.1735 and 

0.0005 for Q2 to Q5. The liquidity risk effect is still present in general, but decreases as firms become 

larger and eventually disappears for the largest firms. Essentially, liquidity risk is a non-factor for the 

largest firms regardless of their information quality. Excluding the smallest firms that are most illiquid, 

and after controlling for liquidity risk, the lowest AQ firms have lower returns than the highest AQ 

firms in all other size quintiles. This return difference is larger than when liquidity risk is not controlled 

                                                 
19   One interesting issue in Table 4 is with regard to size. In typical capital markets research, “controlling for size” means 

adjusting realized returns according to a firm’s exposure to a size factor, presumably representing the additional risk 
borne for holding small firms compared to large firms. The results here show that the difference in exposure to the 
Fama-French SMB  factor is almost as large across uncertainty levels as it is across size levels, and that in four-factor 
regressions that include Liu’s (2006) liquidity factor along with the three Fama-French factors, the firms that show the 
highest exposure to SMB are midsize, high uncertainty firms. Examples of these firms in 2005 are Gateway (computers), 
Valero (refining), W.R. Grace (chemicals) and Revlon (cosmetics and household goods), hardly “small” firms. 
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in most cases, and is significant at the 0.01 level except for Q5. When Q2 to Q5 are pooled together, 

the lowest AQ firms earn an astounding 83 basis points per month (over 10% per year) less than the 

highest AQ firms after proper compensation for liquidity risk as well as the usual 3FF risk factors. We 

interpret this as strong evidence in support of Miller (1977) theory. Without regard to liquidity, the 3FF 

results from Table 3 report that the lowest AQ firms earn 37 basis points per month higher than their 

highest AQ counterparts. By either (a) controlling for liquidity (Table 3 Panel C), (b) removing the 

smallest firms (Table 4 Panel A), or (c) doing both (Table 4 Panel B1), the relationship is reversed, and 

the lowest AQ firms earn returns that are 54, 26, or 83 basis points lower than the highest AQ firms.  

In Table 4 Panels A and B1, we also report in the last row the GRS (Gibbons, Ross and 

Shanken,1989) F-statistic and the associated p-values, used to test the hypothesis that the αps on spread 

portfolios (long in AQ Q5 and short in AQ Q1, for each SIZE quintile) are jointly equal to 0. Their high 

significance indicates that the AQ pricing effect is different across different size groups, some driven 

more by liquidity risk and some more by the differences of opinion effect, an issue we explore in 

further detail later.  

Table 4 Panel C reports the descriptive statistics of the (raw) LM12 mean liquidity measure for 

each portfolio. A somewhat puzzling feature is found in comparing Panel C to the estimated βLIQ, p of 

the 25 portfolios in Panel B5. Even though liquidity risk (i.e., βLIQ, p) increases from high to low AQ for 

all size groups, liquidity (LM12) actually increases as AQ decreases for the three smallest size groups. 

The most illiquid firms are actually those with the highest AQ. Pastor and Stambaugh (2003) and Ng 

(2010), among others, distinguish between liquidity and liquidity risk. For liquidity, all trading days are 

created equal: using the LM12 measure, a zero trading day is always “worth” the same. An underlying 

rationale behind the differences of opinion literature is that generally, greater differences of opinion 

stimulate more trading. Since at any given time there are more sellers who think the stock is 



26 
 

overvalued, and more buyers who think the stock is undervalued, there are investors who are ready to 

trade even in the presence of transaction costs. The finding that lower AQ firms have a lower number of 

zero trading days is consistent with this argument. However, both Pastor and Stambaugh’s (2003) and 

Liu’s (2006) liquidity factors have been shown to be of greater importance in down markets: aggregate 

liquidity is very important when investors’ prospects are turning bleak, e.g. they need to hold liquid 

assets to be able to get out of the market before their portfolio melts away. The stocks that are most 

affected by this concern may not be those that are traded the least, such as the smallest and highest AQ 

firms, which go more than 72 days on average per year without having a single trade. The firms most 

affected by liquidity risk are the ones whose future outlook is most affected by the current downturn – 

presumably small, high uncertainty firms, which also happen to relatively frequently traded (but still 

relatively illiquid compared to larger firms). This is especially true for the smallest and the lowest AQ 

firms, the most “fragile” in nature. The difference between liquidity and liquidity risk for the small 

firms is therefore consistent with the interpretation of AQ as a general uncertainty measure in the 

differences of opinion literature.  

Still, the main takeaway from Table 4 is that there are two separate and opposite effects 

associated with AQ. Through liquidity risk, lower AQ firms have higher expected returns; but beyond 

that, AQ behaves more closely to other uncertainty measures brought up in the differences of opinion 

literature, where more uncertainty means overvaluation in the presence of short-sale constraints and 

therefore lower future returns. For every size group except the smallest, the differences of opinion 

effect dominates. But the liquidity risk effect is so strong on the smallest firms that when the entire 

population of firms is considered as a whole, undue credit is given to the information risk effect.  

 

4.4. Further analysis 

4.4.1. The effect of short-sale constraints 
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 We note in Table 4 that, unlike relatively larger firms, very small firms with the lowest AQ are 

not outperformed by their highest AQ counterparts after controlling for liquidity risk. As we argued 

earlier in section 2, the essence of the short-sale constraints argument and the associated overvaluation 

is the asymmetry between buying and selling constraints. Differences of opinion alone do not imply 

overvaluation unless there is asymmetric buying and selling. With an average of over 40 zero volume 

days per year, the very small firms could be so thinly traded that even the optimists find it difficult to 

buy. Then overvaluation may not appear. Likewise, the insignificant return difference between the 

lowest and the highest AQ firms in the largest size quintile (Table 4 Panel B1) can possibly be 

explained similarly. That is, for these large firms that are often widely held by institutions, short-sale 

constraints may be less of a concern regardless of accruals quality, hence no valuation difference.20 

To provide direct evidence on the effect of short-sale constraints, we use institutional ownership 

as a proxy for short-sale constraints and examine its impact on the pricing difference between the 

lowest and highest AQ firms. To do this, we rank firms in a manner similar to Table 4, but add 

institutional ownership (INSOWN) into the mix, specifically by splitting each of the 5×5 AQ/SIZE firm 

groups into three (3) subgroups according to their quintile rankings of INSOWN: firms in the lowest 

two quintiles are put in the “Low INSOWN” group, those in the middle quintile are put in the “Mid 

INSOWN” group, and those in the highest two quintiles are in the “High INSOWN” group. We then 

form portfolios in the exact same fashion as before. We report the αp estimates from the 3FF+LIQ 

model in Table 5 for the “Low” and “High” groups; those of the “Mid” group always lie between the 

two and are therefore omitted.  

We expect the relative underperformance of the lowest AQ portfolios to be more pronounced 

for firms with low institutional ownership since they face more short-sale constraints. The results are 

                                                 
20  Accruals quality for these firms may also be less important because there are many alternative sources of information 

available for these large firms.  
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entirely consistent with the expectation. In Panel A for the Low INSOWN firms, the lowest AQ 

portfolios have significantly lower returns than the highest AQ portfolios for size quintiles Q2 to Q5, 

and this effect is much more pronounced than in Table 3 Panel B1 where the lowest AQ portfolio 

returns lag the highest AQ portfolio returns by 77, 78, 67, and 8 basis points. Here, the spread is 126, 

111, 119, and 61 basis points, all significant at the 0.01, even for the largest size group Q5. In Panel B 

for the High INSOWN firms, however, the return spreads between the lowest and the highest AQ 

portfolios are always statistically insignificant. These results provide strong support that short-sale 

constraints together with AQ-related uncertainty are likely responsible for the lower returns associated 

with lower AQ firms. 

 

4.4.2. Differences of opinion and earnings announcements 

Typically in empirical accounting research (e.g. Bernard and Thomas, 1989; Bernard, Thomas 

and Whalen, 1997), risk-based explanations are debunked when it is demonstrated that the superior 

hedge portfolio returns achieved by a particular strategy are concentrated around specific dates such as 

earnings announcements. In our context, where we pit accruals quality as an information risk factor 

against an uncertainty and differences of opinion variable, the former will be more consistent with 

empirical data if the return difference between low and high AQ firms is evenly spread out between 

earnings announcement and non-announcement dates. On the opposite, the Miller (1977) theory 

implies that high uncertainty (low AQ) firms' underperformance will be clustered around events that 

help resolve the differences of opinion. This is the key insight of Berkman et al. (2009) using earnings 

announcement to powerfully test the Miller (1977) theory.  

Results of our earnings announcement tests are in Table 6. The tests are based on the three-day 

window centered around all available quarterly announcements on Compustat, a total of 185,445 firm-

quarter observations. Panel A reports the average cumulative market-adjusted return (i.e. raw return 



29 
 

minus value-weighted market return) for the quarterly announcements of each of the 25 AQ/SIZE 

portfolios.21 Patterns are roughly similar to the monthly portfolio returns of Table 4 Panel B1: for size 

quintiles Q2 to Q5 pooled, low AQ firms have lower announcement returns than high AQ firms by an 

average 25 basis points per announcement, significant at the 0.01 level. The return difference is 

contributed primarily by size Q2 and Q3 firms.22 Compared to the 83 basis points per month return 

difference in Table 4, announcement returns do not explain everything and there is still 

underperformance outside the announcement window.23 However, underperformance inside the 

earnings announcement window is more important than a random 3-day period, expected to be 3/20 of 

the monthly abnormal return, or about 12 basis points. This finding supports the Miller (1977) theory 

that overvaluation of low AQ firms is corrected when difference of opinion is resolved reasonably 

around earnings announcements, although there are many other potential uncertainty resolution events. 

A somewhat puzzling result is the significant positive return spread of 61 basis points between 

the lowest and highest AQ firms in the smallest size quintile. This is unusually large for a three-day 

window regardless of which model is used to assess the monthly abnormal returns earlier. We are not 

sure how to explain this return difference, but we note that it is at least inconsistent with the 

information risk explanation since such risk-related returns should not concentrate on particular days. 

To get more robust results, we also adopt a different averaging procedure in Panel B. For each 

AQ/SIZE portfolio, we calculate the average three-day announcement returns for each calendar quarter, 

and report the average of this time series. The difference is that here, each calendar quarter is treated 

equally, while individual observations were used in Panel A, giving more weight to later quarters with 

                                                 
21  As discussed earlier, the use of cumulative returns, as opposed to buy-and-hold returns, is likely to overstate returns of 

the high-volatility group. To the extent that low AQ groups are more volatile, this yields a bias against us finding any 
underperformance during the earnings announcement window. The use of buy-and-hold returns yields similar results. 

22  We note that low AQ firms in size Q4 do not have lower announcement returns than high AQ firms while they have 
significantly lower overall returns. 

23  Of course, as explained before and evidenced in Ecker et al. (2006), part of these results may be caused of the use of 
daily returns for earnings announcements as opposed to the use of monthly returns in earlier analysis. 
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more observations. The results are qualitatively similar, with the lowest AQ firms having significantly 

lower returns than the highest AQ firms for size quintiles Q2 to Q5 pooled, and the opposite for size Q1 

firms. 

In Panels C and D, we use the same averaging method as in Panel B for low and high 

institutional ownership firms within each AQ/SIZE group. For size quintiles Q2 to Q5 pooled, the 

lowest AQ firms have lower announcement returns by an average of 44 basis points for Low INSOWN 

firms, significant at the 0.01 level. This effect is reduced by more than half, to 20 basis points, for the 

High INSOWN firms, with statistical significance dropping to the 0.10 level. For the smallest size 

quintile, however, the opposite happens. Low INSOWN, small, the lowest AQ firms outperform their 

highest AQ counterparts by 75 basis points while there is no reliable difference in the high INSOWN 

group. Finally, we note that if we pool all firms together, announcement returns show no significant 

difference between the lowest and highest AQ firms, muffling the different behavior across size groups. 

Overall, although the results in Table 6 are not overwhelmingly strong, we interpret them as 

generally consistent with the notion that lower AQ firms are likely to have higher degree of difference 

of opinion that gets resolved importantly around earnings announcements. The resolution leads to 

lower returns for these firms, especially when short-sale constraints are binding. 

 

5. Summary and Conclusion 

Our primary objective in this paper is to reconcile the seemingly contradictory findings from 

two separate streams of literature, the first where Dechow and Dichev’s (2002) accruals quality 

measure presumably captures information risk and is priced in a manner similar to a risk factor (e.g. 

FLOS), and the second where accruals quality presumably reflects uncertainty and is expected to be 

priced in the opposite way like other uncertainty measures as predicted by Miller (1977). The Miller 

theory posits that larger differences of opinion associated with higher uncertainty, coupled with short-
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sale constraints, leads to greater initial overvaluation and subsequent lower returns. This theory has 

been supported by a number of empirical studies using a variety of uncertainty measures based on 

which the accruals quality measure has been justified (e.g. Berkman et al., 2009; Diether et al., 2002).  

We show that the results in FLOS and Ecker et al. (2006) are driven by a small subset of the 

smallest and illiquid firms. The risk factor story does not apply to the majority of firms that are 

relatively large. For these firms, the opposite pricing relationship holds and is robust with or without 

controlling for conventional risk factors such as equity beta, size, and book-to-market. This finding 

supports the differences of opinion story in Miller (1977) and is consistent with many other studies on 

the relationship between information uncertainty and stock returns.  

We further show that accruals quality is related to both liquidity risk and differences of opinion. 

Using a liquidity risk factor as in Liu (2006), we find that poorer accruals quality is associated with 

higher liquidity risk, consistent with the notion that higher quality public information reduces 

information asymmetry, which in turn improves liquidity and decreases the cost of capital. This effect, 

however, dominates the differences of opinion effect only in the smallest firms, and decreases as firms 

are larger and eventually disappears entirely for the largest firms. Thus, for the majority of the 

relatively large firms, the differences of opinion effect dominates. For the smallest firms, the lower 

accruals quality-higher return relationship can be all attributed to the pricing of liquidity risk. For the 

other firms, the lower accruals quality-lower return relationship becomes even stronger once liquidity 

risk is controlled.   

We provide two more elements consistent with the differences of opinion argument by showing 

that: 1) the underperformance of low AQ firms is concentrated in firms with low institutional 

ownership, a regularly used proxy for short-sales constraints, 2) part of the underperformance is 

clustered around earnings announcements, a presumably important uncertainty resolution event. To our 

knowledge, no other study provides evidence of both the liquidity risk and differences of opinion 
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effects and how they differ across firms. 

The relationship between accruals quality and stock returns is an important research question 

because it speaks to the fundamental issue of how the quality of accounting information affects the cost 

of capital. Given the many theories on whether (and how) information risk should, or should not, be 

priced, and whether accounting information should, or should not, matter to the cost of capital, it is 

important to seek the guidance of theories, reconcile the different empirical findings, and establish 

basic and robust empirical relationships. In doing this, we provide insights for distinguishing between 

different theories on the pricing of information uncertainty. 

Recently, using idiosyncratic volatility as a measure of uncertainty, Ang, Hodrick, Xing and 

Zhang (2009) show that the underperformance of high uncertainty stocks is prevalent around the world, 

independent of country-specific factors such as trading frictions. Further research is likely to bear fruit 

to integrate the dual pricing effects of accruals quality, identified in this paper, with those of 

idiosyncratic volatility and alternative effects of uncertainty on stock prices.
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Appendix A: Variable definitions 
 

Variable Description (unit, if applicable) Source* 
AQ Accruals quality, as calculated using the steps 

presented in Section 3.1.1 (also see Dechow and 
Dichev (2002) and McNichols (2002)) 

n/a 

TCA Total current accruals: TCAj,t = ΔCAj,t – ΔCLj,t – 
ΔCashj,t + ΔSTDEBTj,t = for firm j, change in current 
assets – change in current liabilities – change in cash 
+ change in debt in current liabilities, where 
“change” is always between year t-1 and year t. 

CSTAT (Δ#4-Δ#5-Δ#1+Δ#34) 

TA Total accruals: Total current accruals (above) – 
depreciation and amortization 

CSTAT (TCA above-#14) 

CFO Cash flow from operations: CFOj,t = NIBEj,t – TCAj,t 
+ DEPj,t  = Net income before extraordinary items – 
total current accruals + depreciation and amortization 

CSTAT (#18-TCA above+#14) 

Δrev Change in revenue (net sales) between years t-1 and t 
(MM$) 

CSTAT (Δ#12) 

PPE Property, plant and equipment (gross) (MM$) CSTAT (#7) 
Assets Total assets (MM$) CSTAT (#6) 
Rev Revenues (net sales) (MM$) CSTAT (#12) 
LM12 Liu (2006) 12-month liquidity measure, as calculated 

using the steps in section 3.2 
CRSP (based on VOL and shares 
outstanding) 

PRICE Stock price ($/share) CRSP 
VOL Average daily dollar volume (CRSP VOL divided by 

number of trading days) 
CRSP 

ZRET Ratio of zero return days to total trading days CRSP 
SIZE Market capitalization = stock price multiplied by 

number of common shares outstanding 
CRSP 

INSOWN Proportion of shares owned by institutional investors SPEC (shares owned by 
institutional investors), CRSP 
(shares outstanding) 

DISM Standard deviation of analyst earnings forecasts in 
the last month of the fiscal year 

IBES (STDEV) 

DISY Mean of monthly standard deviation of analyst 
earnings forecasts for fiscal year (mean STDEV for 
past 12 months) 

IBES (based on STDEV) 

Ri Return for portfolio (or firm) i CRSP 
SMB Size factor (Fama and French, 1993) KF 
HML Book-to-market factor (Fama and French, 1993) KF 
LIQ Liquidity factor based on LM12 (see section 3.2) Based on CRSP return data 
 

* Source legend: CSTAT = Compustat, CRSP = Center for Research on Security Prices, SPEC = Thomson Reuters 
Spectrum (13f) database, IBES = Institutional Brokers’ Estimate System (I/B/E/S) Historical database, KF = Kenneth 
French’s website at Dartmouth College (http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html)
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Table 1. Descriptive statistics 
 
Panel A: Pooled sample (n = 61,756 firm-year observations) 
 

Variable Mean 10% 25% Median 75% 90% 

Financial variables      
AQt -0.0554 -0.1152 -0.0698 -0.0397 -0.0232 -0.0137
TCAt 0.0083 -0.0768 -0.0253 0.0058 0.0435 0.1000
TAt -0.0409 -0.1391 -0.0830 -0.0402 0.0016 0.0609
CFOt 0.0511 -0.1010 0.0121 0.0758 0.1312 0.1917
Δrevt 0.0884 -0.1662 -0.0182 0.0684 0.1980 0.3882
PPEt 0.6354 0.1699 0.3213 0.5527 0.8940 1.1798
Assetst ($MM) 1916.1 13.6 41.1 173.8 862.4 3549.3
Revt ($MM) 1775.1 12.1 43.6 195.0 875.9 3324.1

Market and liquidity variables    
LM12t 17.5738 0.0000 0.0001 0.0002 12.8978 66.7354
PRICEt 19.12 2.13 5.35 13.52 26.50 42.00
VOLt ($MM) 7.88 0.01 0.05 0.33 2.45 12.15
ZRETt 0.2067 0.0238 0.0794 0.1786 0.2846 0.4008
SIZEt ($MM) 1611.5 9.3 28.6 126.0 651.0 2539.4

Other variables (n = 20,258 for dispersion measures)  
INSOWNt 0.2937 0.0000 0.0056 0.2080 0.5073 0.7172
DISMt 0.0050 0.0002 0.0004 0.0013 0.0038 0.0110
DISYt 0.0062 0.0003 0.0007 0.0019 0.0054 0.0138
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Table 1. (continued)  
Panel B: Descriptive statistics by AQ quintile 

Variable Q1  
(high) 

Q2 Q3 Q4 Q5  
(low) 

Q5-Q1 

Financial variables     
AQt 0.0139 0.0282 0.0448 0.0730 0.1500 0.1361
 0.0056 0.0064 0.0102 0.0186 0.0666 
TCAt 0.0057 0.0087 0.0098 0.0081 0.0093 0.0036
 0.0463 0.0645 0.0938 0.1118 0.1667 
TAt -0.0435 -0.0411 -0.0392 -0.0406 -0.0399 0.0036
 0.0540 0.0724 0.1012 0.1196 0.1735 
CFOt 0.0882 0.0783 0.0614 0.0298 -0.0316 -0.1198
 0.0843 0.2608 0.1508 0.2033 0.4385 
Δrevt 0.0780 0.0928 0.0972 0.0935 0.0758 -0.0020
 0.1882 0.2416 0.3139 0.4468 1.1251 
PPEt 0.8568 0.6761 0.6015 0.5255 0.4594 -0.3974
 0.3868 0.4027 0.4094 0.4137 0.4406 
Assetst ($MM) 4551.3 2424.0 1262.7 590.1 198.8 -4352.5
 11907.8 8933.0 5968.4 3413.3 1114.4 
Revt ($MM) 3806.4 2353.1 1290.6 669.8 243.9 -3562.5
 12191.4 8246.7 5166.1 3286.2 1312.7  
Market and liquidity variables     
LM12t 10.97 16.64 18.91 21.10 21.51 10.54
 31.27 37.27 39.29 40.48 40.46 
PRICEt  28.47 23.64 18.34 13.02 8.33 -20.14
 27.43 23.98 21.03 15.39 11.28 
VOLt ($MM) 11.4 10.3 8.0 4.9 3.0 -8.4
 51.6 62.6 64.0 39.8 31.5 
ZRETt 0.1605 0.1814 0.2055 0.2328 0.2783 0.1178
 0.1304 0.1512 0.1644 0.1768 0.2015 
SIZEt ($MM) 3310.4 2146.7 1279.6 593.3 267.4 -3043.0
 12816.4 11700.9 9138.5 4205.8 2161.8 
Other variables   
INSOWNt 0.3558 0.3660 0.3075 0.2365 0.1491 -0.2067
 0.5318 0.5342 0.2980 0.2728 0.2491 
n (dispersion 
variables) 

5795 5849 4573 2914 1127 

DISMt 0.0035 0.0044 0.0054 0.0071 0.0096 0.0061
 0.0091 0.0109 0.0129 0.0161 0.0198 
DISYt 0.0044 0.0055 0.0066 0.0086 0.0111 0.0067
 0.0100 0.0120 0.0138 0.0172 0.0205 
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Table 1. (continued) 
 
Panel C: Correlation coefficients 
 

 AQ TCA TA CFO Δrev PPE Assets Rev LM12 PRICE VOL ZRET SIZE INSOWN DISM DISY

AQ  0.009 0.006 -0.177 -0.020 -0.263 -0.130 -0.116 0.043 -0.261 -0.033 0.109 -0.075 -0.124 0.097 0.107

TCA 0.010  0.949 -0.270 0.209 -0.036 -0.015 -0.011 -0.019 0.030 -0.013 -0.010 -0.010 0.011 -0.110 -0.114

TA 0.010 0.901  -0.261 0.192 -0.185 -0.021 -0.015 -0.015 0.041 -0.014 -0.009 -0.012 0.010 -0.135 -0.145

CFO -0.208 -0.430 -0.484 0.058 0.113 0.045 0.047 0.002 0.153 0.043 -0.038 -0.055 0.080 -0.249 -0.262

Δrev 0.011 0.344 0.305 0.079 -0.019 -0.006 0.016 -0.030 0.054 0.012 -0.034 0.008 0.023 -0.173 -0.185

PPE -0.392 -0.058 -0.251 0.222 -0.065 0.101 0.065 0.032 0.057 -0.033 0.055 0.021 -0.031 0.084 0.105

Assets -0.466 -0.033 -0.031 0.216 0.017 0.236 0.863 -0.093 0.285 0.332 -0.193 0.543 0.115 -0.054 -0.050

Rev -0.442 -0.010 -0.021 0.261 0.102 0.203 0.941 -0.075 0.291 0.285 -0.184 0.524 0.113 -0.056 -0.056

LM12 0.004 -0.011 -0.001 -0.032 -0.080 0.097 -0.500 -0.430 -0.172 -0.068 0.606 -0.077 -0.193 0.056 0.054

PRICE -0.467 0.069 0.085 0.349 0.176 0.155 0.703 0.680 -0.352 0.189 -0.364 0.248 0.248 -0.244 -0.267

VOL -0.212 0.021 0.011 0.180 0.110 0.026 0.770 0.700 -0.829 0.662 -0.153 0.767 0.091 -0.064 -0.063

ZRET 0.106 0.000 0.003 -0.135 -0.076 0.053 -0.592 -0.532 0.657 -0.540 -0.761 -0.157 -0.347 0.250 0.239

SIZE -0.360 0.016 0.013 0.260 0.100 0.140 0.865 0.796 -0.645 0.785 0.913 -0.695 0.077 -0.076 -0.081

INSOWN -0.147 0.017 0.008 0.169 0.073 -0.022 0.463 0.449 -0.407 0.453 0.520 -0.517 0.501 -0.201 -0.195

DISM 0.060 -0.115 -0.152 -0.301 -0.304 0.189 -0.120 -0.175 0.079 -0.556 -0.359 0.329 -0.412 -0.297 0.928

DISY 0.099 -0.132 -0.177 -0.319 -0.334 0.178 -0.107 -0.169 0.012 -0.592 -0.314 0.270 -0.396 -0.252 0.923
 
Notes: Variable definitions are provided in appendix A. Sample period covers 1980-2005. Panel A presents the unconditional distribution (across whole sample) 
of each variable: mean, 10th percentile (10%), 25th percentile, median, 75th percentile, and 90th percentile. Panel B presents the distribution for each AQ quintile; 
the first number is the mean, the second number (italicized) is the standard deviation. Panel C presents the Pearson (Spearman) correlation coefficients in the 
upper (lower) diagonal.  
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Table 2. Raw returns to accruals quality portfolios and the impact of size 
 
SIZE   Q1  Q2  Q3  Q4  Q5  Q2~Q5 
Quintile Overall  Small        Large  Pooled 
 
AQ Q1 (high) 0.0134 *** 0.0211 *** 0.0138 *** 0.0139 *** 0.0134 *** 0.0119 *** 0.0129 ***

AQ Q2 0.0140 *** 0.0243 *** 0.0159 *** 0.0132 *** 0.0124 *** 0.0119 *** 0.0129 ***

AQ Q3 0.0145 *** 0.0255 *** 0.0140 *** 0.0125 *** 0.0119 *** 0.0112 *** 0.0125 ***

AQ Q4 0.0152 *** 0.0272 *** 0.0121 *** 0.0113 *** 0.0110 *** 0.0108 *** 0.0113 ***

AQ Q5 (low) 0.0170 *** 0.0321 *** 0.0121 *** 0.0092 ** 0.0078 ** 0.0102 *** 0.0100 ***

AQ Q5-Q1 0.0036  0.0110 * -0.0017  -0.0047 * -0.0056 ** -0.0017  -0.0029

 
Notes: Variable definitions are in Appendix A. Raw returns to different portfolios formed on AQ and/or size (market capitalization) are reported. The first column 
(“Overall”) shows mean monthly returns for portfolios based on AQ quintile only. The following five columns report mean monthly returns for portfolios based 
on SIZE and AQ (conditional on SIZE) quintiles. The last column (“Q2~Q5 Pooled”) is the same as the first column, but firms in the smallest SIZE quintile are 
omitted. The last row reports the difference between the lowest AQ and highest AQ portfolios for each corresponding column. ***, ** and * next to return 
numbers represent statistical signficance at the 0.01, 0.05and 0.10 levels respectively. 
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Table 3. Returns to accruals quality portfolios after controlling for risk factors 
 
AQ quintile Q1 Q2 Q3 Q4 Q5 Q5-Q1 
 highest    lowest t-stat 
 
Panel A: CAPM 
 
αp 0.0043 0.0039 0.0040 0.0042 0.0050 0.0007
 (4.3***) (3.1***) (2.5**) (2.0**) (1.7*) (0.2)
βMKT,p 0.7680 0.9348 1.0151 1.0927 1.2609 0.4929
 (34.3***) (33.0***) (28.7***) (23.8***) (18.8***) (7.0***)
   
Adjusted R2 0.7972 0.7847 0.7332 0.6538 0.5403 
 
Panel B: 3FF 
 
αp 0.0010 0.0010 0.0015 0.0022 0.0047 0.0037
 (1.3) (1.2) (1.6) (1.8*) (2.3**) (1.7*)
βMKT,p 0.8948 0.9975 1.0275 1.0487 1.0892 0.1944
 (49.0***) (50.0***) (42.5***) (33.6***) (20.9***) (3.5***)
βSMB,p 0.2919 0.5645 0.7325 0.9388 1.1850 0.8931
 (12.7***) (22.5***) (24.1***) (23.9***) (18.1***) (12.9***)
βHML,p 0.4511 0.3838 0.3135 0.2415 -0.0060 -0.4571
 (16.4***) (12.8***) (8.6***) (5.2***) (-0.1) (-5.5***)
   
Adjusted R2 0.9016 0.9218 0.9092 0.8836 0.7989 
 
Panel C: 3FF+LIQ 
 
αp 0.0025 0.0014 0.0005 -0.0011 -0.0029 -0.0054
 (3.2***) (1.6) (0.5) (-0.9) (-1.5) (-2.6***)
βMKT,p 0.8311 0.9806 1.0714 1.1891 1.4205 0.5894
 (38.7***) (40.1***) (36.5***) (33.4***) (26.1***) (10.1***)
βSMB,p 0.3331 0.5754 0.7041 0.8481 0.9708 0.6377
 (14.2***) (21.5***) (22.0***) (21.8***) (16.3***) (10.0***)
βHML,p 0.4733 0.3897 0.2981 0.1925 -0.1217 -0.5950
 (17.7***) (12.8***) (8.2***) (4.4***) (-1.8*) (-8.2***)
βLIQ,p -0.1930 -0.0512 0.1330 0.4255 1.0043 1.1973
 (-5.1***) (-1.2) (2.6**) (6.8***) (10.5***) (11.7***)
   
Adjusted R2 0.9093 0.9219 0.9109 0.8992 0.8534 
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Table 3. (continued) 
 
Notes: Variable definitions are in Appendix A. Panels A, B, C present the coefficient estimates (with t-statistics in 
parentheses) for the CAPM, 3FF, 3FF+LIQ models respectively, which correspond to Eq. (3), (4), and (5) below: 
 Rp,t – Rf,t = αp + βMKT, p (Rm,t – Rf,t)  + εp,t (3) 
 Rp,t – Rf,t = αp + βMKT, p (Rm,t – Rf,t)  + βSMB, p SMBt + βHML, p HMLt + εp,t (4) 
 Rp,t – Rf,t = αp + βMKT, p (Rm,t – Rf,t)  + βSMB, p SMBt + βHML, p HMLt + βLIQ, p LIQt + εp,t (5) 
where the excess monthly returns of each AQ quintile (Rp,t – Rf,t) are regressed on various factors. In Panel A, the only 
regressor is the excess return of the market (Rm,t – Rf,t, MKTRF in Fama-French factor files). In Panel B, the SMB (size) and 
HML (book-to-market) factors are added to form the Fama-French 3-factor model (3FF). In Panel C, the LIQ factor, based 
on Liu’s (2006) LM12 measure, is added to form the 3FF+LIQ model. For each estimate, the last column (“Q5-Q1”) reports 
the difference between the AQ Q5 (lowest quintile) and AQ Q1 (highest quintile) estimates, along with the t-statistic. ***, 
** and * next to t-statistics represent statistical significance at the 0.01, 0.05and 0.10 levels respectively. 
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Table 4. Returns to accruals quality portfolios after controlling for risk factors: the impact of size 
 
SIZE Q1  Q2  Q3  Q4  Q5  Q5-Q1  Q2~Q5 
quintile Small        Large    Pooled 
 
Panel A: αp of 3FF  
AQ Q1 0.0085 *** 0.0010  0.0007  0.0006  -0.0002  -0.0087 *** 0.0003  
AQ Q2 0.0116 *** 0.0029 ** -0.0007  -0.0010  -0.0004  -0.0120 *** -0.0002  
AQ Q3 0.0121 *** 0.0015  -0.0014  -0.0014  -0.0006  -0.0127 *** -0.0007  
AQ Q4 0.0150 *** -0.0007  -0.0023 * -0.0026 ** -0.0014  -0.0164 *** -0.0017 * 
AQ Q5 0.0192 *** -0.0001  -0.0032  -0.0047 *** -0.0009  -0.0201 *** -0.0022  
AQ Q5-Q1 0.0107 *** -0.0011  -0.0039  -0.0053 *** -0.0007    -0.0026  
GRS Stat 
(p-value) 

8.21 (<0.0001)      

 
Panel B1: αp of 3FF + LIQ  
AQ Q1 0.0021  -0.0010  0.0017  0.0038 *** 0.0019 * -0.0002  0.0022 ***
AQ Q2 0.0022  -0.0004  0.0007  0.0025 ** 0.0023 ** 0.0001  0.0014 * 
AQ Q3 0.0022  -0.0029 ** -0.0014  0.0023 ** 0.0020 ** -0.0002  0.0001  
AQ Q4 0.0027  -0.0058 *** -0.0024 * 0.0011  0.0010  -0.0017  -0.0023 ** 
AQ Q5 0.0036  -0.0087 *** -0.0061 *** -0.0029 ** 0.0011  -0.0025  -0.0061 ***
AQ Q5-Q1 0.0015  -0.0077 *** -0.0078 *** -0.0067 *** -0.0008    -0.0083 ***
GRS Stat 
(p-value) 

6.19 (<0.0001)      

 
Panel B2: βMKT,p of 3FF + LIQ  
AQ Q1 1.0497 *** 0.9047 *** 0.8670 *** 0.7667 *** 0.7832 *** -0.2665 *** 0.8259 ***
AQ Q2 1.2471 *** 1.0201 *** 0.9732 *** 0.8947 *** 0.8996 *** -0.3475 *** 0.9581 ***
AQ Q3 1.3326 *** 1.1153 *** 1.0845 *** 0.9249 *** 0.9738 *** -0.3588 *** 1.0385 ***
AQ Q4 1.4469 *** 1.2492 *** 1.1590 *** 0.9976 *** 1.0500 *** -0.3969 *** 1.1268 ***
AQ Q5 1.7202 *** 1.4567 *** 1.3036 *** 1.1463 *** 1.0903 *** -0.6299 *** 1.3222 ***
AQ Q5-Q1 0.6705 *** 0.5520 *** 0.4366 *** 0.3796 *** 0.3071 ***   0.4963 ***
 
Panel B3: βSMB,p of 3FF + LIQ  
AQ Q1 0.6712 *** 0.6611 *** 0.6070 *** 0.4104 *** -0.0339  -0.7051 *** 0.3154 ***
AQ Q2 0.8147 *** 0.8281 *** 0.7774 *** 0.6042 *** 0.1066 *** -0.7081 *** 0.5608 ***
AQ Q3 0.8315 *** 0.9124 *** 0.9156 *** 0.6727 *** 0.1620 *** -0.6695 *** 0.6708 ***
AQ Q4 0.8802 *** 0.9089 *** 0.9862 *** 0.8116 *** 0.1946 *** -0.6856 *** 0.8498 ***
AQ Q5 0.8835 *** 1.0188 *** 1.1937 *** 0.9832 *** 0.3525 *** -0.5310 *** 1.0207 ***
AQ Q5-Q1 0.2123 * 0.3577 *** 0.5867 *** 0.5728 *** 0.3864 ***   0.7052 ***
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Table 4. (continued) 
 
SIZE Q1  Q2  Q3  Q4  Q5  Q5-Q1  Q2~Q5 
quintile Small        Large    Pooled 
 
Panel B4: βHML,p of 3FF + LIQ  
AQ Q1 0.4031 *** 0.4685 *** 0.5224 *** 0.5385 *** 0.5176 *** 0.1145  0.4818 ***
AQ Q2 0.2421 *** 0.3794 *** 0.5005 *** 0.4723 *** 0.3662 *** 0.1241  0.3943 ***
AQ Q3 0.2988 *** 0.1953 *** 0.3627 *** 0.4025 *** 0.1907 *** -0.1081  0.3158 ***
AQ Q4 -0.0145  0.1248 * 0.2216 *** 0.3463 *** 0.1765 *** 0.1910 * 0.1783 ***
AQ Q5 -0.0926  -0.1578 * -0.1459 * -0.0518  -0.1098 *** -0.0172  -0.1406 ** 
AQ Q5-Q1 -0.4957 *** -0.6263 *** -0.6683 *** -0.5903 *** -0.6274 ***   -0.6224 ***
 
Panel B5: βLIQ,p of 3FF + LIQ  
AQ Q1 0.8374 *** 0.2704 *** -0.1373 * -0.4184 *** -0.2683 *** -1.1057 *** -0.2472 ***
AQ Q2 1.2502 *** 0.4391 *** -0.1827 *** -0.4633 *** -0.3481 *** -1.5983 *** -0.2139 ***
AQ Q3 1.3114 *** 0.5770 *** 0.0028  -0.4874 *** -0.3512 *** -1.6626 *** -0.1083 ** 
AQ Q4 1.6291 *** 0.6671 *** 0.0215  -0.4979 *** -0.3248 *** -1.9539 *** 0.0770  
AQ Q5 2.0712 *** 1.1301 *** 0.3757 *** -0.2449 *** -0.2678 *** -2.3390 *** 0.5121 ***
AQ Q5-Q1 1.2338 *** 0.8597 *** 0.5130 *** 0.1735 ** 0.0005    0.7593 ***
 
 

Panel C: Mean LM12j,t 

AQ Q1 72.10  33.15  10.60  1.84  0.47  
AQ Q2 61.73  25.18  10.78  2.40  1.21  
AQ Q3 55.80  20.80  7.35  2.63  0.98  
AQ Q4 49.22  14.99  6.28  2.60  0.62  
AQ Q5 40.66  12.18  3.50  1.74  0.60  
 
Notes: Variable definitions are in Appendix A. See Table 3 notes and Section 4.2 for model descriptions. For Panels A to 
B5, each panel reports the coefficient estimates for the 25 portfolios based on SIZE and AQ (conditional on SIZE) quintiles. 
Each of these panels also includes an additional column (row) that reports the difference in estimates between the SIZE 
(AQ) Q5 and Q1 portfolios (“Q5-Q1”), and the last column shows the coefficient estimates when the SIZE Q1 firms are 
excluded (“Q2~Q5 Pooled”). In Panels A and B1, the Gibbons, Ross and Shanken (1989) F-statistic and corresponding p-
value are reported for the αp differences between AQ Q5 and Q1 to be jointly 0. Panel A is based on the 3FF model, while 
Panels B1 to B5 are based on the 3FF+LIQ model. Panel C reports the sample mean LM12 (turnover-adjusted zero volume 
days, see Liu, 2006 and Eq.(2)) for each SIZE/AQ portfolio. ***, ** and * next to coefficient estimates represent statistical 
significance at the 0.01, 0.05and 0.10 levels respectively. 
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Table 5. Accruals quality conditional on size portfolios: the effect of institutional ownership 
 
SIZE Q1  Q2  Q3  Q4  Q5  Q5-Q1  Q2~Q5  Overall 
quintile Small        Large    Pooled   
 
Panel A: Low institutional ownership, αp of 3FF + LIQ 

AQ Q1 0.0029  -0.0013  0.0003  0.0047 *** 0.0031 ** 0.0002  0.0012  0.0015 * 

AQ Q2 0.0034  -0.0011  0.0007  0.0023 * 0.0027 ** -0.0007  0.0010  0.0015  

AQ Q3 0.0058 ** -0.0055 ** -0.0045 ** 0.0010  -0.0003  -0.0061  -0.0022 ** -0.0001  

AQ Q4 0.0048  -0.0087 *** -0.0072 *** -0.0016  -0.0005  -0.0053  -0.0041 *** -0.0021  

AQ Q5 0.0046  -0.0139 *** -0.0108 *** -0.0072 *** -0.0030 * -0.0076  -0.0088 *** -0.0057 ***

AQ Q5-Q1 0.0017  -0.0126 *** -0.0111 *** -0.0119 *** -0.0061 ***  -0.0100 *** -0.0072 ***

GRS Stat 
(p-value) 

7.59 (<0.0001)        

 

Panel B: High institutional ownership, αp of 3FF + LIQ  
AQ Q1 0.0009  -0.0014  0.0025  0.0033 ** 0.0019  0.0010  0.0016  0.0014

AQ Q2 0.0027  -0.0001  0.0022  0.0014  0.0042 *** 0.0015  0.0014  0.0015

AQ Q3 -0.0011  0.0001  0.0002  0.0020  0.0040 *** 0.0051  0.0019 * 0.0013

AQ Q4 0.0027  -0.0006  0.0014  0.0024  0.0023 * -0.0004  0.0007  0.0008

AQ Q5 0.0046  -0.0030  -0.0014  0.0021  0.0044 *** -0.0002  -0.0001  0.0008

AQ Q5-Q1 0.0037  -0.0016  -0.0039  -0.0012  0.0025   -0.0017  -0.0006

GRS Stat 
(p-value) 

1.49 (0.1929)        

 
Notes: Variable definitions are in Appendix A. See Table 3 notes and Section 4.2 for model descriptions. Panels A and B 
present the αp estimates from the 3FF+LIQ model for each of the 25 SIZE/AQ groups from Table 4 split into low and high 
institutional ownership. Firms are deemed to be of low (high) institutional ownership if they are in the lowest (highest) 40% 
of INSOWN within their own SIZE/AQ group. Both panels also include an additional column (row) that reports the 
difference in estimates between SIZE (AQ) Q5 and Q1(“Q5-Q1”), and a column that shows the estimates when the SIZE Q1 
portfolios are excluded (“Q2~Q5 Pooled”), and a column that shows the coefficient estimate when only AQ and INSOWN 
(but not SIZE) are used for portfolio formation (“Overall”). ***, ** and * next to coefficient estimates represent statistical 
significance at the 0.01, 0.05and 0.10 levels respectively. 
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Table 6. Earnings announcement returns 
 
SIZE Q1  Q2  Q3  Q4  Q5 Q5-Q1  Q2~Q5 Overall 
quintile Small        Large   Pooled  
 
Panel A: Firm-specific market-adjusted returns: Rj – Rm (value-weighted) 

AQ Q1 0.0126 *** 0.0045 *** 0.0019 *** 0.0009 * 0.0018 *** -0.0108 *** 0.0023 *** 0.0043
AQ Q2 0.0152 *** 0.0048 *** 0.0007  0.0010  0.0020 *** -0.0132 *** 0.0021 *** 0.0047
AQ Q3 0.0141 *** 0.0041 *** 0.0009  0.0009  0.0020 *** -0.0121 *** 0.0020 *** 0.0044
AQ Q4 0.0180 *** 0.0030 *** 0.0018 ** 0.0006  0.0021 *** -0.0159 *** 0.0019 *** 0.0051
AQ Q5 0.0187 *** -0.0002  -0.0037 *** 0.0021 ** 0.0011  -0.0176 *** -0.0002  0.0036
AQ Q5-Q1 0.0061 ** -0.0047 *** -0.0056 *** 0.0012  -0.0007   -0.0025 *** -0.0007
 
Panel B: Average excess portfolio returns 

AQ Q1 0.0103 *** 0.0042 *** 0.0016 ** 0.0003  0.0010 * -0.0093 *** 0.0018 ** 0.0037
AQ Q2 0.0110 *** 0.0044 *** 0.0002  0.0008  0.0018 *** -0.0092 *** 0.0018 ** 0.0037
AQ Q3 0.0096 *** 0.0037 *** 0.0001  0.0007  0.0015 ** -0.0081 *** 0.0015  0.0030
AQ Q4 0.0143 *** 0.0022  0.0011  0.0000  0.0013  -0.0130 *** 0.0012  0.0037
AQ Q5 0.0151 *** -0.0022  -0.0058 *** 0.0015  -0.0003  -0.0154 *** -0.0017  0.0020
AQ Q5-Q1 0.0048 * -0.0064 *** -0.0074 *** 0.0012  -0.0013   -0.0035 *** -0.0017
 
Panel C: Average excess returns – low institutional ownership portfolios 

AQ Q1 0.0113 *** 0.0033 * 0.0006  -0.0012  0.0007  -0.0106 *** 0.0009  0.0029
AQ Q2 0.0092 *** 0.0049 ** 0.0005  0.0000  0.0004  -0.0088 *** 0.0015  0.0030
AQ Q3 0.0104 *** -0.0004  -0.0015  -0.0001  0.0013  -0.0091 *** -0.0002  0.0019
AQ Q4 0.0162 *** -0.0016  -0.0042 ** -0.0025 * -0.0012  -0.0174 *** -0.0024  0.0013
AQ Q5 0.0188 *** -0.0016  -0.0082 *** -0.0025  -0.0018  -0.0206 *** -0.0035 * 0.0009
AQ Q5-Q1 0.0075 * -0.0049 * -0.0088 *** -0.0013  -0.0025   -0.0044 *** -0.0020
 
Panel D: Average excess returns – high institutional ownership portfolios 

AQ Q1 0.0106 *** 0.0055 *** 0.0041 *** 0.0023 *** 0.0022 *** -0.0084 *** 0.0035 *** 0.0049
AQ Q2 0.0140 *** 0.0059 *** 0.0012  0.0017  0.0033 *** -0.0107 *** 0.0030 ** 0.0052
AQ Q3 0.0102 *** 0.0097 *** 0.0031 ** 0.0008  0.0030 *** -0.0072 *** 0.0042 *** 0.0054
AQ Q4 0.0146 *** 0.0067 *** 0.0060 *** 0.0029 ** 0.0026 ** -0.0120 *** 0.0046 *** 0.0066
AQ Q5 0.0098 ** -0.0006  -0.0005  0.0056 *** 0.0016  -0.0082 *** 0.0015  0.0032
AQ Q5-Q1 -0.0008  -0.0061 ** -0.0046 * 0.0033 * -0.0006   -0.0020 * -0.0017

 
Notes: Variable definitions are in Appendix A. Panel A shows the market-adjusted cumulative 3-day announcement returns 
(Rj – Rm) averaged across all firms in each SIZE/AQ portfolio. Panel B calculates the mean excess market-adjusted 
cumulative 3-day announcement returns for each quarter first and then reports the average across all quarters. Panels C and 
D similar to Panel B but separate the portfolios within each SIZE/AQ based on institutional ownership. Each Panel includes 
an additional column (row) that reports the difference in returns between SIZE (AQ) Q5 and Q1 portfolios (“Q5-Q1), a 
column that shows the returns when the SIZE Q1 portfolios are excluded (“Q2~Q5 Pooled”), and a column that shows the 
returns when firms are pooled across sizes. ***, ** and * next to returns numbers represent statistical significance at the 
0.01, 0.05, and 0.10 levels respectively. 


