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ABSTRACT 

 

This dissertation examines the cost behavior model implicit in analysts’ and investors’ 

decisions.  Even though a cost behavior model that recognizes fixed and variable costs  

and cost stickiness can provide more accurate earnings forecasts, analysts and investors 

cannot fully capture sticky cost information.  Since analysts are not fully aware of the 

correct cost behavior model, earnings surprises can be largely explained by a cost model 

that recognizes sticky stickiness. Similarly, investors’ under-reaction to sticky cost 

information relates to post-earnings announcement drifts. As a result, positive abnormal 

returns can be earned by a trading strategy that takes advantage of investors’ lower 

awareness of sticky cost information. 
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CHAPTER 1 

INTRODUCTION 

 

1.1 Motivation 

          Earnings are defined as sales revenues minus costs.  To forecast earnings, one must 

understand cost behavior, which helps managers analyze profits and project future 

earnings for stakeholders, especially analysts and investors.  Analysts issue earnings 

forecasts to provide investment information for market participants while investors 

project future earnings for firm valuation.  How analysts and investors incorporate cost 

behavior information affects their earnings forecasts.   

          Despite extensive studies on earnings forecasts and market reactions to earnings 

surprises, the literature on investigating how analysts and investors incorporate cost 

behavior information for earnings expectations is scant.
1
  Weiss (2010) shows that cost 

behavior influences analysts’ earnings forecasts.  Firms with more sticky cost behavior, 

he reports, have less accurate earnings forecasts by analysts than firms with less sticky 

cost behavior.  Banker and Chen (2006) show that a model using cost variability and cost 

stickiness can improve earnings forecast accuracy over models that use only the line 

items in financial statements.  These studies suggest that cost behavior indeed plays a role 

in earnings forecasts.  Nevertheless, we still have limited knowledge on how analysts 

apply cost behavior to form earnings expectations, even though their information pool is 

relatively extensive. 

                                                           
1
 Ramnath et al (2008) list several papers on analyst incentives and their decision processes. Ball and 

Brown (1968) are the first to examine market reactions to earnings surprise.   
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          Weiss (2010) also shows that investors partially consider sticky cost behavior in 

responding to earnings announcements.  On the other hand, Anderson et al. (2007) find 

that investors seem to misinterpret sticky cost information as a signal of poor managerial 

control.  These results suggest that whether investors fully understand the available 

information on cost behavior is still an open question, as well as which cost model they 

use to forecast earnings.  As a result, this dissertation addresses the following research 

questions: What cost model do analysts and investors use to forecast earnings? What are 

the implications of cost behavior for earnings surprises and market reactions? 

 

1.2 Outline   

          First, we use several cost behavior models based on the literature to mimic the cost 

function implicit in analysts’ and investors’ mind.  Do analysts use a proportional cost 

model
2
, as fundamental ratio analysis contends, or a fixed and variable cost model as 

taught in managerial accounting textbooks? Or do they use an asymmetric cost behavior 

model as documented in recent cost accounting literature?  We investigate whether the 

cost model implicit in analyst forecasts can forecast more accurately than other cost 

behavior models.  Similarly, since investor valuations involve projecting future earnings, 

we need to understand what cost behavior model prevails in investors’ minds.  Do they 

use a cost behavior model that gives the most accurate forecasts or do they simply rely on 

analyst forecasts? Chapter 2 examines what cost behavior model is closer to analysts’ and 

investors’ mind and compares earnings forecast accuracy among these cost models. 

                                                           
2
 Kim and Prather-Kinsey (2010) hypothesize and find supporting results that analysts use a simple 

proportional cost model to forecast earnings. 
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          Recent cost accounting literature proposes a refined cost behavior model 

documenting an asymmetric relationship between cost changes and sales changes; i.e., 

costs increase more when sales increase than they decrease for equivalent sales decreases, 

termed sticky cost behavior (Anderson et al. 2003 and Chen et al. 2012).
3
  But Weiss 

(2010) says that analysts are not aware of sticky cost behavior.  If sticky cost behavior 

can accurately describe the association between costs and sales but analysts are unaware 

of this information, it may contribute to earnings surprises.  Thus, the second theme of 

this study (Chapter 3) focuses on whether and how the information provided by a refined 

model that considers sticky cost behavior can explain earnings surprises.   

          The literature documents that investors, as well as analysts, do not fully understand 

sticky cost behavior (Anderson et al. 2007 and Weiss 2010).  Banker and Chen (2006) 

find that investor expectations are closer to analyst forecasts than to a cost variability and 

cost stickiness model, posing empirical questions for the third part of this study: How 

long does it take the investors to understand and incorporate correct cost behavior?  And 

if there is a delay before investors recognize the cost behavior information, does a trading 

strategy that utilizes the correct cost model to take advantage of investors’ inaccurate 

beliefs earn positive abnormal returns?  To measure market reactions to the information 

provided by sticky cost behavior, we construct a trading strategy that takes advantage of 

investors’ being less aware of the right cost behavior.  We investigate whether sticky cost 

behavior is related to post-earnings announcement drift (PEAD) in Chapter 4. 

 

 

 

                                                           
3
 Banker et al. (2011) provide a literature review on sticky cost behavior. 
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1.3 Contribution 

          This study integrates cost accounting and financial accounting to explore which 

cost behavior model analysts and investors use.  We compare forecast accuracy among 

several cost behavior models.  Additionally, since analysts are not fully aware of sticky 

cost behavior, we show that the information provided by a sticky cost behavior model 

plays an important role in explaining earnings surprises.  This study provides a better 

understanding of analyst decision processes and contributes to the forecast literature.  

Moreover, this study examines how investors incorporate cost behavior information in 

earnings expectations and how they react to earnings surprises. Our empirical results 

show that due to investors’ lower awareness of sticky cost information, their belief 

adjustments after earnings announcements could be a source of post-earnings 

announcement drifts.                         
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CHAPTER 2 

WHAT COST BEHAVIOR MODEL DO ANALYSTS AND INVESTORS USE? 

 

2.1 Introduction 

          In this chapter, we first summarize cost models documented in previous studies and 

examine which cost model is closer to analysts’ and investors’ cognition when they form 

earnings expectations.  Unlike prior studies (Weiss, 2010, Kim and Prather-Kinsey, 2010), 

we find that analysts seem to have some understanding of cost stickiness which is first 

documented in Anderson et al. (2003).  Compared to other cost behavior models, a cost 

model that recognizes variable costs, fixed cost and cost stickiness can provide better 

earnings forecasts.  

Analyst forecasts play an important role in capital market research as they are 

pervasively used in valuation models and serve as a measure to isolate the surprise 

component of earnings from the anticipated component (Kothari, 2001). Investors also 

rely on analyst forecasts as an information source to make trading decisions that affect 

the level and variability of security prices (Kothari, 2001).  Although several studies 

explore what information affects the development of analyst earnings forecasts,
4
 few 

studies document the role of cost behavior information in earnings expectations.  Do 

analysts and investors use cost behavior information to forecast earnings? Or when they 

                                                           
4
 Ramnath et al (2008) list several research papers on “what information affects the development of 

analysts’ earnings forecasts and recommendation?” in Panel A Table 1. 
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forecast earnings, they simply rely on the easy assumption that costs change 

proportionately with sales? 
5
 

          There is limited research on the underlying cost models used by financial 

information users, such as investors or analysts, to project future earnings.  The only clue 

to which cost model they use occurs in the fundamental analysis literature and in 

textbooks on financial statement analysis.  According to fundamental analysis literature 

(Lev and Thiagarajan, 1993), analysts interpret a disproportionate (to sales) increase in 

the S&A expenses as negative signals indicating a loss of managerial cost control.  That 

is, analysts implicitly assume that all costs change proportionally to sales.  Similarly, as 

stated by financial statement analysis textbooks (e.g. Easton et al., 2009), “cost changes 

in proportional to sales changes” is a key presumption for the prospective analysis.  Do 

analysts and investors use a proportional cost model, as discussed in fundamental 

analysis and financial statement analysis to forecast earnings?  Or do they use other cost 

behavior models documented in the cost accounting literature?   

This chapter addresses the research questions:  What cost behavior model do 

analysts and investors use to forecast earnings?  How is the forecast accuracy of the cost 

behavior model used by analysts and investors?  

          Banker and Chen (2006) evaluate the predictive ability of a cost behavior model 

that recognizes fixed and variable costs and cost stickiness by benchmarking its earnings 

forecast performance against that of other time-series models based on line item 

information reported in financial statements.  We take another view to assess the forecast 

ability of the cost behavior model by comparing its earnings forecast performance with 

                                                           
5
 Kim and Prather-Kinsey (2010) find that analysts seem to forecast earnings based on a simple assumption 

that costs change proportionately with sales change, which results in forecast errors. We will further discuss 

this paper in Chapter 3. 
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that of other cost behavior models documented in cost accounting literature.  Our results 

indicate that analysts and investors have some understanding of a cost model that 

recognizes variable costs, fixed costs and cost stickiness.  This refined cost model also 

outperforms other cost behavior models in earnings forecast accuracy.  Findings in 

Chapter 2 add to the existing literature by directly examining what cost information 

analysts and investors use to form their earnings expectations.  Even though Weiss (2010) 

shows that analyst forecast accuracy is lower for firms with more sticky cost behavior, 

our results suggest that analysts seem to have some knowledge of cost stickiness.  

Nevertheless, whether analysts and investors can fully capture cost information are 

research questions in Chapter 3 and Chapter 4.  

 

2.2 Literature Review 

          In the cost accounting literature, the standard cost model describes costs as fixed or 

variable with respect to changes in sales volume.  This traditional fixed and variable cost 

model provides a basis for the cost-volume profit analysis which is an important lesson in 

most managerial accounting textbooks (Balakrishnan et al. 2008).  Nevertheless, this 

model assumes that variable costs change proportionately with sales changes and the 

level changes in costs mechanically move with the level changes in sales, regardless of 

the direction of sales changes.   

          Anderson et al. (2003) suggest that the magnitude of a change in costs depends not 

only on sales levels, but also on the direction of the change.  They show that costs 

increase to greater extent for a 1% increase in sales than costs decline for a 1% decrease 

in sales. The direction of sales change affects the cost change level.  Compared to the 
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traditional fixed and variable cost model discussed in managerial accounting textbooks, 

the sticky cost behavior model treats costs as a result of deliberate resource commitment 

decisions by managers.  Costs do not automatically rise because of sales, but result from 

managers’ decisions to deliberately adjust the resources committed to certain activities.  

Cost stickiness may be due to economic considerations such as adjustment costs of 

reducing and ramping up capacity in case sales rebound in the next period (e.g. Anderson 

et al., 2003; Banker et al., 2013).  But agency considerations, such as “empire-building” 

managerial incentives, can also lead to cost stickiness (Chen et al., 2012).  “Empire-

building” managers tend to increase resources too much when sales increase and cut them 

too little when sales decreases.  Chen et al. (2012) show that strong corporate governance 

mitigates the positive association between the agency problem and the degree of SG&A 

cost asymmetry.  Banker et al. (2011), in synthesizing the sticky cost literature, find they 

result from optimistic managers in the presence of adjustment costs.  They strongly 

support the sticky cost model as opposed to the traditional fixed and variable cost model 

that assumes variable costs change automatically with concurrent changes in sales.   

Applying the sticky cost concept to earnings forecasts, Banker and Chen (2006) get a 

resultant substantial improvement in earnings forecast accuracy over other models using 

the line items in financial statements.  

          Even cost accounting research proposes the refined cost behavior model, which 

emphasizes asymmetric cost changes in response to the direction of sales changes.  But 

we have no idea whether analysts consider this information when issuing forecasts or 

whether investors also recognize this information.  Only fundamental analysis gives a 

clue to financial information users’ underlying cost models because it examines the 
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cause-effect relationship between the key value drivers such as earnings, growth, and 

competitive position and the value of corporate securities.  Certain financial statement 

items serve as useful signals for predicting future earnings and valuing the firm.  Lev and 

Thiagarajan (1993) identify a set of financial variables (fundamentals) and examine the 

incremental value-relevance of these financial variables over earnings in analysts’ 

pronouncements. Among those financial variables, gross margin and selling and 

administrative expenses (S&A) reveal cost signals for predicting future earnings and firm 

values.  Analysts interpret a disproportionate (to sales) decrease in the gross margin 

balance and a disproportionate (to sales) increase in S&A expenses as negative signals 

that indicate a poor long-term performance and a loss of managerial cost control.  When 

analysts question a disproportionate (to sales) change in the gross margin balance or S&A 

expenses, the implicit assumption is that all costs change proportionally with sales.  In 

order to examine the value relevance of fundamentals suggested by analysts, Lev and 

Thiagarajan (1993) estimate a model that annually regresses excess returns on concurrent 

earnings changes and these fundamental signals.  The coefficients on both the S&A 

signal (percentage change in S&A expenses minus percentage change in sales) and the 

gross margin signal (percentage change in sales minus percentage change in gross margin) 

are negative in 13 of 14 annual periods.  The negative coefficients suggest that investors 

view an increase (decrease) in the ratio of S&A expenses (gross margin) to sales between 

two periods as a negative signal about firm value.  These findings are consistent with 

analysts’ interpretation of cost signals and imply that investors, like analysts, also expect 

costs to move proportionately with sales, regardless of the direction of sales change.  In 

summary, fundamental analysis suggests that the underlying cost model used by financial 
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information users (e.g. analysts and investors) for projecting future earnings and firm 

values depends on variable costs that change proportionately with increases or decreases 

in sales.      

        The assumption of cost changes proportional to sales changes also appears in 

financial statement analysis textbooks (e.g. Easton et al., 2009).  Since all forecasts are 

based on forecasting assumptions, to forecast the income statement, for example, one 

must make assumptions about revenue growth and how expenses change in relation to 

changes in revenues.  According to financial statement analysis textbooks, projected 

gross profit consists of projected sales multiplied by gross profit margin, which assumes 

that costs change proportionately with sales changes.  Kim and Prather-Kinsey (2010) 

explicitly show that due to this proportional change in cost-sale relationship assumption, 

analyst forecasts results in errors.  In summary, both fundamental analysis and financial 

statement analysis suggest that financial information users’ underlying cost model is the 

proportional model which describes the cost-sale relation as proportional changes. 

         The literature introduces different models to describe cost behavior that helps 

project future earnings and firm values. However, we have limited information on which 

cost models are used by analysts and investors to forecast earnings. In this chapter, we 

employ different cost models from prior cost behavior studies and investigate which one 

is closer to analysts’ and investors’ minds. Additionally, we compare the earnings 

forecast accuracy of these cost models.  

Since there is not sufficient evidence to show which cost model is used by analysts 

and investors, we do not hypothesize on this issue.  But we do examine which cost model 

appears closer to the implicit mind of analysts and investors and then compare the 
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predictive ability of different cost models.  We examine the following models: fixed and 

variable cost model (the FVC model), cost variability and cost stickiness model (the 

CVCS model), fixed cost model (the FC model), variable cost model (the VC model) and 

proportional cost model (the PROP model).  We discuss each one in detail in the next 

section. 

 

2.3 Research Design and Data Description 

Cost model estimation 

         In this section, we introduce six cost models, the estimation process and show how 

we decide which cost model is closer to the analysts’ and investors’ mind.  We evaluate 

the predictive ability of these models by comparing their absolute earnings forecast errors.  

Using industry-level (based on a four-digit SIC code) OLS regressions, we estimate the 

parameters of the six cost models for each forecast year on a rolling basis from the 

preceding four-year period.  For example, with the available information from 1998-2001, 

we estimate the parameters in each cost model that forecast earnings in 2002. In a similar 

fashion, the parameters used for forecasting earnings in 2003 are estimated by available 

data from 1999-2002, and so on.  Along with these estimated parameters of cost models 

and prior public information, we can obtain earnings forecasts from each cost model. 

The first model is the cost variability and cost stickiness model (hereafter the 

CVCS model) documented in Banker and Chen (2006) as follows: 

                                                      (1)                                           

Et is accounting earnings, measured as actual earnings reported on I/B/E/S database 

divided by the price at the beginning of the year.  In Banker and Chen (2006), earnings 

ttttttt DSaleSaleEDE    *14131210
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are measured as sales revenues subtracting costs, while total costs comprise both variable 

costs and fixed costs (Et = St – Ct and Ct = νSt + Ft.
6
).  Thus, earnings can be presented as 

sales revenues net of variable costs and fixed costs (Et = (1- ν)St - Ft).  Sales is assumed to 

follow a first order autoregressive process (St = α0 + α1St-1 + εS).  Banker and Chen (2006) 

also recognize cost stickiness by allowing the level of fixed costs to increase when sales 

decline.  They model fixed costs as a first-order autoregressive process with an additive 

term representing the additional amount of costs due to costs being sticky when sales 

decrease in period t (i.e. Ft = β0 + β1Ft-1 + β2ν(St-1 - St)Dt + εF.
7
).  Therefore, accounting 

earnings in period t (Et) depend on whether sales decrease or not in period t (Dt), last 

period earnings (Et-1) and sales (Salet-1) and the interaction between current sales 

decreasing and previous sales.  Dt is a sales decrease indicator which is 1 if current sales 

decline and 0 otherwise.  Based on Equation (1), the forecasted earnings for period t is 

given by: 

                                                                                                                                            (2)                                                                           

Et-1 and sales Salet-1 is observable in t while Dt needs to be estimated based on 

information available at the beginning of period t.  We follow Banker and Chen (2006) to 

estimate the sales decrease indicator Dt using a logit regression of the following form: 

                                                     (3)                                                          

∆REVt-1 is the percentage change in sales revenue from year t-2 to year t-1.  Similarly,    

and    of this logit model are estimated on a rolling basis for each forecast year using 

                                                           
6
 ν is the constant unit variable cost and the fraction of sales. 

7
 The term β2ν(St-1 - St)Dt is sticky costs when sales decline in period t. 

 


 110,
1
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pooled data from the preceding four-year period.  The estimated sales decrease dummy 

variable  for the forecast year is 1 if ∆REVt-1 > 0, and 0 otherwise.  

          The CVCS model allows the cost-sale relationship to vary with the direction of 

sales change. The fixed and variable cost model (hereafter the FVC model) is based on 

the CVCS model but assumes no sticky cost behavior by restricting Dt to zero.  

Borrowing the setting in the CVCS model and assuming the sales decreasing dummy (Dt) 

is zero, we can rewrite the FVC model as follows: 

 

 

 

                                                                                                                                            (4)                                                                                               

The forecasted earnings thus can be expressed as: 

�̅� = 𝛾 + 𝛾 𝑆   + 𝛾 𝑆                                                                                                   (5)                                                                               

          Compared to the CVCS model, the FVC model is a particular case by restricting 

the sales decreasing dummy (Dt) to zero.  If we take one step further by restricting both 

the sales decreasing dummy (Dt) and the variable costs (ν) to zero, this particular form is 

the fixed cost model (hereafter the FC model).  In this case, earnings are sales revenues 

net of fixed costs and both sales and costs follow a first-order autoregressive process.  

Earnings can be described as the following equation:  

                                                                            (6)                                                                 

Thus, the forecasted earnings by the FC model is: 

                                                                                       (7)                                                                   
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Similar to prior estimations,   ,   ,    and    are estimated on a rolling basis and 

industry level for each forecast year using pooled data from the preceding four-year 

period.    can be obtained by sales subtracting earnings. 

          Like the FC model, another form of the CVCS model is the variable cost model 

(hereafter the VC model), which restricts fixed costs at zero (   = 0).  In the VC model, 

there is no sticky cost behavior and no fixed costs. The VC model predicts earnings as the 

following equation: 

                                                                                  (8)                                                                   

where v represents the constant unit variable cost. The forecasted earnings t relies on the 

information from previous sales: 

,                                                                                                                  (9) 

where is the estimate of (1-v)    and  is the estimate of (1-v)   .                                                                              

The four cost models introduced above are the CVCS model and its three particular 

forms, the FVC model, the FC model and the VC model ordered in a sequence as the 

restriction on the CVCS model increases. The following two cost models are not based 

on the CVCS model. 

          In traditional fundamental analysis, financial analysts use a number of ratios in 

their assessments of increasing or decreasing firm performance in the future, often using 

cost ratios for gross margin or the ratio of SG&A costs-to-sales.  When analysts compare 

these ratios over time, they assume that all the costs change proportionally to sales.  

Based on the proportional cost assumption used in fundamental analysis, we propose the 

following proportional model: 
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                                                                                                (10)                                                                                                        

The proportional model assumes that St follows a first order autoregressive process 

and v’ is the ratio of costs to sales.  Therefore, the proportional model describes earnings 

as sales multiplied by profit margin, consistent with traditional fundamental analysis.  

Since v’ can be estimated from the regression of cost on sales with no intercept as 

 (Ct can be measured as sales subtracting costs), the forecasted earnings by 

the proportional model is: 

                                                                                                  (11)                                                                              

In the proportional model, not only costs but the association between earnings and sales 

are variable.  In the VC model there may exist a fixed term in the earnings, which comes 

from the revenue side depending on how sales behave.  Even though all costs are variable 

in the VC model, the relationship between earnings and sales is not variable. 

          The last model is also a fixed and variable model (the FVC2 model) but unlike the 

FVC model, which is based on the CVCS model.  The FVC2 model is estimated by 

assuming sales follow a first order autoregressive process and costs are the combination 

of a fixed term and a variable association with sales.  The FVC2 model can be rewritten 

as: 

                                                        (12)                                                                                                  

where    and    can be estimated from the cost and sales equation: . 

The forecasted earnings are given by: 
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                                                                         (13)                                                             

          The difference between the FVC and FVC2 model is the information used to 

forecast earnings.  These two models have a similar fixed and variable structure but the 

FVC model uses both earnings and sales data while the FVC2 relies only on the sales 

data to estimate parameters.  Using different information and different parameter 

estimation may lead to different forecast ability. 

Analysts’ and investors’ view and forecast accuracy 

          What then is the implicit cost behavior model in analysts’ mind?  The financial 

accounting literature gives several explanations for forecast bias, which reflects analysts’ 

underlying thinking when issuing forecasts.
8
  We examine which cost behavior model is 

closest to analysts’ minds by looking at the OLS regression of analysts’ forecasts on 

those using a cost behavior model.  The higher the correlation between analyst forecasts 

and the forecasts by a cost model, the closer the model is to analysts’ minds.  The higher 

R
2
 suggests that the higher proportion of variation in analyst forecasts can be explained 

by this cost model: 

𝑎𝑛𝑎𝑙𝑦𝑠𝑡 𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑠 (𝐼𝐵𝐸𝑆) =   +    𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑠
𝐶𝑉𝐶𝑆 + 𝜀                                      (14)                                        

In addition to R
2
, we use Vuong’s (1989) test as a robustness check for pair-wise 

comparison between two competing models. Vuong’s test shows directional inferences 

on which of two competing models is closer to the true underlying model.  

The underlying assumption of using OLS regression analysis to examine which 

cost behavior model is closer to analyst forecasts implies that analysts have a quadratic 

                                                           
8
 The strategic reporting bias explanation (e.g.,Francis and Philbrick, 1993; Dugar and Nathan, 1995; Das 

et al., 1998; Lim, 2001); the selection bias explanation (McNichols and O’Brien, 1997); the cognitive bias 

explanation (e.g., Abarbanell and Bernard, 1992; Elgers and Lo, 1994). 

)ˆˆ(ˆˆ)ˆˆ( 11010110   ttt SSE 
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loss function and try to minimize their mean squared forecast errors.  Even though major 

prior research assumes that analysts have a quadratic loss function and do not efficiently 

use information to forecast earnings, Basu and Markov (2004) find that analysts likely 

face a linear loss function and thus set their forecasts to minimize absolute forecast errors.  

As robustness checks, we also perform a median regression and check mean absolute 

difference and root mean square errors between analyst forecasts and a cost model 

forecasts. All results are presented in appendix II. 

          To understand what is in investors’ minds, we follow Banker and Chen (2006) 

using an indirect method to examine which cost model investors use.  Revision in 

investors’ minds is shown as abnormal returns.  We connect the revision of investors’ 

beliefs shown as abnormal returns to forecast errors.  The association of earnings forecast 

errors with concurrent abnormal returns is used in capital market research to evaluate 

earnings forecast models (Fried and Givoly 1982; Brown et al. 1987; O’Brien 1988).  The 

closer a cost model is to investors’ minds in forming their earnings expectation, the 

higher the association between the forecast errors from the model and concurrent 

abnormal returns (Foster 1977).  Higher R
2
 suggests that the cost model is closer to what 

investors use to forecast earnings: 

𝑅𝐸𝑇 =   +    𝑜𝑟𝑒𝑐𝑎𝑠𝑡 𝐸𝑟𝑟𝑜𝑟
𝐶𝑉𝐶𝑆 + 𝜀                                                                   (15)                                                  

Similarly, we use Vuong’s test as a robustness check to compare two competing models. 

          Next, we evaluate the forecast ability among these cost behavior models to see if 

the model implicit in analysts’ and investors’ mind yields more accurate earnings 

forecasts.  Based on prior studies (e.g. Fairfield and Yohn, 1996; Banker and Chen, 2006), 

we define forecast accuracy as the absolute forecast error (AFE) which is the absolute 
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value of the difference between the actual realization earnings in year t and the forecasted 

earnings.  

 𝐴 𝐸 = |𝑎𝑐𝑡𝑢𝑎𝑙 𝑒𝑎𝑟𝑛𝑖𝑛𝑔𝑠 − 𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡 𝑒𝑎𝑟𝑛𝑖𝑛𝑔𝑠 | =  | 𝐸 |                                    (16)                                            

 

Data Description 

          The study sample spans 1988 through 2010
9
 and we use the CVCS model 

documented in Banker and Chen (2006) to capture sticky cost behavior.  We follow 

major literature to define accounting earnings as actual earnings reported on the I/B/E/S 

database deflated by the price of the beginning fiscal year.
10

  That is, in this study we use 

the beginning market value of equity as the deflator.  Since the CVCS model requires 

information about sales revenue, sales revenue is also scaled by the beginning market 

value equity.  As for analysts’ consensus forecasts, we use the mean analysts' forecasts of 

earnings per share (EPS) reported on the I/B/E/S database nine months before fiscal year-

end, divided by the price at the beginning of the year.  

To reduce potential errors in the estimation of cost models due to data errors or 

outliers, we require firm-year observations to have: (1) current price or the price in last 

period greater than 1; (2) positive values for owners’ equity.  To ensure there are enough 

observations to estimate cost models’ parameters, following Banker and Chen (2006), we 

estimate the cost forecast models using industry-level (based on four-digit SIC code) 

OLS regression and delete firms from each forecast year and the associated estimation 

                                                           
9
 Banker and Chen (2006) begin their study period from 1988 because the availability of some required 

variables (e.g. cash flows from continuing operations). To be consistent and avoid concerns of the CVCS 

model’s predictive ability due to different sample periods, we also begin our sample period from 1988.  
10

 Banker and Chen (2006) define accounting earnings as define accounting earnings as return on owners’ 

equity (ROE), measured as income before extraordinary items (IB) divided by the beginning book value of 

equity (CEQ). Therefore, we also follow their definition and perform all related analyses in appendix I. 

Basically, results under both versions (either using beginning book value of equity as a deflator or using 

beginning market value of equity as a deflator) are consistent and similar. 
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period (i.e., the four years immediately prior to the forecast year) that are in industries 

with less than 20 firm-year observations available in the estimation period.  We also 

delete observations with missing values of industry classification code, current earnings, 

analyst consensus forecasts and sales.  Finally, for all used variables, we trim on both 

edges at 1%.  Our final sample consists of 40,909 firm-year observations from 6,639 

firms over the 19-year forecast period 1992 – 2010.  Table 2.1 defines variables used in 

this study and Table 2.2 shows our sample selection process.  Table 2.3 panels A and B 

present the summary statistics and the correlation matrix for the relevant variables used in 

this study. 

 

Table 2.1 Variable definition 

 Variable definition: 

IBES earningst: in this paper we define accounting earnings as IBES actual earnings 

divided by the price at the beginning of the year 

Salest: net sales revenue divided by the market value of equity at the beginning of the 

year 

Analyst forecast (IBES): the mean analysts' forecasts of earnings per share (EPS) 

reported on the I/B/E/S database nine months before fiscal year-end, divided by the price 

at the beginning of the year 

Earnings surprise (ES): actual earnings on the I/B/E/S database – analyst forecasts 

(IBES earnings - IBES) 

Forecast difference (FD_CVCS): earnings forecasts by the CVCS model – analyst 

forecasts 

Sales surprise (SalesSurprise): actual sales t – sales (t-1) (sales revenue divided by the 

market value of equity at the beginning of the year) 

Firm Size (FirmSize): natural log of market value of common equity at the beginning of 

the fiscal year 

Analyst following (Following): natural log of number of analysts following the firm 
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Loss (Loss): a dummy variable that equals to 1 if the consensus forecasted earnings is 

negative and zero otherwise 

Margin (Margin): (Salei,t – COGSi,t) / Salei,t 

Forecast dispersion (Dispersion): forecast dispersion measured as the standard 

deviation of stock price-deflated analyst forecasts  

Trading volume (TradingVol): trading volume measured as the sum of the monthly 

trading volume over the 12-month period before the consensus forecasts are calculated 

Abnormal returns (AbnormalRet): Size and book to market adjusted returns. Raw 

return minus the average return on a same size-B/M portfolio (25 portfolios provided by 

professor French). 
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Table 2.2. Sample selection process 

Table 2.2 shows how we form our final sample of 40,909 firm-year observations. We 

start our sample selection process from Compustat data base. Our sample period is from 

1986 to 2010. 

 

No Database Selection process 

1 COMPUSTAT Sample period from 1986 to 2010 

2 IBES Use mean analysts' forecasts of earnings per share 

(EPS) reported on the I/B/E/S database nine months 

before fiscal year-end as a firm-year observation’s 

analyst forecast 

3 Merge 

COMPUSTAT and 

IBES  

Merger (1) and (2)  

4 COMP + IBES Delete observations with current price or lagged price 

< 1, or negative beg. shares outstanding, or negative 

book value, or missing values of industry classification 

code, current earnings (actual), analyst consensus 

forecasts or sales revenue 

5 COMP + IBES Trim following variables at top and bottom 1%: 

* IBES earnings and lagged IBES earnings  

* Sales and lagged sales (Sales = COMPUSTAT Sales 

revenue / beg. market value) 

* Costs and lagged costs (Costs = Sales – IBES 

earnings) 

* percentage change in sales revenue from year t-2 to 

year t-1 ( {sales revenue (t-1) – sales revenue (t-2)} / 

sales revenue (t-2)) 

* percentage change in sales revenue from year t-1 to 

year t 

* profit (income before extraordinary items / sales 

revenue) 

* Analyst consensus forecasts 

6 COMP + IBES Delete firms from each forecast year and the associated 

estimation period (i.e., the four years immediately prior 

to the forecast year) that are in industries with less than 

20 firm-year observations available in the estimation 

period 

7 COMP+IBES Main sample: delete observations with missing values 

of forecasted earnings from different cost models 

8 COMP+IBES+CRSP Delete observations with missing values of control 

variables used in earnings surprise regression (used in 

Chapter 3) 

9 COMP+IBES+Ret Delete observations with missing values of abnormal 

returns  
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Table 2.3 Descriptive statistics and correlation table 

Panel A. Descriptive statistics (6,639 firms) 

 

mean s.d. Q3 median Q1 N  

Sales 1.2114  1.3596  1.4262  0.7641  0.4226  40909 

IBES 0.0496  0.0594  0.0733  0.0487  0.0256  40909 

ES -0.0163  0.0734  0.0033  -0.0011  -0.0145  34790 

FD_CVCS -0.0092  0.0534  0.0102  -0.0044  -0.0225  34790 

SalesSurprise 0.0335  0.7450  0.1832  0.0047  -0.1583  34790 

FirmSize 6.8202  1.7737  7.9568  6.6713  5.5449  34790 

Following 1.8951  0.7798  2.4849  1.9459  1.3863  34790 

Loss 0.0627  0.2424  0.0000  0.0000  0.0000  34790 

Margin 0.4154  0.2182  0.5756  0.3939  0.2464  34790 

Dispersion 0.0071  0.0176  0.0066  0.0024  0.0010  34790 

TradingVol 12.9513  1.7450  14.1111  12.9814  11.7679  34790 

AbnoramlRet 0.0092  0.4572  0.1982  -0.0042  -0.2633  34001 

 

Panel B. Correlation table 
 Sales IBES ES FD_CVCS SalesSurprise 

Sales 1.0000  0.1991  -0.0991  -0.1556  0.3646  

  <.0001 <.0001 <.0001 <.0001 

IBES 0.3596  1.0000  -0.2032  -0.5410  0.0577  

 <.0001  <.0001 <.0001 <.0001 

ES -0.0115  -0.1072  1.0000  0.2729  -0.0862  

 0.0322  <.0001  <.0001 <.0001 

FD_CVCS -0.1860  -0.4959  0.1718  1.0000  -0.1754  

 <.0001 <.0001 <.0001  <.0001 

SalesSurprise 0.1938  0.1109  -0.0439  -0.3211  1.0000  

 <.0001 <.0001 <.0001 <.0001  

FirmSize -0.1927  -0.0166  0.1658  0.1109  -0.1551  

 <.0001 0.0020  <.0001 <.0001 <.0001 

Following -0.0964  -0.0621  0.1028  0.0507  -0.0334  

 <.0001 <.0001 <.0001 <.0001 <.0001 

Loss -0.1417  -0.4198  -0.0352  0.1974  0.0970  

 <.0001 <.0001 <.0001 <.0001 <.0001 

Margin -0.5444  -0.1176  0.1207  0.0368  -0.0382  

 <.0001 <.0001 <.0001 <.0001 <.0001 

Dispersion 0.1887  0.2116  -0.2119  -0.2389  0.2471  

 <.0001 <.0001 <.0001 <.0001 <.0001 

TradingVol -0.2038  -0.0770  0.0610  0.0195  0.0149  

 <.0001 <.0001 <.0001 0.0003  0.0055  

 



 

23 

 

Table 2.3 Panel B. continued 
 Size Following Loss Margin Dispersion TradingVol 

Sales -0.2041  -0.1018  -0.0547  -0.4259  0.1462  -0.1400  

 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001 

IBES 0.0221  -0.0202  -0.5628  -0.0453  -0.0800  -0.0649  

 <.0001 0.0002  <.0001 <.0001 <.0001 <.0001 

ES 0.1677  0.1082  -0.0640  0.1092  -0.3405  0.0430  

 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001 

FD_CVCS 0.0878  0.0492  0.1952  0.0310  -0.1362  0.0275  

 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001 

SalesSurprise -0.1248  -0.0303  0.0751  -0.0506  0.1742  0.0002  

 <.0001 <.0001 <.0001 <.0001 <.0001 0.9710  

FirmSize 1.0000  0.6423  -0.1512  0.0387  -0.1817  0.6685  

  <.0001 <.0001 <.0001 <.0001 <.0001 

Following 0.6634  1.0000  -0.0927  0.0324  -0.1090  0.6403  

 <.0001  <.0001 <.0001 <.0001 <.0001 

Loss -0.1591  -0.0925  1.0000  -0.0626  0.3377  0.0541  

 <.0001 <.0001  <.0001 <.0001 <.0001 

Margin 0.0204  0.0184  -0.0537  1.0000  -0.0658  0.0832  

 0.0001  0.0006  <.0001  <.0001 <.0001 

Dispersion -0.2293  -0.1370  0.2990  -0.1436  1.0000  0.0120  

 <.0001 <.0001 <.0001 <.0001  0.0247  

TradingVol 0.6745  0.6403  0.0522  0.0726  0.0353  1.0000  

 <.0001 <.0001 <.0001 <.0001 <.0001  

All variables are defined in Table 2.1. 

 

2.4 Empirical Results 

Which Cost Behavior Model Do Analysts Use?  

Assuming analysts have a quadratic loss function, we use OLS regression to 

examine which cost behavior model is closer to analysts’ mind.  Table 2.4 Panel A shows 

that the regression of the CVCS model generates the highest R-squared and coefficient, 

implying that analysts seem to recognize sticky cost behavior.  As a robustness check, we 

perform Vuong’s test for pair-wise comparison between two competing models to decide 



 

24 

 

which model is closer to analysts’ mind.  Vuong’s test provides directional inferences as 

to which of two competing models is closer to the true underlying model.  It is used in 

prior accounting literature.  In Panel B, the results of Vuong’s test indicate that, 

compared to other cost models, both the FVC and CVCS models are closer to analysts’ 

minds.  Even though higher R-squared in Panel A suggests a higher relationship between 

analyst forecasts and the forecasts by the CVCS model, the CVCS model does not 

significantly reject the FVC model in panel B.  These results suggest that analysts may be 

aware of sticky cost behavior but not fully incorporate it when issuing earnings forecasts. 

Table 2.4 shows that analysts seem to recognize some sticky cost behavior or use a cost 

model with both fixed and variable components instead of relying on the proportional 

cost model documented in fundamental analysis.  Contrary to Kim and Prather-Kinsey 

(2010), Table 2.4 indicates that the PROP model is not likely the cost model that analysts 

use, because the PROP model generates the lowest R
2
 in Panel A and is rejected by other 

cost models in Panel B.  If the simple FVC model and the CVCS model are closer to 

what analysts use to forecast earnings, are these two models the ones that can forecast the 

most accurate earnings?  
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Table 2.4. Analysts’ view  

Regression Results of I/B/E/S Consensus Forecasts on Forecasts by Different Cost 

Models and Results of Vuong’s Test 

Sample Forecast Period: 1992 – 2010 (N = 40,909) 

 

Panel A. Simple regression of analyst forecasts on earnings forecasts by a cost model.  

𝑎𝑛𝑎𝑙𝑦𝑠𝑡 𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑠 (𝐼𝐵𝐸𝑆) =   +    𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑠 
            + 𝜀   

R-squared Intercept CVCS FVC FC VC PROP FVC2 

0.2447  0.0303  0.4949  . . . . . 

0.2337  0.0360  . 0.4442  . . . . 

0.2234  0.0378  . . 0.3808  . . . 

0.0725  0.0365  . . . 0.4339  . . 

0.0524  0.0401  . . . . 0.4587  . 

0.0777  0.0352  . . . . . 0.4762  

CVCS model:  

FVC mode:  

FC model:  

VC model:  

PROP model:  

FVC2 model:  

I/B/E/S analyst forecast: the mean analysts' forecasts of earnings per share (EPS) reported on the I/B/E/S 

database nine months before fiscal year-end, divided by the price at the beginning of the year 

Et: Et is accounting earnings. IBES actual earnings divided by the price at the beginning of the year 

Dt: Dt is the sales down dummy variable which is 1 if current sales decline and 0 otherwise  

Salet: net sales revenue divided by the market value of equity at the beginning of the year 

V: v represents the constant unit variable cost.   

V’: v’ is the ratio of costs to sales. 

Ft: Fixed costs 

 

Panel B. Results of Vuong’s test of relative information content 

Competing models Vuong’s Z-statistic 

(p-value in parentheses) 

 

VC vs. PROP 2.864 (p<0.01) VC is better than PROP 

VC vs CVCS -11.0596 (p<0.01) CVCS is better than VC 

VC vs. FVC -14.2773 (p<0.01) FVC is better than VC 

VC vs. FVC2 -1.2627 (p>0.1)  

VC vs. FC -15.1888 (p<0.01) VC is better than FC 

PROP vs. CVCS -13.2883 (p<0.01) CVCS is better than PROP 

PROP vs. FVC -13.5434 (p<0.01) FVC is better than PROP 

PROP vs. FVC2 -6.7655 (p<0.01) FVC2 is better than PROP 

PROP vs. FC -14.4288 FC is better than PROP 

CVCS vs. FVC 1.3895 (p>0.1)  

ttttttt DSaleSaleEDE    *14131210
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Table 2.4 Panel B. continued 

CVCS vs. FVC2 11.6133 (p < 0.01) CVCS is better than FVC2 

CVCS vs. FC 1.7696 (p < 0.1) CVCS is better than FC 

FVC vs. FC 1.2840 (p>0.01)  

FVC vs. FVC2 13.2621 (p<0.01) FVC is better than FVC2 

FVC2 vs. FC -14.3294 (p<.01) FC is better than FVC2 

CVCS ≈ FVC > FC > VC ≈ FVC2 > PROP 

 

Which Cost Behavior Model Do Investors Use?  

          What is in investors’ minds?  As with Table 2.5, we regress abnormal returns on 

forecast errors, which capture to what extent investors are surprised and investors’ 

reactions are related to earnings surprises because earnings forecasts are an important 

driver of market surprises.  The higher association implies that it is closer to investors’ 

beliefs. Consistent with Banker and Chen (2006), in Panel A the highest R-squared and 

coefficient is achieved when abnormal returns are regressed on analyst forecast errors.  In 

Panel B, Vuong’s test suggests that analyst forecasts are closer to market expectation.  

Results in Table 2.5 indicate that investors rely more on analyst forecasts and what is in 

their minds is similar to analysts’ assumptions.  Our results are also consistent with prior 

literature that investors mainly follow analyst forecasts (Freeman and Tse (1992), 

Mendenhall (2004), Francis et al. (2004), Zolotoy (2012)).  Even though Table 2.4 and 

Table 2.5 imply that analysts and investors may recognize some sticky cost behavior, we 

still do not have evidence to show that analysts and investors can fully capture sticky cost 

information. According to our results, both the CVCS model and the FVC model seem to 

be closer to analyst forecasts.  Opposite to the assumption used in fundament analysis and 

Kim and Prather-Kinsey (2010), we find that analysts are least likely to use the PROP 

cost model when issuing forecasts. 
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Table 2.5 Investors’ view 

Regression Results of Abnormal Returns
*
 on Forecast Errors (FE)

**
 and Results of 

Vuong’s Test 

Sample Forecast Period: 1992 – 2010 (N = 34,001) 

  

Panel A. Regression results of abnormal returns on forecast errors (FE)  
𝑅𝐸𝑇 =   +    𝑜𝑟𝑒𝑐𝑎𝑠𝑡 𝐸𝑟𝑟𝑜𝑟 + 𝜀  
_RSQ_ Intercept CVCS FVC FC VC PROP FVC2 IBES 

0.0475  0.0198  1.3168        

0.0481  0.0089   1.3126       

0.0500  0.0104    1.3135      

0.0358  0.0075     1.0594     

0.0330  -0.0023      1.0130    

0.0366  0.0077       1.0824   

0.0632  0.0359        1.5630  

CVCS model:  

FVC mode:  

FC model:  

VC model:  

PROP model:  

FVC2 model:  

I/B/E/S analyst forecast: the mean analysts' forecasts of earnings per share (EPS) reported on the I/B/E/S 

database nine months before fiscal year-end, divided by the price at the beginning of the year 

Et: Et is accounting earnings. IBES actual earnings divided by the price at the beginning of the year 

Dt: Dt is the sales down dummy variable which is 1 if current sales decline and 0 otherwise  

Salet: net sales revenue divided by the market value of equity at the beginning of the year 

V: v represents the constant unit variable cost.   

V’: v’ is the ratio of costs to sales. 

Ft: Fixed costs 

 

Panel B. Results of Vuong’s test of relative information content  
Competing models Vuong’s Z-statistic 

(p-value in parentheses) 
 

VC vs. PROP 2.5842 (p<0.01) VC is better than PROP 
VC vs. FVC -7.5602 (p<0.01) FVC is better than VC 
VC vs. FVC2 -1.2004 (p>0.1)  
VC vs. FC -7.2499 (p<0.01) FC is better than VC 
VC vs. CVCS -5.9983 (p<0.01) CVCS is better than VC 
VC vs IBES -10.0795 (p<0.01) IBES is better than VC 
PROP vs. FVC -7.1400 (p<0.01) FVC is better than PROP 
PROP vs. FVC2 -5.4352 (p<0.01) FVC2 is better than PROP 
PROP vs. FC -6.7978 (p<0.01) FC is better than PROP 
PROP vs. CVCS -8.3532 (p<0.01) CVCS is better than PROP 
PROP vs. IBES -11.9355 (p<0.01) IBES is better than PROP 
FVC vs. FVC2 6.2982 (p<0.01) FVC is better than FVC2 

ttttttt DSaleSaleEDE    *14131210
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Table 2.5 Panel B. continued 

FVC vs. FC -1.4543 (p>0.1)  
FVC vs. CVCS 0.3754 (p>0.01)  
FVC vs. IBES -5.3458 (p<0.01) IBES is better than FVC 
FVC2 vs. FC -6.1165 (p<0.01) FC is better than FVC2 
FVC2 vs. CVCS -6.3048 (p<0.01) CVCS is better than FVC2 
FVC2 vs. IBES -10.3602 (p<0.01) IBES is better than FVC2 
FC vs. CVCS 1.1103 (p>0.01) CVCS is better than FC 
FC vs. IBES -4.3022 (p<0.01) IBES is better than FC 
CVCS vs. IBES -6.3816 (p<0.01) IBES is better than CVCS 
IBES > CVCS ≈ FVC ≈ FC > VC ≈ FVC2 > PROP  

 

Forecast Accuracy    

Since the simple FVC model and the CVCS model are closer to analysts’ and 

investors’ minds, we want to know if these models can forecast more accurate earnings.  

There are six cost models that describe different cost behavior summarized from prior 

cost behavior literature.  Investigating the earnings forecasts from these models and the 

literature, we evaluate their forecast accuracy compared to analyst forecasts in terms of 

absolute forecast errors (AFE).      

          Table 2.6 shows the statistics on the distribution of absolute forecast errors (AFE) 

for the cost models and the analyst forecasts.  Consistent with Banker and Chen (2006), 

the analysts’ consensus forecasts are the most accurate, with a median (mean) AFE of 

0.0081 (0.0300).  The CVCS model, the most accurate of the six cost behavior models, 

generates AFE with the smallest median (0.0186), mean (0.0401), first quartile (0.0082), 

and third quartile (0.0406).  The FVC model as well as the FC model is the second best 

among the six models, producing AFE with median (0.0202), mean (0.0414), first 

quartile (0.0089), and third quartile (0.0437).  On the other hand, the PROP model 

generates AFE with the largest median (0.0321), mean (0.0508), first quartile (0.0147), 

and third quartile (0.0589).  The naïve fixed cost model (the FC model) performs better 

than the VC model or the PROP model in forecast accuracy.  Our results suggest that the 
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assumption of proportional costs to sales ratio used in traditional fundamental analysis 

may not be appropriate because the PROP model performs worse in forecasting future 

earnings.  It is not surprising that analyst forecasts outperform all the cost behavior 

models because analysts have a relatively large information pool, while our cost behavior 

models use only data on sales and costs.  Also, the CVCS model gives more accurate 

forecasts due to its detailed description of cost changes with sales changes, even though 

analysts and investors may not fully rely on the CVCS model.  Since theories on 

asymmetric costs were not available in the 1990s, and most cost stickiness studies are 

recent works, the concept of “cost stickiness” is not widely known and we cannot expect 

analysts to account for the whole effects of cost stickiness on earnings behavior.  As 

indicated by Weiss (2010) that firms with more sticky cost behavior reduce analysts’ 

forecast accuracy, we will take a further step to examine how sticky cost information 

affects earnings surprises in Chapter 3.  

 

Table 2.6. Earnings Forecast Accuracy Comparisons among Cost Behavior Models 

and I/B/E/S Consensus Forecasts 

Sample Forecast Period: 1992 – 2010 (N = 40,909) 

 

N=40909 median mean std Q3 Q1 

CVCS 0.0186  0.0401  0.0743  0.0406  0.0082  

FVC 0.0202  0.0414  0.0746  0.0437  0.0089  

FC 0.0199  0.0425  0.0771  0.0439  0.0087  

VC 0.0270  0.0470  0.0740  0.0526  0.0123  

Prop 0.0321  0.0508  0.0729  0.0589  0.0147  

FVC2 0.0266  0.0467  0.0732  0.0520  0.0122  

IBES 0.0081  0.0300  0.0756  0.0258  0.0024  
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2.5 Conclusion 

In this chapter, we explore six cost behavior models discussed in the literature and 

examine which one is implicit in analysts’ and investors’ minds.  Our results indicate that 

both the CVCS model and the FVC model are closer to analyst forecasts, which suggest 

that analysts and investors seem to recognize some sticky cost behavior.  Unlike the 

assumption in fundamental analysis and financial statement analysis, we do not find that 

analysts rely on the proportional cost model to issue forecasts.  In evaluating the earnings 

forecast ability of these cost behavior models, we find that a cost behavior model that 

recognizes fixed and variable costs and cost stickiness (the CVCS model) can provide a 

more accurate earnings forecast.  

Even though our findings suggest that analysts may capture some sticky cost 

behavior, we still do not know whether analysts and investors can fully incorporate sticky 

cost information when forming their earnings expectation.  In Chapter 3 and Chapter 4, 

we explore if analysts and investors leave out some sticky cost information resulting in 

earnings surprises and post earnings announcement drifts. 
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CHAPTER 3 

EARNINGS SURPRISES AND STICKY COST INFORMATION 

 

3.1 Introduction 

          Several accounting studies try to identify a source of analyst forecast bias.  One 

explanation is that analysts do not incorporate public information efficiently.
11

  This 

chapter contributes to this line of research and finds that analysts may not fully capture 

cost information resulting in earnings surprises.  Compared to other explanations 

documented in prior studies, our findings suggest that the information provided by a 

sticky cost model plays an important role in explaining earnings surprises. 

 Analyst forecast research has documented that on average there seems to be a bias 

toward optimism in forecasts and recommendations (Beyer et al, 2010).  Several studies 

provide different explanations for analyst earnings surprises.  The selection bias 

explanation (McNichols and O’Brien, 1997) assumes that analysts are rational forecasters; 

but they report their beliefs selectively only when they hold favorable views of the firm.  

The strategic reporting bias explanation (e.g., Francis and Philbrick, 1993; Dugar and 

Nathan, 1995; Das et al., 1998; Lim, 2001) also assumes that analysts are rational 

forecasters; however, they issue optimistic forecasts for self-interest to facilitate 

information access to the management.  Other papers (e.g., Abarbanell and Bernard, 1992; 

Elgers and Lo, 1994) assume that analysts are irrational forecasters and their reporting is 

influenced by behavioral biases.  Still other papers (Gu and Wu, 2003; Basu and Markov, 

2004) examine analysts’ loss function to explain forecast biases.   

                                                           
11

 E.g. Abarbanell and  Bernard  (1992);  Ali,  Klein,  and  Rosenfeld  (1992);  Eastenvood  and  Nutt (1999) 
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In this chapter, we add to the existing literature by providing a different 

explanation for analyst earnings surprises.
12

  We use a simple measure to capture the 

sticky cost information ignored by analysts and hypothesize that this information is a 

source of earnings surprises.  This chapter builds on previous studies which show that 

analysts do not have the correct recognition of cost information (e.g. Weiss, 2010; Kim 

and Prather-Kinsey, 2010) and extends Chapter 2 to examine whether analysts fully 

recognize sticky cost behavior.  If analysts do not fully incorporate sticky cost behavior 

(e.g. sticky cost information provided by the CVCS model) to forecast earnings, we argue 

that analysts leave out some cost behavior information resulting in earnings surprises. 

          In cost accounting literature, many recent studies document sticky cost behavior, 

which is inconsistent with the standard cost model in managerial accounting textbooks 

(e.g. Anderson et al, 2003; Banker et al, 2010, 2011, 2012; Weiss, 2010; Chen et al, 

2012).
13

  Even though some recent papers question the empirical validity of the findings 

on cost stickiness (Anderson and Lanen, 2009; Balakrishnan et al, 2010), Banker et al, 

(2011) show that their claims are not actually justified and conclude that after fixing 

some technical errors in those criticisms, results indeed lend support to the sticky costs 

findings.  These papers suggest that cost behavior acts as a result of manager’s decisions 

due to economic considerations.   

                                                           
12

 In previous studies, “forecast bias” refers to systematic deviations of actual realizations from forecasts 

due to analyst forecasts influenced by misunderstanding, behavioral biases or deliberate manipulation. 

Forecast bias (signed forecast error) is the same as earnings surprises in definition (actual earnings – 

analyst forecasts), but they are used in different literature. Analyst forecast research usually adopts the term 

“forecast bias”, while capital market research uses “earnings surprise”.  In this study, we use “earnings 

surprise” instead of “forecast bias” because in Chapter 4, we will conduct some tests related to market 

reactions.  To be consistent, we use “earnings surprise” in this chapter, too.  “Forecast errors” on the other 

hand refers to the absolute forecast errors used in forecast accuracy comparison in Chapter 2.  
13

 Some studies discuss that the asymmetric response of costs to increases or decreases in sales can exhibit 

either “stickiness” or “anti-stickiness” depending on the circumstances (e.g. Banker et al, 2011, Weiss, 

2010).  In this study, we use “cost stickiness” to describe this asymmetric cost behavior because under 

normal conditions, costs display stickiness (Banker et al, 2011). 
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          Since theory on asymmetric costs was not available in the 1990s, and most cost 

stickiness studies are recent works, the concept of “cost stickiness” is not widely 

introduced in public.  Hence, we can’t expect that analysts should have anticipated the 

whole effects of cost stickiness on earnings behavior.  In addition, in both fundamental 

analysis and financial statement analysis, financial information users assume that cost 

changes move proportionately with sales changes.  Kim and Prather-Kinsey (2010) find 

that analysts’ imperfect adjustment of cost information due to their use of a proportional 

cost model results in forecast errors.  Weiss (2010) also examines firm’s sticky cost 

behavior and analyst forecast accuracy.  He shows that firms with more sticky costs 

behavior have less accurate analysts’ earnings forecasts than firms with less sticky cost 

behavior.  These previous studies suggest that analysts are not fully aware of firm’s 

sticky cost behavior.  

          If cost stickiness is, on average, present in the data, while analysts do not fully 

understand cost stickiness, in this chapter we examine whether the information provided 

by the sticky cost model can explain earnings surprises to some extent.  This chapter is 

different from Weiss (2010) in that we show how the information provided by the sticky 

cost model can explain earnings surprises.  Weiss (2010), on the other hand, examines 

how the degree of cost stickiness influences analyst forecast accuracy.  He doesn’t show 

how cost behavior information relates to analyst forecasts’ deviation from actual earnings.  

This chapter is also a supplement to Kim and Prather-Kinsey (2010).  Instead of 

assuming that analysts use a proportional cost model, we extend Chapter 2 and construct 

a measure which directly captures the ignored sticky cost information.  We show that 

analysts do not fully recognize sticky cost information leading to earnings surprises.  This 
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chapter strengthens Kim and Prather-Kinsey (2010) and contributes to analyst forecast 

research by providing an explanation for earnings surprises: analysts do not fully 

incorporate sticky cost information when issuing forecasts. 

 

3.2 Literature Review and Hypothesis Development 

          Recent studies have documented strong evidence of asymmetric cost behavior.  

The existence of “cost stickiness” challenges the standard fixed and variable cost model 

taught in managerial accounting textbooks.  Banker et al (2011) review and synthesize 

the growing literature on cost stickiness and present the theoretical framework to describe 

the drivers of cost stickiness.  Particularly, they suggest that we expect costs to be sticky 

on average for two reasons.  One is that, for many resources, costs of downward 

adjustment are greater than costs of upward adjustment.  Banker et al (2012) use 

employment protection legislation (EPL) provisions in different countries as a proxy for 

labor adjustment costs and empirically show that the downward adjustment costs are 

greater, which leads to cost stickiness.  The other reason is that sales increases are more 

often than sales decreases.
14

  Since sales increases are more common than sales decreases, 

managers, on average, are optimistic in future sales.  Therefore, when current sales 

decrease, managers are reluctant to cut back resources, which leads to cost stickiness.  

The strong empirical evidence on cost stickiness also supports the argument that 

considering the existence of cost stickiness can improve earnings forecasts (Banker and 

Chen, 2006). 

                                                           
14

 Banker et al (2011) indicate that in Compustat data, increases in sales account for 62.4% of all firm-year, 

compared to 37.6% for decreases. 
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          Weiss (2010) argues that more sticky costs increase the spread of the ex-ante 

distribution of earnings, which increases the ex-ante volatility of reported earnings.   

Therefore, the absolute forecast errors are greater in the presence of sticky cost behavior.  

He then introduces a direct measure of cost stickiness at the firm level, and shows that the 

higher degree of firm’s cost stickiness, the lower analyst forecast accuracy presents.  

Next, Weiss (2010) examines the degree of cost stickiness and the extent of analyst 

coverage.  He finds that firms with more sticky cost behavior have lower analyst 

coverage.  Results in Weiss (2010) suggest that analysts seem not to incorporate firm’s 

cost stickiness behavior in forming earnings expectations, thus forecast accuracy and 

analyst coverage decrease as the degree of cost stickiness increases.    

          If cost stickiness exists, on average, but analysts do not fully take account of the 

sticky cost behavior when issuing forecasts, the sticky cost information ignored by 

analysts should explain earnings surprises to some extent.  That is because the ignored 

sticky cost information together with other ignored information makes up the surprise 

component of earnings.  This argument leads to our hypothesis:  

 

Hypothesis: Earnings surprise is highly correlated with the sticky cost information 

ignored by analysts 

 

          We hypothesize that analyst forecasts can be improved and closer to the actual 

earnings by considering sticky cost information as the complement to the analyst 

forecasts.  If cost stickiness exists pervasively and affects earnings behavior, we expect 
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that compared to other ignored information, the ignored sticky cost information plays an 

important role in the surprise component of earnings.  

 

3.3 Research Design and Data Description 

To examine our hypothesis whether analysts leave out sticky cost information 

resulting in earnings surprises, we construct a variable to capture the sticky cost 

information ignored by analysts.  We use the research design and setting in Chapter 2 to 

demonstrate how we capture the sticky cost information ignored by analysts.  In Chapter 

2, we do earnings forecasts based on different cost models.  If cost stickiness exists, on 

average, and analysts are unaware of sticky cost behavior, then the cost stickiness 

information ignored by analysts in the presence of earnings forecasts can be captured by 

the forecast difference between the CVCS forecasts and analyst forecasts (FD_CVCS = 

CVCS forecasts – analyst forecasts).   

CVCS forecasts are earnings forecasts based on the cost variability and cost 

stickiness forecast model, equation (2) Chapter 2: 

 

Et-1 is accounting earnings in period t-1, measured as actual earnings reported on I/B/E/S 

database divided by the price at the beginning of the year.  Salest-1 is sales revenue in 

period t-1 deflated by beginning-of-year market value of owners’ equity.   is an 

estimated sales decrease indicator for period t which is 1 if current sales decline and 0 

otherwise.  Detailed forecast model estimation is described in Chapter 2.  Analyst 

forecasts are defined as the mean analysts’ forecasts of earnings per share reported on the 

I/B/E/S database nine months before fiscal year-end, divided by beginning-of-year 

tD

�̅� = 𝛾 + 𝛾 ̂𝐷 ̅̅ ̅ + 𝛾 ̂𝐸   + 𝛾 𝑆   + 𝛾 𝑆   ∗ �̅�  
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market value of equity per share. The forecast difference between CVCS forecasts and 

analyst forecasts (FD_CVCS) is: 

FD_CVCSt = CVCS forecastt – analyst forecastt                                                             (17)                                                     

The sticky cost information together with other ignored information makes up the 

surprise component of earnings.  If the forecast difference successfully captures the 

sticky cost information omitted in analyst forecasts, the forecast difference should have 

certain explanatory power over earnings surprises.  Specifically, firms with high forecast 

difference (more positive forecast difference) suggest that these firms are predicted by the 

sticky cost information to realize high earnings but analysts under estimate these firms 

based on other information.  On the other hand, firms with low forecast difference (more 

negative forecast difference) imply that these firms are predicted by the sticky cost 

information to realize low earnings but analysts overestimate these firms based on other 

information.  If sticky cost information plays an important role in predicting earnings 

behavior, we expect that the realized earnings in those firms with more positive (negative) 

FD_CVCS should be higher (lower) than their analyst forecasts.  As a result, our 

hypothesis examines the association between earnings surprises (actual earnings minus 

analyst forecasts) and forecast differences (CVCS forecasts minus analyst forecasts, 

FD_CVCS) and we expect that forecast differences (FD_CVCS) are positively correlated 

with earnings surprises.  Moreover, according to cost accounting literature, sticky cost 

behavior is a refined cost behavior which can better describe the cost and sale 

relationship and thus earnings behavior.  Positive association between actual earnings and 

earnings forecasts from a sticky cost model suggest that earnings surprises are positively 

correlated with our measure, forecast differences (FD_CVCS).       
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As we discuss above, we use forecast differences (FD_CVCS) to capture the sticky 

cost information ignored by analysts when they form earnings expectations.  To test the 

hypothesis that the earnings surprise is highly correlated with the sticky cost information 

ignored by analysts, we estimate the following regression:  

𝐸𝑆𝑖 =   +     𝐷_𝐶𝑉𝐶𝑆𝑖 +   …8𝑐𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑖 + 𝜀𝑖                                                       (18)                                                      

Our main test variable is FD_CVCS and we expect that    is significantly positive. 

Equation (18) includes several control variables proposed in previous studies that 

are also related to earnings surprises.  We will discuss each of these control variables 

later. In order to examine whether FD_CVCS is an important variable in explaining 

earnings surprises, we compare the incremental R
2
 of each independent variable.  The 

incremental R
2
 is the difference in R

2
 between the full model and the model with that 

particular independent variable missing, which measures the unique variance of the 

dependent variable attributable to that particular independent variable.  The incremental 

R
2
 of FD_CVCS evaluates the unique contribution of forecast difference to explaining 

the variance of earnings surprises. 

          We list couple of control variables documented in previous studies that provide 

explanations for earnings surprises.  Since sales revenues are the main driver of earnings, 

we first control sales surprises (SalesSurpriseit) in period t that is the difference in sales 

revenues between this period and last period, deflated by the beginning market value of 

equity.  The second variable is firm size (FirmSizeit), measured as the natural log of 

market value of common equity at the beginning of the fiscal year.  The strategic 

reporting bias explanation suggests that due to less public information for small firms, 

analysts tend to issue optimistic forecasts to facilitate the management communication.  
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Therefore, firm size is expected to be positively correlated with earnings surprises.  

Analyst following (Followingit) is also documented to be related to earnings surprises.  

However, previous study argues that analyst following is positively related to firm size 

(Bhushan, 1989).  Thus there is no clear prediction for its impacts on earnings surprises.  

Following the literature, we use the natural log of Followingit in the regression analysis.  

Some papers also suggest that managers have different incentives to manage losses from 

profits, thus loss reporting is the main driver of forecast optimism (Hwang et al., 1996; 

Brown, 1997, 1998).  Following Gu and Wu (2003), we use ex-ante loss dummy variable, 

Lossit, which is 1 if the consensus forecasted earnings are negative and zero otherwise.  

Since forecast optimism likely occurs in loss firms, Lossit is expected to be negatively 

related to earnings surprises.  Literature also suggests that the level of business 

environmental uncertainty is related to forecast errors.  Adar et al. (1977) show a positive 

relationship between profit margin and forecast error in a cost-volume-profit under 

uncertainty setting.  Thus we also include firm’s profit margin (Marginit) as a control 

variable.  Since previous studies only indicate that profit margin and forecast error are 

positively associated, there is no clear prediction for profit margin and forecast bias.  Das 

et al. (1998) argue that when earnings are less predictable, analysts have stronger 

incentives to issue optimistic forecasts to facilitate information acquisition from 

management.  Following the literature, we use analyst forecast dispersion to measure 

earnings uncertainty (Barron et al., 1998).  The forecast dispersion (Dispersionit) is the 

standard deviation of the analysts’ forecasts announced for firm i prior to the earnings 

announcement, deflated by the stock price at the end of year t – 1.  The coefficient on 

Dispersionit is expected to be negative.  Trading volume (TradingVolit) is used to capture 
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the strategic reporting bias and is a proxy for analysts’ incentive to generate trading 

commissions (Hayes, 1998).  Higher trading volume induces analysts to issue optimistic 

forecasts, so trading volume is expected to be negatively related to forecast bias.  

TradingVolit is measured as the sum of the monthly trading volume over the 12-month 

period before the consensus forecasts are calculated. 

          We use the following full model to test our hypothesis whether the earnings 

surprise is highly correlated with the ignored sticky cost information.  We expect that 

earnings surprises are positively correlated with forecast differences between CVCS 

forecasts and analyst forecasts.  We also compare the incremental R
2
 of explanatory 

variables listed below to examine the importance of our test variable, forecast difference 

(FD_CVCS). 

 

𝐸𝑆𝑖 =   +    𝐷_𝐶𝑉𝐶𝑆𝑖 +   𝑆𝑎𝑙𝑒𝑠𝑆𝑢𝑟𝑝𝑟𝑖𝑠𝑒𝑖 +    𝑖𝑟𝑚𝑆𝑖𝑧𝑒𝑖 +    𝑜𝑙𝑙𝑜𝑤𝑖𝑛𝑔𝑖 +

 5𝐿𝑜𝑠𝑠𝑖 +  6𝑀𝑎𝑟𝑔𝑖𝑛𝑖 +  7𝐷𝑖𝑠𝑝𝑒𝑟𝑠𝑖𝑜𝑛𝑖 +  8𝑇𝑟𝑎𝑑𝑖𝑛𝑔𝑉𝑜𝑙 + 𝜀𝑖                              (19)                                                                                                                                                                     

where 

Earnings surprise (ES): actual earnings on the I/B/E/S database – analyst forecasts 

(IBES earnings - IBES) 

Forecast difference (FD_CVCS): earnings forecasts by the CVCS model – analyst 

forecasts 

Sales surprise (SalesSurpriseit): actual sales t – sales (t-1) = (sales revenue at t / market 

value equity at t-1) – (sales revenue at t-1 / market value equity at t-2) 

Firm size (FirmSizeit): natural log of market value of common equity at the beginning of 

the fiscal year; 

Analysts following (Followingit) natural log of number of analysts following the firm; 

Loss (Lossit): a dummy variable that equals to 1 if the consensus forecasted earnings are 

negative and zero otherwise. 

Margin (Marginit) (Sales revenuei,t – COGSi,t) / Sales revenuei,t 
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Forecast dispersion (Dispersionit): the standard deviation of the analysts’ forecasts 

announced for firm i prior to the earnings announcement, deflated by the stock price at 

the end of year t – 1.  

Trading volume (TradingVolit): trading volume measured as the sum of the monthly 

trading volume over the 12-month period before the consensus forecasts are calculated 

 

3.4 Empirical Results 

Table 3.1 shows the regression results of earnings surprises on forecast differences. 

Panel A analyzes how earnings surprises can be explained by forecast differences 

(FD_CVCS) measured as CVCS forecasts minus analyst forecasts.  In addition to 

forecast differences, seven variables (sales surprise, firm size, analyst following, profit or 

loss indicator, profit margin, earnings dispersion and trading volume) documented in the 

literature are used to control for the amount of available firm-specific information and 

environmental uncertainty.  Firm size, trading volume, analyst following and profit 

indicator control for the amount of available firm-specific information, while sales 

surprise, profit margin and earnings dispersion are proxies for environmental uncertainty 

(Adar et al., 1997; Das et al., 1998; Barron et al., 1998). 

Panel A shows that forecast differences (FD_CVCS) are significantly positive, 

which support our hypothesis that the sticky cost information ignored by analysts is 

highly correlated with earnings surprises.  The coefficient estimate of FD_CVCS is 

0.3026 (t-statistic = 10.48). This estimated coefficient indicates that for a firm if the 

forecast difference between CVCS forecast and analyst consensus forecast increases 1%, 

the earnings surprise will increase 0.3026%. (Significant positive coefficient on forecast 

differences also corroborates our findings in Chapter 2 that analysts may not fully rely on 

the CVCS model which gives more accurate earnings forecasts.) Additionally, the 
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positive association between earnings surprises and forecast differences is also consistent 

with prior studies that analyst forecast accuracy is lower for firms with higher degree of 

cost stickiness.  Other control variables have the expected sign as literature documented. 

One exception is Loss.  Literature suggests that managers have different incentives to 

manage losses than profits, thus loss reporting is the main driver of forecast optimism 

(Hwang et al. 1996; Brown, 1997, 1998).  The expected sign of Loss is negative.  

However Table 3.1 Panel A shows that the coefficient on Loss is “+” after we control for 

the other variables.  A possible reason is that the effect of “forecast dispersion 

(Dispersion)” is too strong and takes out “Loss” effects.  After removing the variable 

“Dispersion”, we have an expected negative sign for “Loss”. 

Next we examine the importance of FD_CVCS in explaining earnings surprises. 

We compare the incremental R
2
 of each explanatory variable.  Panel B is the incremental 

R
2
 of each factor, which shows the unique contribution of each factor in explaining 

earnings surprises.  Even though FD_CVCS is not the one that generates the highest 

incremental R
2
 (“Dispersion” generates the highest incremental R

2
), FD_CVCS still 

explains a large portion of earnings surprises (ES).  Therefore, results are consistent with 

our expectation that analysts leave out some sticky cost information proxied by 

FD_CVCS leading to earnings surprises. 
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Table 3.1. Earnings surprise and sticky cost behavior 

Panel A. reports regression results of earnings surprises on forecast differences between 

CVCS forecasts and analyst forecasts. Panel B shows the incremental R
2
 of each factor 

(N =34,790) 

 

Panel A. OLS regression 

R
2 

 7.45%  18.59%  

Parameter Exp. 

Sign 

Estimate t 

Value 

Estimate t Value 

(corrected 

for firm 

clusterred) 

t Value 

(OLS 

regression) 

p-

value 

N  34790  34790    

Intercept  -0.0128 -29.17 -0.0194 -6.44 -6.65 <.0001 

FD_CVCS + 0.3748 12.66 0.3026 10.48 42.75 <.0001 

SalesSurprise +   0.0022 2.42 4.45 <.0001 

FirmSize +   0.0053 14.5 17.32 <.0001 

Following ?   0.0028 4.49 4.4 <.0001 

Loss -   0.0061 2.03 3.66 0.0003 

Margin ?   0.0289 13.9 17.58 <.0001 

Dispersion -   -1.2012 -13.73 -53.62 <.0001 

TradingVol -   -0.0030 -8.42 -9.89 <.0001 

 

Panel B. Incremental R
2
  

model w/o  

FD_CVCS 

w/o  

SalesSurprise 

w/o 

FirmSize 

w/o 

Following 

w/o 

Loss 

w/o 

Margin 

w/o 

Dispersion 

w/o  

TradingVol 

full 0.1859 0.1859 0.1859 0.1859 0.1859 0.1859 0.1859 0.1859 

R
2
 0.1432 0.1855 0.1789 0.1855 0.1856 0.1787 0.1187 0.1837 

% of 

incre. R
2
 

0.2297  0.0022  0.0377  0.0022  0.0016  0.0387  0.3615  0.0118  

 

3.5 Conclusion 

Even though Chapter 2 shows that both the CVCS model and the FVC model are 

closer to analyst forecasts, we still do not know whether analysts can fully incorporate 

sticky cost information when issuing their forecasts.  This chapter constructs a measure 

which directly captures the sticky cost information ignored by analysts and displays that 

earnings surprises can be largely explained by the CVCS model, supporting our argument 

that analysts leave out some cost information resulting in earnings surprises.  Our results 
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suggest that even though analysts can predict earnings better, a good chunk of surprises 

or errors in forecasts are really explained by the fact that their forecasts are not quite the 

same as those of the correct cost behavior model.  Compared to other factors documented 

in prior studies that can explain earnings surprises, analysts’ ignorance of sticky cost 

information plays an important role.  In summary, many explanations for earnings 

surprises clearly exist and we offer an alternative explanation that analysts misuse the 

cost behavior model to issue forecasts, leading to earnings surprises. 
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CHAPTER 4 

POST EARNINGS ANNOUNCEMENT DRIFT AND STICKY COST 

INFORMATION 

 

4.1 Introduction 

          Post earnings announcement drifts have been an important issue in accounting 

research.  Several studies explore how analysts and investors incorporate information to 

form earnings expectation and assess firm values.  In Chapter 2 we investigate what cost 

behavior model analysts and investors use.  We find that both the CVCS model and the 

FVC model are closer to analyst forecasts, which suggest that analysts and investors seem 

to recognize some sticky cost behavior.  Chapter 3 further examines whether analysts can 

fully capture sticky cost behavior.  Results indicate that analysts leave out some sticky 

cost information resulting in earnings surprises.  In this chapter, we focus on investors’ 

reaction regarding to analysts’ unawareness of sticky cost information.  We find that 

similar to analysts, investors have lower awareness of sticky cost information, which may 

be a source of post-earnings announcement drifts (PEAD).   

          Since Ball and Brown (1969) first document post earnings announcement drifts, 

several studies try to explain this accounting anomaly.  Fama (1998) proposes that post 

earnings announcement drifts are due to investors’ under-reaction to earnings information.  

Following this argument, this chapter hypothesizes and shows that investors cannot fully 

understand sticky cost behavior and their under-reaction to sticky cost information affects 

post earnings announcement drifts. 
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Consistent with Banker and Chen (2006) and prior literature
15

, our findings in 

Chapter 2 suggest that investors’ expectations are closer to analyst forecasts.  However, 

we also find that analysts do not fully incorporate sticky cost information when 

forecasting earnings.  This poses an empirical question: How long does it take the 

investors to understand and incorporate the correct cost behavior?  And if there is a delay 

before investors recognize the cost behavior information, does a trading strategy that 

utilizes the correct cost model to take advantage of investors’ inaccurate beliefs earn 

positive abnormal returns?  To examine investors’ under-reaction to sticky cost 

information, we form quintile groups based on ranking forecast differences (FD_CVCS) 

between CVCS forecasts and analyst forecasts.  A profitable trading strategy can be 

conducted as going long on a position where firms have the most positive forecast 

differences and going short on a position where firms have the most negative forecast 

differences.  Market reaction is a process of adjustment to the news (Ball and Brown 

1968) and therefore, our profitable trading strategy provides evidence for investors’ 

under-reaction to sticky cost information. 

Measuring market response to earnings surprises due to analysts’ unawareness of 

sticky cost information allows us to analyze how sticky cost behavior is related to PEAD 

and how long investors’ under-reaction affects PEAD.  We decompose earnings surprises 

(actual earnings minus analyst forecasts, ES) into two components: forecast errors (actual 

earnings minus CVCS forecasts, FE_CVCS) and forecast differences (CVCS forecasts 

minus analyst forecasts, FD_CVCS).  We argue that if investors cannot fully capture the 

correct cost behavior, the market should under-react to forecast differences.  Regressing 

                                                           
15

 Prior literature (Freeman and Tse (1992), Mendenhall (2004), Francis et al. (2004), Zolotoy (2012)) 

shows that investors mainly follow analyst forecasts. 
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cumulative abnormal returns on forecast errors and forecast differences, we find that 

post-earnings announcement drifts are largely explained by forecast differences—the 

information provided by the CVCS model but ignored by analysts.  In addition, after an 

earnings announcement, the drift explained by the refined cost model decreases in 

magnitude from the following first quarter to the third quarter and disappears in the 

fourth quarter. 

         In addition to observing the relationship between abnormal returns and forecast 

differences (FD_CVCS), we also use quarterly data to compute standard standardized 

unexpected earnings (SUE) and examine the SUE effects and FD_CVCS effects on 

abnormal returns.  Regressing abnormal returns on both SUE and FD_CVCS after 

controlling for Fama-French three factors, we find that the coefficients of SUE and 

FD_CVCS are positive and have a similar magnitude.  This robustness check further 

confirms our findings that investors do not fully recognize sticky cost information leading 

to post earnings announcement drifts. 

 

4.2 Literature Review and Hypothesis Development 

Since Ball and Brown (1969) first document post earnings announcement drift 

(PEAD) that firms with higher (lower) than expected earnings experience significantly 

positive (negative) abnormal returns after the earnings announcements, substantial studies 

provide possible explanations for this accounting anomaly.  Bernard and Thomas (1989) 

suggest that PEAD is likely due to a delayed price response instead of the argument built 

on risk mismeasurement.  They show that the existence of PEAD is around within two 

quarters after earnings announcements.  Fama (1998) further proposes that this 



 

48 

 

phenomenon arises from investors’ underestimation to value relevant earnings 

information.   

Even though Banker and Chen (2006) show that a cost model incorporating sticky 

cost behavior can improve earnings forecast accuracy, we still have little knowledge on 

how investors comprehend information on cost behavior in forming earnings expectations.  

Although we cannot directly examine the process how investors incorporate cost 

information when they form earnings expectations, we can observe their reactions to 

earnings surprises to infer their underlying assumptions.  Prior literature (Freeman and 

Tse (1992), Mendenhall (2004), Francis et al. (2004), Zolotoy (2012)) shows that 

investors mainly follow analyst forecasts.  If analysts cannot fully understand sticky cost 

behavior, how do investors react to earnings surprises due to analysts’ unawareness of 

sticky cost information?  If investors display a delayed response to sticky cost behavior, 

can this information relate to PEAD? 

          Weiss (2010) finds that market response to earnings surprises is weaker for firms 

with more sticky cost behavior, which suggests that investors may partially understand 

sticky cost behavior.  However, Anderson et al (2007) find that investors misinterpret the 

high increase in the SG&A cost ratio in revenue-declining periods as a negative signal for 

a loss of managerial control.  They form portfolios based on firm-year observations with 

positive SG&A signals when sales decreased and calculated annual abnormal returns for 

each portfolio after the fiscal year-end in which the signal was observed.  Their results 

show that abnormal positive returns may be earned on portfolios formed by going long on 

firms with high increases in the SG&A cost ratio and short on firms with low increases in 

the SG&A cost ratio in revenue-declining periods.  Anderson et al (2007) suggest that 
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investors probably misinterpret the high SG&A cost ratio firms in years when revenue 

declines. 

          Both Weiss (2010) and Anderson (2007) suggest that investors may not fully 

understand sticky cost behavior when forming their earnings expectations prior to 

earnings announcements.  If this is true, investors should correct their belief when 

information on sticky cost behavior is revealed by earnings announcements and reflect 

their adjustments in prices afterward.  If investors have a delayed response to sticky cost 

information, we expect to see price adjustments in subsequent earnings announcement 

periods. 

          Additionally, our findings in Chapter 2 and Chapter 3 suggest that analysts may not 

fully incorporate sticky cost information when issuing forecasts.  Therefore the variable, 

forecasts difference (FD_CVCS) we constructed to proxy for the sticky cost information 

ignored by analysts is positively correlated with earnings surprises.  Also, compared to 

other variables documented in the literature, FD_CVCS provides certain explanatory 

power over earnings surprises.  If investors mainly follow analyst forecasts to form their 

earnings expectation and cannot fully capture sticky cost information before earnings 

announcements, we expect that after earnings announcements investors should gradually 

respond to the ignored sticky cost information.  This process of investors’ belief 

correction due to unawareness of sticky cost information can be reflected in abnormal 

returns after earnings announcements.  Our argument leads to the following hypothesis: 

 

Hypothesis: Forecast difference (FD_CVCS) is positively associated with abnormal 

returns subsequent to earnings announcements. 
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          Our hypothesis mainly bases on previous findings: cost stickiness, on average, 

exists but investors cannot fully capture it before information is released.  More positive 

forecast differences indicate that these firms have higher CVCS forecasts and lower 

analyst forecasts.  These firms are predicted by sticky information to realize high 

earnings but analysts under estimate these firms based on other information.  Therefore, 

if sticky cost information is an important factor in predicting earnings behavior but 

analysts ignore it, the realized earnings in these more positive FD_CVCS firms should be 

higher than analyst forecasts.  Moreover, if investors’ earnings expectations follow 

analyst forecasts, their delayed response to the realized cost information should reflect in 

high abnormal returns earned subsequent to earnings announcements.  In a similar 

fashion, the more negative FD_CVCS firms have lower CVCS forecasts and higher 

analyst forecasts. These negative FD_CVCS firms are predicted by the CVCS model to 

realize low earnings but analysts over-estimate these firms based on other information.  If 

investors’ earnings expectations follow analyst forecasts, their delayed response to the 

realized cost information leading to low earnings should reflect in low abnormal returns 

earned subsequent to earnings announcements.  In summary, forecast difference 

(FD_CVCS) predicts investors’ belief adjustment process after earnings announcement.  

As a result, we hypothesize that FD_CVCS is positively correlated with abnormal returns 

subsequent earnings announcements.  

 

 

 



 

51 

 

4.3 Sample and Data 

4.3.1 Variable Construction 

This chapter extends Chapter 3 to examine investors’ reaction to analyst forecast 

errors due to unawareness of sticky cost information.  We first follow Chapter 3 to define 

earnings surprises as the difference between actual earnings and analyst forecasts.  

Analyst forecasts are measured as the mean analyst’s forecasts of earnings per share 

reported on the I/B/E/S database nine months before the fiscal year-end.  The earnings 

surprise is divided by the price per share at the beginning of the year.  That is, we use the 

market value of equity at the beginning of the year as the deflator to normalize variables.  

To directly measure market reactions to the sticky cost information ignored by analysts, 

we decompose earnings surprises into two components: forecast errors by the CVCS 

model (FE_CVCS) and forecast differences between CVCS forecasts and analyst 

forecasts (FD_CVCS).  Abnormal returns are size adjusted returns (SAR) computed as 

raw returns minus the return on the portfolio of all companies in the same size decile.
16

   

To further examine the effects of FD_CVCS on abnormal returns and explore how 

the effects of FD_CVCS relate to PEAD, we follow prior literature (Jegadish and Livnat, 

2006) using standardize unexpected earnings, SUE, to document PEAD.  SUE is defined 

as unexpected earnings divided by the standard error of the unexpected earnings per share.  

In the regression analysis, we also use size, beta and book to market ratio as control 

variables.  Detailed variable definition is as follows: 

ES: earnings  = (EPSi,t – mean analyst forecasti,t) / price i,t-1 

                                                           
16

 In this chapter, to be consistent with Chapter 2 and 3, we first follow Banker and Chen (2003) using 

annual data to compute earnings surprises and examine how abnormal returns react to earnings surprises 

which are decomposed into forecast errors by the CVCS model and forecast differences between CVCS 

forecasts and analyst forecasts. We then follow prior studies using quarterly data to examine how sticky 

cost information effects on post earnings announcement drift. 
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FD_CVCS: CVCS forecast – analyst forecast  

FE_CVCS: forecast error by the CVCS model (ES = FD_CVCS + FE_CVCS) 

SUEit is computed as standardized unexpected earnings for firm i in quarter t: 
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Where EPSit is earnings per share for firm i in quarter t, E(EPSit) is expected earnings per 

share for firm i in quarter t, measured as earnings per share in the same quarter last year 

plus an average drift (Dit) over the previous eight quarters, and Sit is the standard error of 

the unexpected earnings per share: 
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Size-adjusted returns (SAR) are calculated as raw returns minus the return on the 

portfolio of all companies in the same size decile. 

SAR_90 is measured as excess buy-and-hold size-adjusted returns for a 90-day window 

starting two trading days after the earnings announcement date. 

SAR_180 is measured as excess buy-and-hold size-adjusted returns for a 180-day 

window starting two trading days after the earnings announcement date. 

SIZEit is the market value of common equity measured in millions of dollars at the 

beginning of the abnormal return accumulation period. 

BETAit is the systematic risk estimated from regression of monthly raw returns on value 

weighted portfolio over 60-month return period prior to abnormal return accumulation 

period.  

BMit is the book value of common equity at the beginning of the abnormal return 

accumulation period, divided by market value of common equity. 
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4.3.2 Sample Selection (quarterly data selection process) 

To be consistent with previous chapters, our sample period starts from Q1-1988 to 

Q4-2010.  We require our sample with all available variables on Compustat and stock 

returns on CRSP. To avoid any biased estimation, we also delete the extreme 1% and 

99% of observations for each variable.  Our final sample consists of 31,641 firm-quarter 

observations.  

Table 4.1 Panel A reports descriptive statistics. The mean (median) value of ES is 

around 0. Compared to Chapter 2, the variance of ES is smaller.  That is because we use 

annual data in Chapter 2, while we employ quarterly data in this chapter, and annual data 

has greater variance.  The mean value of abnormal returns is around 0, which is 

consistent with prior literature.  Correlation coefficients are reported in Table 4.1 Panel B. 

Upper/bottom triangle shows pearson/spearman correlation. SUE is positively correlated 

with FE_CVCS but not FD_CVCS (Corr(SUE, FE) = 0.385***/0.468***; Corr(SUE, FD) 

= -0.016***/-0.007). SUE is also positively correlated with ES, 0.375***/0.565***.  

Similar to SUE, ES is also more correlated with FE_CVCS (0.854***/0.597***) than 

FD_CVCS (0.276***/0.253***). However, FD_CVCS is positively correlated with ES, 

but not with SUE. 
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Table 4.1. Descriptive statistics and correlation table 

Panel A. Descriptive statistics (31,641 firm-quarter observations) 

 mean s.d. Q1 median Q3 N 

SUE -0.10  3.00  -1.79  0.14  1.85  31,641 

ES -0.00 0.012 -0.004 -0.000 0.001 31,641 

FD_CVCS 0.00  0.01  0.00  0.00  0.00  31,641 

SAR_90 0.00  0.17  -0.10  0.00  0.09  31,111 

SAR_180 0.01  0.25  -0.14  -0.01  0.13  31,045 

size 6738.69  15723.19  496.12  1498.81  4952.90  31,641 

beta 1.24  0.83  0.62  1.06  1.68  31,641 

BM 0.52  0.36  0.28  0.45  0.66  31,641 

 

 

Panel B. Correlation table 
 SUE FD_CVCS ES FE_cvcs size BM beta 

SUE 1.000  -0.016  0.375  0.385  0.032  -0.153  0.009  

p-value  0.004  <.0001 <.0001 <.0001 <.0001 0.099  

        

FD_CVCS -0.007  1.000  0.276  -0.264  0.030  -0.171  -0.018  

p-value 0.219  
 

<.0001 <.0001 <.0001 <.0001 0.001  

 
  

     

ES 0.565  0.253  1.000  0.854  0.077  -0.293  -0.080  

p-value <.0001 <.0001  <.0001 <.0001 <.0001 <.0001 

 
  

     

FE_cvcs 0.468  -0.477  0.597  1.000  0.061  -0.201  -0.071  

p-value <.0001 <.0001 <.0001 
 

<.0001 <.0001 <.0001 

 
    

   

size 0.061  0.111  0.240  0.138  1.000  -0.187  -0.095  

p-value <.0001 <.0001 <.0001 <.0001  <.0001 <.0001 

 
    

   

BM -0.159  -0.165  -0.293  -0.133  -0.381  1.000  -0.019  

p-value <.0001 <.0001 <.0001 <.0001 <.0001 
 

0.001  

 
      

 

beta 0.012  -0.019  -0.083  -0.070  -0.124  -0.066  1.000  

p-value 0.029  0.001  <.0001 <.0001 <.0001 <.0001  

All variables are defined in 4.3.1 Variable Construction. 

Pearson (Spearman) correlations are reported above (below) the diagonal. 
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4.4 Research Design 

Portfolio Analysis 

Previous studies document PEAD by forming portfolios based on ranking earnings 

surprises.  The top (bottom)-surprise portfolio contains firms with highest (lowest) 

earnings surprises.  Since abnormal returns drift up (down) along with high (low) 

earnings surprises, a trading strategy that going long on the top-surprise portfolio and 

short on the bottom-surprise portfolio can earn positive abnormal returns.  Previous 

studies attribute the phenomenon that a stock’s cumulative abnormal returns drift in the 

direction of earnings surprises after an earnings announcement to investors’ under-

reaction to earnings information.  Applying this under-reaction story to the research 

question whether investors can recognize the sticky cost behavior ignored by analysts, we 

expect to see investors’ delayed response, if they do not fully understand sticky cost 

behavior.  We follow the argument and analysis documented in PEAD literature and 

examine how investors misinterpret sticky cost information and correct their inaccurate 

belief. 

In Chapter 3, we use the forecast difference between CVCS forecasts and analyst 

forecasts to capture the sticky cost information ignored by analysts when they issue 

earnings forecasts.  If investors, similar to analysts, are also unaware of sticky costs and 

gradually incorporate the ignored sticky cost information which is proxied by the forecast 

difference (FD_CVCS), we can observe this phenomenon reflected in price adjustments.  

To examine investors’ under-reaction to sticky cost information, we form quintile groups 

based on ranking the forecast difference (FD_CVCS) between CVCS forecasts and 

analyst forecasts.  The top (bottom)-FD quintile contains firms with the most positive 
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(negative) forecast difference where their CVCS forecasts give higher (lower) forecasts.  

If the forecast difference between CVCS forecasts and analyst forecasts successfully 

captures the sticky cost information ignored by analysts and investors, and the sticky cost 

information can predict earnings properties, investors are expected to adjust their beliefs 

after earnings announcements.  Thus, we can observe these price adjustments by 

constructing the trading strategy that longs a position on the top-FD quintile and shorts a 

position on the bottom-FD quintile.  The top-FD quintile contains firms with higher 

CVCS forecasts and lower analyst forecasts.  These top-FD firms are predicted by sticky 

information to realize high earnings but analysts under estimate these firms based on 

other information.  Therefore, if sticky cost information is an important factor in 

predicting earnings behavior, most realized earnings in the top-FD quintile should be 

higher than analyst forecasts.  If investors’ earnings expectations follow analyst forecasts, 

their delayed response to the realized information can be viewed as the earned high 

positive returns after earnings announcements.  In a similar fashion, the bottom-FD 

quintile contains firms with lower CVCS forecasts and higher analyst forecasts.  As a 

result, the hedge portfolio by going long on the top-FD quintile and going short on the 

bottom-FD quintile can generate positive abnormal returns.  That is, when the market 

gradually responds to the sticky cost behavior, we can take advantage of its inaccurate 

belief and make this hedge portfolio profitable. 

Regression Analysis 

Prior literature uses regression analysis as an extension of portfolio analysis to 

document the existence of PEAD.  The coefficient of cumulative abnormal returns on 

earnings surprises is a difference in cumulative abnormal returns between the lowest and 



 

57 

 

the highest earnings surprise portfolio.  The existence of PEAD is captured by the 

positive coefficient on earnings surprises.  Following prior literature, we also use 

regression analysis to measure market response to earnings surprises, which enables us to 

investigate for how long the investors’ under-reaction to sticky cost information affects 

PEAD.  We decompose the earnings surprise into two components: forecast errors by the 

CVCS model and forecast differences between CVCS forecasts and analyst forecasts. 

Equation (20) explains the two components: 

𝐸𝑎𝑟𝑛𝑖𝑛𝑔𝑠 𝑆𝑢𝑟𝑝𝑟𝑖𝑠𝑒 (𝐸𝑆)𝑖 = 𝑎𝑐𝑡𝑢𝑎𝑙 𝑒𝑎𝑟𝑛𝑖𝑛𝑔𝑠𝑖 − 𝑎𝑛𝑎𝑙𝑦𝑠𝑡 𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑖   

= (𝑎𝑐𝑡𝑢𝑎𝑙 𝑒𝑎𝑟𝑛𝑖𝑛𝑔𝑠𝑖 − 𝐶𝑉𝐶𝑆 𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑖 ) + 

(𝐶𝑉𝐶𝑆 𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑖 − 𝑎𝑛𝑎𝑙𝑦𝑠𝑡 𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑖 )  

= 𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡 𝑒𝑟𝑟𝑜𝑟𝑖 + 𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒𝑖   

=  𝐸_𝐶𝑉𝐶𝑆𝑖 +  𝐷_𝐶𝑉𝐶𝑆𝑖                                                                                              (20)                                                                                                                                                            

The decomposition of earnings surprises allows us to observe whether market ignores 

sticky cost information and to directly measure the magnitude of market’s adjustments to 

sticky cost information after earnings announcement.  We use the following regression to 

measure market reactions: 

𝐶𝐴𝑅 =   +    𝐸_𝐶𝑉𝐶𝑆 +    𝐷_𝐶𝑉𝐶𝑆 + 𝜀                                                                (21)                                                                     

CAR is cumulative abnormal returns, defined as size and book to market adjusted returns, 

the same as we use in Chapter 2.  That is, raw returns subtract the average return on a 

same size-B/M portfolio (25 portfolios provided by professor French). 

         If sticky cost information explains earnings behavior to some extent, but investors 

do not fully understand sticky cost behavior and gradually incorporate sticky cost 

information after earnings announcement, we predict that the coefficient on FD_CVCS 
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(  ) is positive and FD_CVCS is expected to be greater than the coefficient on FE 

(     ).  Positive FD_CVCS also captures the monotonicity in abnormal returns in 

portfolio analysis.  We calculate CARs in different holding periods (e.g. one quarter or 

two quarters after earnings announcements) to examine the longevity of the greater 

coefficient on FD_CVCS.  Greater coefficient on FD_CVCS suggests that investors’ 

unawareness of sticky cost behavior could be a source of PEAD.   

          To validate our argument that investors cannot fully understand sticky cost 

information resulting in PEAD, we estimate another regression model that builds on 

Jegadeesh and Livnat (2006) and Rajgopal, Shevlin, and Venkatachalam (2003):   

𝑆𝐴𝑅𝑖 =   +   𝑆𝑈𝐸𝑖, 
𝑞𝑢𝑖𝑛 +    𝐷𝑖, 

𝑞𝑢𝑖𝑛 +   𝑆𝐼𝑍𝐸𝑖, 
𝑞𝑢𝑖𝑛 +   𝐵𝐸𝑇𝐴𝑖, 

𝑞𝑢𝑖𝑛 +  5𝐵𝑀𝑖, 
𝑞𝑢𝑖𝑛 +

𝜀𝑖                                                                                                                                     (22-1) 

 

𝑆𝐴𝑅𝑖 + =   +   𝑆𝑈𝐸𝑖, 
𝑞𝑢𝑖𝑛 +    𝐷𝑖, 

𝑞𝑢𝑖𝑛 +   𝑆𝐼𝑍𝐸𝑖, 
𝑞𝑢𝑖𝑛 +   𝐵𝐸𝑇𝐴𝑖, 

𝑞𝑢𝑖𝑛 +  5𝐵𝑀𝑖, 
𝑞𝑢𝑖𝑛 +

𝜀𝑖 +                                                                                                                                    (22-2) 

We test the association between abnormal returns (in both period t and period t+1) and 

explanatory variables.  Prior research shows that future abnormal returns are related to 

some variables, such as firm size (SIZE), systematic risk (BETA) and book to market 

ratio (BM).  Fama and French (1992) suggest that firm size (SIZE), systematic risk 

(BETA) and book to market ratio (BM) reflect unknown risk factors.  Thus, they are 

associated with future abnormal returns.  We use equation (22) to examine how sticky 

cost information can explain future abnormal returns after we control for Fama-French 

three factors.  If investors are also unaware of sticky cost information, their delayed 

response is reflected in price adjustments and, thus, we predict that    is positive.  All 



 

59 

 

variables are transformed to a scales-quintile variable with values ranging from 0 to 1 to 

allow a comparison of the relative effect of each variable.  We estimate equation (22) 

using a pooled cross-sectional regression with corrected standard errors clustered by 

firms and quarters.  

 

4.5 Empirical Results 

Portfolio Analysis 

          As noted in Chapter 3, analysts often leave out certain cost information, resulting 

in earnings surprises that can be explained by a refined cost behavior model. Chapter 2 

reported that investors’ expectations are closer to analyst forecasts.  If investors, like 

analysts, are also unaware of sticky costs and gradually absorb sticky cost information, 

proxied by forecast differences between CVCS forecasts and analyst forecasts 

(FD_CVCS), we can observe this phenomenon reflected in price adjustments.  

          Table 4.2 reports the average abnormal return in each quintile portfolio, formed by 

ranking forecast differences (FD_CVCS), CVCS forecasts minus analyst forecasts.  

Quintile portfolio 5 in Table 4.2 contains those firms with the most positive forecast 

differences where CVCS forecasts are higher, while quintile portfolio 1 contains those 

firms with the most negative forecast differences where analyst forecasts are higher.  The 

hedge portfolio returns in Table 4.2 are significantly positive in both 90-day windows 

(1%) and 180-day windows (1.9%).  Significantly positive hedge portfolio returns are 

consistent with our previous finding that analysts and investors ignore certain sticky cost 

behavior when forming earnings expectations.  Positive abnormal returns in the hedge 
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portfolio suggest that investors react slowly to the correct cost behavior after earnings 

announcements. 

Table 4.2 reports mean abnormal returns in the quintile portfolio formed by 

ranking SUE (standardized unexpected earnings).  Quintile portfolio 5 for SUE contains 

firms with the highest unexpected earnings, while quintile portfolio 1 for SUE contains 

firms with the lowest unexpected earnings.  Returns in the hedge portfolio for SUE are all 

positive, and, replicate the existence of PEAD documented in prior studies.  Hedge 

portfolio returns over the 180-day window for SUE are insignificant due to high returns 

in quintile 1, possibly because FD effects can distort returns in lower quintiles for SUE 

(discussed this later). 

 

Table 4.2. Portfolio returns 

Table 4.2 reports the mean abnormal return in each quintile portfolio which is formed by 

ranking FD_CVCS (CVCS forecasts minus analyst forecasts) or SUE (standardized 

unexpected earnings). Quintile 5 contains those firms with the highest values of 

FD_CVCS (SUE), while Quintile 1 contains those firms with the lowest values of 

FD_CVCS (SUE). The hedge portfolio is formed by going long on the Quintile 5 and 

short on the Quintile 1. SAR_90 (SAR_180) is measured as excess buy-and-hold size-

adjusted returns for a 90-day (180-day) window starting two trading days after the 

earnings announcement date. 

*(**,***) indicates the value is significant at 0.1 (0.05, 0.01) level. 

 

Quintile FD_CVCS  SUE  

 SARt_90 SARt_180 SARt_90 SARt_180 

5 0.009*** 0.015*** 0.010*** 0.011*** 

4 0.010*** 0.015*** 0.011*** 0.015*** 

3 0.003 0.010*** 0.002 0.004 

2 0.003 0.005 0.000 0.006**  

1 -0.001 -0.004 0.002 0.006*  

Hedge 

portfolio 

(5) – (1) 

0.010*** 0.019*** 0.008** 0.005 
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Table 4.2 shows that investors react slowly to sticky cost information after earnings 

announcements.  To further examine how investors’ ignorance of sticky cost information 

affects PEAD, we form 25 portfolios, as Table 4.3 shows. We first form quintile 

portfolios by ranking SUE.  For each of the five SUE portfolios, we classify the 

observations into quintiles using FD_CVCS and compute the mean abnormal return in 

each portfolio.  Abnormal returns in these 25 portfolios allow us to investigate the 

moderating effects of FD on post earnings announcement drifts.  Table 4.3 Panel A (B) 

reports 25 portfolio returns during a 90-day (180-day) window.  

From Panel A and B, we see that most returns significantly different from zero are 

in the high SUE and FD_CVCS quintile groups (4 or 5).  These returns are significantly 

positive, and those in quintiles 4 and 5 come from firms with high FD_CVCS values.  

This suggests that positive returns in the hedge portfolio by going long on a top-SUE 

quintile portfolio and going short on a bottom-SUE quintile portfolio are mainly driven 

by firms in higher FD_CVCS quintiles.  Panel B (SAR_180) has a similar pattern to 

Panel A: higher FD_CVCS and SUE quintile groups generate significantly positive 

returns, but there are exceptions.  For example: The mean returns in cells (1,4) (SUE
quin

 = 

1, FD_CVCS
quin

 = 4) and (2,4) (SUE
quin

 = 2, FD_CVCS
quin

 = 4) are significantly positive 

and higher than other returns in lower SUE and FD_CVCS quintile groups, leading to 

weak monotonicity in SAR_180 for SUE and suggesting that the FD_CVCS effects may 

either strengthen or weaken the magnitude of PEAD.  Panel B further reflects that the 

magnitude of those positive returns in higher SUE and FD_CVCS quintile groups are 

larger than those in Panel A (e.g. 0.020*** (Panel B, cell (4,3)) > 0.012*** (Panel A, cell 

(4,3)); 0.030*** (Panel B, cell (4,4)) > 0.020*** (Panel A, cell(4,4)); 0.032*** (Panel B, 
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cell (4,5)) > 0.015*** (Panel A, cell(4,5)))…0.020*** (Panel B, cell (5,5)) > 0.016*** 

(Panel A, cell(5,5))). 

 

Table 4.3. 5*5 (SUE*FD_CVCS) portfolio returns 

Table 4.3 reports the mean abnormal return in each portfolio which is formed by ranking 

FD_CVCS (CVCS forecasts minus analyst forecasts) and SUE. For each of the five 

portfolios classified by SUE, we classify the observations into quintiles using FD_CVCS. 

There are a total of 25 portfolios. Returns in Panel A (B) are measured as excess buy-

and-hold size-adjusted returns for a 90-day (180-day) window starting two trading days 

after the earnings announcement date. *(**,***) indicates the value is significant at 0.1 

(0.05, 0.01) level. 

  

Panel A. SARt_90  

SAR_90 FD_CVCS 

SUE 1 2 3 4 5 

1  -0.002  0.006  -0.005  0.007  0.004  

2  -0.005  -0.001  -0.005  0.009*  0.002  

3  -0.003  0.004  0.000  0.003  0.006  

4  0.001  0.004  0.012***  0.020***  0.015***  

5  0.003  0.004  0.013***  0.012***  0.016***  

 

Panel B. SARt_180  

SAR_180 FD     

SUE 1 2 3 4 5 

1  0.001  0.003  0.004  0.016**  0.004  

2  0.001  0.004  0.003  0.012*  0.008  

3  -0.005  0.011*  0.004  0.000  0.012*  

4  -0.009  0.007  0.020***  0.030***  0.032***  

5  -0.011  0.004  0.018***  0.023***  0.020***  

 

          To directly measure how the effects of FD_CVCS influence the magnitude of 

PEAD, Table 4.4 summarizes the results of Table 4.3 and explains how the ignored 

sticky cost information serves as a source of post earnings announcement drifts.  Table 

4.4 Panel A (B) reports mean cumulative abnormal returns over a 90-day (180-day) 

window.  We show returns in the lowest SUE quintile (the highest SUE quintile) in 
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Column 2 (3).  Column 4 reports the hedge portfolio returns by taking a long position on 

the highest SUE quintile and a short position on the lowest SUE quintile. Column 4 thus 

represents the return difference between Columns 3 and 2.  Prior studies prove the 

existence of PEAD by showing positive hedge portfolio returns within the full sample.  

Table 4.4 takes a further step to examine the source of PEAD by analyzing the FD effects 

on abnormal returns within the lowest and highest SUE quintiles.  

Table 4.4 Panel A (B) shows that in the full sample, the hedge portfolio return 

during a 90-day (180-day) window is 0.8% (0.5%
17

), which verifies the existence of 

PEAD.  This positive hedge portfolio return (0.8% in Panel A and 0.5% in Panel B) is 

driven mainly by returns in the highest SUE and FD_CVCS quintile (1.6% in Panel A and 

2.0% in Panel B).  Additionally, both Panel A and B indicate that the hedge portfolio that 

considers both SUE and FD_CVCS effects generates higher returns (1.8% in Panel A and 

1.9% in Panel B) than the hedge portfolio return in the full sample (0.8% in Panel A and 

0.5% in Panel B).  As a result, FD effects intensify the magnitude of PEAD by 125 

percent (280%) during a 90-day (180-day) window where the effects of FD_CVCS 

amplify PEAD through observations with higher FD_CVCS values. This phenomenon is 

more significant during a 180-day window (Panel B).   

In sum, Table 4.4 Panel A and B suggest that sticky cost information can be a 

source of PEAD, and the effects of FD_CVCS may either strengthen or weaken the 

magnitude of PEAD.  

 

 

 

                                                           
17

 However, the return difference of 0.5 percent in Panel B (SAR_180) is not significant because the mean 

abnormal return in the lowest SUE quintile is affected by observations with high FD_CVCS values (e.g. the 

cell (SUE1, FD_CVCS4) returns in Table 4.3 Panel B is significantly positive at 0.016). 
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Table 4.4. Effects of FD_CVCS on Post-Earnings-Announcement-Drift 

Cells report the mean abnormal returns in the lowest SUE quintile and highest quintile. In 

addition to the full sample, we classify each SUE quintile into 5 portfolios based on 

FD_CVCS and report the mean abnormal returns in the lowest FD_CVCS quintile and 

the highest FD_CVCS quintile within the lowest SUE quintile in column (2). We report 

the mean abnormal returns in the lowest FD_CVCS quintile and the highest FD_CVCS 

quintile within the highest SUE quintile in column (3). Column (4) is the return 

difference between the lowest SUE quintile and the highest SUE quintile.  Returns in 

Panel A (B) are cumulative size-adjusted abnormal returns over 90 (180) days after 

earnings announcement  

 

Panel A. SARt_90  

FD_CVCS 

Classification 

SUE- 

Lowest quintile 

SUE- 

Highest quintile 

Difference 

(1) (2) (3) (4) = (3) – (2) 

Full sample 0.002 0.010** 0.008** 

Lowest quintile- 

(FD_CVCS) 

-0.002 0.003 0.005 

Highest quintile- 

(FD_CVCS) 

0.004 0.016*** 0.012 

Difference: 

0.016 – (-0.002) = 0.018**; 

0.018 – 0.008 = 0.01 

0.01 / 0.008 = 1.25 

 

Panel B. SARt_180  

FD_CVCS 

Classification 

SUE- 

Lowest quintile 

SUE- 

Highest quintile 

Difference 

(1) (2) (3) (4) = (3) – (2) 

Full sample 0.006* 0.011*** 0.005 

Lowest quintile- 

(FD_CVCS) 

0.001 -0.011 -0.012 

Highest quintile- 

(FD_CVCS) 

0.004 0.020*** 0.016 

Difference: 

0.020 – 0.001 = 0.019* 

0.019 – 0.005 = 0.014 

0.014 / 0.005 = 2.8 

 

Regression Analysis 

          Results of a portfolio analysis suggest that abnormal returns can be earned by 

taking advantage of investors’ lower awareness of sticky cost information.  As a further 

test, we estimate equation (21) to examine whether the effects of FD_CVCS can explain 
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PEAD.  Table 4.5 reports the coefficients on FE_CVCS and FD_CVCS when cumulative 

abnormal returns are calculated in the first (second, third or fourth) quarter following 

earnings announcements.  We perform equality test for   and   .  We expect that the 

coefficient on FD_CVCS is greater than the coefficient on FE_CVCS, if investors’ lower 

awareness of sticky cost information is an important source of PEAD.  That is, 

FD_CVCS contributes more to cumulative abnormal returns.   

Table 4.5 suggests that, compared to other information represented by forecast 

errors (FE_CVCS), post-earnings announcement drifts are largely explained by sticky 

cost information and its effect decreases as the time period gets longer.  The effect 

captured by the greater coefficient on FD_CVCS disappears in quarter 4 of year t.  When 

we examine abnormal returns in quarter 5 to 8 after earnings announcements, there is no 

more post-earnings announcement drift due to investors’ lack of the correct cost behavior.  

Table 4.5 provides evidence that investors also miss information predicted by the refined 

cost behavior model (the CVCS model), leading to market under-reaction that affects 

PEAD for three quarters after earnings announcements. 
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Table 4.5. Regression of abnormal returns on earnings surprises 

Table 4.5 reports regression results of abnormal returns on earnings surprises which is 

decomposed into two components: the surprise of our CVCS model (actual earnings – 

CVCS forecasts, denoted as FE_CVCS) and the difference between CVCS forecasts and 

analyst forecasts (CVCS forecasts minus analyst forecasts, denoted as FD_CVCS). The 

regression results of subsequent returns in year t are reported each quarter after earnings 

announcements. Equality test reports p-value which indicates the significant level that 

rejects the equal coefficients on FE_CVCS and FD_CVCS. 

 

𝐶𝐴𝑅 =   +   FE_CVCS +    𝐷_𝐶𝑉𝐶𝑆 + 𝜀  

Parameter CARt_Q1 CARt_Q2 CARt_Q3 CARt_Q4 

R-squared 
0.0019 0.0022 0.0006 0.0008 

Intercept 0.0128***  0.0007  -0.0009  0.0031***  

FE_CVCS 0.0736***  0.0628***  0.0696***  0.0347  

FD_CVCS 0.1602***  0.1075***  0.1755***  0.0330  

Equality test  

FE = FD_CVCS 

p < 0.01 p = 0.036 p < 0.01 p > 0.1 

 

As robustness checks, we estimate regression (22-1) and (22-2) to see if the effects 

of FD_CVCS still can explain and predict abnormal returns after we control for several 

variables documented in prior literature.  Table 4.6 Panel A and B regress cumulative 

abnormal returns in period t on SUE, FD_CVCS and fama-french 3 factors transformed 

into scales-quintile variables.  Consistent with the results of portfolio analysis, FD_CVCS 

and SUE are all significantly positive after controlling for the effects of fama-french 3 

factors.  The significantly positive coefficient on SUE indicates the existence of PEAD. 

The significantly positive coefficient on FD_CVCS suggests that the trading strategy of 

going long on the highest FD_CVCS quintile and going short on the lowest FD_CVCS 

quintile can generate positive returns.  Both coefficients on SUE and FD_CVCS have a 

similar magnitude (The coefficient on SUE is 0.0120 and the coefficient on FD_CVCS is 
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0.0124, both significant), which implies that FD_CVCS affects abnormal returns after 

earnings announcements, consistent with the results of portfolio analysis that sticky cost 

information relates to PEAD.  

In Panel C and D, we examine the continuous (auto-correlated) effects of SUE and 

FD_CVCS and explore whether FD_CVCS and SUE can predict future abnormal returns 

(returns subsequent to earnings announcements in period t+1).  Both coefficients on SUE 

and FD are positive, but the coefficient on SUE is only significant in Panel C (returns 

during a 90-day window) and not in Panel D (returns during a 180-day window), possibly 

because the SUE effect on SAR_180 is weak and taken out by Fama-French 3 factors.  If 

we regress SAR_180 on SUE and FD_CVCS only, both are significantly positive, even 

though the coefficient on SUE is much smaller in magnitude, suggesting that FD_CVCS 

effects have much greater impacts on future abnormal returns.  

Bernard and Thomas (1990) find that investors seem to ignore the autocorrelations 

in extreme earnings surprises across adjacent quarters, which we explain as due to: 

investors ignoring sticky cost information and under-reacting to it across adjacent 

quarters.  Fama (1998) proposes that PEAD arises from investors’ under-reaction to value 

relevant earnings information.  Our results are also consistent with Fama (1998).  

Findings in Panel C and D imply that FD_CVCS can predict PEAD in period t+1.  Our 

regression results confirm that sticky cost information plays an important role in 

explaining post earnings announcement drifts. 
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Table 4.6. Regression analysis 

Table 4.6 presents standard Post-Earnings-Announcement-Drift hedging strategies with 

and without control variables over 90 and 180 day windows starting on the second day 

after earnings announcements. Panels A, B, C and D report returns in different windows. 

This regression analysis builds on Rajgopal, Shevlin, and Venkatachalam (RAST, 2003). 

We estimate the following model: 

SARit = 0 + 1 SUEi,t
quin 

 + 2 FD_CVCSi,t
quin

 + 3 SIZEi,t
quin

 + 4 BETAi,t
quin

 + 5 

BMi,t
quin

 + it.        

where 

SARit is size-adjusted abnormal returns over long windows of 90 or 180 days starting on 

the second day after earnings announcements. 

SUEit
quin

 is SUEit transformed into a scaled-quintile variable with values {0, 0.25, 0.50, 

0.75, 1} according to the respective quintile.  The transformation is made on a quarter-by-

quarter basis. 

SIZEit
quin

 is the market value of common equity measured in millions of dollars at the 

beginning of the abnormal return accumulation period, transformed to a scales-quintile 

variable with values ranging from 0 to 1.  

BETAit
quin

  is the systematic risk estimated from regression of monthly raw returns on 

value weighted portfolio over 60-month return period prior to abnormal return 

accumulation period, transformed to a scales-quintile variable with values ranging from 0 

to 1.  

BMit
quin

 is the book value of common equity at the beginning of the abnormal return 

accumulation period, divided by market value of common equity, transformed to a scales-

quintile variable with values ranging from 0 to 1.  

 

Panel A. SAR_90 in period t 

SAR_90it = 0 + 1 SUEi,t
quin 

 + 2 FD_CVCSi,t
quin

 + 3 SIZEi,t
quin

 + 4 BETAi,t
quin

 + 5 

BMi,t
quin

 + it. 

R
2 

0.002    0.001   

Firms 2287    2287   

N 31111    31111   

Parameter Estimate t – stat. p-value Parameter Estimate t – stat. p-value 

        

Intercept -0.0263  -6.39 <.0001 Intercept -0.0058  -2.43 0.0153 

SUE
quin 

0.0120  4.19 <.0001 SUE
quin 

0.0105  3.65 0.0003 

FD
quin 

0.0124  4.13 <.0001 FD
quin 

0.0107  3.62 0.0003 

Size
quin 

0.0093  3.03 0.0025     

Beta
quin 

0.0131  4.65 <.0001     

BM
quin 

0.0153  4.71 <.0001     
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Panel B. SAR_180 in period t  

SAR_180it = 0 + 1 SUEi,t
quin 

 + 2 FD_CVCSi,t
quin

 + 3 SIZEi,t
quin

 + 4 BETAi,t
quin

 + 5 

BMi,t
quin

 + it. 

R
2 

0.003    0.001   

Firms 2286    2286   

N 31045    31045   

Parameter Estimate t – stat. p-value Parameter Estimate t – stat. p-value 

        

Intercept -0.0263  -6.66 <.0001 Intercept -0.0058  -2.44 0.0146 

SUE
quin 

0.0120  4.26 <.0001 SUE
quin 

0.0105  3.72 0.0002 

FD
quin 

0.0124  4.24 <.0001 FD
quin 

0.0107  3.7 0.0002 

Size
quin 

0.0093  3.06 0.0022     

Beta
quin 

0.0131  4.66 <.0001     

BM
quin 

0.0153  4.81 <.0001     

 

Panel C. SAR_90 in period t+1  

SAR_90it+1 = 0 + 1 SUEi,t
quin 

 + 2 FD_CVCSi,t
quin

 + 3 SIZEi,t
quin

 + 4 BETAi,t
quin

 + 5 

BMi,t
quin

 + it+1. 

R
2 

0.001    0.0002   

Firms 2287    2287   

N 31111    31111   

Parameter Estimate t – stat. p-value Parameter Estimate t – stat. p-value 

        

Intercept -0.0440  -7.7 <.0001 Intercept -0.0057  -1.66 0.0963 

SUE
quin 

0.0109  2.68 0.0075 SUE
quin 

0.0082  2.02 0.0434 

FD
quin 

0.0229  5.39 <.0001 FD
quin 

0.0200  4.75 <.0001 

Size
quin 

0.0189  4.36 <.0001     

Beta
quin 

0.0244  5.92 <.0001     

BM
quin 

0.0277  5.89 <.0001     
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Panel D. SAR_180 in period t+1 

SAR_180it+1 = 0 + 1 SUEi,t
quin 

 + 2 FD_CVCSi,t
quin

 + 3 SIZEi,t
quin

 + 4 BETAi,t
quin

 + 

5 BMi,t
quin

 + it+1. 

R
2 

0.001    0.0002   

Firms 2286    2286   

N 31045    31045   

Parameter Estimate t – stat. p-value Parameter Estimate t – stat. p-value 

        

Intercept -0.0134  -3.26 0.0011 Intercept 0.0005  0.0005  0.0005  

SUE
quin 

0.0028  0.94 0.3452 SUE
quin 

0.0024  0.0024  0.0024  

FD
quin 

0.0078  2.6 0.0094 FD
quin 

0.0073  0.0073  0.0073  

Size
quin 

0.0086  2.75 0.0061     

Beta
quin 

0.0118  4.12 <.0001     

BM
quin 

0.0066  1.98 0.0478     

 

4.6 Conclusion 

From Chapter 2 we learn that investors’ earnings expectation follows analyst 

forecasts.  Nevertheless, Chapter 3 shows that analysts leave out some sticky cost 

information resulting in earnings surprises.  This chapter investigates whether investors 

also overlook some sticky cost information.  We find that similar to analysts, investors 

seem to under-react to sticky cost information.  It takes investors two to three quarters to 

adjust their inaccurate belief after earnings announcements.  As a result, positive 

abnormal returns can be earned by exploiting investors’ inability to recognize sticky cost 

behavior.  Meanwhile, regression analysis indicates that sticky cost information is 

positively related to post earnings announcement drifts in this period and next period.  In 

summary, Chapter 4 suggests that due to investors’ lower awareness of sticky cost 

information, investors’ belief adjustments after earnings announcements could be a 

source of post-earnings announcement drifts. 

 

 



 

71 

 

CHAPTER 5 

SUMMARY AND FUTURE RESEARCH 

Summary  

To sum up our findings from Chapter 2 to Chapter 4, we use Figure 1 to show the 

association among the relevant information available for analysts, the information 

provided by the CVCS model and the full information set.  The biggest white circle 

contains the whole information that is valuation relevant.  Analysts have much greater 

(better) information so the value relevant information available for analysts is a bigger 

circle (the middle pink circle).  The sticky cost behavior model, like a CVCS model, uses 

a less information which is the little one (the blue circle).  Most important of all is that 

even though the information provided by the sticky cost behavior model is the little circle, 

this little circle is not fully contained in the bigger circle which is the information set 

available for analysts.  In other words, analysts are not necessarily capturing full cost 

information to forecast earnings.  As a result, the ignored sticky cost information which is 

proxied by the forecast difference (FD_CVCS) is expected to explain the earnings 

surprise to some extent (the blue area).  Moreover, since investors are also unaware of 

sticky cost behavior when forming their earnings expectations, after earnings 

announcements, investors gradually incorporate the sticky cost information and reflect 

their adjustments into stock prices.  Therefore, the forecast difference (FD_CVCS) is also 

positively correlated with the post earnings announcement drift.  

This study integrates cost accounting and financial accounting to explore which 

cost behavior model analysts and investors use.  We extend analyst forecast research by 

offering another explanation for earnings surprises: analyst cannot fully capture sticky 
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cost information.  We also add to the existing literature of capital market research that 

due to investors’ lower awareness of sticky cost information, their belief adjustments 

after earnings announcements could be a source of post-earnings announcement drifts. 

 

 

Figure 5.1 Value Relevant Information Set 

Figure 5.1 explains the value relevant information provided by the cost behavior model 

and used by analysts. The biggest white circle contains the full information that is 

valuation relevant. Analysts have much more (better) information so their information 

pool is a bigger circle (the middle pink circle). The cost behavior model, like a CVCS 

model, uses less information, which is the little circle (the blue circle). 

 

 
Figure 5.1 Value Relevant Information Set 

 

 

 

Future Research 

Chapter 2 uses regression analysis to infer analysts’ mind and try to figure out what 

cost behavior model is implicit in analyst forecasts.  However, we still have limited 

knowledge regarding how analysts incorporate cost information during their decision 

process when issuing forecasts.  It is interesting if we can conduct a survey study among 

 

Full information set 

Analysts’ information 
set 

Information provided by 

the CVCS model 
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analysts and observe how they process cost information.  A survey study can provide 

more explicit evidence on the subject of how cost information affects analyst forecasts.  

Moreover, since there are several different cost items, a survey study is a good means to 

understand how analysts deal with information within different cost items (e.g. any 

specific assumption or limitation) and thus how this process influences earnings 

forecasts.  

Another interesting question is whether the nature of analyst expertise relates to 

analysts’ usage of cost information.  Since firms in different industries have various cost 

structures, analysts with firm-specific experience or with industry specialization may 

improve their ability in capturing cost behavior information.  Mikhail et al. (1997) show 

that forecast accuracy increases with analysts’ firm-specific experience.  It is interesting 

to further test if the improvement of forecast accuracy with analysts’ firm-specific 

experience is due to analysts’ better understanding of firm’s cost information.  In 

addition, since management communication is a channel for analysts to gain important 

firm-specific information, it is also interesting to explore how management disclosure 

(e.g. management forecasts) influences analysts’ recognition of cost information.  

This study shows that analysts may not fully capture sticky cost information 

leading to earnings surprises.  We use the CVCS model documented in Banker and Chen 

(2006) to capture sticky cost behavior.  Recent literature (e.g. Banker et al. 2012) 

proposes a more refined model which employs two- or three-period information to 

capture the cost-sale relationship.  It is worthwhile to examine if a more refined cost 

model together with analyst forecasts can improve forecast accuracy and outperform 

analyst forecasts alone.  In summary, how analysts and investors incorporate cost 
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information when forming their earnings expectation is still an open question.  This is an 

interesting field which integrates both financial accounting and cost accounting and we 

need more empirical evidence to clarify this issue.  
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APPENDICES 

APPENDIX A  

NORMALIZE VARIABLES USING THE BEGINNING BOOK VLUE OF EQUITY 

In this study, we adopt the cost behavior model documented in Banker and Chen 

(2006) to capture sticky cost behavior.  Thus as robustness checks, we follow Banker and 

Chen (2006) to define accounting earnings as return on owners’ equity (ROE), measured 

as income before extraordinary items (IB) divided by the beginning book value of equity 

(CEQ).  Since the CVCS model requires, in addition to lagged ROE, information about 

sales revenues (SALE), sales revenue is also scaled by the beginning-of-year owners’ 

equity.  As for analysts’ consensus forecasts of one-year-ahead ROE, following Banker 

and Chen (2006) we use the mean analysts’ forecasts of earnings per share reported on 

the I/B/E/S database nine months before the fiscal year-end, divided by beginning-of-year 

book value of equity per share.   

To reduce potential errors in the estimation of cost models because of data errors or 

outliers, we require firm-year observations to have: (1) positive values for owners' equity 

in this period and last period; (2) absolute values of ROE and lagged ROE less than 1; (3) 

absolute values of net profit margin (i.e., the ratio of earnings to sales revenue) less than 

1; (4) absolute value of percentage change in sales revenues from year t-2 to year t-1 less 

than 1; (5) no missing values for current ROE and the lagged ROE, lagged operating 

income, lagged non-operating income, lagged cash flow components, lagged accruals 

components, and lagged sales revenue.
18

  Moreover, since we estimate the cost models 

using industry-level (based on four-digit SIC code) regressions, we delete those industries 

                                                           
18

 Banker and Chen (2006) require no missing values for these variables because they need to estimate 

different time series models. We also follow these criteria because firm-year observations with missing 

values for these variables are potential outliers. 
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with fewer than 20 firm-year observations available in the estimation period and in the 

associated forecast period.   

To infer the cost function implicit in analysts’ minds, we need analysts’ ROE 

forecasts. Since there are some extreme values of the mean analysts’ forecasts reported 

on the I/B/E/S database, resulting in biased analyst ROE forecasts, we trim analyst 

consensus forecasts (analyst ROE forecasts) at 97.5 percent and 2.5 percent.
19

   The final 

sample consists of 33,591 firm-year observations from 6,202 firms over the 19-year 

forecast period 1992 – 2010.  The median (mean) ROE is 0.111 (0.091) and the median 

(mean) SALE is 1.944 (2.770) in the final sample. ROE (scaled earnings) is negatively 

skewed (mean < median) consistent with the literature (e.g. Basu, 1995 and Givoly and 

Hayn, 2000).  Table 2.7 defines variables used in this study and Table 2.8 panels A and B 

present the summary statistics and the correlation matrix for the relevant variables used in 

this study.  

 

 

 

 

 

 

 

 

                                                           
19

 We also try to trim at 99 percent and one percent. In this case, CVCS forecasts outperform analyst 

forecasts in forecast accuracy but the results of other analyses still hold (e.g. the portfolio analysis, the 

PEAD analysis and the great explanatory power of forecasts differences over earnings surprises). A 

possible reason that the analyst consensus forecasts (the mean analysts’ forecasts of EPS) do not perform 

well is that analysts forecast median earnings, while actual earnings are negatively skewed (in our sample, 

the skewness of actual earnings is -1.062), which leads to more systematic negative forecast errors and 

therefore more forecast optimism. In our study, the screened observations from (99% and 1%) to (97.5% 

and 2.5%) are more negative forecast errors which increase from 388 to 1080, while positive forecast errors 

increase only from 320 to 627. The number of negative forecast errors of screened observations is twice 

that of positive forecast errors. We also try to trim analyst forecasts at 97.5 percent and one percent. Results 

show that analyst forecasts are the most accurate. Negatively skewed earnings and analysts’ forecasts of 

median earnings provide the explanation for the existence of forecast optimism in our data. The positive 

relation between earnings skewness and analysts’ forecast bias is documented in Gu and Wu (2003). 
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Table 2.7. Variable definitions 

ROEt: ROEt is accounting earnings. In this paper we define accounting earnings as 

return on equity which is measured as net income before extraordinary items divided by 

beginning-of-year book value of owners’ equity 

Salest: net sales revenue divided by beginning-of-year book value of owners’ equity 

Analyst forecast (IBES): the mean analysts' forecasts of earnings per share (EPS) 

reported on the I/B/E/S database nine months before fiscal year-end, divided by 

beginning-of-year book value of equity per share 

 

Table 2.8. Descriptive statistics 

Panel A. Univariate statistics 

 

Mean Std. Dev. Q3 Median Q1 N  

Sales 2.7703 3.1699 3.3001 1.9439 1.1316 33591 

ROE 0.0909 0.1935 0.1836 0.1111 0.0268 33591 

IBES 0.1192 0.1004 0.1609 0.1038 0.0576 33591 

ES -0.0196 0.1730 0.0603 -0.0013 -0.0657 22127 

FD_CVCS -0.0079 0.1270 0.0534 -0.0001 -0.0564 22127 

SalesSurprise -0.1326 3.4098 0.1994 -0.0269 -0.3383 22127 

FirmSize 6.8264 1.7279 7.9121 6.6945 5.6049 22127 

Following 1.5404 0.7000 2.0794 1.3863 1.0986 22127 

Loss 0.0465 0.2107 0.0000 0.0000 0.0000 22127 

Margin 0.3965 0.2149 0.5356 0.3650 0.2305 22127 

Dispersion 0.0037 0.0136 0.0031 0.0013 0.0005 22127 

TradingVol 13.0600 1.6304 14.0977 13.0525 11.9665 22127 

AbnormalRet 0.0021 0.4467 0.2040 -0.0521 -0.2807 27060 

 

Panel B. Correlations  

 

Sales IBES ES FD_CVCS SalesSurprise 

Sales 1.0000 0.1744*** 0.0415*** -0.0681*** 0.1028*** 

IBES 0.2183*** 1.0000 -0.1402*** -0.4097*** -0.0172*** 

ES 0.1511*** -0.1515*** 1.0000 0.3043** 0.0195*** 

FD_CVCS -0.0125* -0.4206*** 0.3587*** 1.0000 -0.1820*** 

SalesSurprise 0.0748*** -0.1223*** 0.1162*** -0.2246*** 1.0000 

FirmSize -0.0965*** 0.1635*** 0.1738*** 0.0617*** -0.0128* 

Following -0.0395*** 0.1104*** 0.0254*** -0.0332*** -0.0136** 

Loss -0.1320*** -0.3649*** -0.1211*** 0.0469*** 0.0775*** 

Margin -0.4474*** 0.0911*** 0.0458*** -0.1039*** 0.0171*** 

Dispersion -0.0588*** -0.0327*** -0.3760*** -0.1982*** 0.0485*** 

TradingVol -0.1398*** 0.1007*** -0.0669*** -0.0717*** -0.0223*** 

Pearson (Spearman) correlations are reported above (below) the diagonal. 
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Table 2.8 Panel B. continued 

 FirmSize Following Loss Margin Dispersion TradingVol 

Sales -0.0889*** -0.0367*** -0.0607*** -0.3451*** 0.0222*** -0.0912*** 

IBES 0.1684*** 0.1069*** -0.4004*** 0.1063*** -0.0391*** 0.1065*** 

ES 0.1768*** 0.0452*** -0.1030*** 0.0591*** -0.1726*** -0.0460*** 

FD_CVCS 0.0644*** -0.0122* 0.0331*** -0.0844*** -0.1184*** -0.0548*** 

SalesSurprise 0.0027 0.0058 0.0305*** 0.0213*** 0.0232*** 0.0007*** 

FirmSize 1.0000 0.5135*** -0.1177*** 0.0660*** -0.1324*** 0.6492*** 

Following 0.5053*** 1.0000 -0.0310*** 0.1327*** -0.0767*** 0.6424*** 

Loss -0.1217*** -0.0288*** 1.0000 -0.0255*** 0.1867*** 0.0486*** 

Margin 0.0543*** 0.1156*** -0.0197*** 1.0000 -0.0527*** 0.1490*** 

Dispersion -0.2129*** -0.0687*** 0.2150*** -0.0957*** 1.0000 -0.0168*** 

TradingVol 0.6552*** 0.6343*** 0.0446*** 0.1392*** 0.0199*** 1.0000 

Pearson (Spearman) correlations are reported above (below) the diagonal. 

Variable definitions are in Table 2.7 and Table 2.1. 

 

Table 2.9 Panel A shows that the regression of the FVC model generates the 

highest R-squared and coefficient, implying that analysts seem to use the simple FVC 

model.  In Panel B, the results of Vuong’s test indicate that, compared to other cost 

models, both the FVC and CVCS models are closer to analysts’ minds.  Even though the 

FVC model does not significantly reject the CVCS model in panel B, higher R-squared in 

Panel A suggests a higher relationship between analyst forecasts and the forecasts by the 

FVC model.  Even though the FVC model generates slightly higher R-squared than the 

CVCS model does in Table 2.9, this result does not contradict what we find in the main 

context that analysts seem to rely more on the CVCS model.  At least we know that both 

the CVCS and FVC model are closer to analysts’ mind and analysts seem to capture some 

information of sticky cost behavior.  
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Table 2.9. Analysts’ view  

Regression Results of I/B/E/S Consensus Forecasts on Forecasts by Different Cost 

Models and Results of Vuong’s Test 

Sample Forecast Period: 1992 – 2010 (N = 33,591) 

 

Panel A: Simple regression of analyst forecasts on earnings forecasts by a cost model.  

𝑎𝑛𝑎𝑙𝑦𝑠𝑡 𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑠 (𝐼𝐵𝐸𝑆) =   +    𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑠 
            + 𝜀   

R2 Intercept CVCS FVC FC VC Proportional FVC2 

0.1224 0.0907 0.2660      

0.1297 0.0974  0.2797     

0.0043 0.1183   0.0110    

0.0229 0.1099    0.1572   

0.0237 0.1080     0.2260  

0.0236 0.1087      0.1767 

 

Panel B: Results of Vuong’s test of relative information content 

Competing models Vuong’s Z-statistic 

(p-value in parentheses) 

 

VC vs. PROP -0.283 (>0.01)  

VC vs CVCS -11.648(<0.01) CVCS is better than VC 

VC vs. FVC -20.332 (<0.01) FVC is better than VC 

VC vs. FVC2 -0.548 (>0.1)  

VC vs. FC 3.098 (<0.01) VC is better than FC 

PROP vs. CVCS -11.836 (<0.01) CVCS is better than Prop. 

PROP vs. FVC -19.451 (<0.01) FVC is better than Prop. 

PROP vs. FVC2 0.066 (>0.1)  

PROP vs. FC 3.848 (<0.01) Prop. is better than FC 

CVCS vs. FVC -1.237 (>0.1)  

CVCS vs. FVC2 11.810(<0.01) CVCS is better than FVC2 

CVCS vs. FC 18.915 (<0.01) CVCS is better than FC 

FVC vs. FC 18.939 (<0.01) FVC is better than FC 

FVC vs. FVC2 20.589 (<0.01) FVC is better than FVC2 

FVC2 vs. FC 3.454 (<0.01) FVC2 is better than FC 

FVC ≈ CVCS > PROP ≈ VC ≈ FVC2 > FC 

 

As with Table 2.10, we regress abnormal returns on forecast errors, which capture 

to what extent investors are surprised and investors’ reactions are related to earnings 

surprises.  Consistent with Banker and Chen (2006), in Panel A the highest R-squared and 

coefficient is achieved when abnormal returns are regressed on analyst forecast errors.  In 

Panel B, Vuong’s test suggests that analyst forecasts are closer to market expectation, 
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followed by the FVC model.  Results in Table 2.10 indicate that investors rely more on 

analyst forecasts and what is in their minds is similar to analysts’ assumptions. 

 

Table 2.10.  Investors’ view 

Regression Results of Abnormal Returns
*
 on Forecast Errors (FE)

**
 and Results of 

Vuong’s Test 

Sample Forecast Period: 1992 – 2010 (N = 27,568) 

  

Panel A: Regression results of abnormal returns on forecast errors (FE)  
𝑅𝐸𝑇 =   +    𝑜𝑟𝑒𝑐𝑎𝑠𝑡 𝐸𝑟𝑟𝑜𝑟 + 𝜀  
R2 Intercept CVCS FVC FC VC PROP FVC2 IBES 

0.0671 0.0504 0.9842       

0.0738 0.0202  1.0486      

0.0531 0.0341   0.7650     

0.0580 0.0032    0.8434    

0.0579 -0.0060     0.8644   

0.0594 0.0028      0.8653  

0.0859 0.0614       1.1154 

 

Panel B: Results of Vuong’s test of relative information content  
Competing models Vuong’s Z-statistic 

(p-value in parentheses) 
 

VC vs. PROP 0.017 (>0.1)  
VC vs. FVC -6.277 (<0.01) FVC is better than VC 
VC vs. FVC2 -1.945 (<0.05) FVC2 is better than VC 
VC vs. FC 1.139 (>0.1)  
VC vs. CVCS -3.677 (<0.01) CVCS is better than VC 
VC vs IBES -7.020 (<0.01) IBES is better than VC 
PROP vs. FVC -6.542 (<0.01) FVC is better than Prop. 
PROP vs. FVC2 -1.128 (>0.1)  
PROP vs. FC 1.157 (>0.1)  
PROP vs. CVCS -3.727 (<0.01) CVCS is better than Prop. 
PROP vs. IBES -8.719 (<0.01) IBES is better than Prop. 
FVC vs. FVC2 6.328 (<0.01) FVC is better than FVC2 
FVC vs. FC 5.670 (<0.01) FVC is better than FC 
FVC vs. CVCS 5.611 (<0.01) FVC is better than CVCS 
FVC vs. IBES -3.303 (<0.01) IBES is better than FVC 
FVC2 vs. FC 1.529 (>0.1)  
FVC2 vs. CVCS -3.428 (<0.01) CVCS is better than FVC2 
FVC2 vs. IBES -7.319 (<0.01) IBES is better than FVC2 
FC vs. CVCS -3.929 (<0.01) CVCS is better than FC 
FC vs. IBES -5.776 (<0.01) IBES is better than FC 
CVCS vs. IBES -4.652 (<0.01) IBES is better than CVCS 
IBES > FVC > CVCS > FVC2 ≈ PROP ≈ VC > FC 
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Table 2.11 shows the statistics on the distribution of absolute forecast errors (AFE) 

for the cost models and the analyst forecasts.  Consistent with our main results, the 

analysts’ consensus forecasts are the most accurate, with a median (mean) AFE of 0.0630 

(0.1127).  The CVCS model, the most accurate of the six cost behavior models, generates 

AFE with the smallest median (0.0669), mean (0.1159), first quartile (0.0275), and third 

quartile (0.1426).  The FVC model is the second best among the six models, producing 

AFE with median (0.0738), mean (0.1181), first quartile (0.0313), and third quartile 

(0.1483). On the other hand, the PROP model generates AFE with the largest median 

(0.1014), mean (0.1408), first quartile (0.0467), and third quartile (0.1828). The naïve 

fixed cost model (the FC model) performs better than the VC model or the PROP model 

in forecast accuracy.  

 

Table 2.11 ROE Forecast Accuracy Comparisons among Cost Behavior Models and 

I/B/E/S Consensus Forecasts 

Sample Forecast Period: 1992 – 2010 (N = 33,591) 

 

N=33,591      

 median mean std Q3 Q1 

CVCS 0.0669 0.1159 0.1512 0.1426 0.0275 

FVC 0.0738 0.1181 0.1420 0.1483 0.0313 

FC 0.0760 0.1317 0.6001 0.1602 0.0314 

VC 0.0971 0.1391 0.1504 0.1824 0.0412 

Prop 0.1014 0.1408 0.1425 0.1828 0.0467 

FVC2 0.0964 0.1379 0.1468 0.1812 0.0413 

IBES 0.0630 0.1127 0.1475 0.1399 0.0224 
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APPENDIX B 

MEDIAN REGRESSION, MEAN ABSOLUTE DIFFERENCE AND ROOT MEAN 

SQUARED ERRORS 

In the main study, we use OLS regression analysis to investigate which cost 

behavior model is closer to analysts’ mind.  The implicit assumption is that analysts have 

a quadratic loss function and they try to minimize mean squared forecast errors. 

Nevertheless, Basu and Markov (2004) show that analysts likely face a linear loss 

function and set their forecasts to minimize absolute forecast errors.  Moreover, some 

prior studies compare forecast accuracy among different earnings forecast models and 

define forecast accuracy as absolute forecast errors.  To be consistent with this forecast 

accuracy comparison method and act as robustness checks, in Appendix II we 

alternatively use a median regression, mean absolute difference and root mean squared 

error to examine which cost behavior model is closer to analyst forecasts.  

If we assume analysts face a linear loss function and use a median regression to run 

equation (14) in examining which cost model is closer to analysts’ mind,    = 0 and    = 

1 suggest that given no other information, the earnings forecasts from this cost model is 

identical to the optimal description of analyst forecasts.  Table 2.12 presents the 

coefficients on intercept (  ) and a certain cost model forecasts (  ).  Results show that 

compared to other cost models, the CVCS model generates the lowest value of    and the 

highest value of    , which implies that the CVCS model is closer to the analyst forecasts.  

𝑎𝑛𝑎𝑙𝑦𝑠𝑡 𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑠 (𝐼𝐵𝐸𝑆) =   +    𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑠
            + 𝜀                            (14)                                        
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Table 2.12. Median regression (LAD regression) 

Sample Forecast Period: 1992 – 2010 (N = 40,909) 

 

𝑎𝑛𝑎𝑙𝑦𝑠𝑡 𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑠 (𝐼𝐵𝐸𝑆) =   +    𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑠
            + 𝜀  

Intercept CVCS FVC FC VC PROP FVC2 

0.0196***  0.6507***  . . . . . 

0.0274***  . 0.5728***  . . . . 

0.0289***  . . 0.5017***  . . . 

0.0345***  . . . 0.4511***  . . 

0.0391***  . . . . 0.4653***  . 

0.0341***  . . . . . 0.4633***  

 

In addition to using a median regression, we also check the mean absolute 

difference and the root mean squared deviation between analyst forecasts and a cost 

model forecasts.  In the main study, we follow prior studies to define absolute forecast 

error as a measure of forecast accuracy and compare the difference of earnings forecasts 

and actual earnings.  Thus, in a similar fashion, we examine the mean absolute difference 

between analyst forecasts and a cost model forecasts.  The root mean squared deviation is 

also a frequently used measure of the differences between two sets of numbers.  The 

lower the value of deviation, the closer the cost model is to the analyst forecasts. 

We report the mean absolute difference and the root mean squared deviation in 

Table 2.13.  Compared to other cost models, the CVCS model generates the lowest mean 

absolute difference and the lowest root mean squared deviation.  These results indicate 

that the CVCS model is closer to analyst forecasts.  In summary, the results in appendix II 

are consistent with our main test that the CVCS model seems to closer to analyst 

forecasts instead of the proportional model documented in fundamental analysis and 

financial statement analysis.  
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Table 2.13. Mean absolute difference (MAD) and Root mean squared deviation 

(RMSD) 

Sample Forecast Period: 1992 – 2010 (N = 40,909) 

 

MAD =
∑ |𝑎𝑛𝑎𝑙𝑦𝑠𝑡 𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑖 − 𝑐𝑜𝑠𝑡 𝑚𝑜𝑑𝑒𝑙 𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑖|
𝑁
𝑖= 

𝑁
 

 

 

RMSD = √
∑ (𝑎𝑛𝑎𝑙𝑦𝑠𝑡 𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑖 − 𝑐𝑜𝑠𝑡 𝑚𝑜𝑑𝑒𝑙 𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑖) 
𝑁
𝑖= 

𝑁
 

 

 

Method CVCS FVC FC VC PROP FVC2 

MAD 0.0312  0.0347  0.0363  0.0398  0.0449  0.0394  

RMSD  0.0606  0.0660  0.0720  0.0639  0.0666  0.0629  
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APPENDIX C 

SENSITIVITY CHECK ON SALES SURPRISE 

As a sensitivity check, we also use sales forecasts reported on the I/B/E/S database 

to compute sales surprise as actual sales minus analyst sales forecasts with deflation by 

sales on t-1 or by total assets.  Table 3.2 Panel A (B) shows the results when we use the 

deflator as sales in last period (total assets).  Since the I/B/E/S database provides both 

mean and median analyst sales forecasts, for Panel A and B we presents both results.  

Results in both Table 3.2 Panel A and B are similar to results reported in Table 3.1 

Panel A. Our main test variable forecast difference (FD_CVCS) is significantly positive 

related to earnings surprise. Sales surprise (SalesSurprise) is also positively related to 

earnings surprise.  Other control variables basically have the expected sign.  In summary, 

our main findings that forecast differences are positively correlated with earnings 

surprises and have certain explanatory power over earnings surprises do not change, after 

we define the sales surprise as the difference between actual sales and analyst sales 

forecasts.  
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Table 3.2 Sensitivity check: earnings surprise and sticky cost behavior 

Table 3.2 reports results when we define sales surprise as the difference between actual 

sales and analyst forecast sales. Sales surprise in Panel A (B) is scaled by total assets 

(sales in period t-1). We use both the mean and median analyst sales forecasts reported on 

the I/B/E/S database.  

 

Panel A: sales surprise is scaled by total assets 
R

2 
0.1167    0.1167   

N 35236    35236   

firms 3990    3990   

Parameter Estimate t - stat p-value Parameter Estimate t - stat p-value 

        

Intercept -0.0322  -5.65 <.0001 Intercept -0.0322  -5.65 <.0001 

FD_CVCS (+) 0.2321  6.68 <.0001 FD_CVCS (+) 0.2321  6.68 <.0001 

SalesSurprise 

Mean (+) 

0.0004  1.05 0.2916 SalesSurprise 

Median (+) 
0.0004  1.05 0.2915 

FirmSize (+) 0.0050  9.09 <.0001 FirmSize (+) 0.0050  9.09 <.0001 

Following (?) 0.0008  0.8 0.4263 Following (?) 0.0008  0.8 0.4263 

Loss (-) 0.0028  0.77 0.4422 Loss (-) 0.0028  0.77 0.4423 

Margin (?) 0.0316  11.24 <.0001 Margin (?) 0.0316  11.24 <.0001 

Dispersion (-) -0.9750  -8.79 <.0001 Dispersion (-) -0.9750  -8.79 <.0001 

TradingVol (-) -0.0018  -2.97 0.003 TradingVol (-) -0.0018  -2.97 0.003 

 

Panel B: sales surprise is scaled by sales in period t-1 
R

2 
11.83%    11.83%   

N 14003    14003   

Firms 3132    3132   

Parameter Estimate t - stat p-value Parameter Estimate t - stat p-value 

        

Intercept -0.0347  -5.55 <.0001 Intercept -0.0347  -5.55 <.0001 

FD_CVCS (+) 0.2805  6.53 <.0001 FD_CVCS (+) 0.2805  6.53 <.0001 

SalesSurprise 

Mean (+) 

0.0041  2.53 0.0113 SalesSurprise 

Median (+) 

0.0040  2.54 0.0112 

FirmSize (+) 0.0038  6.33 <.0001 FirmSize (+) 0.0038  6.34 <.0001 

Following (?) 0.0017  1.44 0.1489 Following (?) 0.0017  1.45 0.1484 

Loss (-) -0.0009  -0.19 0.8464 Loss (-) -0.0009  -0.2 0.8427 

Margin (?) 0.0309  10.11 <.0001 Margin (?) 0.0309  10.11 <.0001 

Dispersion (-) -1.0196  -7.03 <.0001 Dispersion (-) -1.0197  -7.03 <.0001 

TradingVol (-) -0.0011  -1.53 0.1251 TradingVol (-) -0.0011  -1.54 0.1246 

 


