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ABSTRACT 

 
I investigate links between two commonly employed measures of accounting 

information, discretionary accruals and accruals quality, and errors in sell-side analysts’ 

forecasts of firms’ quarterly earnings per share. I measure analyst forecast error as the 

difference between the mean forecast and actual earnings as reported by First Call. I 

improve upon prior studies’ measures of discretionary accruals and accruals quality in 

two ways. First, the regression equations that I use in estimating both measures use 

quarterly, rather than annual, financial statement data. I convert the quarterly data to 

trailing twelve month (four quarter) data in order to run the regressions necessary to 

estimate discretionary accruals and accruals quality. Second, I use random coefficients 

regression, rather than ordinary least squares regression, to model accruals in estimating 

discretionary accruals and to model certain changes in working capital in estimating 

accruals quality. My use of random coefficients regression allows me to leverage firm-

specific and industry-specific information, as well as information about my entire sample 

of firm quarters. 

I find that discretionary accruals tend to decrease as the absolute size of analyst 

forecast error increases. One possible reason for this finding is that firms record income-

decreasing accruals as their earnings deviate from analysts’ forecasts by large amounts, 

either positive or negative. I find that analyst forecast errors tend to grow larger, in 

absolute terms, as accruals quality decreases, suggesting that analysts have a relatively 

difficult time forecasting firms’ earnings when those firms’ accruals are of relatively low 
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quality. I find that discretionary accruals and accruals quality are both useful in 

explaining variation in analyst forecast error levels. 



Texas Tech University, Mark Riley, May 2007 

 

vii 

LIST OF TABLES 

 
2.1 Selection of Analyst Forecast Error Sample - Dissertation Proposal 

 
15 

2.2 Descriptive Statistics - Analyst Forecast Error Scaled by Stock Price -  
Dissertation Proposal      
 

 
17 

2.3 Scaled Analyst Forecast Error Observations By ScaledAFE Range and 
Quarter - Dissertation Proposal - Final Analyst Forecast Error Sample 
 

 
22 

2.4 Descriptive Statistics - Dissertation Proposal - Discretionary Accruals 
Sample 
 

 
32 

2.5 Scaled Analyst Forecast Error Observations By ScaledAFE Range and 
Quarter - Dissertation Proposal - Discretionary Accruals Sample 
 

 
34 

2.6 Mean Standard Deviations of Residuals: Accruals Quality – Dissertation  
Proposal - Accruals Quality Sample 
 

 
48 

2.7 Scaled Analyst Forecast Error Observations By AFE Group and Quarter - 
Dissertation Proposal - Accruals Quality Sample 
 

 
50 

3.1 Selection of Analyst Forecast Error Sample 
 

58 

3.2 Descriptive Statistics - Scaled Analyst Forecast Error - AFE Sample  
1997 – 2004 
 

 
62 

3.3 Analyst Forecast Error Sample Descriptive Statistics by AFE Group 
 

64 

3.4 Sample Selection –Discretionary Accruals Sample 
 

77 

3.5 Summary of Discretionary Accruals Measures 
 

81 

3.6 Sample Selection – Accruals Quality Sample 
 

87 

3.7 Summary of Accruals Quality Measures 
 

90 

4.1 Distribution of Observations by Year and Quarter – Final Sample 
 

93 

4.2 Model of Log-transformed Absolute Analyst Forecast Error Using Accruals 
Quality or Discretionary Accruals Measures as Predictors 
 
 

 
108 

 



Texas Tech University, Mark Riley, May 2007 

 

viii 

4.3 Model of Log-transformed Absolute Analyst Forecast Error Using Accruals 
Quality and Discretionary Accruals Measures as Predictors – Full Sample 
 

 
118 

4.4 Model of Log-transformed Absolute Analyst Forecast Error Using Accruals 
Quality and Discretionary Accruals Measures as Predictors – Winsorized 
Sample 
 

 
 

121 

 



Texas Tech University, Mark Riley, May 2007 

 

ix

 

LIST OF FIGURES 

 
2.1 Distribution of Scaled AFE - Dissertation Proposal – Initial AFE Sample 

 
7 

2.2 Distribution of Scaled AFE - Dissertation Proposal – Final AFE Sample 
 

19 

2.3 Distribution of Scaled AFE - Dissertation Proposal – Discretionary Accruals  
Sample 
 

 
31 

2.4 Mean Discretionary Accruals Plotted by AFE Group - Dissertation Proposal 
- Discretionary Accrual Sample 
 

 
35 

2.5 Distribution of Scaled AFE - Dissertation Proposal - Accruals Quality 
Sample 
 

 
45 

2.6 Mean Absolute Accruals Quality Residuals Plotted by AFE Group - 
Dissertation Proposal - Accruals Quality Sample 
 

 
47 

3.1 Distribution of Scaled AFE 1997-2004 
 

61 

4.1 Mean Modified Jones Model Discretionary Accruals by AFE Group 
 

98 

4.2 Mean Modified BSDA Model Discretionary Accruals by AFE Group 
 

99 

4.3 Mean DDAQ Model Accruals Quality Measure By AFE Group 
 

101 

4.4 Mean BSAQ Model Accruals Quality Measure By AFE Group 
 

102 

4.5 Plot of LNScaledAFE by DDAQ 
 

114 

4.6 Plot of LNScaledAFE byModJDA 
 

115 

4.7 Plot of LNScaledAFE byModBDA 
 

116 

 



Texas Tech University, Mark Riley, May 2007 

 

1 

CHAPTER I 

INTRODUCTION 

This dissertation examines the extent to which two measures commonly used in 

academic accounting research, discretionary accruals and accruals quality, can be used to 

explain variation in differences between Wall Street analysts’ quarterly forecasts of 

publicly traded firms’ earnings and those firms’ actual earnings (i.e. variation in levels of 

analyst forecast error). Analysts’ forecasts are important sources of information for 

investors. As I discuss in chapter II, it is reasonable to assume that analysts attempt to 

provide accurate earnings estimates and that they use accounting information in forming 

those estimates. 

 Discretionary accruals and accruals quality are two measures that accounting researchers 

have employed in attempting to capture specific qualities of firms’ accounting accruals. 

Measures of discretionary accruals are designed to estimate the extent to which firms 

manage earnings by exercising discretion over various accruals. Accruals quality 

estimates are computed with the goal of determining the extent to which current period 

working capital accruals reflect prior, current, and future period cash flows. My 

dissertation is motivated by the following logic: When firm managers utilize 

discretionary accruals to manage earnings (i.e. record high or low discretionary accruals) 

and / or when the relationship between a firm’s accruals and its cash flows weakens (i.e. 

accruals quality drops) predicting the firm’s earnings should be more difficult, leading to 

larger analyst forecast errors.   
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Chapter II is a slightly modified version of the proposal for this dissertation.  

Chapter II includes discussions of the general distribution of quarterly analyst forecast 

errors for firms with calendar year-ends over the period 2000 to 2004 as well as two of 

the models commonly used to assess discretionary accruals and accruals quality. Chapter 

II also provides preliminary evidence of relationships between analyst forecast errors and 

accounting information. While chapter II identifies other interesting patterns, such as a 

tendency for large analyst forecast errors to occur in the fourth quarter, my dissertation 

committee and I concluded that the most compelling question posed by the empirical 

evidence in my proposal is whether estimates of discretionary accruals and accruals 

quality are both useful in explaining variation in analyst forecast error. 

In chapter III of this dissertation, the distribution of analyst forecast errors for an 

expanded period (1997-2004) is discussed and compared to the distribution of analyst 

forecast error documented in my dissertation proposal. In addition to the discretionary 

accruals model and accruals quality model discussed in my proposal, in chapter III, I use 

an additional discretionary accruals model and an additional accruals quality model, both 

of which are based on models introduced by Ball and Shivakumar (2006). The addition of 

Ball and Shivakumar’s (2006) discretionary accrual model and accruals quality model 

allows me to compare those models with the modified Jones discretionary accrual model 

and the Dechow-Dichev accruals quality models utilized in my dissertation proposal. 

In an additional modification of the methodology used in chapter II, I use random 

coefficients regression (RCR), rather than ordinary least squares (OLS) regression to 

estimate discretionary accruals and accruals quality. RCR allows me the flexibility of 
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estimating unique discretionary accrual and accruals quality models for each firm in my 

sample.   

In chapter IV, I address my primary research question. I begin by estimating 

regression models of a log-transformed measure of absolute analyst forecast error, scaled 

by stock price, on measures of either discretionary accruals or accruals quality and 

several control variables. I then model analyst forecast error on sets of predictor variables 

that contain both a discretionary accruals measure and an accruals quality measure, again 

along with several control variables.  Comparison of the models that combine 

discretionary accruals and accruals quality with the models including only one 

accounting information variable provides evidence that discretionary accruals and 

accruals quality both contribute to an explanation of variation in levels of analyst forecast 

errors for the firm quarters included in my sample. After addressing my primary research 

question directly, I conclude and discuss directions for future research. 
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CHAPTER II 

PROPOSAL FOR RESEARCH 

Introduction and Motivation 

Meeting investors’ earnings expectations is important to managers of public 

firms.  Earnings expectations are often shaped by sell-side analysts who issue earnings 

forecasts for firms they cover. Based on the importance managers place on meeting 

analysts’ earnings estimates and incentives for analysts to forecast earnings accurately 

(e.g. added demand for the services of the institutions that employ them and recognition 

as “star analysts”) it is not surprising that in many cases analysts’ earnings forecasts are 

accurate. What is surprising is that in a substantial minority of cases, analysts’ estimates 

turn out to be incorrect by large amounts.   

I investigate links between analyst forecast errors (“AFEs”) and accounting 

information and contribute to the analyst forecast error literature as well as the literature 

on accruals quality and discretionary accruals. I find that for extremely large analyst 

forecast errors (both positive and negative) discretionary accruals tend to be negative. In 

addition, I provide a unique addition to prior researchers’ interpretations by 

simultaneously considering discretionary accruals and accruals quality. Accruals quality 

measurements at extreme AFE levels are low and firms with low accruals quality 

experience larger standard deviations in analysts’ forecast errors than firms with high 

accruals quality. In short, the evidence for a link between accruals and AFEs is strong. In 

this paper, I document patterns that suggest studying AFEs along with discretionary 
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accruals and accruals quality simultaneously might be more informative than studying 

AFEs with either measure individually. 

The research carried out here is motivated by an interest in the occurrence of large 

AFEs and in the association between information provided in financial statements and 

variances in AFE levels. While analysts use a good deal of non-accounting information, 

they also utilize financial information in making earnings forecasts. Therefore, there is 

ample reason to expect the existence of a link between the usefulness of accounting 

information and the size of AFEs. This proposal’s goal is to gain a more thorough 

understanding of the role that accounting information plays in informing analysts. As 

such, this proposal extends our knowledge of the role accounting data plays in informing 

financial statement users in general. 

Background and Literature Review 

Analyst Forecast Errors 

Sell-side financial analysts employed by investment banks forecast the quarterly 

and annual earnings per share of the publicly-traded firms they follow.1 Analyst forecast 

errors are computed by subtracting these estimates from the earnings per share figures 

that firms actually report. These errors and the processes that generate them are important 

to capital markets.  Articles in the business press and empirical studies assert (and 

provide evidence) that market participants react accordingly when firms announce 

earnings that fall short of or exceed analysts’ forecasts (e.g. Chambers et al. 2005; 

                                                 
1 Buy-side analysts also issue earnings estimates.  However, rather than being available to the entire 
market, these estimates generally constitute private information that is available only to the institutions 
employing the buy-side analysts. 
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DeFond and Park 2001; Fox 2006). Regulators as well as academics and practitioners are 

interested in these reactions. For example, former SEC chairman Arthur Levitt cites an 

example of a six percent market capitalization loss in one day following a one cent per 

share expected earnings shortfall (Levitt 1998). If analysts regularly generate forecasts 

that are inaccurate or systematically biased, market participants’ reliance on those 

forecasts could result in substantial unwarranted volatility in stock prices or other 

apparent market inefficiencies. 

Because analysts’ forecasts are so important to capital markets it is important to 

know how accurate these forecasts are and whether they are biased. An overall pattern of 

analyst forecast accuracy is reflected in the large proportion of AFEs that take on values 

at or around zero in extant studies (Abarbanell and Lehavy 2003; Brown and Caylor 

2005). This pattern is illustrated in figure 2.1, which displays analyst forecast errors, 

scaled by stock price for the initial AFE sample (discussed further below) used in this 

proposal. However, analysts’ forecasts deviate from actual earnings by surprisingly large 

amounts in a sizable minority of cases. For example, Abarbanell and Lehavy (2003) 

document that nine percent of analyst forecast errors in their sample have absolute values 

in excess of one percent of stock price; another 11 percent exceed half of one percent of 

stock price. Thus, two apparently contrasting assessments of the distribution of AFEs are 

supportable. One view is that analysts’ earnings forecasts are generally accurate.  A 

second view is that analysts’ earnings forecasts are, more often than one would expect, 

wrong by economically significant amounts. 
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Figure 2.1 

Distribution of Scaled AFE - 

Dissertation Proposal – Initial AFE Sample 

 
To compute the value of the variable ScaledAFE for a particular firm quarter, the 

First Call consensus analyst forecast for that firm and quarter is subtracted from the 
firm’s actual earnings for the quarter. This difference is then divided by the firm’s 
beginning-of-quarter stock price with the result multiplied by 100. 

 
The incidence of a substantial minority of large AFEs is surprising for several 

reasons.  First, analysts have incentives to make accurate forecasts. Intuition suggests that 

recognition as an especially accurate analyst and increased business for their institutions 

might create incentives for analyst forecast accuracy. Empirical evidence also indicates 

that accurate analysts enjoy better career prospects than their less accurate peers (Hong 
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and Kubik 2003; Mikkail et al. 1999). Second, analysts can and often do update their 

forecasts for a given firm during the period before that firm publicly announces its 

earnings per share figure.2 In considering forecast updates, analysts, at times, have access 

to vast amounts of information provided by the firm and other sources. Obviously, the 

opportunity for analysts to update earnings forecasts should mitigate the occurrence of 

large forecast errors. Finally, managers are aware of earnings targets and try to avoid 

missing them, at least on the negative side (Graham et al. 2004). 

Trends in AFE bias indicate that managers have, on the whole, been more 

successful in avoiding negative AFEs (cases where actual earnings per share fall short of 

analyst forecasts) during the 1990s and early 2000s than they were in the 1980s. Kothari 

(2001) notes that a number of studies report systematic analyst optimism (e.g. reported 

earnings are lower than forecasts), but that optimism seems to be “waning” (153). 

Subsequent studies of AFEs (Richardson et al. 2004; Brown and Caylor 2005) confirm 

this pattern and document trends in AFEs that point toward increasing analyst pessimism, 

rather than optimism. Richardson et al. (2004) argue that the trend of analyst pessimism 

results from managers “walking analysts down” to earnings forecasts that they expect 

their firms to exceed.   

Extant empirical work suggests that links exist between accounting information 

and analysts’ forecasts. McEwen and Hunton’s (1999) behavioral study indicates that 

more accurate analysts focus on specific pieces of financial information, such as five-year 

                                                 
2 Updates occur when analysts’ earnings expectations change.  An analyst might change his or her earnings 
estimate for a given firm for variety of reasons, including firm-specific or macroeconomic news events that 
have implications for earnings, either positive or negative. 
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summaries of earnings. As mentioned below, Liu and Su (2006) document an association 

between accruals and analyst forecast errors. Markov and Tamayo (2006) find that 

analysts appear to learn from prior earnings information, but do not completely 

incorporate these patterns in their forecasts. In cases where large AFEs occur, the factors 

that should produce accurate forecasts are offset by one or more other influences. It is 

pertinent to ask whether these offsetting influences are associated in some way with the 

accounting data provided to analysts and the investment community.   

The Financial Accounting Standards Board (FASB) states that the information in 

financial statements should be “comprehensible to those who have a reasonable 

understanding of business and economic activities and are willing to study the 

information with reasonable diligence” (FASB 1978: 5). The FASB (1978) recognizes 

that financial statement information is used to help predict an entity’s future earnings and 

states that, “to the extent possible,” financial statement information should be useful for 

this purpose.3   

Sell-side analysts are sophisticated users of financial statements and certainly fit 

the description of persons to whom financial statement information should be useful in 

predicting future earnings. Accordingly, studies of relationships between accounting 

accruals and the actions of analysts can provide information about the role that financial 

statement information plays in the decisions of its users and the extent to which that 

information meets the FASB’s stated goals. This proposal uses two measures of accruals, 

                                                 
3 In this same paragraph, the FASB also cites evaluation of management performance, estimation of 
earnings power, and risk assessment as uses of financial statement information (FASB 1978, paragraph 
.47). 
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discretionary accruals and accruals quality, to explore the relationship between 

accounting and analyst forecast errors, with special attention given at some points to 

AFEs with relatively large absolute values. 

Discretionary Accruals 

 
 The construct “discretionary accruals” captures the extent to which management records 

non-cash income or expense items in an unexpectedly aggressive (income increasing) or 

conservative (income decreasing) manner, given the firm’s use of accruals in other 

periods. Discretionary accruals might or might not be recorded in accordance with 

generally accepted accounting principles (GAAP). In other words, they can represent 

management’s use of the latitude in GAAP or management’s failure to adhere to GAAP. 

High levels of positive or negative discretionary accruals are often interpreted in the 

accounting literature as indicators of earnings management.   

Prior research indicates that analysts have more difficulty forecasting the earnings 

of firms with high levels of accruals, whether those accruals are discretionary or 

nondiscretionary.  Bradshaw, et al. (2001) find links between total accruals and errors in 

analysts’ forecasts of annual earnings.  From 1988 to 1998 they document a general 

pattern of optimism in analyst forecasts. Analysts’ earnings forecasts for firms with high 

levels of prior year accruals exhibit more optimism than forecasts for firms with lower 

accruals. Liu and Su (2006) find that the values of AFEs and total accruals are negatively 

associated.  In other words, higher (lower) accruals are associated with more optimistic 

(pessimistic) analyst forecasts. 
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Inherent in many studies of discretionary accruals is an implication that managers 

use discretionary accruals to meet or beat earnings targets. Ayers et al. (2006) test this 

assertion by studying whether firms use discretionary accruals to meet three types of 

earnings targets,  earnings levels (e.g. zero versus positive earnings per share), earnings 

changes (e.g. earnings equal to prior period earnings versus earnings exceeding prior 

period earnings), and analysts’ forecasts (e.g. meeting versus falling short of analysts’ 

forecasts). Ayers et al. (2006) find evidence supporting the conclusion that firms do 

manage earnings in order to meet analysts’ forecasts, but do not necessarily manage 

earnings around other earnings targets.4   

Abarbanell and Lehavy (2003) focus on the “tails” and “middle” asymmetries in 

the AFE distribution and investigate associations between these asymmetries and 

discretionary accruals. The “tails” asymmetry refers to the occurrence of more extreme 

observations in the left-hand tail of the AFE distribution (i.e. the tail containing 

observations in which actual earnings fall well short of the consensus analyst forecast) 

than in the right-hand tail. The “middle asymmetry” refers to the existence of more small 

positive AFEs than small negative AFEs. Abarbanell and Lehavy (2003) conclude that 

links between large negative discretionary accruals in the tails of the AFE distribution 

and fewer income-decreasing discretionary accruals in the middle of the distribution 

might account for the existence of the asymmetries. 

                                                 
4 Ayers et al. (2006) conclude, however, that they cannot rule out the possibility that discretionary accruals 
and firm performance are correlated.  Thus, it is still possible that discretionary accruals and analyst 
forecast error are associated only through an intervening variable, firm performance. 
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Accruals Quality 

While substantial research investigating associations between discretionary 

accruals and analyst forecast error exists, there has been less research studying the 

association between AFEs and another accruals-based measure, accruals quality. 

Accruals quality measures capture the extent to which changes in working capital 

correspond to cash flows in prior, current, and future periods.  I conjecture that higher 

levels of such a correspondence should make a firm’s earnings more predictable, thus 

reducing the absolute values of analyst forecast errors. Dechow and Dichev (2002) 

develop a measure of accruals quality that is based on the mechanics of the accrual 

process. Assuming no estimation errors in working capital accruals, every working 

capital accrual recorded as of the end of a one-year period should correspond to a cash 

expenditure or receipt occurring during the prior year, the current year (i.e. the year the 

accrual is recorded), or the following year. In general, a firm’s working capital accruals 

can be considered high in quality if that firm’s cash flows and working capital accruals 

relate to one another in a predictable manner over time. 

 Dechow and Dichev (2002) conclude that the accruals quality construct has power that is 

incremental to that of discretionary accruals in explaining earnings persistence. The 

incremental explanatory power of accruals quality in the earnings persistence setting may 

well extend to the AFE context. Francis et al. (2004) find that, all else equal, firms with 

higher accruals quality tend to enjoy lower costs of capital. Dechow and Dichev’s (2002) 

findings, together with those of Francis et al. (2004), suggest that sell-side analysts might 

find the financial statements of firms with high accruals quality more useful than the 
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financial statements of firms with low accruals quality. Accordingly, analysts should be 

better able to forecast accurately the earnings of firms with high, as opposed to low, 

accruals quality.   

Dissertation Proposal Data, Sample Selection, and Empirical Evidence 

Calculation of Analyst Forecast Error 

In this proposal, I examine quarterly AFEs using the mean consensus estimate in 

the First Call Historical Estimates database to measure the consensus analyst forecast for 

each firm quarter from 2000 to 2004. This time span covers periods in which the stock 

market and U.S. economy enjoyed relatively strong performances as well as a period 

during which the economy and stock market experienced downturns.   

Actual earnings per share figures are from the First Call Historical Actuals 

database.5 In order to gain assurance as to the comparability of my AFE data with prior 

studies, I compare the distribution of AFEs in my sample to AFE distributions presented 

in extant research. Analyst forecast error is computed as follows6: 

                                                 
5 First Call requires analysts to estimate earnings from operations before extraordinary items.  Therefore, it 
is important to use the actual EPS figure in the First Call Historical Database in order to obtain comparable 
numbers. However, there is sometimes more than one actual number in the First Call database for a single 
firm quarter. Actual EPS figures in the First Call Historical Database are “tagged” both with announcement 
dates (i.e. the date the public was made aware of the earnings figure) and with system dates (i.e. the date 
that First Call personnel entered actual figures into its database). Multiple actual EPS figures sometimes 
appear for a single announcement date.  This can occur due to restatements or corrections of First Call data 
entry errors. For the dissertation proposal, after eliminating observations with announcement dates prior to 
their related fiscal period ends, I selected the First Call actual EPS figure with the earliest announcement 
date and the latest First Call system date (to allow for error corrections).   
6 The figure obtained from dividing the difference between actual and estimated earnings by the beginning-

of-quarter stock price is multiplied by 100 in order to allow expression of decimal values as percentages 
(e.g. 0.03 becomes 3.00%). This transformation has no effect on any results presented. Stock price data is 
obtained from the CRSP Monthly Stock file. All earnings estimates, actual earnings figures, and stock 
prices are adjusted for stock splits. 
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( )[ ] 100*/ 1,,,, −−= qjqjqjqj PRICEESTEPSScaledAFE ,                                     (2.1) 

where: 

qjEPS ,   =  actual diluted earnings per share from continuing operations, per 

the First Call Actuals database, for firm j in quarter q 

qjEST ,    =   First Call consensus estimate of diluted earnings per share for firm 

j in quarter q 

1, −qjPRICE   =  stock price, per the CRSP Monthly Stock Price file, for firm j at 

the end of quarter q-1 

Initial Sample 

The initial sample of AFE firm quarters for this proposal is comprised of 24,697 

observations ranging from the first quarter of 2000 to the fourth quarter of 2004. Only 

firms with calendar year-ends are included in the sample in order to improve 

comparability among observations.7 Consistent with Brown and Caylor (2005) and 

Burgstahler and Dichev (1997), I eliminate firms in regulated industries (two-digit SIC 

codes 44-49). Because of the importance of accounting accruals to my study, I also 

eliminate financial firms (two-digit SIC codes 60-67). Desai et al. (2004) also eliminate 

financial firms from their sample, noting that it is difficult to interpret accruals for these 

                                                 
7 As a result of including only firms with calendar year-ends in my sample, in analyses of the relationships 
between analyst forecast error and accruals-based measures below, firms in each quarter of each year 
operate in the same macro-economic environments. 
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firms. The sample is winsorized to eliminate the top and bottom one percent of 

ScaledAFE values.8 Table 2.1 provides details of the sample reduction.   

Table 2.1  

Selection of Analyst Forecast Error Sample -  

Dissertation Proposal 

 

 Initial 
sample 

Final 
Sample 

Firm quarter observations from First Call (a) 
 

     38,459         38,459 

Observations with 180 days or more between 
calculation of estimate and earnings announcement 
 

                                   
(1,737) 

                                      
(1,737) 

Observations with two-digit SIC codes 44-49 and 60-
67 

      
(11,521) 

     
(11,521) 

 
Firms with under $25 million in annual sales 

       
 - 

     
   (2,989) 

Top and bottom one percent of scaled analyst forecast 
error values 

       
(504) 

       
           (444) 

 
Observations included 

       
24,697 

  
        21,768 

 
(a) Observations with sufficient data to compute analyst forecast error, scaled 

by price, and the descriptive statistics at table 2.2. 
 

Figure 2.1 illustrates the distribution of analyst forecast error in the initial sample. 

There are more positive errors than negative errors. A substantial number of errors take 

on zero values, and the extreme negative errors have larger absolute values than the 

extreme positive errors in the sample. Abarbanell and Lehavy (2003) document similar 

occurrence rates of both zero and large forecast errors. Approximately 21 percent (as 

compared to 20 percent in their sample) of absolute analyst forecast errors in my sample 

                                                 
8 Eliminating especially extreme values removes a number of cases that are not of interest for this study 
(e.g. data errors, firms experiencing severe financial difficulties, and start-up firms for whom accounting 
accruals are inherently less meaningful than the accruals of firms that have moved beyond the start-up 
phase). This is a common practice in studies of analyst forecast error (e.g. Abarbanell and Lehavy 2003; 
Brown and Caylor 2005; Defond and Park 2001; Lopez and Rees 2002). 
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equal or exceed half of one percent of stock price and 12 percent (as opposed to nine 

percent in their sample) equal or exceed one percent of stock price. 

 In addition to the distributional properties of analyst forecast errors, my sample exhibits 

properties consistent with prior research assessing the effect of adjustments for stock 

splits on AFE calculations. Specifically, Baber and Kang (2002) demonstrate that 

adjusting analyst forecast error data for stock splits results in the conversion of some 

small negative errors to zero values.9  In order to compare my AFE sample to Baber and 

King (2002), I create a “no-split” sample that removes from the initial sample any 

observation in which analysts’ estimates are adjusted for stock splits.10 The descriptive 

statistics in table 2.2 are consistent with Baber and King’s conclusion.  The mean forecast 

error decreases from approximately 0.022 percent of stock price in the initial sample to 

just under 0.01 percent in the “no-split” sample. The median forecast error observation in 

the sample that removes firms with stock splits also drops slightly, a shift that is 

consistent with the proportion of negative errors increasing at the expense of the 

proportion of zero forecast errors. 

                                                 
9 The example of a company that earned $0.25 per share in a quarter for which the consensus forecast was 
$0.26 is illustrative. The denominator in the related calculation of scaled analyst forecast error is -$0.01. 
However, if the company’s stock splits 2-for-1 at a later date, First Call adjusts the original estimate and 
actual figures for the split. Both figures are rounded to the nearest cent and become $0.13, converting a 
negative forecast error to zero.   
10 The “no-split” sample is used only for comparison with Baber and King (2002) and is not used anywhere 
else in this proposal or dissertation. 
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Table 2.2  

Descriptive Statistics - 

Analyst Forecast Error Scaled by Stock Price (a) -  

Dissertation Proposal 

  
 
 

Initial sample 
 

Sample with 
stock split 

observations 
removed 

 
 
 

Final sample (b) 

n 24,697 20,368 21,768 
Mean 0.0222 0.0099 0.0344 
Standard deviation 0.8742 0.8998 0.7283 
Median 0.0424 0.0408 0.0433 
Maximum 4.2373 4.2373 3.5714 
Minimum -7.0303 -7.0303 -5.8065 
 
 
(a) Analyst Forecast error is divided by beginning of quarter stock price, with the result 

multiplied by 100 so that scaled analyst forecast error is expressed as a percentage. 
 
(b) T

he final sample retains observations that have been adjusted for stock splits but drops 
firms with under $25 million in annual sales. 

 

Final Analyst Forecast Error Sample 

Having provided evidence that the AFE data in my initial sample has similar 

characteristics to analyst forecast error data used in prior research, I next discuss 

excluding from my sample firms for which traditional accounting measures likely 

provide a relatively low level of information to financial statement users. As stated 

above, my goal is to explore the process by which accounting data, particularly accruals, 

provide information to financial analysts (and by extension, to other financial statement 

users).   
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  Firms with very low levels of sales are more likely than other firms to be in the 

start-up phase of existence. For firms in the start-up phase, metrics such as cash “burn 

rates” are often more meaningful to investors and creditors than accrual accounting 

numbers. Because of the importance of accrual accounting data in this proposal, I 

eliminate from the final AFE sample firms with annual sales revenue less than $25 

million.11 While this screen probably results in some start-up firms remaining in my 

sample, it corresponds to the SEC’s sales threshold for identifying small business 

issuers.12 As table 2.1 indicates, eliminating firms with under $25 million in sales reduced 

the analyst forecast error sample by 2,989 observations.13  

Figure 2.2 illustrates the distribution of analyst forecast errors after firms with 

annual revenues under $25 million are eliminated from the sample, lending further 

credence to the assertion that, in general, analysts’ forecasts are accurate. The most 

striking difference between figure 2.2 and figure 2.1 is the size of the bar that includes 

zero (i.e. no forecast error). The proportion of small and zero forecast errors grows when 

extremely small firms are removed from the sample. This result has intuitive appeal 

                                                 
11 Annual sales for this purpose are measured for the year in which an AFE observation occurs. For 
instance, a firm’s third quarter 2002 AFE observation survives this sample reduction if that firm’s annual 
2002 sales figure exceeds $25 million. I use annual sales per the Compustat Industrial Annual file (data 
item 12) to measure sales. 
12 In order to be defined as a small-business issuer, a firm’s publicly outstanding stock must also be worth 
less than $25 million.  I do not impose this test in reducing my sample. I use only the $25 million sales 
figure because it provides an indicator of whether a business is in an early phase of development, regardless 
of its market capitalization. 
13 Sales data was missing for 677 of these observations. Mean (median) annual sales for the firms 
associated with the remaining 2,312 eliminated observations for which sales data were available were 
$10.57 million ($10.16 million). The most frequent two-digit SIC codes for firms eliminated based on a 
minimum $25 million sales threshold are: 28 (Chemicals and Allied Products – 1,001 observations), 73 
(Business Services – 514 observations), and 38 (Instruments and Related Products – 355 observations).  
992 of the 1,001 observations in two-digit code 28 had the three-digit SIC code 283, “Drugs.”  444 of the 
514 Business Services firms (two-digit SIC code 73) had the three-digit code 737, “Computer and Data 
Processing.” While not offering conclusive proof, these industry membership patterns are consistent with 
the intuition that a large percentage of firms with sales under $25 million are start-ups. 
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because smaller firms would receive less press coverage than larger firms, thereby 

reducing the amount of information available to analysts. In addition, small firms’ 

earnings could be more difficult to forecast because of their ostensibly high level of 

volatility, compared to larger firms (Bathke Jr. et al. 1989).   

Figure 2.2 

Distribution of Scaled AFE - 

Dissertation Proposal – Final AFE Sample 

 
To compute the value of the variable ScaledAFE for a particular firm quarter, the First 
Call consensus analyst forecast for that firm and quarter is subtracted from the firm’s 
actual earnings for the quarter. This difference is then divided by the firm’s beginning-of-
quarter stock price with the result multiplied by 100.    
 

At this point, I have verified that my sample of analyst forecast errors resembles 

other such samples in extant research and have eliminated from my sample a number of 

firms for which accrual accounting information might be less relevant or at least 

qualitatively different than accrual accounting information for other firms. Although the 

$25 million sales screen reduced the incidence of large AFE observations, a sizable 
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number of observations remain in the “tails” of the AFE distribution. As such, I now 

explore patterns of relationships between AFE and accounting information with the 

thought that by studying remaining AFE observations, especially those in the tails of the 

AFE distribution, I might provide some insight regarding the extent to which analysts and 

other market participants use information communicated by accounting data. 

 Quarterly Patterns in Analyst Forecast Errors  

An additional feature of the analyst forecast error data that merits attention is the 

distribution of errors by amount and fiscal quarter. Table 2.3 breaks the final analyst 

forecast error sample that excludes observations for firms with less than $25 million in 

annual sales into eight groups (also referred to below as “AFE groups”). The eight groups 

are obtained by ranking the observations in ascending order of scaled analyst forecast 

error and dividing the sample into deciles. Due to the large number of observations with 

scaled analyst forecast errors equal to zero, deciles 3 through 5 are combined into a single 

group, AFE group 3, reducing the total number of AFE groups to eight. The sixth through 

the tenth deciles comprise groups 4 through 8.  The observations within each group are 

then classified according to the fiscal quarter in which the observation occurred.  

As the data in table 2.3 indicate, large negative errors (e.g. those in AFE group 1) 

tend to occur in the fourth quarter of the year more often than expected. Chi-square tests 

confirm the statistical importance of this trend.14 Possible reasons for this pattern include 

                                                 
14 The null distribution used for the chi-square test takes into account the fact the overall quarterly 
distribution of observations. For example, since 26.13 percent (5,687 of 21,768) of the observations in the 
final analyst forecast error sample fall in the fourth quarter, the null expectation is that  26.13 percent of the 
observations within each AFE group will fall in that quarter.   
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year-end “true-ups” (possibly in connection with annual audits), increased “big bath” 

activity15 in the fourth quarter, or a behavioral phenomenon whereby managers are 

unreasonably optimistic early in the year and come to grips with reality later in the year 

as evidence mounts that their initial optimism was unwarranted.   

Taken together, the quarterly patterns in the analyst forecast error data suggest that 

fourth quarter accounting information is qualitatively different than accounting 

information generated during other quarters. Such qualitative differences would be 

consistent with the “true-up” and audit explanations of large fourth quarter errors. There 

is support for these types of explanations in existing archival and behavioral research. For 

example, Collins et al. (1984) find analysts’ forecast accuracy decreases in the fourth 

quarter and conclude that a “settling-up” effect is the most reasonable explanation for this 

pattern. In an experiment, Ackert et al. (2006) find that when subjects (who play the roles 

of managers and can profit from overstating forecast results) are given opportunities to 

explain discrepancies between forecast and actual results, they tend to make 

overstatements prior to the last of four experimental periods. These subjects are more 

likely than managers who do not have opportunities to explain discrepancies to understate 

forecasts for experimental periods after they make overstatements. As such, Ackert et 

al.’s (2006) experimental results are logically consistent with the quarterly patterns 

discussed above. 

                                                 
15 Big baths occur when managers become aware that their firms are going to miss earnings targets and 
consequently record large discretionary expenses in an effort to build reserves that they can reverse to 
improve earnings in future periods. While it is conjectured that managers sometimes engage in this 
behavior, such behavior is difficult to detect in large-sample archival settings. 



 

 

2
2

Table 2.3  

Scaled Analyst Forecast Error Observations 

By ScaledAFE Range and Quarter -  

Dissertation Proposal - Final Analyst Forecast Error Sample 

 

 AFE 
Group 1 

AFE 
Group 2 

AFE 
Group 3 

(a) 

AFE 
Group 4 

AFE 
Group 5 

AFE 
Group 6 

AFE 
Group 7 

AFE 
Group 8 

 

ScaledAFE 
range 

-5.81 ≥ 
and 

> -0.36 

-0.36 ≥ 
and 

> -0.06 

-0.06 ≥ 
and 

> 0.04 

0.04 ≥ 
and 

> 0.08 

0.08 ≥ 
and 

> 0.14 

0.14 ≥ 
and 

> 0.26 

0.26 ≥ 
and 

> 0.51 

0.51 ≥ 
and 
≥ 3.57 

 

Quarter         All 

1 471 500 1,517 571 540 565 535 597 5,296 

2 526 476 1,605 552 561 538 526 551 5,335 

3 544 621 1,787 527 514 507 504 446 5,450 

4 635 580 1,622 526 562 567 612 583 5,687 

Total 2,176 2,177 6,531 2,176 2,177 2,177 2,177 2,177 21,768 

χ2  14.326 18.673 21.532 7.681 3.464 5.058 6.541 27.492  

p-value (3 
df) 

0.0025 0.0003 0.0001 0.0531 0.3255 0.1676 0.0881 <0.0001  

(a) AFE group 3 contains 4,185 observations with values of zero.  

The chi-squared statistics in this table are computed based on null hypotheses that assume the number of 
observations for each AFE group and each quarter are distributed identically to the population as a whole.  For 
example, the null hypotheses assume that 24.33 percent (5,296/21,768) of each AFE group’s observations occur in 
the first quarter. 
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Discretionary Accruals 

There is substantial precedent in extant research for examining the AFE – 

discretionary accruals relationship. The preliminary findings presented below confirm 

that important findings in prior research apply to quarterly AFEs during the period 

studied in this proposal (2000 to 2004) and extend Abarbanell and Lehavy’s (2003) 

interpretation of the tendency for large positive and negative analyst forecast errors to be 

associated with large negative discretionary accruals.   

Researchers use the discretionary accruals construct to measure the extent to 

which firms record income-increasing or income-decreasing non-cash transactions in a 

pattern inconsistent with an expected pattern.16 For example, firms with high positive 

amounts of discretionary accruals have, for some reason, recorded more income-

increasing accruals than would be expected based on factors such as changes in sales and 

levels of property, plant, and equipment. The use of discretionary accruals is often linked 

in prior research with earnings management (Schipper 1989).   

Measurement of Discretionary Accruals 

The following paragraphs summarize the evolution in prior literature of the 

measurement of discretionary accruals and document the method used to compute 

discretionary accruals in this proposal. There are several important distinctions in the 

literature that uses accruals to study accounting and capital markets. One such distinction 

                                                 
16 In this proposal, I use each firm’s individual history to predict the level of accruals that it will record. 
Another choice might be to predict accruals based on the history of all firms in the same industry. 
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involves the measure of total accruals.  The “balance sheet approach” measures total 

accruals as follows: 

),/()( 1−−∆+∆−∆−∆= ttttttt ADepSTDCashCLCATA                                    (2.2) 

where: 
CA∆     =  change in current assets 

CL∆     =  change in current liabilities 

Cash∆  =  change in cash and cash equivalents 

STD∆   =  change in debt included in current liabilities 

Dep      =  depreciation and amortization expense 

A          =  total assets 

t indicates the current period 

t-1 indicates the prior period 

The balance sheet approach is aptly titled in that it uses information from 

comparative balance sheets to compute the components of total accruals. Sloan (1996) 

uses the balance sheet approach in studying earnings persistence and investor reaction to 

cash and accrual earnings. He concludes that components of earnings attributable to 

accruals are less persistent than the portion of earnings attributable to cash and that 

investors tend to overvalue the accrual component of earnings. 

While some studies such as Sloan’s (1996) use total accruals, others partition total 

accruals into discretionary and non-discretionary accruals. This distinction becomes 

especially important in studies where the focus is on accounting decisions made by 

management. Jones (1991) developed the basis for the model that is most commonly used 
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to split total accruals into discretionary and nondiscretionary components. The Jones 

model regresses total accruals on a term equal to 1 divided by total prior period assets17, a 

term equal to the change in revenue from the prior to the current year, and on the gross 

property, plant, and equipment balance. The point estimate computed by applying the 

coefficients from the regression to current financial data is interpreted as the 

nondiscretionary component of accruals, with the difference between total accruals and 

nondiscretionary accruals considered the discretionary component of total accruals. 

Dechow et al. (1995) modified the Jones model to include a factor for changes in 

receivables in recognition that changes in revenue might lead to nondiscretionary changes 

in receivables. The modified Jones model is commonly used in studies of discretionary 

accruals and begins with a regression model that is specified as follows: 

( ) ( ) ( ) ttttt PPEaREVaAaTA ε++∆+= − 3211 /1                                                   (2.3) 

where: 

1−tA       =  total assets as of the end of the prior year 

tREV∆  =  change in revenue from the prior to the current period 

tPPE    =   gross property plant and equipment 

 

TAt, ∆REVt, and PPEt are all scaled by total assets (At-1) 
 
The coefficient estimates from the above regression are then used to compute 

nondiscretionary accruals as follows: 

( ) ( ) ( )ttttt PPERECREVANDA 3211 /1 ααα +∆−∆+= −                                    (2.4) 

where: 

                                                 
17 The term equal to 1/Total Assets takes the place of a conventional intercept term in the version of the 
Jones Model used in this proposal. 
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tREC∆  = change in net receivables from the prior to the current period 

NDAt, ∆REVt,, ∆RECt, and PPEt are all scaled by total assets (At-1) 
 

,, 21 αα and 3α  are equal, respectively, to the parameter estimates a1, a2, and a3 

from equation (2.3) above 

In addition to Dechow et al.’s (1995) modification of the Jones model, Hribar and 

Collins (2002) also make a significant contribution to the study of discretionary accruals. 

Hribar and Collins (2002) note that the balance sheet approach to measuring total 

accruals can misestimate total accruals in situations where balance sheet amounts change 

for reasons other than operations (e.g. acquisitions). Therefore, Hribar and Collins (2002) 

suggest measuring total accruals in one of two ways. They suggest that the best method 

might be to compute total accruals as the difference between earnings before 

extraordinary items and cash flows from operations. They note, however, that an 

alternative to this approach is to use “bottom line” net income and cash flows from 

operations, thus including cash flows and income from discontinued operations. I take 

this approach when calculating total accruals in this proposal. In order to make their 

analysis comparable to extant research that they are assessing, Hribar and Collins (2002) 

use a second method that is more consistent with the balance sheet approach and is 

specified as follows: 















++

+++
−=

cfcf

cfcfcfcf

cf
DEPCHGOTH

CHGTAXCHGAPCHGINVCHGAR
ACC                                  (2.5) 

where: 
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cfCHGAR    = the decrease (increase) in accounts receivable on the statement of cash 

flows 

cfCHGINV   = the decrease (increase) in inventory on the statement of cash flows 

cfCHGAP     = the increase (decrease) in accounts payable on the statement of cash flows 

cfCHGTAX  = the increase (decrease) in income tax payable on the statement of cash 

flows 

cfCHGOTH = the net change in other current assets on the statement of cash flows, and 

cfDEP          = depreciation expense as presented on the statement of cash flows. 

 Hribar and Collins’ (2002) method is only applicable to the study of periods after 1987, 

when companies were required to include the statement of cash flows with their basic 

financial statements. 

Empirical measures of discretionary accruals in this proposal 

Total accruals for purposes of this proposal are computed using financial 

statement data obtained from the Compustat Industrial Quarterly and Compustat 

Industrial Annual files. I compute total accruals by subtracting cash flows from 

operations from net income, an approach suggested by Hribar and Collins (2002) as 

follows: 

ijijij CFONITA −=                                                                                              (2.6) 

where: 

ijTA     = total accruals for firm i over the four-quarter period j 
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tjNI     = net income for firm i during the four-quarter period j 

ijCFO  = cash flows from operating activities for firm i during the four-quarter 

period j 

 
In the case of a fourth quarter observation, the four-quarter periods referred to 

above are simply calendar years.  In the case of other quarters, these figures include the 

last four quarters of activity. For example, a rolling four-quarter figure for the third 

quarter is computed by including all activity from the prior year’s fourth quarter and the 

current year’s first three quarters. 

Eight years of annual financial statement data are used to estimate coefficients for 

the modified Jones model (Dechow et al. 1995) as follows: 

 ( ) ( ) ( )
qiiiiiqiij PPEaREVaAaTA ε++∆+= − 32,41 /1                                           (2.7) 

where: 

iqA ,4−         = firm i’s total assets as of the end of the corresponding quarter last 

year 

iREV∆      = firm i’s change in revenue from the prior to the current year. 

iPPE         = firm i’s net property plant and equipment as of the end of the year. 

TAt, ∆REVt, and PPEt are all scaled by total assets (At-1) 
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Next, I compute nondiscretionary accruals by applying the coefficients obtained 

in equation (2.7) to each quarter’s rolling 12-month (4-quarter) financial statement data.18 

( ) ( ) ( )
qiiqiqiiiqiij PPERECREVANDA 32,41 /1 ααα +∆−∆+= −                            (2.8) 

where: 
 

ijNDA          = firm i’s nondiscretionary accruals for period j 

qiREC∆       = firm i’s change in net receivables from the corresponding quarter last 

year to the end of quarter q 

NDAt, ∆REVt,, ∆RECt, and PPEt are all scaled by total assets (At-1) 
 

,, 21 ii αα and i3α  are equal to the firm-specific parameter estimates a1i, a2i, and a3i 

from equation (2.7) above. 

all other variables are as defined in equation (2.7) above. 

Discretionary Accruals and Analyst Forecast Errors: Empirical Evidence 

The “discretionary accrual sample” for this dissertation proposal is smaller than 

the full AFE sample. To be included in the discretionary accrual sample, a firm must 

have all necessary information to estimate total accruals using the modified Jones model 

(32 consecutive quarters of data in the Compustat Industrial Quarterly data file and eight 

years in the Compustat Industrial Annual data file). Observations containing the top and 

bottom one percent of scaled analyst forecast errors and / or the top and bottom one 

                                                 
18 The use of annual data to estimate coefficients in the modified Jones (1991) model was a methodological 
choice. An alternative choice would be to use rolling 12-month (four-quarter) figures computed at the end 
of each quarter to estimate the modified Jones model.   
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percent of discretionary accruals observations are removed, leaving 8,115 observations in 

the final discretionary accrual sample.19 

Figure 2.3 presents the distribution of scaled analyst forecast error (ScaledAFE) 

for the discretionary accrual sample. This distribution is similar to the distribution of 

ScaledAFE in the full sample (figure 2.2). One notable difference is the higher proportion 

of forecast errors with values around zero in the discretionary accrual sample. This 

distributional change is consistent with firms that survive the discretionary accrual screen 

(ten years of data available on Compustat) being more stable and therefore more likely to 

generate observations of analyst forecast error equal to or near zero. 

Table 2.4 contains descriptive statistics for the discretionary accruals sample. All 

accruals figures are scaled by total assets, measured with a four-quarter lag, to facilitate 

comparability among firms and quarters. Mean total accruals are negative, mainly 

because of large non-cash expenses, such as depreciation and special charges that reduce 

net income.20 Nondiscretionary accruals comprise the bulk of total accruals. Although 

discretionary accruals have a negative mean, their standard deviation is large relative to 

                                                 
19 The sample for computing discretionary accruals initially contains 11,560 quarterly observations (578 
firms) from 2000 to 2004 and is merged with the analyst forecast error data (not winsorized). Of the 11,560 
discretionary accrual observations, 8,428 have corresponding analyst forecast error data. The eliminated 
(top and bottom one percent of AFE values) observations contain ScaledAFE and discretionary accrual 
values that differ from the remainder of the sample by magnitudes that suggest possible data errors or 
circumstances that cause these cases to be out of the range of observations in which this proposal is 
interested. Observations eliminated on the basis of their scaled analyst forecast error values have absolute 
ScaledAFE values from 2.3 to 79.7 percent of stock price and from -3.9 to -87.1 percent of stock price. 
Observations eliminated on the basis of their discretionary accrual values have values for this variable 
above 19.9 percent or below 23.1 percent of total assets. 
20 The finding of mean negative total accruals is consistent with Sloan (1996), Dechow and Dichev (2002), 
and Hribar and Collins (2002). The write-off or write-down of goodwill in a quarter after a firm’s initial 
implementation of Statement of Financial Accounting Standards No. 142, Goodwill and Other Intangible 

Assets, is an example of such a special charge. Expenses related to such write-offs are recorded as operating 
expenses. Therefore, whether net income or earnings before extraordinary items is used to compute total 
accruals, such write-offs will depress the value of total accruals. 
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their mean and median. The median for discretionary accruals is very close to zero. Thus, 

although mean discretionary accruals are negative, it is apparent that a substantial number 

of observations of positive accruals exist in the sample.  

 

Figure 2.3 

Distribution of ScaledAFE-  

Dissertation Proposal – Discretionary Accruals Sample 

 
To compute the value of the variable ScaledAFE for a particular firm quarter, the First 
Call consensus analyst forecast for that firm and quarter is subtracted from the firm’s 
actual earnings for the quarter.  This difference is then divided by the firm’s beginning-
of-quarter stock price with the result multiplied by 100.  
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Table 2.4 

Descriptive Statistics - 

Dissertation Proposal - Discretionary Accruals Sample 

 

 

n=8,115 

 

Mean 

Standard 

Deviation 

 

Median 

Scaled total accruals(a) -6.855 7.768 -6.081 

Scaled nondiscretionary accruals(a) -6.635 6.685 -5.963 

Scaled discretionary accruals(a) -0.220 5.693 -0.069 

Scaled analyst forecast error 0.032 0.485 0.033 

Adjusted R2 for modified Jones model 0.644 0.296 0.733 

 

(a) Accruals are calculated by subtracting cash flows from operations from net 
income.  The accruals measures presented above are scaled by beginning of 
quarter total assets.  This scaled figure is multiplied by 100 so that the scaled 
accrual amounts are expressed as percentages. 

 
Table 2.5 presents quarterly patterns in errors for the discretionary accruals sample. 

The unexpectedly high proportion of negative errors among groups with the largest 

negative AFEs in the fourth quarter observed in the final AFE sample is also observed in 

the discretionary accruals sample.  

Comparing the characteristics of ScaledAFE in the discretionary accrual sample (table 

2.4) to the final full sample (table 2.2), scaled analyst forecast error in the discretionary 

accrual sample exhibits a slightly lower mean in the discretionary accrual sample. 

However, due to the large standard deviations, relative to the respective means, of 

ScaledAFE in both samples, it is difficult to make reliable statements about the difference 

in means. The standard deviation of scaled analyst forecast error declines from 0.728 in 

the final full sample to 0.485 in the discretionary accrual sample, indicating smaller 

amounts of variation in the latter sample. The reduction in variation is consistent with the 
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discretionary accrual sample containing a greater proportion of stable firms than the full 

sample. Finally, the mean (0.644), median (0.733), and standard deviation (0.296) of the 

adjusted R-squared statistics from the firm-by-firm regressions of total accruals indicate 

that the modified Jones model usually does a reasonably good job of explaining within-

firm variations in total accruals. 

Figure 2.4 plots average discretionary accruals by AFE group, revealing an 

inverted U-shaped relationship between discretionary accruals and analyst forecast error. 

This relationship is consistent with the relationship documented by Abarbanell and 

Lehavy (2003). At both forecast error extremes discretionary accruals are sizable and 

negative. Discretionary accruals become positive, on average, for firm quarters where 

actual earnings fall just below or meet analyst forecasts (AFE groups 2 and 3).  

 I add to Abarbanell and Lehavy’s (2003) big bath explanation the possibility that 

firms experiencing especially positive results record discretionary negative accruals, or 

“cookie jar”21 accruals, allowing them to boost earnings in later periods by reversing 

accruals that prove to be unnecessary.  This explanation has intuitive appeal.  Freeman 

and Tse (1992) document an S-shaped relation between abnormal returns and earnings 

surprises.  In this scenario of diminishing returns, managers might feel that beating 

earnings by an excessive amount is akin to wasting a portion of the firm’s earnings. In 

order to avoid this waste, managers could record discretionary negative accruals when 

their firms’ earnings seem likely to exceed the consensus forecast by a large amount.   

                                                 
21 “Cookie jar” is a widely-used term associated with accruals, or “reserves” that companies record with the 
intent of reversing them to increase income artificially in future periods. For example, Levitt (1998) uses 
this term to describe such reserves. 
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Table 2.5  

Scaled Analyst Forecast Error Observations 

By ScaledAFE Range and Quarter -  

Dissertation Proposal - Discretionary Accruals Sample 

 

 AFE 
Group 1 

AFE 
Group 2 

AFE 
Group 3 

(a) 

AFE 
Group 4 

AFE 
Group 5 

AFE 
Group 6 

AFE 
Group 7 

AFE 
Group 8 

 
All 

ScaledAFE 
range 

-3.86 ≥ 
and ≥  
-0.24 

-0.24 ≥ 
and ≥  
-0.05 

-0.05 ≥ 
and ≥  
0.03 

0.03 ≥ 
and≥ 
0.07 

0.07 ≥ 
and ≥ 
0.11 

0.11 ≥ 
and ≥  
0.19 

0.19 ≥ 
and ≥  
0.39 

0.39 ≥ 
and ≥  
2.36 

 

Quarter          
1 185 162 567 203 197 205 206 231 1,956 
2 167 181 563 191 221 202 202 206 1,933 
3 205 249 676 224 185 181 177 170 2,067 
4 254 220 628 194 208 224 226 205 2,159 

Total 811 812 2,434 812 811 812 811 812 8,115 

χ2 10.897 15.279 6.800 3.974 6.550 4.340 5.688 14.298  

p-value (3 
df) 

0.0123 0.0016 0.0785 0.2643 0.0877 0.2270 0.1278 0.0025  

 
 

(a) This group contains 1,686 observations with values of zero. 

The chi-squared statistics in this table are computed based on null hypotheses that assume the number of observations for 
each AFE group and each quarter are distributed identically to the population as a whole.  For example, the null hypotheses 
assume that 24.10 percent (1,956/8,115) of each AFE group’s observations occur in the first quarter. 
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Figure 2.4 

Mean Discretionary Accruals Plotted by AFE Group -  

Dissertation Proposal - Discretionary Accrual Sample 
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Observations are placed in one of eight AFE groups (x-axis), based on the relative size of 
analyst forecast errors for the related firm and quarter, scaled by stock price, for those 
quarters.  Each AFE group represented above contains 811 or 812 observations, except 
group 3, which contains 2,434 observations, due to the large number of observations that 
take on values of 0.  
 
Scaled discretionary accruals for each firm quarter in the discretionary accrual sample are 
the residuals from an equation that predicts total accruals at the firm quarter level. Scaled 
discretionary accruals are measured as a percentage of total assets.  
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The effect of such strategic use of accruals on the distribution of analyst forecast 

error is consistent with empirical evidence. Specifically the strategic use of negative 

discretionary accruals by managers of firms who are set to miss analyst forecasts by large 

amounts, whether negative or positive, has the effect of sliding analyst forecast errors to 

the left, thereby increasing the absolute values of large negative forecast errors and 

decreasing the absolute values of large positive errors. Therefore, the dual presence of 

“big bath” and “cookie jar” accounting choices made by firms in both tails of the analyst 

forecast error distribution is consistent with the observed pattern of shorter tails on the 

right-hand side (where actual earnings exceed estimates) than on the left-hand side 

(where estimates exceed earnings) of the AFE distribution.   

Consistent with the general argument that Burgstahler and Dichev (1997) make 

about firms avoiding earnings decreases and losses through earnings management, one 

might also conjecture that earnings management occurs in the middle of the AFE 

distribution as firms strive to meet analysts’ earnings forecasts.  Indeed, these firms 

exhibit positive discretionary accruals in figure 2.4, a pattern consistent with these firms 

“pulling out all the stops” to meet earnings forecasts. However, the mean absolute values 

of these firms’ discretionary accruals are lower than the absolute values of the 

discretionary accruals of firms at the tails of the AFE distribution. Thus, the discretionary 

accrual patterns in the middle of the AFE distribution are more difficult to interpret. 

Prior research and the empirical data I present suggest that discretionary accruals 

and analyst forecast errors are associated. There is suggestive evidence that earnings 

management plays a role in the empirical patterns observed, but any conclusions as to 
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connections between earnings management and the distribution of analyst forecast errors 

are tentative. Independent of any earnings management inferences, a more 

straightforward interpretation of the AFE-discretionary accruals relationship is that large 

negative discretionary accruals are associated with large concurrent analyst forecast 

errors. In the section that follows, I investigate the relationship between accounting 

information and analyst forecast errors using a second accruals-based construct, accruals 

quality.  

 Accruals Quality 

In general, the term accruals quality can be interpreted as the faithfulness with 

which accruals represent actual economic events. Dechow and Dichev (2002) develop a 

method of measuring the quality of working capital accruals. Changes in working capital 

for year i are regressed on measures of cash flow from operations for three periods, year 

i-1, year i, and year i+1. Accruals quality is measured based on the residuals from these 

regressions, with lower (higher) residuals indicative of better (worse) accruals quality. 

The general idea behind this measure of accruals quality is that changes in working 

capital should be predicted by the cash flow measures used since working capital account 

changes are related to actual cash flows that occurred or will occur within one year (i.e. in 

the prior, current, or next year).   

Measurement of Accruals Quality 

Dechow and Dichev (2002) measure a firm’s accruals as its change in working 

capital from year t – 1 to year t. Consistent with the logic in Hribar and Collins (2002), 
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Dechow and Dichev (2002) compute changes in working capital using cash flow data to 

alleviate concerns that events other than the firm’s core operations (e.g. acquisitions) 

might affect changes in balance sheet amounts in a manner that causes inaccuracies in 

measuring changes in working capital from operations. Their change in working capital 

measure is as follows: 















++

++
−=∆

scfscf

scfscfscf

ALOTHdecTAXPBLinc

APACCRincInvdecARdec
WC                                           (2.9) 

where: 

scfARdec            = the decrease in accounts receivable on the statement of cash flows (an 

increase in accounts receivable is reflected on the statement of cash 

flows as a negative amount) 

scfINVdec          = the decrease in inventory on the statement of cash flows (an increase in 

inventory is reflected on the statement of cash flows as a negative 

amount) 

scfAPACCRincr  = the increase in accounts payable and accrued liabilities on the 

statement of cash flows (a decrease in accounts payable is reflected on 

the statement of cash flows as a negative amount) 

scfTAXPblinc     = the increase in income tax payable on the statement of cash flows (a 

decrease in taxes payable is reflected on the statement of cash flows as a 

negative amount)  
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scfALOTHdec   =  the net decrease in net other current assets and liabilities on the 

statement of cash flows (an increase in net other assets and liabilities is 

reflected on the statement of cash flows as a negative amount) 

 
Changes in working capital are next modeled as a function of prior year cash 

flows from operations (CFOt-1), current year cash flows from operations (CFOt), and 

following year cash flows cash flows from operations (CFOt+1) in a regression for each 

firm as follows:22 

ttttt CFOCFOCFOWC εββββ ++++=∆ +− 132110                                         (2.10)  

All variables in equation (2.10) are scaled by total assets. After estimating the model in 

equation (2.10), Dechow and Dichev use each firm’s coefficient estimates for β0, β1, β2, 

and β3 to derive point estimates of changes in working capital for each firm-year. 

Accruals quality is measured using the residuals obtained from subtracting estimated 

changes in working capital from actual changes in working capital. At the firm year 

observation level, a lower (higher) residual is indicative of higher (lower) accruals quality 

for that firm quarter. At the firm level, firms with smaller (larger) residual standard 

deviations are considered to have higher (lower) earnings quality.  

                                                 
22 The regression is run at the firm level. A minimum of ten years of data for each firm is required by 
Dechow and Dichev (2002) in order to estimate the above regression. Requiring ten years of data results in 
a minimum of eight data points for each firm. The need for prior year and following year data availability 
remove the first and last year of data from consideration for purposes of estimating this regression. 190 of 
the 1,725 firms with available data in Dechow and Dichev’s (2002) analysis have 12 years worth of data, 
thereby yielding 10 observations for the regression. There are 1,054 firms in Dechow and Dichev’s study 
with 11 years of data (nine data points for the regression) and 481 firms with ten years of data (eight 
regression observations). 
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Empirical measures of accruals quality in this proposal 

 I compute measures of accruals quality as of the end of each quarter from 1997 to 2004 

for a sample of firms (the “accruals quality sample”). In the paragraphs below, I describe 

the process of estimating accruals quality using quarterly data. I then present descriptive 

evidence of two measures of accruals quality for my sample and explore the relationship 

between this measure and analyst forecast errors. 

 In order to maintain consistency with Dechow and Dichev’s (2002) use of the year-to-

year relationship between working capital accruals and cash flows, all of my 

measurements of changes in working capital and cash flows are rolling twelve-month (i.e. 

4-quarter) measures. Equations (2.11), (2.12), and (2.13) illustrate the calculations of 

calendar year-to-date working capital changes (YTD∆WC), trailing 12-month working 

capital changes (TTM∆WC), and trailing 12-month cash flows from operating activities, 

respectively. All figures are computed on a firm-by-firm basis. First, year-to-date changes 

in working capital are computed using cash flow data as follows: 















+

+++
−=∆

scfscf

scfscfscf

ALOTHdecTAXPBLinc

APACCRincInvdecARdec
WCYTD                                           (2.11) 

All variables are as defined in equation (2.9) above. 

( )44 −∆−∆+∆=∆ qPYqqq WCYTDWCYTDWCYTDWCTTM                                            

(2.12) 

where:  

qWCTTM∆      =   change in working capital over the prior four (consecutive) quarters 
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qWCYTD∆      =    year-to-date change in working capital as computed in equation (2.11) 

above 

4PYqWCYTD∆  =    year-to-date change in working capital as of the end of the prior 

calendar year (prior year fourth quarter year-to-date) 

4−∆ qWCYTD    =    year-to-date change in working capital as of the comparable quarter in 

the prior year 

( )44 −−+= qPYqqq YTDCFOYTDCFOYTDCFOTTMCFO                                            (2.13) 

where:  

qTTMCFO     = cash flow from operations over the past four quarters 

qYTDCFO      = year-to-date cash flows from operations (Compustat Industrial Quarterly 

data item no. 108) 

4PYqYTDCFO  = year-to-date cash flows from operations as of the end of the prior 

calendar year (prior year fourth quarter year-to-date), 

4−qYTDCFO   = year-to-date cash flows from operations as of the end of the comparable 

quarter of the prior year 

I separate the observations in the accruals quality sample into four sub-samples. 

Each sub-sample corresponds to one of four fiscal quarters. For example one sub-sample 

contains only observations from firms’ first quarters over the estimation period, another 

contains only observations from firms’ second quarters, and so forth. I estimate the 

coefficients in equation (2.14) separately for each firm and each quarter (i.e. the first, 

second, third, and fourth quarters). Thus, four sets of coefficient estimates are generated 
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for each firm, a set corresponding to that firm’s first quarter observations, a set 

corresponding to its second quarter observations, a set corresponding to its third quarter 

observations and a set corresponding to its fourth quarter observations, all from calendar 

years 1997 to 2004. This estimation process should help mitigate the effects of 

seasonality in a firm’s data as observations from different quarters of different years are 

segregated. For example, the first quarter model for firm i will be based on trailing 12-

month working capital and cash flow from operations figures from that firm’s 1997 

through 2004 first quarters. 

All variables in equation (2.14) are scaled by average total assets. Average total 

assets for a specific quarter, q, are computed by adding a firm’s total assets at the end of 

quarter q to its total assets at the end of quarter q-4 and dividing the sum by 2. Estimation 

of the coefficients for each of the trailing 12-month cash flow variables in predicting 

changes in working capital is accomplished via equation (2.14). The subscripts of "i" in 

equation (2.14) represent firms, while the subscripts of “a” can take on values from one 

through four, depending on the quarter (e.g. a takes on the value of one if the observation 

is a first quarter observation). The subscript “q” merely indicates the current quarter. 

qiiqia

qiiaiqiaiaqi

TTMCFO

TTMCFOTTMCFOWCTTM

εβ

βββ

++

++=∆

+

−

43

2410
                                 (2.14) 

Coefficient estimates obtained from equation (2.14) are then used in equation 

(2.15) to compute predicted changes in working capital. Finally, the residual from 

equation (2.15) is computed in equation (2.16) where the actual change in working 

capital is compared to the predicted value. 
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iaqiqiaiiqiaiaqi TTMCFObTTMCFObTTMCFObbWCMTT 432410
ˆ

+− +++=∆               (2.15) 

where:  

b0ia, b1ia, b2ia, and b3ia are the estimates of β0ia, β1ia, β2ia, and β3ia obtained from equation 

(2.14). 

As noted above, the residual value for the accruals quality is computed as follows: 

qiqiqi WCMTTWCTTMRESID ∆−∆= ˆ                                                                           (2.16) 

Analyst Forecast Error and Accruals Quality: Empirical Evidence 

Two measures of accruals quality are used in this proposal. First, the absolute 

value of the residual from a model predicting cumulative 12-month changes in working 

capital for each firm quarter (|RESIDqi|) can be interpreted as a measure of accruals 

quality, with higher (lower) absolute values of residuals implying lower (higher) accruals 

quality for a specific firm, i, and quarter, q.  

The standard deviation of the residuals for each firm is a second measure of the 

quality of accruals. This measure is at the firm level and indicates the extent to which the 

residuals from equations predicting changes in working capital vary for a specific firm. 

Dechow and Dichev (2002) interpret lower (higher) standard deviations of residuals as 

implying higher (lower) accruals quality. I combine each firm’s residuals over the 32 

quarters from 1997 to 2002 and compute the standard deviation of those 32 residuals, 

yielding a unique standard deviation of residuals measure for each firm. 

Because of the role of lagged and one-year-ahead cash flow data in the estimation 

of changes in working capital, the requirement of eight data points to estimate the 
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accruals quality model translates into a need for ten consecutive years of data (i.e. each 

firm in the sample is required to have 40 consecutive quarters of data available in the 

Compustat Industrial Quarterly file from the first quarter of 1996 to the fourth quarter of 

2005). In order for firms to be included in the accruals quality sample, they must also 

have at least one observation in the final analyst forecast error sample. 

Sufficient data to estimate the quarterly accruals quality model exists for 574 

firms. Over the analyst forecast error period discussed above (20 quarters from 2000 to 

2004), there exist a total of 11,480 accruals quality observations for these firms. These 

observations are matched against a version of the final analyst forecast error sample that 

includes observations that were winsorized in arriving at the final analyst forecast error 

sample. The analyst forecast error sample contains analyst forecast error observations for 

8,623 of the 11,480 accruals quality (firm quarter) observations. Observations with 

extreme (top or bottom one percent) values of either analyst forecast error or the accruals 

quality residual are then removed from the sample, resulting in a final sample of 8,301 

firm quarters.23 This data set (the “firm quarter level accruals quality sample”) is used 

below to examine the relation between analyst forecast error and residuals from the 

accruals quality model. 

A second data set (the “firm-level accruals quality sample”) is comprised of 540 

firm-level observations for firms that remain in the firm quarter level accruals quality 

sample after winsorization based on analyst forecast error and residual values. I use this 

data to explore the relationship between analyst forecast error data and accruals quality at 

                                                 
23 As many as 20 observations in this sample might correspond to a single firm. 
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the firm level. Because this analysis takes place at the firm, rather than the firm quarter 

level, it is less likely to be influenced by one unusual quarter in a firm’s earnings, cash 

flow, and accruals patterns. 

The distribution of analyst forecast errors, scaled by stock price, in the firm 

quarter level accruals quality sample is presented in figure 2.5 and is similar to the 

distribution of the discretionary accruals sample illustrated by figure 2.3. This is not 

surprising, since the data requirements for computing discretionary accruals and accruals 

quality would be expected to result in the retention of similar groups of firms. 

Figure 2.5  

Distribution of Scaled AFE -  

Dissertation Proposal - Accruals Quality Sample 

 

 
To compute the value of the variable ScaledAFE for a particular firm quarter, the First 
Call consensus analyst forecast for that firm and quarter is subtracted from the firm’s 
actual earnings for the quarter. This difference is then divided by the firm’s beginning-of-
quarter stock price with the result multiplied by 100.  
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Figure 2.6 continues the presentation of firm quarter data from the accruals 

quality sample by plotting each AFE group’s mean accruals quality residual. The pattern 

of high residuals (low accruals quality) on the tails of the AFE distribution is consistent 

with a story of earnings management. However, the lower residuals (higher earnings 

quality) in the middle of the AFE distribution are inconsistent with the conjecture that the 

most of firms in the middle of the AFE distribution manage earnings. If firms in the 

middle of the asymmetry were distorting accruals systematically, one would expect them 

to have low accruals quality. However, the firm quarter observations in AFE groups 3 

and 4, the observations for firms that one might argue manage earnings to meet or beat 

analysts’ estimates, are associated with the lowest residuals (i.e. the highest 

correspondence between accruals and cash flows). This inconsistency casts some doubt 

on the assumption that systematic earnings management occurs in the middle of the AFE 

distribution. It also illustrates the value of using both measures of accruals quality and 

discretionary accruals to study how managers use accounting to provide information to 

(or to conceal information from) capital market participants. 

Table 2.6 illustrates the link between accruals quality and analyst forecast error at 

the firm level. The standard deviation of analyst forecast errors is computed for each firm 

in the sample having more than one observation in the winsorized data set (532 firms). 

The firms are ranked by analyst forecast error and placed into one of three groups 

(“StDAFE groups”) according to this statistic. The reasoning behind separating firms by 

standard deviations in AFEs is that higher standard deviations in forecast errors are 

associated with firms whose earnings are more difficult for analysts to forecast. Table 2.6 
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presents the average value of the standard deviation of the residuals from estimating 

working capital changes for the firms in each StDAFE group. The information is 

presented separately for each quarter, since accruals quality is estimated four times for 

each firm, with separate first, second, third, and fourth quarter estimates.  

Figure 2.6 

Mean Absolute Accruals Quality Residuals Plotted by AFE Group - 

Dissertation Proposal - Accruals Quality Sample 
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Observations are placed in one of eight AFE groups (x-axis), based on the relative size of 
analyst forecast errors for the related firm and quarter, scaled by stock price, for those 
quarters.  Each AFE group represented above contains 830 or 831 observations, except 
group 3, which contains 2,490 observations, due to the large number of observations that 
take on values of 0.  
 
Absolute accruals quality residuals represent unexpected changes in working capital 
when modeled on cash flows over a 36-month period.  Absolute accruals quality residuals 
are expressed as a percentage of total assets. Higher absolute mean residuals imply lower 
accruals quality.  The mean absolute accruals quality residual is plotted above for each 
AFE group. 
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Table 2.6 

Mean Standard Deviations of Residuals: Accruals Quality -  

Dissertation Proposal - Accruals Quality Sample 

 

 StDAFE group 
1 

StDAFE group 
2 

StDAFE group 
3 

All groups 

Quarter 1 1.720 2.117 2.697 2.179 

Quarter 2 1.751 2.137 2.707 2.199 

Quarter 3 1.759 2.130 2.707 2.200 

Quarter 4 1.558 2.123 2.809 2.165 

All quarters 1.697 2.127 2.730 2.186 

 

The 532 firms in the accruals quality sample are ranked by the standard deviation of the 
values of their analyst forecast error observations (StDAFE).  They are then split into 
three groups by this measure.  The ranges of StDAFE in each group are as follows: 
 
Group 1: 0.010 to 0.131; Group 2: 0.132 to 0.379; Group 3: 0.379 to 2.049 
 
NOTE:  Lower (higher) standard deviations of residuals imply higher (lower) accruals 
quality at the firm level. 
 

The data in table 2.6 illustrate a clear deterioration in earnings quality from 

StDAFE group 1 to StDAFE group 3. This pattern, together with the relationship between 

residuals from the accruals quality equation and analyst forecast error levels provides 

strong evidence of a link between accruals quality and errors in sell-side analysts’ 

earnings forecasts.   

Table 2.7 presents quarterly patterns in errors for the accruals quality sample. The 

unexpectedly high proportion of large negative errors the fourth quarter observed in the 

final AFE sample is robust to this sample. The tendency for large negative analyst 

forecast errors to occur more often in the fourth quarter, compared to other quarters of the 

year, suggests that there might be quarterly differences in accruals quality. However, 
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there is no clear evidence in table 2.6 of a systematic change in accruals quality across 

quarters.  

Assessing the relationship between AFEs and accruals quality leads to slightly 

different inferences regarding earnings management than those reached by examining 

associations between AFEs and discretionary accruals. AFE – accruals quality patterns 

are consistent with possible earnings management in the tails of the AFE distribution, but 

not in the center of that distribution. All earnings management inferences based on 

relationships between AFEs and accruals must be viewed as tentative. Both measures, 

however, lead to similar and less tentative conclusions with respect to the usefulness of 

accounting information in the analyst forecast generation process. Low accruals quality 

and high absolute levels of discretionary accruals are associated with large analyst 

forecast errors, in absolute terms. Thus, the relationship between accounting information, 

studied using accruals-based measures, and analyst forecast error indicates that 

accounting information is important in the formation of sell-side analysts’ earnings 

forecasts. Examining the research question and hypotheses proposed below will allow me 

to gain additional insights into the role of accruals in the process that leads to analysts’ 

earnings forecasts. 
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Table 2.7  

Scaled Analyst Forecast Error Observations 

By AFE Group and Quarter - 

Dissertation Proposal - Accruals Quality Sample 

 

 

 

 

 

 

 

 

(a) This group contains 1,681 observations with values of zero. 

The chi-squared statistics in this table are computed based on null hypotheses that assume the number of observations for 
each AFE group and each quarter are distributed identically to the population as a whole.  For example, the null 
hypotheses assume that 23.55 percent (1,955/8,301) of each AFE group’s observations occur in the first quarter. 

 AFE 
Group 1 

AFE 
Group 2 

AFE 
Group 3 

AFE 
Group 4 

AFE 
Group 5 

AFE 
Group 6 

AFE 
Group7 

AFE 
Group 8 

 

ScaledAFE 
range 

-3.86 ≥ 
and 

> -0.24 

-0.24 ≥ 
and 

> -0.05 

-0.05≥ 
and 

> 0.03(a)
 

0.03 ≥ 
and 

> 0.07 

0.07 ≥ 
and 

> 0.11 

0.11 ≥ 
and 
≥ 0.19 

0.20 ≥ 
and 

> 0.39 

0.39 ≥ 
and 
≥ 2.36 

 

Quarter         All 
1 173 166 573 207 199 230 213 234 1,955 
2 193 181 592 199 225 194 202 213 1,999 
3 209 259 680 229 190 185 190 170 2,112 
4 255 224 645 195 216 221 225 214 2,195 
Total 830 830 2,490 830 830 830 830 831 8,301 

χ2  9.524 18.325 4.861 4.521 5.337 8.098 3.202 14.982  

p-value (3 df) 0.0231 0.0004 0.1823 0.2104 0.1487 0.0440 0.3615 0.0018  
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Summary of Preliminary Findings and Proposal of Further Research 

This proposal documents several preliminary findings, including the following: 

• Large negative errors occur in analysts’ earnings forecast more often than 

one might expect, given incentives for analysts to make accurate forecasts 

and for firms to provide analysts with information that makes their 

forecasts more accurate. Of 21,768 observations in the winsorized AFE 

sample, 981 (4.5 percent) exhibit negative analyst forecast errors in excess 

of one percent of the firm’s stock price, while 1,743 (8.0 percent) exhibit 

negative analyst forecast errors in excess of 0.5 percent of the firm’s stock 

price (stock price is measured as of the beginning of the quarter). 

• D

iscretionary accruals are especially low (i.e. income decreasing) during 

firm quarters when large forecast errors, positive or negative, occur. This 

is suggestive, but does not provide conclusive proof of, downward 

earnings management by managers of firms at both extremes of the AFE 

distribution.  

• Patterns of discretionary accruals could also be interpreted to provide 

some evidence of earnings management in the middle of the AFE 

distribution. 

• Accruals quality measures reveal patterns in the tails of the AFE 

distribution that are consistent with earnings management inferences 

drawn from studying discretionary accruals and AFEs. However, patterns 
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of accruals quality in the center of the AFE distribution do not suggest 

systematic patterns of earnings management among firms whose actual 

earnings are close or equal to analyst forecast amounts. 

• Firms with relatively low accruals quality have relatively high AFE 

standard deviations. This is consistent with low accruals quality firms’ 

results being relatively difficult to forecast, when compared to the results 

of firms with higher levels of accruals quality. 

• I

n studies of associations between accruals-based accounting measures and 

AFE, it is useful to employ measures of both discretionary accruals and 

accruals quality. The earnings management – middle asymmetry issue 

(discussed above) illustrates that these accounting measures can lead to 

different inferences. 

My findings in this proposal contribute to the analyst forecast literature and the 

accounting accruals literature. I document links between accruals and forecast errors and 

offer a possible reason for the association between low levels of discretionary accruals 

and positive analyst forecast errors. I compare associations between analyst forecast 

errors and discretionary accruals as well as accruals quality. Inferences drawn from 

analyzing these associations are similar, but suggest that these two accruals-based 

measures might have both have explanatory value with respect to analyst forecast errors. 
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Research Question 

 Based on the empirical evidence presented above, I propose the following research 

question related to the preliminary findings in this paper:   

Are estimates of discretionary accruals and accruals quality both 

useful in explaining variation in analyst forecast errors? 

In addressing this question, I will use accruals quality measures, discretionary 

accruals measures, and other relevant control variables as predictor variables in 

regression models predicting analyst forecast error. My model will take the following 

general form: 

εββββ ++++= CONTROLDAAQAFE 3210                                              (2.17) 

where: 

AFE  = a measure of analyst forecast error 

AQ    = an estimate of accruals quality 

DA    = an estimate of discretionary accruals 

β3 represents a vector of coefficients associated with a set of control variables. 

CONTROL represents a vector of control variable values. 

Based on the preliminary evidence presented in this proposal, I form the 

following two hypotheses related to my research question: 

H1: The coefficient associated with accruals quality will be positive and 

statistically significant in a model of the general form of equation (2.17). 

H2: The coefficient associated with discretionary accruals will be negative and 

statistically significant in a model of the general form of equation (2.17). 



Texas Tech University, Mark Riley, May 2007 

 

54 

In modeling firm quarter level analyst forecast error data, my plan is to use the 

absolute value of analyst forecast error as a response variable. Because of the large 

number of zero values in this response variable, I plan to employ TOBIT regression, a 

technique that assumes an underlying process that generates a proportionately large 

number of zero values. A comparison of two TOBIT models using, (1) accruals quality 

and control variables and (2) discretionary accruals and the same set of control variables, 

could yield clues as to which variable is more important in predicting analyst forecast 

error. Control variables would include measures of firm size and risk (e.g. book-to-

market ratios). Finally, I will run a model of analyst forecast error containing estimates of 

accruals quality and discretionary accruals as predictor variables. If in such a model the 

signs of the coefficients associated with estimates of accruals quality and discretionary 

accruals are consistent with the predictions of H1 and H2 and those coefficients are 

significant at conventional levels (α of 0.05), the research question that is the focus of 

this dissertation will be answered affirmatively. 

The research proposed here will contribute to the analyst forecast error literature 

by assessing the relative abilities of discretionary accruals and accruals quality to explain 

variation in analyst forecast errors. This research will also contribute to the literature on 

discretionary accruals and accruals quality by furthering our understanding of the 

relationship between accruals and decisions made by sophisticated users of financial 

statements. 
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CHAPTER III  

MEASURING ANALYST FORECAST ERROR, DISCRETIONARY 

 ACCRUALS, AND ACCRUALS QUALITY  

 

 Several features of the research design used in this dissertation differ from the proposal 

presented in chapter II. First, I extend the sample of analyst forecast error observations to 

cover the period beginning with the first quarter of 1997 and ending with the fourth 

quarter of 2004. Second, in addition to the discretionary accruals and accruals quality 

models presented in chapter II, I employ additional discretionary accruals and accruals 

quality models. The additional models are based on models proposed by Ball and 

Shivakumar (2006) and are intended to allow for the conservative nature of accounting 

accruals. Finally, rather than employing ordinary least squares (OLS) regression 

techniques in estimating discretionary accruals and accruals quality, I employ random 

coefficients regression (RCR), a technique that allows regression coefficients to vary 

across groups of observations.   

This chapter begins with a brief review of the calculation of analyst forecast error 

and then discusses the selection and empirical characteristics of an analyst forecast error 

sample that spans the period ranging from the first quarter of 1997 to the fourth quarter of 

2004. Next, I briefly discuss issues involved in working with Compustat quarterly data, 

given the fact that models of both discretionary accruals and accruals quality are designed 

to use annual data. I then discuss random coefficients regression, the statistical technique 

I use in modeling discretionary accruals and accruals quality, as well as the various 

models used to estimate discretionary accruals and accruals quality. I also discuss the 

sample selection procedures for the discretionary accruals and accruals quality samples 
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and compare the results produced by the models used to measure both discretionary 

accruals and accruals quality. 

Calculation of Analyst Forecast Error 

 Calculating analyst forecast error involves comparing a measure of analysts’ earnings 

estimates to a measure of actual earnings for every firm quarter examined. I use the mean 

consensus earnings estimate in the First Call Historical Estimates database to measure 

the consensus analyst earnings estimate for each firm quarter from 1997 to 2004. I use 

actual earnings per share figures from the First Call Historical Actuals database to 

measure actual earnings. Use of actual earnings from the First Call database, rather than 

from Compustat or any other source, helps ensure that the actual earnings number that I 

use is computed on a basis comparable to the basis used to compute the consensus 

earnings estimate. Analyst forecast error, expressed as a percentage of stock price 

(ScaledAFE) is computed as follows: 

( )[ ] 100*/ 1−−= jqjqjqjq PRICEESTEPSScaledAFE ,                                        (3.1) 

where: 

jqAFE      = analyst forecast error for firm j in quarter q 

jqEPS      = actual diluted earnings per share from continuing operations, per the 

First Call Actuals database, for firm j in quarter q 

jqEST       = First Call consensus estimate of diluted earnings per share for firm j 

in quarter q 
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1−jqPRICE   = stock price, per the CRSP Monthly Stock Price file, for firm j at the 

end of quarter q-1 

Analyst Forecast Errors Sample 

 This dissertation’s focus is on the link between accounting accruals and analyst forecast 

errors. I estimate discretionary accruals and accruals quality for each quarter from the 

first quarter of 1997 to the fourth quarter of 2004. Only firms with calendar year-ends are 

included in the sample in order to improve comparability among observations. In my 

dissertation proposal I used analyst forecast error observations covering the period from 

the first quarter of 2000 to the fourth quarter of 2004 and found empirical evidence 

suggesting that accounting accruals and analyst forecast errors are empirically linked. In 

order to perform a more complete analysis of the relationship between analyst forecast 

errors and accounting information, I expand my sample of analyst forecast error 

observations to cover the full period for which I estimate discretionary accruals and 

accruals quality (from the first quarter of 1997 to the fourth quarter of 2004). 

 In order to ensure that I obtain the originally-announced actual earnings figure from the 

First Call Historical Actuals database, for each of the 32 quarters in my sample, I sort 

observations of actual earnings by firm and First Call system date. If the database 

contains more than one actual earnings observation for a firm quarter, I retain the first 

observation entered into First Call’s database for that firm quarter, meaning that I retain 

the earnings figure that was originally announced for that firm. In order to ensure that I 

obtain the appropriate mean earnings estimate from the First Call Historical Estimates 
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database, for each observation in my sample, I select the latest estimate for each firm 

quarter, based on the calculation date of the estimate. This selection is made after deleting 

any estimates with calculation dates subsequent to the actual earnings announcement date 

for the related firm and quarter.   

 The complete analyst forecast error sample consists of 39,366 observations. Table 3.1 

summarizes the selection of the analyst forecast error sample.  

 
Table 3.1 

Selection of Analyst Forecast Error Sample 

 

Firm quarter observations from First Call (a)        69,342    

Observations removed based on SIC Codes (b) (21,325) 

Observations with more than 180 days between earnings 
announcement date and  First Call system date  

                                     
(433) 

Observations with actual earnings announcement dates 
more than 90 days after related fiscal period end 

 
(224) 

Observations with 180 days or more between calculation 
of estimate and earnings announcement 

      
(1,093) 

Firms with under $25 million in annual sales        (6,099) 

Top and bottom one percent of scaled analyst forecast 
error values 

       
          (802) 

 
Observations included in final AFE sample 

  
       39,366 

 
(a)  Observations with sufficient data to compute analyst forecast error, scaled by price, 

firm size, and book-to-market ratio. 
 

(b) O
bservations were removed if their two-digit SIC codes were missing, indicated that 
they were a financial services firm (two-digit SIC codes 60 to 67), or indicated that 
they were a firm in a regulated industry (two-digit SIC codes 44 to 49). An additional 
11 observations were also removed due to missing SIC codes. 
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For the period ranging from the first quarter of 1997 to the fourth quarter of 2004, 

I am able to compute analyst forecast error (scaled by stock price), firm size (based on 

market capitalization), and book-to-market ratio for a total of 69,342 potential 

observations. I eliminate 21,325 of these observations due to their SIC codes.  Consistent 

with Brown and Caylor (2005) and Burgstahler and Dichev (1997), I eliminate firms in 

regulated industries (two-digit SIC codes 44 through 49). Desai et al. (2004) note that it is 

difficult to interpret financial firms’ accounting accruals. Accordingly, I eliminate these 

firms (two-digit SIC codes 60 through 67) from my sample as well. In addition to 

regulated and financial services firms, I eliminate 11 observations due to missing SIC 

codes. I eliminate 433 observations for which the First Call system date is more than 180 

days after the earnings announcement date. A lengthy period between the earnings 

announcement and First Call’s entry of the actual earnings figure into its database is a 

possible indicator that circumstances surrounding the earnings figure are unusual (e.g. a 

restatement). Such circumstances introduce unusual factors into the process generating 

the measured forecast error. I eliminate observations for which the earnings 

announcement date is more than 90 days after the end of the related fiscal period. Such a 

long span probably indicates some difficulty with meeting SEC filing deadlines and 

warrants exclusion from this sample. An additional 1,093 observations are eliminated 

because the span between the calculation of the consensus estimate and the earnings 

announcement was at least 180 days. Such a span indicates that the consensus estimate 

might have been “stale” due to a lack of analyst attention to the firm. My goal is to study 

the process leading to differences between earnings estimates and actual earnings figures 
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for firms to which analysts are devoting a reasonable amount of attention. I eliminate an 

additional 6,099 firms with under $25 million in annual sales. This sales threshold is 

based on the Securities and Exchange Commission’s threshold for a small issuer and is 

intended to eliminate firms such as start-up firms for whom accounting information is of 

secondary importance relative to other financial measures, such as cash burn rates. 

Finally, the analyst forecast error sample eliminates the top and bottom one percent of 

scaled analyst forecast error values.24 

Characteristics of the Analyst Forecast Error Sample 

 Figure 3.1 illustrates the distribution of the 1997-2004 analyst forecast error sample.  

Notable characteristics of the distribution include the large group of errors whose values 

are centered at zero. Of the 39,366 analyst forecast error observations, 8,450 have values 

of zero, meaning the analysts’ consensus estimate of earnings exactly matched the firms’ 

actual earnings figures. Also notable in figure 3.1 is the sizable portion of observations 

just to the right of zero.  Abarbanell and Lehavy (2003) refer to this tendency for the 

analyst forecast error distribution to contain more small positive errors than small 

negative errors as the “middle asymmetry.” This middle asymmetry indicates that when 

firms miss analysts’ estimates by small amounts, they report earnings that exceed those 

estimates more often than they report earnings that fall short of the related estimates. This 

middle asymmetry is reflected in the descriptive statistics in table 3.2. Analyst forecast 

                                                 
24 Observations with values of ScaledAFE that rank in the top and bottom one percent of values for that 
variable are eliminated only to facilitate discussion of the distribution of forecast errors. The top and 
bottom one percent of ScaledAFE values are added back to the sample in Chapter IV for purposes of 
studying the association between AFEs and accounting information. 
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errors, expressed as percentages of beginning-of-quarter stock prices, exhibit a positive 

mean and median. The distribution is somewhat left-skewed, with the largest negative 

errors being higher, in absolute value, than the largest positive errors. 

Figure 3.1 

Distribution of Scaled AFE 

1997-2004 

 

 
 
To compute the value of the variable ScaledAFE for a particular firm quarter, the First 
Call consensus analyst forecast for that firm and quarter is subtracted from the firm’s 
actual earnings for the quarter.  This difference is then divided by the firm’s beginning-
of-quarter stock price with the result multiplied by 100. The top and bottom one percent 
of ScaledAFE values were removed from the sample before preparing this histogram. 
 
 In order to further assess the analyst forecast error sample, I place the observations in this 

sample into deciles, based on the value of the scaled analyst forecast error variable 

(ScaledAFE).  Due to the large number of zero values for this variable, I combine three 

deciles into a single group (AFE group 3), leaving eight AFE groups. Mean values of 
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several variables for each AFE group are reported in table 3.3. Observations with the 

lowest values of ScaledAFE are placed in AFE group 1. This group consists of 

observations in which firms’ quarterly earnings fall the farthest short of consensus 

estimates. The average negative earnings surprise in AFE group 1 equaled 1.236 percent 

of the firms’ beginning-of-quarter stock prices. AFE group 8 represents the group in 

which firms’ exceeded quarterly earnings estimates by the largest amounts.  Positive 

earnings surprises in AFE group 8 averaged 1.004 percent of firms’ beginning-of-quarter 

stock prices.  Not surprisingly, average forecast errors in AFE group 3, the group 

containing 8,450 observations in which earnings matched the consensus forecast, were 

close to zero, with a mean of 0.002 percent of beginning-of-quarter stock prices.   

Table 3.2 

Descriptive Statistics - 

Scaled Analyst Forecast Error (a) -
 

AFE Sample  

1997 - 2004 

 
 
 
 

 
 
 
 
 
 
(a) Analyst Forecast error is divided by beginning of quarter stock price, with the result 

multiplied by 100 so that scaled analyst forecast error is expressed as a percentage of 
the beginning of quarter stock price. 

 

 The mean values presented in table 3.3 indicate that firms generating larger absolute 

forecast errors tend to be covered by fewer analysts than other firms in the sample. These 

N  39,366 

Mean 0.0278 

Median 0.0380 

Standard deviation 0.6474 

Maximum 3.0968 

Minimum -5.2632 



Texas Tech University, Mark Riley, May 2007 

 

63 

firms are also smaller, in terms of market value, and have higher-than-average book-to-

market ratios than most other firms in the sample. The mean number of analysts 

following a firm in the AFE sample is 6.272. Firms with large negative errors (AFE 

group 1) are followed by an average of 3.623 analysts, while those generating large 

positive errors (AFE group 8) are followed by an average of 4.172 analysts. Firms 

attracting the most analyst coverage, those in AFE groups 3 and 4, tend on average, to 

generate small positive forecast errors.   

The relative lack of analyst interest in firms generating larger absolute forecast 

errors could be, at least in part, due to the fact that such firms are smaller, on average, 

than other firms in the AFE sample. The average natural log of the market values for 

observations in AFE groups 1 and 8, respectively are 19.160 and 19.267. The largest 

average market capitalizations are exhibited by firms that generate small positive forecast 

errors, AFE group 4. Finally, it appears, based on average book-to-market ratios, that 

investors might consider firms that generate large quarterly analyst forecast errors riskier 

than firms generating smaller errors. The observations in AFE groups 1 and 8, the groups 

of firm quarters with the largest absolute forecast errors, are associated with firms that 

have average book-to-market ratios of about 0.80 (0.801 for AFE group 1 and 0.789 for 

AFE group 8). Not surprisingly, the lowest book-to-market ratios are observed in AFE 

groups 3 and 4, the firm quarters exhibiting mostly zero or small positive forecast errors.



 

 

6
4

Table 3.3 

Analyst Forecast Error Sample 

Descriptive Statistics by AFE Group 

 AFE 

Group 

1 

AFE 

Group  

2 

AFE 

Group  

3 

AFE 

Group  

4 

AFE 

Group  

5 

AFE 

Group  

6 

AFE 

Group  

7 

AFE 

Group  

8 

Full 

AFE 

Sample 

n 3,936 3,936 11,810 3,937 3,936 3,937 3,936 3,938 39,366 

Mean Scaled Analyst 
Forecast Error (a) 

 
-1.236 

 
-0.148 

 
0.002 

 
0.056 

 
0.099 

 
0.171 

 
0.320 

 
1.004 

 
0.027 

Mean number of 
estimates included in 
consensus estimate (b) 

 
 

3.623 

 
 

5.755 

 
 

7.654 

 
 

7.849 

 
 

6.832 

 
 

6.116 

 
 

5.400 

 
 

4.172 

 
 

6.270 

 
Mean LN(Size) (c) 

 
19.160 

 
20.166 

 
20.885 

 
21.035 

 
20.546 

 
20.233 

 
19.879 

 
19.267 

 
20.294 

 
Mean book-to-market 
ratio (d) 

 
 

0.801 

 
 

0.552 

 
 

0.427 

 
 

0.350 

 
 

0.431 

 
 

0.506 

 
 

0.600 

 
 

0.789 

 
 

0.531 

(a) Scaled analyst forecast error is computed by subtracting the consensus earnings estimate for a firm quarter from actual 
earnings for that firm quarter.  The result is divided (i.e. scaled) by the firm’s stock price at the beginning of the quarter and 
multiplied by 100 so that it is expressed as a percentage of the stock price. AFE group 3 contains 8,450 observations for which 
the analyst forecast error is zero. 

(b) The number of estimates included in the consensus estimate reflects the number of analysts’ estimates considered by First 
Call in computing the consensus earnings estimate for a firm quarter. 

(c) Size is computed for each observation by multiplying the applicable firm’s stock price at the beginning of the quarter by the 
number of shares outstanding at the beginning of the quarter.  This information is obtained from the CRSP Monthly Stock file.  
The statistic reported is the natural log of size. 

(d) For each observation, market-to-book ratio is computed by dividing the applicable firm’s stockholder’s equity as of the end 
of the prior quarter by size, as defined above.

T
ex

as T
ech

 U
n
iv

ersity
, M

ark
 R

iley
, M

ay
 2

0
0

7
 

T
ex

as T
ech

 U
n
iv

ersity
, M

ark
 R

iley
, M

ay
 2

0
0

7
 



Texas Tech University, Mark Riley, May 2007 

 

65 

 

Working with Quarterly Compustat Data  

 The discretionary accruals and accruals quality models that I employ and discuss below 

all assume the use of annual accounting data. Since I study quarterly analyst forecast 

errors, I use quarterly financial statement information from the Compustat Industrial 

Quarterly database. I convert quarterly income statement and statement of cash flows 

information so that it is stated on a “trailing twelve-month” (TTM) basis. After this 

conversion, the income statement and statement of cash flows information is suitable for 

use in the discretionary accruals and accruals quality models.  

Conversion of Compustat quarterly income statement data to TTM data requires 

different techniques than the conversion of Compustat quarterly cash flow data to TTM 

data. Compustat quarterly income statement data is stated on a quarterly, as opposed to 

year-to-date, basis. Therefore, conversion of income statement data, such as sales, to a 

TTM basis involves summing the most recent four quarters of data. However, Compustat 

quarterly cash flow information is stated on a year-to-date basis. Therefore, conversion of 

this information to a TTM basis requires adding the current quarter (year-to-date) figure 

to the difference between the prior year fourth quarter (year-to-date) figure and the prior 

year (year-to-date) figure for the quarter comparable to the current quarter. For example, 

the following equation computes TTM cash flow from operations for the third quarter of 

2003. 

( )20023200242003320033 qqqq YTDCFOYTDCFOYTDCFOTTMCFO −+=                             (3.2) 

where:  
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=20033qTTMCFO Cash flow from operations for the four quarters ending with the third 

quarter of 2003 

=20033qYTDCFO Cash flow from operations for the three quarters ending with the third 

quarter of 2003 

=20024qYTDCFO Cash flow from operations for the four quarters ending with the fourth 

quarter of 2002 

=20023qYTDCFO Cash flow from operations for the three quarters ending with the third 

quarter of 2002 

 An additional challenge faced in working with quarterly Compustat data concerns models 

of discretionary accruals.  These models use a firm’s gross property, plant, and equipment 

balance, scaled by total assets, as a predictor of total accruals.  However, in a fairly large 

number of cases, the Compustat Industrial Quarterly database is missing observations of 

gross property, plant, and equipment for quarters one through three.25  In order to avoid 

losing these observations, I replace missing observations for gross property, plant, and 

equipment in quarters one, two, and three with prior year fourth quarter gross property, 

plant, and equipment values. 

Random Coefficients Regression in models of Accruals and Working Capital 

Changes 

The processes of estimating both discretionary accruals and accruals quality entail 

two steps.  The first step is the estimation a model of total accruals, in the case of 

                                                 
25 For example, gross property, plant, and equipment values are missing and are replaced with prior year 
fourth quarter gross property, plant, and equipment values for 2,695 first, second, or third quarter 
observations in the discretionary accruals sample. 
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discretionary accruals and of changes in a specified set of working capital accounts, in 

the case of accruals quality.  The second step involves using residuals from those models 

as estimates of discretionary accruals or of accruals quality.  Typically accounting 

researchers execute the first step in measuring discretionary accruals or accruals quality 

by employing ordinary least squares (“OLS”) regression (e.g. Jones 1991; Dechow, et al. 

1995; Hribar and Collins 2002; Dechow and Dichev 2002). These OLS regressions are 

run at the individual firm level, the industry level, or for a sample of firms without regard 

to industry or firm classification.  

Each type of ordinary least squares regression mentioned above carries with it 

advantages and disadvantages. Ordinary least squares regression at the firm level has the 

advantage of modeling separately each firm’s unique accrual-generating process. 

However, running separate regressions for each firm carries with it the disadvantage that 

each firm-specific regression is run on a relatively small sample of observations, thereby 

increasing the potential for outliers to influence the estimated coefficients. Choosing to 

run ordinary least squares regressions by industry or on the entire sample together, 

reduces the influence of outliers. However, these options do not make use of firm-

specific information in a manner that recognizes the idiosyncratic nature of each firm’s 

accrual-generating process.  

In an attempt to capture the strengths of firm-level, industry-level and overall 

sample-level models, I use random coefficients regression (RCR) in estimating total 

accruals and changes in working capital in order to measure discretionary accruals and 

accruals quality, respectively. RCR provides the opportunity to leverage information 
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about the full sample with firm-specific and industry-specific information. Rather than 

holding regression intercepts and slopes fixed across all observations, RCR allows those 

intercepts and coefficients to vary across different levels within a data set (Bryk and 

Raudenbush 1992).26 The implication for the regression models I use in estimating 

discretionary accruals and accruals quality is that the coefficient estimates in these 

models are allowed to vary across firms, with the intercepts of the various models also 

varying based on a firm’s industry classification. 

The RCR models in this dissertation use maximum likelihood estimation to 

compute coefficient estimates. Maximum likelihood estimation uses the covariance 

matrix of the random effects parameters in computing these estimates. Therefore, 

assumptions about the structure of the covariance matrix can be important. The models I 

use to estimate discretionary accruals and accruals quality assume that the parameters for 

each of the random effects in the models have unique variances and that the covariances 

between the random effects are equal to zero. The RCR models used in this dissertation 

assume random firm effects for the intercepts and all predictor variables and also assume 

a random industry effect. The random industry effect is assumed to have a mean of zero 

and a single variance. The following is an illustration of the assumed distribution 

(including the covariance structure) of the random effects parameters for an RCR model 

with an intercept and three predictor variables where the intercept and each predictor 

variable each has a fixed and a random effect: 

                                                 
26 For an example of application of random coefficients regression in the accounting literature, see Ricketts 
and Westfall (1993). 
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where: 

γ0, γ1, γ2, and γ3 are random effects associated with the intercept and three predictor 

variables 

 

While it might have been useful to employ other covariance structures, 

particularly structures that allow the random effects parameters to covary, the structure 

used had the advantage of being more realistic than the structure assumed by ordinary 

least squares regression, but stable enough to allow estimation of maximum likelihood 

estimates on large data sets with several random effects specified. 

It should also be noted that RCR has distinct advantages in cases of missing or 

limited data. For example, only one observation is needed for a firm in order to obtain 

firm-level estimates of random effects. This advantage is not applicable to the data in this 

dissertation, as the number of observations for each firm and industry exceeded the 

number of independent variables in the RCR models, but is a potential advantage of 

RCR. 

Discretionary Accruals Models 

Since this dissertation’s primary focus is on the value of discretionary accruals 

and accruals quality in explaining analyst forecast error, I measure both of these 
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explanatory variables using multiple techniques. I measure discretionary accruals using 

the Jones (1991) model and the modified Jones model (Dechow et al. 1995). I also 

employ a model proposed by Ball and Shivakumar (2006) as well as a modified version 

of that model. Thus, I measure discretionary accruals using four different techniques. For 

the remainder of the dissertation, I refer to Jones’ (1991) model as the “Jones model.” I 

refer to Dechow et al.’s (1995) modified version of the Jones model as the “modified 

Jones model.” I refer to the two versions of Ball and Shivakumar’s (2006) discretionary 

accruals model as the “BSDA model” and the “modified BSDA model.” 

In all models of discretionary accruals, I measure total accruals consistent with 

Hribar and Collins’ (2002) recommendation and with Ayers et al. (2006) as follows: 

jqjqjq TTMCFOTTMEBXITotAccr −=                                                               (3.3) 

where:  

TotAccrjq     = total accruals for firm j in quarter q 

TTMEBXIjq  = earnings before extraordinary items over the prior 12 months for firm j as 

of quarter q (computed using Compustat Industrial Quarterly data item 8)  

TTMCFO     = cash flows from operations over the prior 12 months for firm j as of 

quarter q (computed using Compustat Industrial Quarterly data item 108) 

 I estimate the Jones model as follows: 

ijqijqijijqijijijq GPPEsChgTTMSaleTotAccr εβββ +++= 210                                           (3.4) 

where: 

TotAccrijq           = total accruals as of quarter q for firm j within industry i 
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ChgTTMSalesijq = change in trailing twelve month sales for firm j within industry i as of 

quarter q.  This variable is measured as total sales over the past four 

quarters minus total sales over the comparable four-quarter period a year 

earlier (computed using Compustat Industrial Quarterly data item 2) 

GPPEijq                   = gross property, plant, and equipment for firm j within industry i at the 

end of quarter q (computed using Compustat Industrial Quarterly data 

item 118)27 

all continuous variables are scaled by total assets and then multiplied by 100, so that the 

result is expressed as a percentage of total assets 

 

 The use of random coefficients regression allows the coefficients in the above model to 

vary across firms and, in the case of the intercept term, across firms and industries.  The 

intercept term, β0ij, is the sum of a fixed component, β0F, which does not vary across 

firms or industries, a random component that varies by individual firm, u0ij and a random 

industry effect, u0i.  β1ij and β2ij each have two components, a fixed effect estimated for 

the entire discretionary accruals sample and a random effect that varies by firm.  

 Discretionary accruals are estimated in two different ways using the Jones (1991) model. 

Both methods of estimating discretionary accruals follow the same logic. An estimate of 

total accruals is computed using the estimated parameters from equation (3.4). This 

                                                 
27 As indicated above, if the value of this variable is missing from the Compustat Industrial Quarterly 
database, it is replaced with gross property, plant, and equipment as of the most recent fourth quarter (i.e. 
year-end). 
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predicted level of accruals is considered to be an estimate of non-discretionary accruals. 

Therefore, the portion of total accruals not predicted is considered discretionary.  

Unmodified Jones model discretionary accruals are equal to the estimated 

residuals from the Jones model. Dechow et al. (1995) argue that simply using the 

residuals from the Jones model can lead to an underestimation of discretionary accruals. 

They advocate modifying the change in sales predictor variable in the Jones model by 

subtracting the firm’s change in accounts receivable from its change in sales. Dechow et 

al. (1995) demonstrate in simulations that the modified Jones model outperforms the 

original model in detecting earnings management when that earnings management is 

carried out by manipulating revenue and, by extension, accounts receivable. It is not clear 

whether discretionary accruals estimated under the original or modified Jones model will 

be more effective at explaining analyst forecast errors. Therefore, I will compare the 

performance of both discretionary accruals estimates. Modified Jones model 

discretionary accruals are computed by first estimating total (nondiscretionary) accruals 

as follows: 

ijqijijqijqijijijq GPPEbChgARsChgTTMSalebbNDA 210 )( +−+=                                     (3.5) 

where: 

NDAijq    = an estimate of nondiscretionary accruals for firm j within industry i during 

quarter q 

ChgARijq =  the change in the accounts receivable balance of firm j within industry i from 

quarter q-4 to quarter q and, like the other continuous variables in the model, is 
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scaled by total assets, and multiplied by 100 (computed using Compustat 

Industrial Quarterly data item 37) 

b0ij, b1ij, and b2ij are random coefficients regression estimates of the regression parameters 

β0ij, β1ij, and β2ij in the Jones model (equation (3.4)) 

all other variables are defined as in the Jones model (equation (3.4)) 

 

 Modified Jones model discretionary accruals are estimated by subtracting the estimate of 

nondiscretionary accruals computed in equation (3.5) from actual total accruals. The 

process of computing discretionary accruals using the modified Jones model is nearly 

identical to the process by which unmodified Jones model discretionary accruals are 

computed. The only difference is that parameter estimate represented by b2ij above is 

multiplied by a term whose value is equal to the firm’s change in twelve-month sales less 

the change in the firm’s accounts receivable balance over the past twelve months, rather 

than the original twelve month sales change variable used in the Jones model.  

 Ball and Shivakumar (2006) argue that, due to accounting conservatism, firms are likely 

to record accruals that recognize losses on a timelier basis than they record accruals 

recognizing gains. Because negative cash flows often accompany economic losses, Ball 

and Shivakumar (2006) argue that accounting conservatism creates a stronger link 

between negative cash flows and accruals than between positive cash flows and accruals.  

The second estimation of total accruals used in this dissertation is based on a model 

suggested by Ball and Shivakumar (2006) and is represented as follows: 
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where: 

TotAccrijq           = total accruals as of quarter q for firm j within industry i 

ChgTTMSalesijq = change in trailing twelve month sales for firm j within industry i as of 

quarter q.  This variable is measured as total sales over the past four 

quarters minus total sales over the comparable four-quarter period a year 

earlier (computed using Compustat Industrial Quarterly data item 2) 

GPPEijq              = gross property, plant, and equipment for firm j within industry i at the 

end of quarter q (computed using Compustat Industrial Quarterly data 

item 118) 

TTMCFOijq        = cash flow from operations for the past twelve months (four quarters) as 

of quarter q for firm j within industry i (computed using Compustat 

Industrial Quarterly data item 108)28 

NCFOijq             = a dichotomous variable coded as “1” if TTMCFOijq is negative and 

coded as “0” otherwise  

all continuous variables are scaled by total assets and then multiplied by 100, so that the 

result is expressed as a percentage of total assets 

 

                                                 
28 Since quarterly cash flow data in Compustat is presented on a fiscal year-to-date basis, calculating 
trailing twelve month totals for cash flow variables is not simply a matter of summing data for four 
consecutive quarters of data. Please see the section entitled “Working With Quarterly Compustat Data” for 
a more detailed discussion of this topic. 
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As in the case of the Jones model of discretionary accruals, the use of random 

coefficients regression to estimate the BSDA model allows the coefficients in that model 

to vary across firms and, in the case of the intercept term, across firms and industries.  

The intercept term, α0ij, is the sum of a fixed component, α0F, which does not vary across 

firms or industries, a random component that varies by individual firm, v0ij and a random 

industry effect, u0i.  α1ij, α2ij, α3ij, α4ij, and α5ij, each have two components, a fixed effect 

estimated for the entire discretionary accruals sample and a random effect that varies by 

firm.  

I use the BSDA model to estimate both an unmodified and a modified measure of 

discretionary accruals.29 The residuals from the BSDA model provide one measure of 

discretionary accruals. I will refer to these estimates as “unmodified Ball and Shivakumar 

discretionary accruals.” A modified measure of discretionary accruals is also computed 

based on the BSDA model. Modified Ball and Shivakumar discretionary accruals are 

computed in a manner similar to modified Jones discretionary accruals. The coefficients 

estimated in running the Ball and Shivakumar discretionary accruals model are applied to 

the data used in estimating those coefficients, except that the variable equal to a firm’s 

change in trailing twelve month revenue is modified in a manner consistent with the 

recommendation of Dechow et al. (1995). Modified Ball and Shivakumar 

nondiscretionary accruals are estimated as follows: 

                                                 
29 I refer to the model of discretionary accruals that includes an economic loss indicator of negative cash 
flows as the “Ball and Shivakumar discretionary accruals model.”  However, Ball and Shivakumar (2006) 
also propose models with other economic loss indicators, including declining cash flows and negative 
industry-adjusted cash flows.   
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where: 

NDAijq      = an estimate of nondiscretionary accruals for firm j within industry i during 

quarter q 

ChgARijq  = the change in the accounts receivable balance of firm j within industry i from 

quarter q-4 to quarter q and, like the other continuous variables in the model, 

is scaled by total assets, and multiplied by 100 (computed using Compustat 

Industrial Quarterly data item 37) 

all other variables are defined as in the Ball and Shivakumar discretionary accruals model 

a0ij, a1ij, a2ij, a3ij, a4ij, and a5ij are random coefficients regression estimates of the 

regression parameters α0ij, α1ij, α2ij, α3ij, α4ij, and α5ij in the BADA model 

(equation (3.6)) 

 

Discretionary Accruals Sample Selection 

Table 3.4 documents the process followed in selecting the sample of firm quarters that I 

used in estimating the Jones and BSDA models discussed above. Due to the fact that I am 

working with quarterly data, I require that all firms in my discretionary accruals sample 

end their fiscal years on December 31 (i.e. they all have calendar year-ends). This 

requirement makes calculations involving Compustat data much more tractable than they 

would be if non-calendar year-end firms were included in the sample.  
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My goal is to examine the relationship between analyst forecast errors and 

accounting information for relatively stable firms. Therefore, I follow the convention 

used by Dechow and Dichev (2002) in their estimation of accruals quality and require all 

necessary data to estimate discretionary accruals for each year in an eight-year period 

(1997-2004). Because I use quarterly data and convert that data into rolling twelve month 

data, the eight-year requirement translates into a requirement for Compustat data over a 

32-quarter period.30  

Table 3.4 

 Sample Selection –Discretionary Accruals Sample 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
(a) Observations were removed if their two-digit SIC codes were missing, indicated that 

they were a financial services firm (two-digit SIC codes 60 to 67), or indicated that 
they were a firm in a regulated industry (two-digit SIC codes 44 to 49). 

(b) In forming industry classifications, firms were grouped first by three-digit and then by 
two-digit SIC codes.  Firms in industry groups with fewer than 160 observations 
(before eliminating the top and bottom one percent of continuous variable values) 
were dropped from the sample. 

                                                 
30 The requirement for prior year data in computing year-to-year changes in sales and accounts receivable, 
as well as the need for trailing-twelve-month figures, results in the need for 40 consecutive quarters of data. 

Observations for firms with necessary information to 
compute discretionary accruals 
 

 
             41,824 

Observations removed based on SIC Codes (a) 
 

           (14,976) 

Observations with under $25 million in trailing twelve 
month sales 
 

 
            ( 4,992) 

Observations for firms without a sufficient number of 
industry observations (b) 
 

 
            ( 2,016) 

Eliminate top and bottom one percent of continuous 
variable values 
 

 
            ( 1,081) 

Sample size used to estimate accruals quality or 
discretionary accruals 

 

             18,759 
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Initially, 1,307 firms meet the calendar-year-end and necessary data requirements, 

resulting in an initial sample of 41,824 observations. I follow Brown and Caylor (2005) 

and Burgstahler and Dichev (1997) in eliminating firms in regulated industries (two-digit 

SIC codes 44-49) from my sample. I also follow Desai et al. (2004) in eliminating 

financial firms (two-digit SIC codes 60-67) from my discretionary accruals sample. 

Because of differing accounting practices in these industries, the process by which 

accruals are generated for such firms might differ substantially from firms in other 

industries. Firms with missing SIC codes are also eliminated from the discretionary 

accruals sample. In total, 14,976 observations (468 firms) are eliminated based on SIC 

code requirements. 

Next, I eliminate firms with under $25 million in sales over any four-quarter 

period from 1997 to 2004, the period over which I estimate discretionary accruals. I 

impose this requirement again because of my goal of studying the relationship between 

analyst forecast errors and accounting information for firms that are stable and for whom 

accrual accounting information is more likely to be considered important by market 

participants. Firms with under $25 million in annual (four-quarter) sales might be in the 

start-up phase of operations, a phase during which market participants might be more 

interested in non-accrual related information, such as cash burn rates, than in accrual 

accounting information. Additionally, the accrual-generation processes of start-up firms 

might differ form the accrual-generation process of more stable firms. Eliminating firms 
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based on the $25 million sales requirement reduces the discretionary accruals sample by 

4,992 observations (156 firms). 

Since I include random industry effects in the random coefficients regressions of 

total accruals discussed above, I group firms into industries based first on three-digit and 

then on two-digit SIC codes. If a three-digit SIC code contains at least 160 observations, I 

define an industry based on that three-digit SIC code. I group firms whose three-digit SIC 

codes do not contain at least 160 observations into industries at the two-digit SIC code 

level. If a firm’s two-digit SIC code does not contain at least 160 observations, then that 

firm is dropped from the sample. A total of 2,016 observations (63 firms) are dropped 

from the sample due to industry membership requirements. 

Finally, following Ball and Shivakumar (2006), I winsorize the sample, 

eliminating observations that fall in the top or bottom one percent on any of the 

continuous variables used in either the Jones or the BSDA models. I do not eliminate all 

of a firm’s observations if one or more of its observations are winsorized. Winsorization 

eliminates 1,081 observations from the discretionary accruals sample, leaving the sample 

for estimating discretionary accruals at 18,759 observations. 

Comparison of the Jones and BSDA Models 

 As noted above, I use random coefficients regression and employ maximum likelihood 

estimation in modeling total accruals. Therefore, conventional ordinary least squares 

measures of model fit, such as R2, are not applicable to the models in this dissertation. 

However, measures of fit based on log likelihoods do facilitate comparisons of maximum 

likelihood models. One such measure is the Akaike AIC statistic, which is computed as -
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2LL+2p, where LL is the log likelihood from the model and p is the number of 

parameters being estimated. Lower AIC statistics indicate less loss of precision, 

compared to the “true” model (Dayton 2003). Inclusion of the number of parameters in 

the formula for computing the AIC statistic penalizes a model that includes a large 

number of explanatory variables that reduce the model’s log likelihood without providing 

substantial explanatory power.  

 The AIC for the BSDA model used in this dissertation was 110,554.0. The AIC for the 

Jones model was 120,322.1. Therefore, the BSDA model appears to be the preferred 

choice. However, since this dissertation focuses on the value of discretionary accruals 

and accruals quality in explaining analyst forecast error, I will use measures of 

discretionary accruals derived from both models in explaining analyst forecast errors.31 

 Table 3.5 summarizes the discretionary accruals estimates generated by the Jones and 

BSDA models. First, the unmodified versions of both models generate discretionary 

accruals estimates with means of zero. Since these estimates are simply residuals from 

regression equations, this result is unsurprising. Since the modified versions of both 

models adjust for changes in accounts receivable, they are more likely to generate 

evidence of positive earnings management. Consistent with this expectation, the modified 

versions of both models indicate that mean discretionary accruals are positive. Finally, 

comparing the standard deviations of the models’ discretionary accruals estimates, the 

BSDA model produces discretionary accrual estimates that are less dispersed than the 

                                                 
31 I also used the AIC statistic to compare ordinary least squares versions of the BSDA and Jones models. I 
obtained AIC statistics on models equivalent to OLS models using maximum likelihood estimation 
techniques. The AIC statistics associated with the BSDA and the Jones models were 120,314.7 and 
125,409.8, respectively. The conclusion reached based on these AIC statistics is that the random 
coefficients versions are superior to the ordinary least squares versions of these models. 
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Jones model’s estimates. This pattern is consistent with the conclusion reached based on 

AIC statistics that the BSDA model is an improvement over the Jones model. 

Table 3.5 

Summary of Discretionary Accruals Measures 

 

 
 
n=18,759 

 

Unmodified 

Jones 

 

 

 

Modified Jones 

 

 

BSDA 

 

Modified 

BSDA 

Mean 
discretionary 
accruals 
 

 
 

0.0000 

 
 

0.1155 

 
 

0.0000 

 
 

0.1293 

Median 
discretionary 
accruals 
 

 
 

0.1871 

 
 

0.2955 

 
 

0.1213 

 
 

0.2595 

Standard 
deviation of 
discretionary 
accruals 
 

 
 
 

5.4324 

 
 
 

5.7029 

 
 
 

3.6388 

 
 
 

3.9078 

 
Note: Because all continuous variables in the discretionary accruals regressions are 
expressed as percentages of average total assets, all means, medians, and standard 
deviations in the above table are also expressed as percentages of average total assets. 

Accruals Quality Models 

 I compute two different measures of accruals quality, one using a model proposed by 

Dechow and Dichev (2002), and one using an alteration that Ball and Shivakumar (2006) 

make to the Dechow-Dichev model. I refer to Dechow and Dichev’s (2002) accruals 

quality model as the “DDAQ model” and to the Ball and Shivakumar (2006) accruals 

quality model as the “BSAQ model.” Dechow and Dichev (2002) observe that current-

year changes in working capital accounts should correspond to cash flows that occurred 

during the year before the working capital change, the year of the working capital change, 
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or the year following the working capital change. Accordingly, they regress changes in a 

specific set of working capital accounts in year t on operating cash flows in years t-1, t, 

and t+1, in order to gauge the quality of working capital accruals. Dechow and Dichev 

(2002) use the residuals from these regressions to measure accruals quality. Firms are 

considered to have relatively high accruals quality during years in which they generate 

relatively low residuals and are considered to have relatively low accruals quality during 

years in which they generate relatively high residuals. I use quarterly Compustat data, 

converting it to a rolling twelve month (four-quarter) basis to estimate accruals quality 

using the DDAQ and BSAQ models. Since I use quarterly Compustat data, my first step 

in computing trailing twelve month changes in working capital is to compute year-to-date 

working capital changes as of the end of each firm quarter. Consistent with Dechow and 

Dichev (2002), I measure change in working capital as follows: 

)

(

jqjq

jqjqjqjq

cYTDALOTHdecYTDTXPBLin

ncYTDAPACCRiYTDINVdecYTDARdecYTDCHGWC

++

++−=
                      (3.8) 

where:  

jqYTDCHGWC          = firm j’s calendar year-to-date working capital changes as of the 

end of quarter q 

jqYTDARdec              = firm j’s calendar year-to-date decrease in accounts receivable on 

the statement of cash flows (an increase in accounts receivable is 

reflected on the statement of cash flows as a negative amount) as 

of the end of quarter q (computed using Compustat Industrial 

Quarterly data item 103) 



Texas Tech University, Mark Riley, May 2007 

 

83 

jqYTDINVdec              = firm j’s calendar year-to-date decrease in inventory on the 

statement of cash flows (an increase in inventory is reflected on the 

statement of cash flows as a negative amount) as of the end of 

quarter q (computed using Compustat Industrial Quarterly data 

item 104) 

jqncrYTDAPACCRi     = firm j’s calendar year-to-date increase in accounts payable and 

accrued liabilities on the statement of cash flows (a decrease in 

accounts payable and accrued liabilities is reflected on the 

statement of cash flows as a negative amount) as of the end of 

quarter q (computed using Compustat Industrial Quarterly data 

item 105) 

jqncYTDTAXPbli        = firm j’s calendar year-to-date increase in income tax payable on 

the statement of cash flows (a decrease in income tax payable is 

reflected on the statement of cash flows as a negative amount) as 

of the end of quarter q (computed using Compustat Industrial 

Quarterly data item 106) 

jqcYTDALOTHde        =  firm j’s calendar year-to-date net decrease in net other current 

assets and liabilities on the statement of cash flows (an increase in 

net other current assets and liabilities is reflected on the statement 

of cash flows as a negative amount) as of the end of quarter q 

(computed using Compustat Industrial Quarterly data item 107) 
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 The calendar year-to-date changes in working capital computed above are converted into 

trailing twelve-month (four-quarter) changes as follows: 

44 −−+= jqqjpyjqjq YTDCHGWCYTDCHGWCYTDCHGWCTTMCHGWC                   (3.9) 

where: 

TTMCHGWCjq   =      the change in working capital over the four quarters ending with 

quarter q for firm j 

YTDCHGWCjq    =      the calendar year-to-date change in working capital for firm j as of 

the end of quarter q 

YTDCHGWCjpy4q =     the calendar year-to-date change in working capital for firm j as of 

the end of the previous calendar year 

YTDCHGWCjq-4   =     the calendar year-to-date change in working capital for firm j as of 

the end of the comparable quarter to quarter q  in the prior calendar 

year 

I model changes in working capital on related cash flows using random 

coefficients regression as follows: 

ijqijqij

ijqijijqijijijq
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                                    (3.10) 

where: 

TTMCHGWCijq  =  the change in working capital over the four quarters ending with 

quarter q, as measured above in equation (3.9), for firm j within industry 

i 
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4−ijqTTMCFO      = cash flow from operations for the four quarters ending with quarter q-

4 for firm j within industry i 

ijqTTMCFO          = cash flow from operations for the four quarters ending with quarter q 

for firm j within industry i 

4+ijqTTMCFO        = cash flow from operations for the four quarters ending with quarter 

q+4 for firm j within industry i 

all variables are scaled by total assets and multiplied by 100 so they are expressed as 

percentages of total assets 

 

As noted previously, the use of random coefficients regression to estimate the 

DDAQ model allows the coefficients in that model to vary across firms and, in the case 

of the intercept term, across firms and industries.  The intercept term, γ0ij, is the sum of a 

fixed component, γ0F, which does not vary across firms or industries, a random 

component, w0ij, which varies by individual firm and a random industry effect, w0i. γ1ij, 

γ2ij, and γ3ij each have two components, a fixed effect estimated for the entire accruals 

quality sample and a random effect that varies by firm. I refer to the residuals from this 

random coefficients regression as Dechow-Dichev accruals quality measures.   

 In addition to proposing changes to the Jones model, as described above, Ball and 

Shivakumar (2006) propose adding indicators of economic losses to the Dechow-Dichev 

model. Therefore, I also estimate accruals quality using a BSAQ model which is 

specified as follows: 
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where: 

NCFOijq =  1 if TTMCFOijq is negative and 0 otherwise 

all other variables are defined as in the DDAQ model in equation (3.10) 

Accruals Quality Sample Selection 

Table 3.6 documents the process followed in selecting the sample of firm quarters 

that I used in estimating the DDAQ and BSAQ models discussed above. The selection 

procedure for the accruals quality sample follows the same steps as the selection 

procedure for the discretionary accruals sample. Consistent with my analyst forecast error 

sample and discretionary accruals sample, I require that all firms in my accruals quality 

sample end their fiscal years on December 31 (i.e. they all have calendar year-ends). 

As in the selection of the discretionary accruals sample, I follow the convention 

used by Dechow and Dichev (2002) in their estimation of accruals quality and require all 

necessary data to estimate discretionary accruals for each year in an eight-year period 

(1997-2004). Because I use quarterly data and convert that data into rolling twelve month 

data, the eight-year requirement translates into a requirement for Compustat data over a 

32-quarter period.32  

                                                 
32 The requirement for prior year data in computing year-to-year changes and for prior and next year data in 
estimating the accruals quality models results in the need for 44 consecutive quarters of data.  
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Table 3.6 

Sample Selection – Accruals Quality Sample 

 

Observations for firms with necessary information to 
compute accruals quality 
 

 
              35,616 

Observations removed based on SIC Codes (a) 
 

            (11,936) 

Observations with under $25 million in trailing twelve 
month sales 
 

 
            (  5,056) 

Observations for firms without a sufficient number of 
industry observations (b) 
 

 
            (  1,568) 

Eliminate top and bottom one percent of continuous 
variable values 
 

 
            (  1,058) 

Sample size used to estimate accruals quality or 
discretionary accruals 

 

             15,998 

 
(a) Observations were removed if their two-digit SIC codes were missing, indicated that 

they were a financial services firm (two-digit SIC codes 60 to 67), or indicated that 
they were a firm in a regulated industry (two-digit SIC codes 44 to 49). 

 
(b) In forming industry classifications, firms were grouped first by three-digit and then by 

two-digit SIC codes.  Firms in industry groups with fewer than 160 observations 
(before eliminating the top and bottom one percent of continuous variable values) 
were dropped from the sample. 

 

Initially, 1,113 firms meet the calendar-year-end and necessary data requirements, 

resulting in an initial accruals quality sample of 35,616 observations. This sample is 

smaller than the initial discretionary accruals sample of 41,824 observations. Differences 

in data requirements probably account for much of this difference. Because estimation of 

accruals quality models requires information about prior, current, and one-year-ahead 

cash flows, firms in the accruals quality sample must have an extra year of Compustat 
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data, compared to the firms in the discretionary accruals sample. I eliminate firms in 

regulated industries (two-digit SIC codes 44-49) and financial firms (two-digit SIC codes 

60-67) from my accruals quality sample, because accounting practices in these industries 

differ substantially from other industries. Firms with missing SIC codes are also 

eliminated from the discretionary accruals sample. In total, 11,936 observations (373 

firms) are eliminated based on SIC codes. 

Next, I eliminate firms with under $25 million in sales over any four-quarter 

period from 1997 to 2004, the period over which I estimate accruals quality. As was the 

case with the discretionary accruals sample, eliminating firms that do not meet this 

revenue requirement reduces the presence of start-up firms and other firms for which the 

relationship between analyst forecast error and accruals quality might differ substantially 

from the relationship between these variables for larger, more stable firms.  Eliminating 

firms based on the $25 million sales requirement reduces the sample by 5,056 

observations (158 firms). 

Since I include random industry effects in the random coefficients regressions 

discussed above, I group firms into industries based first on three-digit and then on two-

digit SIC codes. If a three-digit SIC code contains at least 160 observations, I define an 

industry based on that three-digit SIC code. I group firms whose three-digit SIC codes do 

not contain at least 160 observations into industries at the two-digit SIC code level. If a 

firm’s two-digit SIC code does not contain at least 160 observations, then that firm is 

dropped from the accruals quality sample. A total of 1,568 observations (49 firms) are 

dropped from the sample due to industry membership requirements. 
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Finally, following Ball and Shivakumar (2006), I winsorize the accruals quality 

sample, eliminating observations that fall in the top or bottom one percent on any of the 

continuous variables used in either the DDAQ or the BSAQ models. I do not eliminate all 

of a firm’s observations if one or more of its observations are winsorized. Winsorization 

eliminates 1,058 observations from the discretionary accruals sample, leaving the sample 

for estimating accruals quality at 15,998 observations. 

Comparison of the Dechow-Dichev and Ball and Shivakumar Accruals Quality Models 

The AIC statistic for the DDAQ model is 84,633.2; while the BSAQ model’s AIC 

is 84,326.8. Thus, Ball and Shivakumar’s (2006) modifications to the Dechow-Dichev 

accruals quality model generate a smaller proportional AIC improvement than the 

improvement produced by their modifications to the Jones discretionary accruals model. 

Both the Dechow-Dichev estimates and the Ball and Shivakumar estimates of accruals 

quality will be used in the next chapter to address this dissertation’s research question and 

related hypotheses concerning the explanatory power of discretionary accruals and 

accruals quality in explaining analyst forecast error. 

As discussed above, Dechow and Dichev (2002) use the absolute value of the 

residual from their accruals quality model as a measure of accruals quality. The mean, 

median, and standard deviation of the accruals quality estimates from both models are 

presented in table 3.7. The data in table 3.7 indicate that, overall, the two accruals quality 

models produce similar estimates. The mean (median) absolute residual for each version 

of the accruals quality model is approximately 1.9 (1.3), with the standard deviation of 

the residuals around 2.0 in both models.  
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Table 3.7 

Summary of Accruals Quality Measures 

 
n=15,998 
 

DDAQ model BSAQ model 

Mean accruals 
quality measure(a) 

 
1.9218 

 

 
1.8750 

Median accruals 
quality measure 

 
1.3224 

 

 
1.3007 

Standard deviation 
of accruals quality 
measure 

 
 

2.0200 

 
 

1.9575 
 
(a) In both the Dechow-Dichev model and the Ball and Shivakumar model, accruals 

quality is measured as the absolute value of the residual from a regression of changes 
in working capital on several predictor variables. Lower residuals are indicators of 
higher accruals quality. 

 
Note: Because all continuous variables in the accruals quality regressions are expressed 
as percentages of average total assets, all means, medians, and standard deviations in the 
above table are also expressed as percentages of average total assets. 
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CHAPTER IV  

THE EXPLANATORY POWER OF DISCRETIONARY ACCRUALS 

 AND ACCRUALS QUALITY IN STUDYING ANALYST FORECAST ERRORS 

 

In this chapter, I address the research question that is the focus of this dissertation: 

Are estimates of discretionary accruals and accruals quality both useful in explaining 

variation in analyst forecast errors? I address this question by first assessing the separate 

explanatory power of discretionary accruals and accruals quality with respect to analyst 

forecast error and then assessing both variables’ explanatory power when included 

together in models of analyst forecast error. The results obtained indicate that both 

discretionary accruals and accruals quality are useful in explaining variation in levels of 

analyst forecast error. Before presenting empirical evidence pertinent to my research 

question and the related hypotheses, H1 and H2, I briefly discuss the composition of the 

sample of observations that I use in addressing that question. 

Sample Used in Addressing Research Question and Related Hypotheses 

In order to address the question that is the focus of this dissertation, I require observations 

for firm quarters for which forecast error measurements, estimates of discretionary 

accruals and accruals quality, as well as values for the control variables discussed above 

are available. I have analyst forecast error measures and control variable values for 

14,147 (75.4 percent) of the 18,759 firm quarter observations in the discretionary 

accruals sample and for 12,123 (75.8 percent) of the 15,998 firm quarter observations in 

the accruals quality sample. If the accruals quality sample were a perfect subset of the 

discretionary accruals sample, the sample used in addressing my research question and 
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the related hypotheses would consist of 12,123 observations. However, 1,250 firm 

quarters that are included in the accruals quality sample are not included in the 

discretionary accruals sample. Therefore, the final sample used to address my research 

question and the related hypotheses consists of 10,873 observations (89.7 percent of the 

maximum possible number of observations of 12,123). As table 4.1 demonstrates, the 

observations in the final sample are distributed fairly evenly over the period ranging from 

the first quarter of 1997 to the fourth quarter of 2004.  

Characteristics of Firms in the Final Sample 

 The data requirements for firms to be included in the final sample result in the selection 

of firms with mean market values substantially larger than the average firm in the CRSP / 

Compustat universe. The mean beginning-of-quarter market capitalization for firms in the 

final sample is approximately $8.1 billion. The distribution of market capitalization 

values in the final sample is right-skewed, as indicated by the fact that the median market 

capitalization of approximately $1.1 billion is much smaller than the mean. In order to 

gain a perspective on the characteristics of firms in the overall CRSP / Compustat 

universe, I compiled a sample of market capitalization and book-to-market observations 

for calendar year-end firms with sufficient data as of December 2000, the end of the 

fourth of the eight years covered by the sample.33 Mean and median market capitalization 

values for firms in that sample were approximately $2.6 billion and $139 million, 

respectively. 

                                                 
33 I selected only common stocks (share codes 10 and 11) from the CRSP data base in compiling the sample 
of market capitalization and book-to-market ratios. 
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Table 4.1 

Distribution of Observations by Year and Quarter – Final Sample 

 

 Fiscal Year  

 

Fiscal 

Quarter 

 

1997 

 

1998 

 

1999 

 

2000 

 

2001 

 

2002 

 

2003 

 

2004 

 

Total 

1 305 332 333 331 329 331 354 367 2,682 

2 313 345 338 337 343 341 355 368 2,740 

3 322 338 337 340 334 340 357 368 2,736 

4 320 331 332 338 330 341 361 362 2,715 

Total 1,260 1,346 1,340 1,346 1,336 1,353 1,427 1,465 10,873 

 

In addition to being larger, on average, than firms in the overall CRSP and 

Compustat universe, the firms in the final sample are apparently viewed somewhat more 

favorably by the market, on average, than the larger universe of firms. This interpretation 

is based on the fact that firms in the final sample have lower average and median book-

to-market ratios than firms in the larger CRSP and Compustat sample. The mean and 

median book-to-market ratios for the observations in the final sample are 0.5012 and 

0.415, respectively, substantially lower than the comparable mean and median book-to-

market ratios of 0.803 and 0.633, respectively, in the CRSP and Compustat sample of 

calendar-year-end firms as of December 2000.  
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Control Variables 

 In addition to measures of discretionary accruals and accruals quality, I model analyst 

forecast error on several variables that control for other factors that seem likely to explain 

part of the variation in analyst forecast error. It is possible that analysts are able to obtain 

more information about larger firms, thereby improving the accuracy of their earnings 

forecasts for such firms. Therefore, I follow other researchers (e.g. Lang and Lundholm 

1996) and include a control for firm size in my model of analyst forecast error. The 

variable LNSize is computed by taking the natural log of a firm’s market capitalization at 

the beginning of the quarter. Beginning-of-quarter market capitalization is computed by 

multiplying a firm’s closing stock price as of the last day of the end of the prior quarter 

by the number of shares outstanding as of that date. The stock price and outstanding 

shares data were obtained from the CRSP monthly stock file. 

 Fama and French (1992) interpret firm size and the ratio of book equity to market equity 

as proxies for two separate dimensions of risk. Given this interpretation, it seems 

reasonable to think that firms with higher book-to-market ratios might exhibit more 

volatility in their earnings patterns than firms with lower book-to-market ratios and, 

hence, might generate earnings that are relatively difficult for analysts to forecast. 

Therefore, I include BkMkt as a control variable. BkMkt is measured as the ratio of a 

firm’s stockholder’s equity (Compustat Industrial Quarterly data item 60) to its market 

capitalization. For any given firm quarter in my sample, both of these measures are taken 

at the end of the previous quarter.  
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 In addition to firm size and risk factors, the accuracy of a consensus earnings forecast 

could vary with the number of analysts who follow a firm. Therefore, I include NumEst, 

the number of estimates First Call uses to compute its consensus estimate, as a control 

variable. This control variable is used by other researchers, including Barron and Kile 

(1999). I addition to the number of estimates, I control for “staleness” in forecasts by 

including Span as a control variable. Span is measured as the number of days between the 

calculation of the First Call consensus estimate and the actual earnings announcement 

date.34 Other researchers who study analyst forecast error also include controls for stale 

forecasts (Lang and Lundholm 1996; Barron and Kile 1999; Heflin et al. 2003). 

 Both predictor variables of interest in this study, discretionary accruals and accruals 

quality, can be interpreted as characteristics of a firm’s earnings. Two other 

characteristics of earnings are included as control variables in this study. First, the 

variable Loss takes on a value of 1 if a firm incurs a loss in the quarter in which an 

observation occurs. Hayn (1995) documents a reduction in the earnings-return relation 

when firms incur losses. Heflin et al. (2003) include a variable to control for losses in 

their regression of analyst forecast error. The second characteristic of earnings used as a 

control variable in this study is Surprise, which, for quarter q, is measured as the absolute 

difference between a firm’s earnings in quarter q and the same quarter the prior year 

(quarter q-4). Lang and Lundholm (1996) and Heflin et al. (2003) employ similar 

variables as controls in studying analyst forecast error.  

                                                 
34 This variable’s value has an upper bound of 180 days, as I eliminate from the analyst forecast error 
sample all firm quarters for which the First Call consensus estimate is more than 180 days old on the 
earnings announcement date. 
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Accounting Information Measures and Analyst Forecast Error 

 In order to make a preliminary assessment of the nature of the relationship between 

analyst forecast error and the two main variables of interest in this study, discretionary 

accruals and accruals quality, I divided the final sample into eight groups (“AFE 

groups”), based on values of ScaledAFE. Again, ScaledAFE is measured as illustrated in 

equation (3.1) by first computing the difference between the First Call consensus 

earnings estimate for a firm quarter and actual earnings, as reported in the First Call 

Actuals database, for that firm quarter. That difference is then divided by the applicable 

firm’s beginning-of-quarter stock price, with the result multiplied by 100 so that 

ScaledAFE is expressed as a percentage of the firm’s beginning-of-quarter stock price.  

AFE groups are formed by ranking the observations in the final sample from 

lowest to highest values of ScaledAFE and breaking the sample into deciles. Because of 

the large number of cases in which the consensus estimate and actual earnings match 

exactly, three of the deciles are combined into a single AFE group so that all observations 

with values of zero on the variable ScaledAFE are contained in that group. Seven of the 

eight AFE groups contain either 1,087 or 1,088 observations. AFE group 3, the group 

containing the observations for which ScaledAFE equals zero, contains 3,262 

observations. 

Figure 4.1 graphs each AFE group’s mean discretionary accruals measure, based 

on the modified Jones model, while figure 4.2 graphs each group’s mean discretionary 
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accruals measure, based on the modified BSDA model.35 The general pattern shared by 

both graphs is that discretionary accruals tend to be highest in the middle AFE groups, 

those with small negative, zero, or small positive scaled forecast errors. This pattern is 

similar to the pattern seen in my dissertation proposal (figure 2.4). Thus, as in the sample 

of observations used in my dissertation proposal, there appears to be reason to think that 

firms in the final sample might have engaged in a form of earnings management. 

Specifically, in quarters where earnings and the consensus forecast deviated by large 

amounts, both discretionary accruals models indicate that firms might have managed 

earnings downward. This pattern is consistent with the model proposed by Kirschenheiter 

and Melumad (2002) and could be evidence of a tendency for management to record 

negative accruals when it becomes aware that its firm’s earnings will far exceed the 

consensus estimate or fall far short of that estimate.  

While they yield the same general inferences with respect to the relationship 

between forecast errors and accruals, figures 4.1 and 4.2 indicate that there are some 

differences between the BSDA and Jones models for firm quarters in which large forecast 

errors occur. Specifically, the BSDA model generates larger negative discretionary 

accrual estimates for firm quarters in AFE group 1, the observations with the largest 

negative forecast errors (scaled by stock price) in the final sample. 

                                                 
35 A graph of discretionary accruals based on the unmodified Jones model yields nearly identical inferences 
as the graph based on the modified Jones model. The same is true with respect to graphs based on the 
unmodified and modified versions of the BSDA model. Therefore, only the graphs based on the modified 
version of each model are presented. 
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Figure 4.1 

Mean Modified Jones Model Discretionary 

Accruals by AFE Group 
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Observations are placed in one of eight AFE groups (x-axis), based on the relative size of 
analyst forecast errors for the related firm and quarter, scaled by stock price for those 
quarters.  Each AFE group represented above contains 1,087 or 1,088 observations, 
except group 3, which contains 3,262 observations, due to the large number of 
observations that take on values of 0.  
 
Scaled modified Jones model discretionary accruals for each firm quarter in the 
discretionary accrual sample are computed by subtracting an estimate of nondiscretionary 
accruals computed in equation (3.5) from total accruals. Scaled discretionary accruals are 
expressed as a percentage of prior quarter total assets.  
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Figure 4.2 

Mean Modified BSDA Model 

Discretionary Accruals by AFE Group 
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Observations are placed in one of eight AFE groups (x-axis), based on the relative size of 
analyst forecast errors for the related firm and quarter, scaled by stock price for those 
quarters.  Each AFE group represented above contains 1,087 or 1,088 observations, 
except group 3, which contains 3,262 observations, due to the large number of 
observations that take on values of 0.  
 

Scaled modified BSDA model discretionary accruals for each firm quarter in the 
discretionary accrual sample are computed by subtracting an estimate of nondiscretionary 
accruals computed in equation (3.7) from total accruals. Scaled discretionary accruals are 
expressed as a percentage of prior quarter total assets.  
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Further analysis (untabulated) of the observations in AFE group 1 yields some 

clues as to the nature of the differences between the BSDA and Jones models. I ranked 

the firm quarters in AFE group 1 by the value of the difference computed by subtracting 

modified Jones model discretionary accruals from modified Ball BSDA model 

discretionary accruals. I then group these observations into deciles according to this 

difference. In the first decile, that is the decile for which modified Jones discretionary 

accruals most exceed modified BSDA model discretionary accruals, just over half the 

firm quarters exhibit negative trailing twelve month operating cash flows figures. This 

proportion is much greater than the 14 percent rate at which firm quarters in AFE group 1 

as a whole exhibit this characteristic. Thus, it appears that, for firm quarters in AFE group 

1, the BSDA model produces lower estimates of discretionary accruals than the Jones 

model due to the inclusion in the BSDA model of terms that take into account the 

presence of negative cash flows and their effect on accruals. 

Figures 4.3 and 4.4, respectively, display mean residuals from the accruals quality 

models used in this dissertation. Higher (lower) residuals from these models are 

indications of lower (higher) accruals quality. Inspection of figures 4.3 and 4.4 reveals 

that the two accruals quality models yield almost identical mean residuals for each AFE 

group and that accruals quality, as measured by these models, is somewhat lower (i.e. 

mean residuals are somewhat higher) for the groups with the largest scaled analyst 

forecast errors. Thus, there appears to be reason to suspect that analysts have more 

difficulty forecasting earnings in firm quarters where accruals quality is relatively low. 



Texas Tech University, Mark Riley, May 2007 

 

101 

Figure 4.3 

Mean DDAQ Model 

Accruals Quality Measure 

By AFE Group 
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Observations are placed in one of eight AFE groups (x-axis), based on the relative size of 
analyst forecast errors for the related firm and quarter, scaled by stock price for those 
quarters.  Each AFE group represented above contains 1,087 or 1,088 observations, 
except group 3, which contains 3,262 observations, due to the large number of 
observations that take on values of 0.  
 
The DDAQ model accruals quality measure is computed for each firm quarter and is 
equal to the absolute value of the residual from the model represented in equation (3.10).  
Absolute accruals quality residuals are expressed as a percentage of prior quarter total 
assets. Higher absolute mean residuals imply lower accruals quality.  The mean absolute 
accruals quality residual is plotted above for each AFE group. 
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Figure 4.4 

Mean BSAQ Model 

Accruals Quality Measure  

By AFE Group 
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Observations are placed in one of eight AFE groups (x-axis), based on the relative size of 
analyst forecast errors for the related firm and quarter, scaled by stock price for those 
quarters.  Each AFE group represented above contains 1,087 or 1,088 observations, 
except group 3, which contains 3,262 observations, due to the large number of 
observations that take on values of 0.  
 

The BSAQ model accruals quality measure is computed for each firm quarter and 
is equal to the absolute value of the residual from the model represented in equation 
(3.11).  Absolute accruals quality residuals are expressed as a percentage of prior quarter 
total assets. Higher absolute mean residuals imply lower accruals quality.  The mean 
absolute accruals quality residual is plotted above for each AFE group. 

 



Texas Tech University, Mark Riley, May 2007 

 

103 

The evidence in figures 4.1 through 4.4 seems to indicate that both discretionary 

accruals and accruals quality might be useful in explaining variation in levels of analyst 

forecast error. However, if accruals quality and discretionary accruals are measuring the 

same construct, the extent to which a firm’s accounting deviates from expected patterns, 

including both in a model of analyst forecast error will be redundant.  

Regressions of Absolute Scaled Analyst Forecast Error on Variables of Interest 

 In order to further explore the relationship between absolute levels of analyst forecast 

error and qualities of accounting data, I will regress a transformed measure of absolute 

scaled analyst forecast error on several predictor variables, including measures of 

accruals quality and discretionary accruals. I first estimate six separate regressions. Each 

of the six regressions employs a single measure of either accruals quality or discretionary 

accruals, along with several control variables, as predictors of absolute analyst forecast 

error. The purpose of these regressions is to identify which measures of accruals quality 

and discretionary accruals will be used in the next set of regressions, in which measures 

of both types will be combined, again along with several control variables. The purpose 

of the models in which accruals quality and discretionary accruals estimates are both 

employed as predictor variables is to determine whether these two types of measures are 

both useful in explaining variation in analyst forecast error. After reaching an initial 

conclusion on this issue, I perform a robustness check using a winsorized sample in order 

to ensure that my initial conclusion is not driven entirely by data points with extreme 

values on one or more continuous variables. 
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 In this section of the dissertation, I model absolute levels of analyst forecast error, scaled 

by beginning-of-quarter stock price, for the firm quarters included in the final sample. 

Because the dependent variable in this analysis is an absolute value, it is bounded at zero. 

In addition, as noted in discussion of the distribution of the variable ScaledAFE above, a 

substantial proportion of the observations of this variable in the final sample take on 

values equal to zero. Tobit regression is a more appropriate technique than ordinary least 

squares regression in situations where the dependent variable is bounded at some value 

and a substantial number of the values of the dependent variable have values equal to the 

bound (Breen 1996). Therefore, I use Tobit regression models in my analyses of the 

relationship between absolute forecast error and accounting information. 

 The Tobit regression model can be motivated using a latent variable, the value of which 

depends on a series of predictor variables. While Tobit regression accommodates 

dependent variables whose variables are bounded as described above, it does assume 

normality in the error terms of the latent variable equation (Breen 1996). In order to 

better conform my data to the normality assumptions inherent in the Tobit model, I log-

transform the absolute value of ScaledAFE, plus one as follows to form the observed 

variable LNScaledAFE: 

LNScaledAFEiq=LN(abs(ScaledAFEiq)+1)
36                                                                 (4.1) 

where:  

abs(ScaledAFEiq) = The absolute value of analyst forecast error for firm i in quarter q, 

scaled by firm i’s stock price at the beginning of quarter q  

                                                 
36 Because many observations of ScaledAFE have values of zero, it is necessary to add an amount to 
ScaledAFE before log-transforming it. It is not possible to take the natural log of zero. 
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 LNScaledAFE is the dependent variable in my regressions that follow. The value of the 

observable variable, LNScaledAFE, is defined as equal to the value of a latent variable, 

LNScaledAFE
*, whenever the latent variable’s value is greater than zero. The value of the 

observable variable, LNScaledAFE, is defined as equal to zero whenever the value of the 

latent variable, LNScaledAFE
*, is less than or equal to than zero.  The general form of the 

first set of regressions is: 

iqiqiqiqiq

iqiqiq

LossSpanEPSchgNumEst

BkMktLNSizeAcctgInfoELNScaledAF
iq

εττττ

ττττ

++++

++++=

7654

3210

*

                              (4.2) 

where: 

LNScaledAFE
*

iq       = the latent variable defining the Tobit model 

AcctgInfoiq               = a measure of accruals quality or discretionary accruals for firm i in 

quarter q 

LNSizeiq                    = the natural log of firm i’s beginning-of-quarter market 

capitalization for quarter q (computed using stock prices and 

numbers of shares outstanding from the CRSP Monthly Stock file) 

BkMktiq                    = the ratio of firm i’s beginning-of-quarter total stockholder’s equity 

(Compustat Industrial Quarterly data item 60), per its balance sheet, 

divided by its beginning-of-quarter market capitalization for quarter 

q  

NumEstiq                  = the number of analyst estimates used to compute First Call’s 

consensus earnings estimate for the firm i in quarter q 
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EPSchgiq                  = the absolute value of the difference between a firm i’s earnings per 

share before extraordinary items (Compustat Industrial Quarterly 

data item 9) during the current quarter, q (i.e. the quarter 

corresponding to the analyst forecast error observation), and the 

same quarter one year earlier, q-4 

Spaniq                       = the number of days between the calculation of First Call’s 

consensus earnings estimate and the actual announcement of firm i’s 

quarter q earnings  

Lossiq                       = 1 if firm i’s actual earnings per share figure, as recorded in First 

Call’s data base, is negative and 0 otherwise 

εiq is distributed normally with a mean value of zero and a constant variance 

 

 Table 4.2 documents the results of the regressions employing either a measure of accruals 

quality or a measure of discretionary accruals and the control variables as predictors of 

LNScaledAFE
*. The coefficient on the measure of accounting information (either 

accruals quality or discretionary accruals) is significant and in the expected direction for 

each version of the model presented in table 4.2. The measures of accruals quality from 

both the DDAQ and the BSAQ models are the absolute values of residuals from those 

equations. Thus, higher (lower) values on the accruals quality metrics signal lower 

(higher) accruals quality. The positive and significant coefficients on the accruals quality 

variables DDAQ and BAQ indicate that scaled analyst forecast error increases as accruals 

quality decreases (i.e. as the residuals from the accruals quality models increase). 
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  Unlike the accruals quality measures, the discretionary accruals estimates from the Jones 

model (UnmodJDA and ModJDA) and the discretionary accruals estimates from the 

BSDA model (UnmodBDA and ModBDA) are directional, rather than absolute. Higher 

(lower) estimates of discretionary accruals during a firm quarter are interpreted as 

indicating that a firm recorded unusual income increasing (decreasing) accruals during 

the four quarter period ending with the current quarter. The negative and significant 

coefficients on the discretionary accruals variables indicate that large analyst forecast 

errors tend to be accompanied by negative discretionary accruals. This pattern is 

consistent with the patterns exhibited in figures 4.1 and 4.2 where firm quarters in AFE 

groups 1 and 8, the groups with the largest absolute scaled forecast errors, exhibit 

relatively low mean discretionary accruals.



 

 

1
0
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Table 4.2 

 Model of Log-transformed Absolute Analyst Forecast Error Using  

Accruals Quality or Discretionary Accruals Measures as Predictors 

 

Model: 

iqiqiqiqiqiqiqiq LossSpanEPSchgNumEstBkMktLNSizeAcctgInfoELNScaledAF
iq

εττττττττ ++++++++= 76543210

*  

 Measure of Accruals Quality or Discretionary Accruals Used (a) 

n=10,873 DDAQ  BAQ  UnmodJDA ModJDA UnmodBDA ModBDA 

Intercept 0.5708 
(<0.0001) 

0.5806 
(<0.0001) 

0.6185 
(<0.0001) 

0.6204 
(<0.0001) 

0.6213 
(<0.0001) 

0.6263 
(<0.0001) 

AcctgInfo 0.0067 
(<0.0001) 

0.0056 
(0.0011) 

-0.0031 
(<0.0001) 

-0.0034 
(<0.0001) 

-0.0049 
(<0.0001) 

-0.0054 
(<0.0001) 

LNSize -0.0278 
(<0.0001) 

-0.0281 
(<0.0001) 

-0.0294 
(<0.0001) 

-0.0294 
(<0.0001) 

-0.0294 
(<0.0001) 

-0.0296 
(<0.0001) 

BkMkt 0.1795 
(<0.0001) 

0.1789 
(<0.0001) 

0.1761 
(<0.0001) 

0.1756 
(<0.0001) 

0.1746 
(<0.0001) 

0.1735 
(<0.0001) 

NumEst -0.0021 
(0.0037) 

-0.0021 
(0.0042) 

-0.0021 
(0.0034) 

-0.0021 
(0.0031) 

-0.0021 
(0.0037) 

-0.0021 
(0.0035) 

EPSchg 0.0646 
(<0.0001) 

0.0648 
(<0.0001) 

0.0636 
(<0.0001) 

0.0633 
(<0.0001) 

0.0632 
(<0.0001) 

0.0627 
(<0.0001) 

Span 0.0003 
(0.0078) 

0.0003 
(0.0074) 

0.0003 
(0.0095) 

0.0003 
(0.0100) 

0.0003 
(0.0099) 

0.0003 
(0.0106) 

Loss 0.2597 
(<0.0001) 

0.2609 
(<0.0001) 

0.2598 
(<0.0001) 

0.2580 
(<0.0001) 

0.2565 
(<0.0001) 

0.2534 
(<0.0001) 

Pseudo R2 

(b) 
0.2650 0.2645 0.2653 0.2658 0.2658 0.2666 

AIC (c) 7,768 7,773 7,760 7,752 7,756 7,746 
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Table 4.2 continued 

 
p-values in parentheses 
 
DDAQ = the residual from the Dechow-Dichev accruals quality model (equation (3.10)) (higher (lower) residuals are 

interpreted as evidence of lower (higher) accruals quality) 
 
BAQ = the residual from the Ball and Shivakumar accruals quality model (equation (3.11)). Higher (lower) 

residuals are interpreted as evidence of lower (higher) accruals quality 
 
UnmodJDA = the unmodified Jones discretionary accrual estimate, computed as firm i’s quarter q residual from the Jones 

discretionary accruals model presented in equation (3.4) 
 
ModJDA   = the modified Jones discretionary accrual estimate, computed as firm i’s quarter q difference between total 

accruals (earnings before extraordinary items and discontinued operations minus cash flow from operations) 
and an estimate of nondiscretionary accruals computed as illustrated in equation (3.5) 

 
 UnmodBDA =  unmodified Ball and Shivakumar model discretionary accruals, computed as firm i’s quarter q residual 

from the Ball and Shivakumar discretionary accruals model presented in equation (3.6) 
 
 ModBDA  = the modified Ball and Shivakumar discretionary accruals estimate, computed as firm i’s quarter q difference 

between total accruals (earnings before extraordinary items and discontinued operations minus cash flow from 
operations) and an estimate of nondiscretionary accruals computed as illustrated in equation (3.7) 

 
LNScaledAFE

*
 = the latent variable defining the Tobit model 

 
AcctgInfo = a measure of accruals quality or discretionary accruals  
 
LNSize = the natural log of the firm’s beginning-of-quarter market capitalization  
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Table 4.2 continued 

 
BkMkt = the ratio of the firm beginning-of-quarter total stockholder’s equity (Compustat Industrial Quarterly data 

item 60), per its balance sheet, divided by its market capitalization  
 
NumEst = the number of analyst estimates used to compute First Call’s consensus earnings estimate  
 
EPSchg  = the absolute value of the difference between a firm earnings per share before extraordinary items 

(Compustat Industrial Quarterly data item 9) during the current quarter (i.e. the quarter corresponding to the 
analyst forecast error observation) and the same quarter one year earlier 

 
Span = the number of days between the calculation of First Call’s consensus earnings estimate and the actual 

announcement of earnings 
 
Loss = 1 if earnings per share as recorded in First Call’s data base is negative and 0 otherwise. 

 
(a) Indicates the variable that is substituted for AcctgInfo in the model. 

(b) This is a goodness-of-fit statistic computed 
2

int

2

mod1
σ

σ el−  where: 2

mod elσ is the error variance in the applicable latent variable 

model and 2

intσ is error variance in the intercept-only latent variable model. 

 
(c) AIC is a penalized log-likelihood statistic that can be used to compare model fit (Dayton 2003). A lower AIC statistic 

indicates a better overall model fit. 
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 Coefficients on all of the control variables are significant in all of the regressions in table 

4.2. The negative coefficients on the variable LNSize indicate that, all else equal, forecast 

errors tend to be lower for larger firms. This relationship might be the result of the 

availability of more information for larger firms. Coefficients on the variable BkMkt are 

positive and significant, indicating that firms with higher book-to-market ratios tend to 

generate larger forecast errors. As the number of analysts’ estimates used in generating a 

consensus earnings estimate increases, forecast error decreases, as indicated by the 

negative coefficients associated with the variable NumEst. The absolute difference 

between earnings per share in a particular firm quarter and earnings per share in the 

comparable quarter of the prior year contributes to analyst forecast error, based on the 

positive coefficients associated with the variable EPSchg.  The positive coefficients on 

the variable Span lead to the inference that longer spans of time between the calculation 

of a consensus earnings estimate and the actual announcement of those earnings are 

associated with larger forecast errors. Finally, it would appear from the positive 

coefficients on the variable Loss that forecast errors are larger during firm quarters in 

which the earnings figure reported in the First Call data base is negative. 

Selection of Models That Include Accruals Quality and Discretionary Accruals 

 In order to further assess whether discretionary accruals and accruals quality measures 

are both useful in explaining variation in analyst forecast errors, I next run regressions 

that include a measure of discretionary accruals and a measure of accruals quality as 

explanatory variables. In order to keep the number of models in this section to a 
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manageable number, I use only one of the two measures of accruals quality and two 

discretionary accruals measures. In the following paragraphs, I discuss the process by 

which I determined which accruals quality and discretionary accruals measures would be 

employed in this section of my dissertation.  

Because they yield similar inferences, I continue my analysis of the relationship 

between accounting information and analyst forecast error using only one of the two 

accruals quality measures. Figures 4.3 and 4.4 demonstrate that the Dechow-Dichev 

measure (DDAQ) and Ball and Shivakumar measure (BAQ) of accruals quality appear to 

vary with ScaledAFE in similar ways. In addition, the models including each accruals 

quality measure generate similar results as evidenced by the first two columns of table 

4.2. The Dechow-Dichev accruals quality model is more parsimonious, as it requires the 

inclusion of fewer terms in modeling changes in accruals. In addition, a review of the 

AIC statistics in table 4.2 indicates that the model using the Dechow-Dichev accruals 

quality estimate (DDAQ) to explain variation in analyst forecast error generates a slightly 

better model fit than the model using the Ball and Shivakumar accruals quality estimate 

(BAQ). Therefore, in further analyses, I use only the Dechow-Dichev accruals quality 

estimate. 

 In further analyses of the relationship between accounting information and analyst 

forecast error, I employ two of the four discretionary accruals measures. Figures 4.1 and 

4.2 indicate that the Jones and BSDA models tend to generate substantially different 

mean discretionary accrual estimates for firm quarters in which analyst forecast errors are 

large and negative. In order to ensure that this difference does not affect the results of my 
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study, I will use a discretionary accrual estimate computed using the Jones model and an 

estimate computed using the BSDA model. Use of the modified discretionary accrual 

estimates (ModJDA and ModBDA) results in lower AIC statistics than use of the 

unmodified estimates (UnmodJDA and UnmodBDA). These lower AIC statistics indicate 

that the models using the modified discretionary accruals estimates fit the data slightly 

better than the models using the unmodified estimates. Therefore, each of my further 

regressions of LNScaledAFE
* uses DDAQ, either ModJDA or ModBDA, and several 

control variables as predictors. Scatter plots of the log-transformed measure of analyst 

forecast error, LNScaledAFE, and DDAQ, ModJDA, and ModBDA, respectively, are 

shown in figures 4.5, 4.6, and 4.7.  

The two regression models that I employ are as follows: 

iqiqiqiqiqiq

iqiqiq

LossSpanEPSchgNumEstBkMkt
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                      (4.4) 

where:  

DDAQiq      = the residual from the DDAQ model (equation (3.10)). Higher (lower) 

residuals are interpreted as evidence of lower (higher) accruals quality 

ModJDAiq   =  the modified Jones discretionary accrual estimate, computed as firm i’s 

quarter q difference between total accruals and an estimate of 

nondiscretionary accruals computed as in equation (3.5) 
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ModBDAiq   = the modified Ball and Shivakumar discretionary accruals estimate, 

computed as firm i’s quarter q difference between total accruals and an 

estimate of nondiscretionary accruals computed as illustrated in equation 

(3.7) 

all other variables are as defined in equation (4.2) 

Figure 4.5 

Plot of LNScaledAFE by DDAQ 
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LNScaledAFE is the observed variable equal to the natural log of one plus the value of 
the analyst forecast error observation (scaled by the stock price) 
 
DDAQ is the accruals quality estimate computed as the residual from the Dechow-Dichev 
accruals quality model (equation (3.10))
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Figure 4.5 
Plot of LNScaledAFE byModJDA 
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LNScaledAFE is the observed variable equal to the natural log of one plus the value of 
the analyst forecast error observation (scaled by the stock price) 
 

ModJDA is the modified Jones discretionary accrual estimate, computed as firm i’s 
quarter q difference between total accruals (earnings before extraordinary items and 
discontinued operations minus cash flow from operations) and an estimate of 
nondiscretionary accruals computed as illustrated in equation (3.5) 
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Figure 4.6 

Plot of LNScaledAFE by ModBDA 
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LNScaledAFE is the observed variable equal to the natural log of one plus the value of 
the analyst forecast error observation (scaled by the stock price) 
 

ModBDA is the modified Ball and Shivakumar discretionary accruals estimate, computed 
as firm i’s quarter q difference between total accruals (earnings before extraordinary 
items and discontinued operations minus cash flow from operations) and an estimate of 
nondiscretionary accruals computed as illustrated in equation (3.7) 
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Results of Regressions Including Both Accruals Quality and Discretionary Accruals 

 The results obtained in estimating the models shown in equations (4.3) and (4.4) are 

presented in table 4.3. The conclusion reached based on the results presented in table 4.3 

is that discretionary accruals and accruals quality measures are, in fact, both useful in 

explaining variability in analyst forecast error. Thus, H1 and H2 as presented in chapter II 

are supported. When both variables are included in the same model of forecast error, the 

coefficients associated with discretionary accruals and accruals quality are significant and 

retain the same signs as in the models whose results are presented in table 4.2. Absolute 

forecast errors tend to increase as accruals quality decreases, i.e. as the value of the 

accruals quality residual DDAQ increases. Additionally, larger absolute forecast errors 

tend to be associated with income decreasing discretionary accruals, as evidenced by the 

negative coefficients associated with the variables ModJDA and ModBDA. The AIC 

statistics for the models presented in table 4.3 are lower than the AIC statistics for any of 

the models presented in table 4.2. This is an indication that including both discretionary 

accruals and accruals quality in the models of forecast error improves the models’ fit and 

provides further evidence that discretionary accruals and accruals quality are both useful 

in explaining variation in forecast errors. The control variables all remain significant with 

their coefficients retaining the same signs as in table 4.2. 
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Table 4.3 

Model of Log-transformed Absolute Analyst Forecast Error Using  

Accruals Quality and Discretionary Accruals Measures as Predictors – Full Sample 

 

Model A: 
iqiqiqiqiq

iqiqiqiqiq
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Model B: 
iqiqiqiqiq
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n=10,873 Model A Model B 

Intercept 0.5733 
(<0.0001) 

0.5794 
(<0.0001) 

DDAQ 0.0068 
(<0.0001) 

0.0068 
(<0.0001) 

ModJDA -0.0034 
(<0.0001) 

 

ModBDA  
 

-0.0054 
(<0.0001) 

LNSize -0.0277 
(<0.0001) 

-0.0279 
(<0.0001) 

BkMkt 0.1787 
(<0.0001) 

0.1765 
(<0.0001) 

NumEst -0.0022 
(0.0019) 

-0.0022 
(0.0021) 

EPSchg 0.0625 
(<0.0001) 

0.0620 
(<0.0001) 

Span 0.0002 
(0.0131) 

0.0002 
(0.0137) 

Loss 0.2538 
(<0.0001) 

0.2491 
(<0.0001) 

Pseudo R2 (a) 0.3024 0.3022 
AIC (b) 7,738 7,731 
p-values in parentheses 
 
LNScaledAFE

*
 = the latent variable defining the Tobit model 
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Table 4.3 continued 

 

DDAQ = the residual from the Dechow-Dichev accruals quality model 
(equation (3.10)) (higher (lower) residuals are interpreted as 
evidence of lower (higher) accruals quality) 

 

ModJDA   = the modified Jones discretionary accrual estimate, computed as the 
difference between total accruals (earnings before extraordinary 
items and discontinued operations minus cash flow from operations) 
and an estimate of nondiscretionary accruals computed as illustrated 
in equation (3.5) 

 
ModBDA = the modified Ball and Shivakumar discretionary accruals estimate, 

computed the difference between total accruals (earnings before 
extraordinary items and discontinued operations minus cash flow 
from operations) and an estimate of nondiscretionary accruals 
computed as illustrated in equation (3.7) 

  
LNSize = the natural log of beginning-of-quarter market capitalization 
 
BkMkt = the ratio of beginning-of-quarter total stockholder’s equity 

(Compustat Industrial Quarterly data item 60), per the firm’s balance 
sheet, divided by its market capitalization  

 
NumEst  = the number of analyst estimates used to compute First Call’s 

consensus earnings estimate  
 
EPSchg = the absolute value of the difference between earnings per share 

before extraordinary items (Compustat Industrial Quarterly data item 
9) during the current quarter (i.e. the quarter corresponding to the 
analyst forecast error observation) and the same quarter one year 
earlier 

 
Span = the number of days between the calculation of First Call’s 

consensus earnings estimate and the actual announcement of 
earnings  

 
Loss = 1 if the actual earnings per share figure as recorded in First Call’s 

data base is negative and 0 otherwise 
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Table 4.3 continued 

 

(a) This is a goodness-of-fit statistic computed 
2

int

2

mod1
σ

σ
−  where: 2

modσ is the error 

variance in the applicable latent variable model and 2

intσ is error variance in the 

intercept-only latent variable model. 
 
(b) AIC is a penalized log-likelihood statistic that can be used to compare model fit 

(Dayton 2003). A lower AIC statistic indicates a better overall model fit. 
 

Robustness Check 

 I eliminate all observations with values than rank in the top or bottom one percent of any 

of the continuous variables in order to determine the extent to which outliers influence 

the results of this study. The winsorized sample is comprised of 9,630 observations. 

Results from running the models in equations (4.3) and (4.4) on the winsorized sample 

are presented in table 4.4. Coefficients for all variables are of the same directions as when 

the models were run on the original sample. All variables, except Span remain highly 

significant though and inferences with respect to discretionary accruals and accruals 

quality are unchanged. Thus, H1 and H2 as presented in chapter II continue to be 

supported and the conclusion that discretionary accruals and accruals quality are both 

useful in explaining variation in analyst forecast error stands. Finally, the AIC statistics 

from table 4.4 cannot be compared with those from tables 4.2 and 4.3 because of the 

change in sample composition.  
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Table 4.4 

Model of Log-transformed Absolute Analyst Forecast Error Using  

Accruals Quality and Discretionary Accruals Measures as Predictors – 

Winsorized Sample 

 

Model A: 
iqiqiqiqiq
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Model B: 
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n=9,630 Model A Model B 

Intercept 0.4890 
(<0.0001) 

0.4941 
(<0.0001) 

DDAQi 0.0039 
(0.0044) 

0.0040 
(0.0049) 

ModJDA -0.0018 
(0.0005) 

 

ModBDA  
 

-0.0022 
(0.0057) 

LNSize -0.0224 
(<0.0001) 

-0.0226 
(<0.0001) 

BkMkt 0.1429 
(<0.0001) 

0.1415 
(<0.0001) 

NumEst -0.0014 
(0.0094) 

-0.0013 
(0.0117) 

EPSchg 0.0807 
(<0.0001) 

0.0811 
(<0.0001) 

Span 0.0001 
(0.4413) 

0.0001 
(0.4486) 

Loss 0.1294 
(<0.0001) 

0.1280 
(<0.0001) 

Pseudo R2 (a) 0.2086 0.2083 
AIC (b) 926 930 
p-values in parentheses 
 
LNScaledAFE

*
 = the latent variable defined in equation (4.1) 
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Table 4.4 continued 

 

DDAQ = the residual from the Dechow-Dichev accruals quality model 
(equation (3.10)) (higher (lower) residuals are interpreted as 
evidence of lower (higher) accruals quality) 

 
ModJDA   = the modified Jones discretionary accrual estimate, computed as the 

difference between total accruals (earnings before extraordinary 
items and discontinued operations minus cash flow from operations) 
and an estimate of nondiscretionary accruals computed as illustrated 
in equation (3.5) 

 
ModBDA = the modified Ball and Shivakumar discretionary accruals estimate, 

computed the difference between total accruals (earnings before 
extraordinary items and discontinued operations minus cash flow 
from operations) and an estimate of nondiscretionary accruals 
computed as illustrated in equation (3.7) 

  
LNSize = the natural log of beginning-of-quarter market capitalization 
 
BkMkt = the ratio of beginning-of-quarter total stockholder’s equity 

(Compustat Industrial Quarterly data item 60), per the firm’s balance 
sheet, divided by its market capitalization  

 
NumEst  = the number of analyst estimates used to compute First Call’s 

consensus earnings estimate  
 
EPSchg = the absolute value of the difference between earnings per share 

before extraordinary items (Compustat Industrial Quarterly data item 
9) during the current quarter (i.e. the quarter corresponding to the 
analyst forecast error observation) and the same quarter one year 
earlier 

 
Span = the number of days between the calculation of First Call’s 

consensus earnings estimate and the actual announcement of 
earnings  

 
Loss = 1 if the actual earnings per share figure as recorded in First Call’s 

data base is negative and 0 otherwise 
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Table 4.4 continued 

 
 

(a) This is a goodness-of-fit statistic computed 
2

int

2

mod1
σ

σ
−  where: 2

modσ is the error variance 

in the applicable latent variable model and 2

intσ is error variance in the intercept-only 

latent variable model. 
 
(b) AIC is a penalized log-likelihood statistic that can be used to compare model fit 

(Dayton 2003). A lower AIC statistic indicates a better overall model fit. 
 
 
 

Conclusion 

This chapter presents analyses that allow me to provide an initial answer to the 

research question that is the focus of this dissertation: Are estimates of discretionary 

accruals and accruals quality both useful in explaining variation in analyst forecast 

errors? I analyze a sample of 10,873 firm quarters from 1997 to 2004. Plotting mean 

discretionary accruals and accruals quality by groups of firm quarters sorted by analyst 

forecast error provides suggestive evidence as to the relationships between both 

accounting variables of interest in this study and variation in forecast errors. Regressions 

of a log-transformed measure of absolute analyst forecast error on a set of predictor 

variables including either a measure of discretionary accruals or a measure of accruals 

quality, along with control variables, also indicate a link between accounting information 

and analyst forecast error. Finally, regressions that employ a measure of discretionary 

accruals and a measure of accruals quality along with the same set of control variables 
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provide evidence that supports H1 and H2 and indicates that discretionary accruals and 

accruals quality are both useful in explaining variation in analyst forecast error.  

The conclusion reached based on evidence in this dissertation is that analysts find 

it more difficult to forecast earnings accurately when those earnings are the product of 

unpredictable or unexpected accounting. An implication of this finding is that, when they 

forecast firms’ quarterly earnings, analysts make assumptions that include assumptions 

about the firms’ accounting practices. In the final section of this chapter, I discuss future 

research opportunities related to the subject matter of this dissertation. 

Directions for Future Research 

Can the Consideration of Accruals Quality Refine Accruals-Based Trading Strategies? 

 
Prior research finds that accounting information can be associated with market 

inefficiencies. Sloan (1996) identified the “accruals anomaly,” finding that investors 

overvalue the accrual component of earnings. Richardson et al. (2005) find that investors 

are especially prone to mispricing less reliable accruals. Pincus et al. (2007) find that 

there is also evidence of an accruals anomaly in international markets. In another study 

that demonstrates the usefulness of accounting information, Bradshaw (2004) finds that 

investors would be better served by employing simple present value models than by 

following the buy, hold, and sell recommendations of analysts. 

Further research could combine measures of accruals quality, measured at the 

firm level, with other accrual-based measures to determine whether trading strategies 

based on the accruals anomaly can be further refined to earn additional abnormal returns. 

Specifically, firms could be classified on two dimensions, total accruals and accruals 



Texas Tech University, Mark Riley, May 2007 

 

125 

quality. A trading strategy based on this classification system would take short positions 

on low accruals quality / high accruals firms and would take long positions in high 

accruals quality / low accruals firms. The goal of this line of research would be to 

determine whether a trading strategy that considers accruals quality earns returns in 

excess of those earned by the market as a whole and whether such a strategy outperforms 

extant accrual-based trading strategies. 

The Relationship Between Analyst Forecast Error and Accounting Information Before 

and After Regulation FD 

 
The Securities and Exchange Commission’s (2000) implementation of Regulation 

FD (“Reg FD”) provided academic researchers with a unique opportunity to compare two 

distinct information environments. Reg FD significantly altered the relationships of firms 

and analysts by prohibiting firms from selectively disclosing information to analysts 

without also disclosing the same information to the public.  

Researchers comparing the pre- and post-Reg FD environments have focused on 

three general areas. Some studies investigate how stock price reactions to earnings or 

other news differed before and after Reg FD. These studies concentrate on levels of 

abnormal returns and stock price volatility. The literature on Reg FD also includes 

research on the amount and type of information that firms provided to the market before 

and after they were subject to the new regulation’s provisions. Such studies focus on 

conference calls and press releases as means of communication. Finally, several papers 

have examined the role played by analysts prior to and after Reg FD.  This sub-set of Reg 
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FD research has concentrated mainly on the accuracy and dispersion of analysts’ earnings 

forecasts.   

The general suggestion of the literature on pre- and post-Reg FD stock returns is 

that stock price volatility around earnings release and conference call dates did not 

exhibit an overall increase after Regulation FD became effective. Heflin et al. (2003) use 

a matched pairs design to compare absolute cumulative abnormal returns around pre- and 

post-Reg FD earnings announcement dates. Heflin et al. (2003) find less volatility around 

earnings announcement dates in the post-Reg FD environment and suggest that this 

pattern is indicative of smaller pre-announcement information gaps in the post-Reg FD 

period. They also state that their findings indicate an improved, rather than a deteriorated 

information environment after Reg FD. However, Bushee et al. (2004) find increased 

volatility for a specific subset of firms, firms that held closed conference calls prior to 

Reg FD. Studies by Bailey et al. (2003) and Eleswarapu et al. (2004) find that after 

controlling for the NYSE, AMEX, and Nasdaq change to decimalization, post-Reg FD 

and pre-Reg FD volatility do not differ in a statistically meaningful way. 

Several studies address questions about changes in the information environment 

brought about by Reg FD. Heflin et al. (2003) find that firms were more likely after Reg 

FD to use a public disclosure to provide earnings guidance. Bailey et al. (2003) also find 

some evidence of increases in voluntary disclosures about future earnings.  They analyze 

the nature of these disclosures and conclude that post-FD increases in voluntary 

disclosures mainly take the form of guidance on the forthcoming quarter’s earnings, 

rather than prospects for the longer term. Bailey et al. interpret these results, coupled with 
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their finding (discussed below) that analyst forecast dispersion and other measures of 

disagreement seem to have increased, as indications that companies in the post-FD era 

are providing as much or more information than in the pre-FD period, but that the 

information provided is of a lower quality. 

Bushee et al. (2004) also study changes in the information environment. They 

compare the informativeness of earnings conference calls before and after Reg FD, 

measuring informativeness by assessing abnormal returns occurring during the 

conference call period versus abnormal returns during a control period.  They find no 

significant change in the information content of conference calls, noting that this finding 

runs counter to the concerns voiced by some opponents of Reg FD that firms would 

reduce the amount of information provided during calls as a result of being forced to 

allow open access to those calls.  

Several studies of analyst forecast error and dispersion find no increase in forecast 

error with some increase in dispersion after Reg FD’s implementation. Bailey et al. 

(2003) find evidence that analyst forecast dispersion increased after Reg FD, suggesting 

that the extent to which individual analysts covering the same firm were informed about 

that firm’s prospects varied more in the post-FD environment than in the pre-FD 

environment. This is consistent with Mohanram and Sunder’s (2006) finding that after 

the implementation of Reg FD, analysts became more reliant on “idiosyncratic” rather 

than common information searches. In other words, analysts had to work harder after Reg 

FD and the information employed by analysts covering the same firm likely varied to a 
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greater extent after than before Reg FD. Interestingly, Mohanram and Sunder (2006) also 

find that individual analysts generally covered fewer firms after than before Reg FD. 

 Heflin et al. (2003) find no evidence that analyst forecast accuracy decreased or 

that analyst forecast dispersion increased after the adoption of Reg FD. Mohanram and 

Sunder (2006) find evidence of decreased accuracy for a specific group of analysts. They 

find that the forecast accuracy of analysts working for large brokerage houses decreased 

after Reg FD. Mohanram and Sunder (2006) note that this group of analysts was the most 

likely to have “preferential links” with firm management and therefore was the most 

likely to receive information in the form of private communications from management 

before Reg FD. Thus, a decline in their forecast accuracy after the implementation of Reg 

FD is consistent with the prohibition on this type of communication.  

Overall, studies comparing the pre- and post-Reg FD environments indicate that 

Reg FD did alter the information environment in important ways. Rather than obtaining 

private earnings guidance from management, analysts were forced to perform what 

Mohanram and Sunder (2006) refer to as “idiosyncratic” information searches. As 

analysts received less private guidance from management about future earnings, it is 

likely that firms’ accounting became more important to analysts.  

I propose to extend research comparing the pre- and post-Reg FD environments 

by comparing the relationship between analyst forecast error and accounting information 

before and after Reg FD’s implementation. Given the lack of private information after 

Reg FD, analysts might be expected, in the post-Reg FD environment, to more accurately 

forecast the earnings of firms whose accounting better reflected their economic condition 
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(i.e. firms with better accruals quality) and who recorded less extreme discretionary 

accruals. Thus, when the pre- and post-Reg FD environments are compared, I expect a 

stronger relationship between accounting information, measured by accruals quality and 

discretionary accruals, and forecast accuracy in the post-Reg FD environment, compared 

to the pre-Reg FD environment. However, the relationship between discretionary accruals 

and analyst forecast error might not differ in the pre- and post-Reg FD environments. No 

change might be expected if the relationship between analyst forecast errors and 

discretionary accruals is driven by a form of earnings management in which firms record 

income-decreasing discretionary accruals when management becomes aware that the firm 

will miss its earnings target by a large amount (either a positive or negative error). Thus, 

a comparison of the pre- and post-Reg FD relationship between analyst forecast error and 

discretionary accruals might contribute to the earnings management literature as well as 

the literature on analyst forecast error and on accruals quality. 

Analyst Forecast Error and Audit Risk  

 
Based on the empirical results presented in this paper, firms whose earnings 

processes tend to generate large analyst forecast errors, particularly negative errors, seem 

as though they are riskier than other firms.  Analyst forecast error is positively related to 

book-to-market ratio and is negatively related to firm size. It therefore seems likely that 

firms with larger analyst forecast errors might pose greater levels of audit risk than firms 

with smaller forecast errors. 

In order to study the link between audit risk and analyst forecast errors, I plan to 

match, by industry and size, firms that differ in analyst forecast error characteristics. 
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Specifically, I will attempt to match firms with high mean absolute analyst forecast errors 

and high standard deviations of analyst forecast errors with firms that exhibit low mean 

absolute analyst forecast errors and low standard deviations of errors. I will compare 

these firms on three characteristics, reports of internal control deficiencies under 

Sarbanes-Oxley section 404, reported expenditures to address Sarbanes-Oxley section 

404 reporting requirements, and the increase in audit fees (scaled by total assets) 

experienced as a result of the implementation of the Sarbanes-Oxley section 404 

attestation requirements. This research should be of interest to academic researchers who 

study audit pricing and risk, as well as regulators and practitioners interested in whether 

some firms bore heavier costs than others as a result of complying with requirements 

contained in the Sarbanes-Oxley legislation. 
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