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Using Counter-explanation to Limit Unintentional Optimism in Analysts’ Forecasts 
 

ABSTRACT:  Prior research demonstrates that forecast optimism is, in part, an unintentional 

consequence of analysts’ cognitive reactions to the scenarios managers use to communicate 

future plans.  In two experiments, we examine whether counter-explanation (explaining why 

managers’ plans could fail) limits unintentional forecast optimism.  We find that, when 

compared to analysts who do not generate counter-explanations, analysts who complete the 

relatively easy task of generating few counter-explanations make less optimistic forecasts, but 

analysts who complete the relatively difficult task of generating many counter-explanations do 

not.  Results suggest boundary conditions for the effective use of counter-explanation to limit 

scenario- induced forecast optimism.     

Keywords:  counter-explanation; availability; EPS; forecast optimism. 
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I.  INTRODUCTION 

In a move applauded by Wall Street analysts, Coca-Cola Co. announced that it would no 

longer provide quarterly earnings guidance because such short-run guidance, “…prevents a more 

meaningful focus on the strategic initiatives that a company is taking to build its business and 

succeed over the long run” (Wall Street Journal, December 13, 2002).  A dozen major 

corporations recently followed suit (Byrnes 2003), and nearly 20% of NIRI-member firms report 

that they have considered eliminating the provision of earnings guidance (NIRI 2003).  Managers 

eliminating short-run earnings guidance to promote a focus on long-run performance likely will 

increase their use of qualitative or narrative communications regarding their plans and future 

earnings expectations.1  Yet, when managers use detailed, causal narratives (i.e., scenarios) to 

communicate plans to improve future earnings, unintentional optimism in analysts’ annual 

earnings forecasts results (Sedor 2002).  Because investors do not completely unravel analysts’ 

optimism (Huberts and Fuller 1995; Ackert and Athanassakos 1997; Rajan and Servaes 1997; 

Dechow et al. 2000; Bradshaw et al. 2003), increasing analysts’ focus on managers’ long-run 

strategic initiatives also increases the importance of limiting unintentional forecast optimism. 

Providing information about managers’ plans structured in scenarios facilitates analysts’ 

ability to envision how and why managers’ plans will improve future firm performance (i.e., 

engage in scenario thinking).  Scenario thinking inflates analysts’ beliefs about the likelihood 

that the future performance improvements will occur, and unintentional forecast optimism results 

(Sedor 2002).  Structuring managers’ communications with analysts in contrived, non-scenario 

forms would limit the optimism induced by scenario thinking.  However, managers are unlikely 

to alter communication structures to reduce analysts’ unintentional optimism because managers 
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naturally use scenarios to communicate their plans (Tasker 1998) and have incentives to create 

favorable long-term outlooks for their firms (Kahn and Rudd 1999).   

Instead, we propose that increasing analysts’ awareness of the uncertainty inherent in the 

scenarios described by managers will increase the salience and perceived likelihood of 

alternative (less positive) outcomes, thus reducing unintentional forecast optimism.  One means 

of increasing the salience of alternative outcomes is to ask analysts to generate counter-

explanations:  to list reasons why managers’ plans could fail.  Generating counter-explanations 

will enhance the perceived availability and salience of information that does not support 

managers’ depicted outcome (Koonce 1992), weaken the causal links between managers’ plans 

and the depicted outcome (Lipe 1991; Kennedy 1995), and thus, reduce the perceived likelihood 

of that outcome (Einhorn and Hogarth 1986; Heiman 1990).   

Existing accounting research implies that the larger the number of counter-explanations 

considered by analysts, the greater the reduction in unintentional forecast optimism (Heiman 

1990).  However, asking analysts to generate a large number of counter-explanations is likely to 

increase task difficulty, and we expect that the ease or difficulty that analysts experience during a 

counter-explanation task will influence the effectiveness of this mechanism (Sanna et al. 2002).  

Specifically, we propose that counter-explanation will be effective at limiting unintentional 

forecast optimism when analysts generate counter-explanations with relative ease, but not when 

analysts generate counter-explanations with relative difficulty.     

In Experiment 1, we provide sell-side analysts with summarized financial information 

and a scenario describing managers’ plans to improve future earnings for a firm reporting prior 

losses.  We focus on a loss firm because many firms that have discontinued earnings guidance 

                                                                                                                                                                                                                 
1  For example, the NIRI (2003, Questions 2.12 and 3.1) survey suggests that managers may distinguish between 
“earnings guidance” and “other forms of guidance” that would provide relevant information for earnings estimates 
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reported recent losses (Graham, Harvey, and Rajgopal 2004), and because the influence of 

scenario thinking on analysts’ earnings forecasts is larger for firms reporting recent losses than 

for firms reporting recent profits (Sedor 2002).  We ask control cond ition participants to read 

information about the firm and to provide one- and two-year-ahead annual earnings forecasts.  In 

contrast, we ask participants in experimental conditions to generate counter-explanations (i.e., to 

list reasons why managers’ plans could fail) prior to providing their forecasts.  We manipulate 

the difficulty participants experience while generating counter-explanations by asking them to 

list either few (which is relatively easy) or many (which is relatively difficult) counter-

explanations.  Results suggest that counter-explanation reduces unintentional optimism in 

participants’ annual earnings forecasts when participants experience the task as relatively easy, 

but not when participants experience the task as relatively difficult. 

In Experiment 2, we replicate Experiment 1 results with MBA-student participants.  We 

also provide evidence that the experienced ease or difficulty of generating counter-explanations 

(i.e., their availability (Tversky and Kahneman (1973)) and not variations in counter-explanation 

strength, is driving results.  Specifically, we ask some participants to read the few and many 

counter-explanations generated by other participants (i.e., making all counter-explanations 

equally available) prior to providing annual earnings forecasts.  We find that all participants who 

read counter-explanations generated by others make relatively less optimistic forecasts than do 

control condition participants, although this effect is significant only for two-year-ahead 

forecasts.  If variations in counter-explanation strength were driving experimental results, only 

forecasts made by participants who read the few counter-explanations should have been less 

optimistic, mirroring the results for the generation task.  

                                                                                                                                                                                                                 
using qualitative (instead of quantitative) information.     
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This study is the first that we know of to provide evidence on a cognitive mechanism 

(i.e., counter-explanation) that limits the unintentional forecast optimism induced by scenario 

thinking.  We examine the use of a cognitive mechanism to constrain this optimism in order to 

match the debiasing mechanism to the source of the bias (Arkes 1991; Bonner et al. 1996; 

Kennedy 1993 and 1995).  Additionally, our evidence suggests that there are boundary 

conditions for the effectiveness of counter-explanation tasks in reducing the effect of cognitive 

biases.  Specifically, the debiasing influence of counter-explanation tasks may be limited when 

the counter-explanation task itself is experienced as difficult by the decision maker. 

We use experiments to investigate the effectiveness of counter-explanation on limiting 

analysts’ forecast optimism because archival data neither provide information regarding the 

forecasting processes used by financial analysts nor a control condition against which to compare 

the effects of requiring analysts to engage in counter-explanation tasks that vary in difficulty.  

Additionally, the experiments hold constant investment banking incentives, which enables us to 

examine how unintentional sources of forecast optimism are affected by counter-explanation.  A 

limitation of an experimental approach is that we cannot measure absolute levels of forecast 

optimism, and thus the evidence is limited to relative levels of optimism across experimental 

conditions. 

The remainder of this paper is organized as follows.  Section II analyzes relevant 

literature and develops the hypotheses.  Section III describes the design, method, and results for 

Experiment 1, and Section IV does the same for Experiment 2.  The final section summarizes 

and concludes. 
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II.  LITERATURE ANALYSIS AND HYPOTHESES 

Forecast Optimism, Scenario Thinking, and Firm Performance 

Optimism in annual earnings forecasts is statistically and economically significant (e.g., 

Richardson et al. 2002; Darrough and Russell 2002; Duru and Reeb 2002).  Forecast optimism 

also increases over the forecast horizon:  analysts’ two-year-ahead forecasts are relatively more 

optimistic than their one-year-ahead forecasts (DeBondt and Thaler 1990; Frankel and Lee 1998; 

Bradshaw et al. 2003), although optimism in quarterly earnings forecasts decreases as the 

earnings announcement date approaches (e.g., Brown 1997, 2001; Matsumoto 2002).  Despite 

the tendency of analysts to reduce forecast optimism as the earnings announcement date 

approaches, market participants use forecasts of annual earnings to make investment decisions 

and to estimate firm value.2  Thus, reducing optimism in analysts’ long-term forecasts is likely to 

improve the quality of investors’ decisions. 

Many explanations for optimism in analysts’ earnings forecasts have been offered.  

Analysts may issue intentionally optimistic forecasts because of incentives to maintain access to 

managers’ private information (Francis and Philbrick 1993; Krishnan and Sivaramakrishnan 

1998; Lim 2001), to motivate stock trades (Kim and Lustgarten 1998), to benefit stocks held by 

in-house mutual funds (Irvine et al. 1998), and to obtain or maintain investment banking business 

(Dugar and Nathan 1995; Hunton and McEwen 1997; Lin and McNichols 1998; Dechow et al. 

2000; Bradshaw et al. 2003).  Other exp lanations for optimistic forecasts include justifying 

favorable stock recommendations (Eames et al. 2002), failing to sufficiently adjust for earnings 

management (Abarbanell and Lehavy 2003), and choosing to report only on stocks that are 

                                                                 
2 Empirical applications of the residual income model often use analysts’ forecasts as proxies for the market’s 
expectations of future earnings (e.g., Dechow et al. 1999; Frankel and Lee 1998; Lee et al. 1999; Liu and Thomas 
2000; Sougiannis and Yaekura 2001; Ali et al. 2003).  Bradshaw (2004) suggests that analysts’ recommendations 
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viewed favorably (McNichols and O’Brien 1997).  Although the extent to which the forecast 

optimism observed in archival studies is intentional versus unintentional remains an empirical 

question, it is likely that at least some unintentional optimism occurs.  Market analysts (Darrough 

and Russell 2002), analysts employed by independent research firms (Jacob et al. 2003), and 

students (Affleck-Graves et al. 1990), all of whom presumably lack incentives for optimism, 

make biased earnings forecasts.  Additionally, recent research presents evidence consistent with 

the conclusion that analysts are unlikely to respond to trade-generating incentives by issuing 

upwardly-biased earnings forecasts (Irvine 2004) and moreover, that analysts are unlikely to 

issue intentionally optimistic forecasts (Eames and Glover 2003).    

Unintentional optimism in analysts’ annual earnings forecasts derives in part from 

analysts’ cognitive reactions to the detailed, causal narratives (i.e., scenarios) that managers 

commonly use to communicate their plans to improve future firm performance (via conference 

calls, press releases, and other communications) (Sedor 2002).3  When individuals contemplate 

information structured in scenarios, they use scenario thinking (Dawes 1988).  Using scenario 

thinking, analysts envision in concrete detail how managers will implement plans, and 

ultimately, how and why the managers expect those plans to improve future firm performance.  

Individuals use the ease of envisioning an outcome (Tversky and Kahneman 1973; Kahneman 

and Tversky 1982; Kahneman and Lovallo 1993) and the reasons why an outcome could occur 

(e.g., Hoch 1984; Levi and Pryor 1987) as cues when making probability assessments.  Thus, 

scenario thinking inflates analysts’ beliefs about the plausibility of managers’ plans and the 

                                                                                                                                                                                                                 
reflect a simple heuristic based on forecasts of annual earnings and long-term earnings growth.  Ohlson and Juettner-
Nauroth (2000) also model value as a function of earnings and earnings growth forecasts. 
3 Managers commonly use narratives to provide analysts with information about business strategies and their firms’ 
future prospects (Francis et al. 1997) as well as to provide information about managers’ plans (Tasker 1998) and the 
anticipated effects of those plans on future earnings (Previts et al. 1994).   
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likelihood that the specific, positive future outcomes described by managers (i.e., future 

performance improvements) will occur (Koehler 1991).  Unintentional forecast optimism results.  

The influence of scenario thinking on analysts’ earnings forecasts is larger for firms 

reporting recent losses than it is for those reporting recent profits (Sedor 2002).  This finding is 

consistent with the asymmetric pattern of optimism in analysts’ annual earnings forecasts 

observed in archival studies:  the most optimistic annual earnings forecasts are associated with 

firms that have weak prior earnings performance (Arbarbanell and Bernard 1992; Elgers and Lo 

1994) or that report losses in the prior year (Klein 1990; Ali et al. 1992; Dowen 1996). 

Counter-explanation and Forecast Optimism 

The influence of scenario thinking on analysts’ forecasts implies that unintentional 

optimism in annual earnings forecasts likely would be reduced as the difficulty of envisioning 

the causal chain of events in which managers’ plans lead to future performance improvements 

increases (e.g., by manipulating the structure of the information presented as in Sedor (2002)).  

However, such structural manipulations are unlikely in conference calls, press releases, or other 

managerial communications because managers naturally use scenarios to communicate their 

future plans (Tasker 1998) and have incentives to create favorable long-term outlooks for their 

firms (Kahn and Rudd 1999).   

An alternative strategy is to increase analysts’ awareness of the uncertainty inherent in 

the scenarios described by managers, thus increasing the salience and perceived likelihood of 

alternative (less positive) outcomes.  One means of increasing the salience of alternative causal 

chains of events and outcomes is to ask analysts to generate counter-explanations (i.e., to list 

reasons why managers’ plans could fail).  We expect that generating counter-explanations will 

enhance the availability and salience of information in memory that does not support the positive 
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outcome depicted by managers (Koonce 1992), thus reducing the perceived likelihood of that 

outcome (Einhorn and Hogarth 1986; Heiman 1990).  Additionally, we expect that generating 

counter-explanations will weaken the causal chains in the minds of ana lysts among current 

states, managers’ plans, and improved future firm performance (Lipe 1991; Kennedy 1995).   

In sum, we expect that counter-explanation will reduce the apparent inevitability of the 

specific, positive future outcome described by managers by requiring analysts to contemplate 

causal chains of events in which managers’ plans fail to improve future earnings.  However, we 

do not expect that analysts naturally generate sets of alternative causal chains of events with less 

positive outcomes when contemplating managers’ plans.  Prior research suggests that even 

professionals required by standards to be skeptical (i.e., auditors) do not appear to spontaneously 

generate counter-explanations (Heiman 1990; Koonce 1992).  Moreover, we expect that there are 

boundary conditions for the effectiveness of counter-explanation tasks in reducing analysts’ 

unintentional forecast optimism.  In particular, we expect the availability of counter-explanations 

in analysts’ memory to influence the extent to which a counter-explanation task affects their 

forecasts. 

Experienced ease or difficulty of generating counter-explanations 

There are two sources of information relevant to the use of items in memory, such as 

counter-explanations, for judgment tasks:  the information content and the experienced ease or 

difficulty with which the information is brought to mind (Schwarz 1998).  Individuals rely on the 

ease or difficulty of bringing information to mind as a valid cue (in addition to information 

content) when they consider themselves to be sufficiently knowledgeable in a domain (Schwarz 

1998).  Use of this information is consistent with the availability heuristic:  individuals form 
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judgments of likelihood based upon the ease with which exemplars can be brought to mind 

(Tversky and Kahneman 1973).   

Consistent with availability, we expect the ease with which counter-explanations are 

generated to influence their effectiveness in limiting the optimism induced by scenario thinking.  

In particular, we expect that analysts will infer the likelihood that the positive outcome described 

by managers (i.e., improved future firm performance) will occur from the extent of difficulty 

they experience while generating counter-explanations.  If analysts generate counter-

explanations with ease, they will infer from this experienced ease that the likelihood of 

alternative (less positive) outcomes is high.  Consequently, analysts will infer that the likelihood 

of future performance improvements must be low, and unintentional forecast optimism will be 

reduced.  On the other hand, if analysts generate counter-explanations with difficulty, they will 

infer from this experienced difficulty that there are not many feasible alternatives to the positive 

outcome described by managers.  In this case, generating counter-explanations will be less 

effective in reducing unintentional forecast optimism, and may even increase it.   

Consistent with this reasoning, in the context of de-biasing hindsight effects (i.e., 

exaggerated assessments of the inevitability of past events), Sanna et al. (2002) found that asking 

participants to generate a small number (2) of thoughts about how alternative outcomes could 

have occurred (which participants found easy to do) attenuated hindsight.  However, asking 

participants to generate a large number (10) of thoughts (which participants found difficult to do) 

exacerbated hindsight effects, despite the fact that the latter group identified significantly more 

thoughts about how alternative outcomes could have occurred than did the former group.   

Nevertheless, it is unclear whether the effects of counter-explanation observed by Sanna 

et al. (2002) in the context of debiasing hindsight will be observed in the context of debiasing 
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scenario thinking.  Hindsight effects occur when individua ls learn about a known outcome, 

update their mental models for the outcome, and elaborate causes that might have led up to it 

(Hawkins and Hastie 1990).  Thus, hindsight effects appear to be induced by a process similar to 

diagnostic learning, which involves retrospectively revising an already-formed causal model in 

light of new outcome information (Waldmann 2000).  In contrast, scenario thinking requires 

individuals to elaborate how planned actions might cause future outcomes—a process similar to 

predictive learning.  In predictive learning, a mental model is successively updated in a way that 

parallels the unfolding of events over time (Waldmann 2000).  Psychology research has 

demonstrated clear differences between predictive and diagnostic learning with identical learning 

trials (Waldmann 2001).  Thus, we test the following predictions: 

H1:   Analysts who are asked to generate few counter-explanations of managers’ 
plans to improve future earnings will make less optimistic earnings 
forecasts than will analysts who are not asked to generate counter-
explanations. 

 
H2:   Analysts who are asked to generate many counter-explanations of 

managers’ plans to improve future earnings will not make less optimistic 
earnings forecasts than will analysts who are not asked to generate 
counter-explanations. 

 
III.  EXPERIMENT 1 

In Experiment 1, we examine whether unintentional optimism in analysts’ earnings 

forecasts can be limited by generating counter-explanations and whether the ease with which 

counter-explanations are generated influences the effectiveness of this mechanism.  We use a 1 x 

3 between-subjects design with the number of counter-explanations participants are asked to 

generate (none, few, many) as independent variables.  The primary dependent variable is 

participants’ forecast increases in annual earnings.   
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Design and Method 

Participants 

Participants are 59 financial analysts that we recruited from the 2003 Nelson’s Directory 

of Investment Research.4  The participants have a mean (median) of 11 (8) years of experience;  

93 percent are sell-side analysts, 36 percent are certified financial analysts (CFAs), and 37 

percent have been named as All-Star Analysts.  Participants reported a mean (median) of 1.4 

(1.0) industry specializations, with the most common being entertainment (19%), 

telecommunications (19%), health (10%), and transportation (10%).5  We used a predetermined 

randomization plan to assign participants to experimental conditions as they were recruited.  We 

provided each participant with an electronic link to the experimental materials for his or her 

assigned condition, and participants completed the study on- line. 

Case Materials and Procedures 

We adapted our materials from Sedor (2002).6  We focus on Sedor’s loss scenario 

condition because that is the cond ition in which limiting unintentional optimism in analysts’ 

annual earnings forecasts likely is most useful.   

Participants were instructed to imagine they were initiating coverage of a fictional 

company (Villa Fiore Winery) that did not have, and did not contemplate having, an investment 

                                                                 
4 Participants were recruited via telephone by the researchers.  As a token of our appreciation for their participation, 
analysts could opt into a drawing for shipment of fine wines (where allowed by law) or the equivalent cash value of 
$500. 
5  Including the researcher who recruited the analyst, years of experience, CFA designation, or All-Star Analyst 
rating, as an additional covariate when testing our hypotheses does not change reported inferences.  Additionally, 
inferences remain unchanged if data from buy-side analysts or the analyst who indicated a beverage specialization 
are excluded. 
6 Advantages of these materials include (1) at (and before) the time the experiment was conducted, the press had not 
reported any noteworthy news events for the wine industry (e.g., excessive supplies, recalls), (2) the wine industry is 
not followed by a large number of analysts (minimizing any potential advantage of industry-specific expertise), and 
(3) these materials reliably induced participants to engage in scenario thinking in Sedor (2002). 
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banking relationship with the participant’s brokerage firm.7  Participants read three years of 

summarized financial information (including net losses and negative earnings per share (EPS) for 

the current and prior two years), a brief description of the company, and product information 

before making preliminary forecasts of annual EPS for one and two years ahead.8  Participants’ 

forecasts were elicited on a separate screen following the presentation of the company’s financia l 

information.  In general, participants were unable to move backwards as they progressed through 

the experimental materials.  However, participants were able to review (via an electronic link) 

the company’s financial information when making their preliminary forecasts.   

Next, participants read excerpts from a conference call held after the company’s annual 

earnings announcement, generated counter-explanations (if applicable), and then revised their 

preliminary forecasts.  The conference call excerpts included the CEO’s discussion of the 

industry, the company, and a description of managers’ plans to improve future earnings in 

scenario structure (see Appendix).  Participants were able to review (via an electronic link) the 

company’s financial information and/or the conference call excerpts (but not their counter-

explanations, if applicable) when making their revised forecasts.  Finally, participants completed 

a post-experimental questionnaire. 

Independent Variables 

We asked participants in experimental conditions to generate counter-explanations after 

they read the conference call excerpt, but before they made their revised forecasts.  Specifically, 

                                                                 
7  No prior or contemplated investment banking relationship ensures that investment banking incentives do not 
influence participants’ forecasts and equalizes participants’ assumptions about these incentives across experimental 
conditions.  A post-experimental question confirms that all (100%) of the participants correctly assumed that their 
firm did not have, and did not contemplate having, an investment banking relationship with the company being 
analyzed. 

8 Participants also forecasted long-term growth (LTG) for the three years after the two-year-ahead forecast.  
Although the pattern of LTG forecasts matches that of EPS forecasts, our manipulations do not explain significant 
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participants in the generate few (generate many) conditions received the following additional 

instruction: 

Imagine that firm policy requires you to document (as part of your analysis) 
reasons why managers' plans COULD FAIL. Below, please provide TWO 
(TWELVE) reasons why the plans presented by Villa Fiore's managers during the 
conference call COULD FAIL to increase sales and profitability as expected. 

The on- line materials included either two or twelve blank lines for participants’ counter-

explanations, depending on experimental condition.  The instrument was programmed such that 

participants were required to input the requested number of counter-explanations before 

proceeding to the next screen.  Control condition participants were not asked to generate counter-

explanations and revised their forecasts immediately after reading the conference call excerpts.   

Dependent Measures 

Participants provided preliminary and revised forecasts of annual EPS for one and two 

years ahead of current (year 0) EPS of -$0.64.  We calculate the primary dependent measures 

(forecast increases in EPS) by subtracting the current EPS from participants’ revised EPS 

forecasts for both one (year 1) and two years ahead (year 2).  We use participants’ preliminary 

forecast increases as covariates in our analyses. 

We use participants’ responses to relevant post-experimental questions as manipulation 

checks.  Several participants failed to respond to one or more questions.  We base each analysis 

on the maximum number of useable responses.         

Results 

Preliminary Analyses 

We exclude three participants’ forecast increases in EPS from the data analyses because they 

differed from sample means by more than four standard deviations, and DFFITS and DFBETA 

                                                                                                                                                                                                                 
variation in the LTG forecasts (smallest p=0.080).  We believe this occurs because of the inherent difficulty in 
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procedures identify them as influential outliers.   Thus, reported analyses use the remaining 56 

observations.9  

We expected reading the conference call excerpts in scenario structure to facilitate 

participants’ ability to engage in scenario thinking, to inflate participants’ beliefs about the 

likelihood that managers’ plans would improve future earnings, and consequently to drive 

upward revisions in participants’ preliminary forecasts, on average.  Consistent with this, control 

condition participants made revised forecasts that exceeded their preliminary forecasts by $0.07 

for year 1 (t16 = 1.39, p = 0.09) and by $0.10 (t16 = 2.01, p = 0.03) for year 2. 

Manipulation Check 

In a post-experimental question, we asked participants who generated counter-

explanations to rate how difficult it was for them to do so using a scale ranging from 1 (Not at all 

difficult) to 9 (Extremely difficult).  Consistent with a successful manipulation, participants 

asked to generate twelve counter-explanations found the task more difficult than did participants 

asked to generate two counter-explanations (means [standard deviations] are 3.67 [2.16] and 1.88 

[1.30] for the generate many and generate few conditions, respectively; t37 = 3.25, p < 0.01). 

Tests of Hypotheses  

Table 1, Panel A reports adjusted means, standard deviations, and cell sizes for forecast 

increases in EPS for years 1 and 2.  We compare the forecasts of experimental participants to 

those of participants not asked to generate counter-explanations (i.e., control condition 

                                                                                                                                                                                                                 
forecasting a long-term growth rate for a firm with negative earnings. 
9 Although approximately equal numbers of participants were assigned to each condition, and approximately equal 
numbers of participants in each condition accessed the study, participants in the generate many condition were 
marginally less likely to complete both sets of forecasts than participants in the other two conditions (χ2 = 5.12, p = 
0.08), and thus the cell size for the generate many condition is the smallest.  However, of the 16 participants who 
dropped out before completing the study, 12 did so before making preliminary forecasts.  These participants could 
not have seen the counter-explanation manipulation that took place after preliminary forecasts were elicited.  
Fisher’s Exact Test reveals that the timing of dropouts does not differ by experimental condition (p = 0.73) and thus, 
it is unlikely that manipulation differences caused differences in drop outs across experimental conditions.     
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participants) to determine whether the effectiveness of counter-explanation at limiting 

unintentional optimism is moderated by the ease or difficulty experienced during the counter-

explanation task.  Table 1, Panel B reports results of the planned contrasts used to test our 

hypotheses.  Participants asked to generate few counter-explanations made less optimistic EPS 

forecasts than did control condition participants (t55 = 2.09, p = 0.02 and t55 = 1.92, p = 0.03 for 

year 1 and year 2, respectively), supporting Hypothesis 1.  Participants asked to generate many 

counter-explanations did not make less optimistic EPS forecasts than did control condition 

participants (t55 = 0.68, p = 0.51 for year 1 and t55 = 0.95, p = 0.35 for year 2), and Hypothesis 2 

is supported.   

Tests of Alternative Explanations 

We offer tests to rule out potential alternative explanations for the results.  First, analysis 

of variance models reveal no significant relationship between experimental condition and 

perceptions about task realism, perceptions about the extent to which generating reasons why 

managers’ plans could fail is a routine part of the forecasting process, beliefs about managerial 

competence, or beliefs about managerial honesty (p-values > 0.59 for all omnibus F-tests). 

Second, differences in effort across conditions are unlikely to be driving results.  In post-

experimental questions, participants reported (a) the numbers of different ways that managers’ 

plans could fail that they considered (mean [median] of 4.6 [4.0] on a scale ranging from 1 [Not 

very many] to 9 [Very many]); (b) the amount of attention they gave to each of the ways that 

managers’ plans could fail (mean [median] of 5.1 [5.0] on a scale ranging from 1 [No attention] 

to 9 [A great deal of attention]); and (c) the importance of providing both favorable and accurate 

forecasts (mean [median] of 2.4 [1.5] and 5.8 [7.0] for favorability and accuracy, respectively, on 
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scales ranging from 1 [Not at all important] to 9 [Extremely important]).  These ratings do not 

vary by experimental condition (p-values > 0.27 for all omnibus F-tests).   

IV.  EXPERIMENT 2 

In Experiment 1, we found that generating few counter-explanations was effective in 

limiting unintentional optimism, although generating many counter-explanations was not.  We 

attributed this difference in the ability of a counter-explanation task to limit analysts’ 

unintentional optimism to differences in the ava ilability of the counter-explanations in analysts’ 

memory.  However, we cannot rule out the possibility that Experiment 1 results are driven by 

recency or dilution effects (Wanke et al. 1996).  If participants found the task to be difficult, 

counter-explanations could have become less convincing as the number of explanations 

generated increased; thus, it is possible that less-convincing counter-explanations were more 

accessible to participants in the generate many condition, diluting the debiasing effect of the 

more convincing counter-explanations that they generated earlier in the sequence. We perform 

Experiment 2 to replicate Experiment 1 results and to rule out this alternative explanation.  

If all counter-explanations were equally available in analysts’ memory (i.e., if only the 

content of the counter-explanations generated was considered as a valid cue, and not the 

difficulty experienced while generating counter-explanations), then we would expect that 

generating many counter-explanations would be at least as effective in limiting unintentional 

optimism as would be generating few counter-explanations.  One way to ensure that counter-

explanations are equally available in memory is to ask analysts to read counter-explanations 

instead of generating them.  Further, if analysts read the counter-explanations generated by other 

analysts (in the same order), and results show that both reading few and reading many counter-

explanations reduce unintentional optimism, these results would also suggest that Experiment 1 
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results were unlikely to have been driven by recency or dilution effects.  We make the following 

unique predictions for Experiment 2: 

H3:   Analysts who are asked to read few counter-explanations of managers’ 
plans to improve future earnings will make less optimistic earnings 
forecasts than will analysts who are not asked to generate or read counter-
explanations. 

 
H4:   Analysts who are asked to read many counter-explanations of managers’ 

plans to improve future earnings will make less optimistic earnings 
forecasts than will analysts who are not asked to generate or read counter-
explanations. 

 
Thus, in Experiment 2, we further explore whether the availability of counter-

explanations influences the effectiveness of a counter-explanation task at limiting unintentional 

forecast optimism (i.e., replicate Experiment 1, Hypotheses 1 and 2), and examine the 

effectiveness of reading another participant’s counter-explanations in reducing optimism (i.e., 

test Hypotheses 3 and 4).  We manipulate the independent variables in a (2 x 2) + 1 (control) 

between-subjects experiment with the task (generate or read counter-explanations) and the 

number of counter-explanations (few or many) as independent variables.  Control condition 

participants neither generate nor read counter-explanations. 

Design and Method 

Participants 

Participants are 131 second-year students enrolled in a managerial accounting class in a 

Business Week Top 25 MBA program. 10  Participants were recruited via in-class announcements 

and a $1,000 contribution was made to the MBA class gift as a token of our appreciation.  

Approximately 89 percent of participants report having previous personal investment experience.  

                                                                 
10 One of these participants provided inappropriate responses to the forecast question (providing percentages instead 
of dollar amounts), and so we eliminated that observation.  Near the end of the participation period, eight MBA 
students who were not enrolled in the managerial accounting class (because they had previous coursework and were 
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Participants report having taken an average of four university- level accounting classes and three 

university- level finance classes.11 

Case Materials and Procedures 

Our case materials are similar to those used in Experiment 1.  One exception is that the 

net losses and EPS for the current and prior two years are less negative:  materials for 

Experiment 2 report current (year 0) EPS of −$0.08, instead of the−$0.64 reported in Experiment 

1.  The procedures are identical to those used in Experiment 1, with the exception of the 

independent variable manipulations discussed below. 12 

Independent Variables 

We asked participants to generate counter-explanations or to read the counter-

explanations generated by other participants after they read the conference call excerpt, but 

before they made their revised forecasts.  Specifically, participants in the generate few (generate 

many) conditions received the following additional instruction:  

Before moving on to the next section, please list TWO (TEN) thoughts about how 
future financial performance might not be as positive as Villa Fiore expects.  In 
other words, how might Villa Fiore’s plans to increase sales and profitability fail? 

The on- line materials included either two or ten blank lines for participants’ counter-

explanations, depending on experimental condition.  To ensure that participants in the generate 

many condition did not have to struggle at length to generate the full set of ten counter-

explanations, the instrument was programmed such that participants were required to input a 

                                                                                                                                                                                                                 
taking a shortened program) but were in the same MBA class asked to participate.  They are included in the total of 
131.  All reported inferences are identical if data from these eight participants are omitted. 
11 Inferences are unchanged if data from participants with no prior investment experience are eliminated.  Including 
total number of accounting classes, total number of finance classes, track within the MBA program, investment 
experience, or gender as an additional covariate in the analyses also does not change the reported inferences. 
12  MBA participants were also asked whether they had assumed that their firm had an investment banking 
relationship with Villa Fiore in a post-task question.  Although participants were told in the materials that there was 
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minimum of two counter-explanations before proceeding.  Control condition participants were 

not asked to generate any counter-explanations and revised their forecasts immediately after 

reading the conference call excerpts.   

Participants in the read few (read many) conditions received the following additional instruction: 

Before moving on to the next section, please review the thoughts listed by another 
analyst about how future financial performance might not be as positive as Villa 
Fiore expects.  In other words, this analyst considered how Villa Fiore’s plans to 
increase sales and profitability might fail. 

Each read condition participant was matched with at most one generate condition participant and 

was provided with the counter-explanations generated by their matched participant.  Except for 

corrected typographical errors, the counter-explanations provided to read condition participants 

were identical to those typed by the participants who generated them. 13   

Dependent Measures 

Consistent with Experiment 1, we calculate the primary dependent measures (forecast 

increases in EPS) by subtracting the current EPS (-$0.08) from participants’ revised EPS 

forecasts for both one (year 1) and two years ahead (year 2).  We use participants’ preliminary 

forecast increases as covariates in our analyses.   

We use participants’ responses to relevant post-experimental questions as manipulation 

checks.  Several participants failed to respond to one or more questions.  We base each analysis 

on the maximum number of useable responses. 

                                                                                                                                                                                                                 
no such relationship, five participants answered “yes” to this question.  We retain these observations in the reported 
analyses, but all inferences are identical if data from these participants are excluded.   
13 This matching procedure necessitated collecting data in stages. Our initial invitations to participate were 
distributed to a portion of the participants pre-assigned to the control and generate conditions, only.  Subsequent 
invitations included all conditions.    
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Results 

Preliminary Analyses 

We exclude two participants’ forecast increases in EPS from the data analyses because 

they differed from sample means by more than four standard deviations, and DFFITS and 

DFBETA procedures identify them as influential outliers.  Reported analyses use the remaining 

129 observations. 

Manipulation Checks 

Participants in the generate many condition were asked to list ten reasons why managers’ 

plans might fail.  Consistent with participants from the analogous condition in the Sanna et al. 

(2002) hindsight study, our participants listed between two and ten reasons, with a mean of 6.67 

reasons.  Although 19 of the 30 participants in the generate many condition did not list a full set 

of ten reasons, participants in this condition still listed significantly more counter-explanations 

that did participants in the generate few condition (means = 6.67 and 2.00 for the generate many 

and few conditions, respectively, t29 = 8.59, p < 0.01).  Participants asked to generate ten 

counter-explanations also found the task more difficult than did those participants asked to 

generate two counter-explanations (means [standard deviations] are 4.70 [1.95] and 3.59 [1.87] 

for the generate many and generate few conditions, respectively; t55 = 2.18, p = 0.02). 

Tests of Hypotheses  

Table 2, Panel A reports adjusted means, standard deviations, and cell sizes for forecast 

increases in EPS for years 1 and 2 for Experiment 2.  Table 2, Panel B reports results of the 

planned contrasts used to test our hypotheses.  Our first two hypotheses replicate Experiment 1 

results.  Consistent with Hypothesis 1, participants asked to generate few counter-explanations 

made less optimistic EPS forecasts than did control condition participants (t123 = 1.77, p = 0.04, 



 

 

21 
 
 
 
 

and t123 = 1.93, p = 0.03 for year 1 and year 2, respectively).  Consistent with Hypothesis 2, 

participants asked to generate many counter-explanations did not make less optimistic EPS 

forecasts than did control condition participants (t123 = 1.22, p = 0.23, two-tailed and t123 = 1.33, 

p = 0.19 for year 1 and year 2, respectively).14 

Our second set of hypotheses predict that participants who read both few (Hypothesis 3) 

and many (Hypothesis 4) counter-explanations will make less optimistic earnings forecasts than 

will control condition participants.  Both hypotheses are partially supported.  Forecast increases 

in EPS for year 2 are less optimistic in both the read few (t123 = 1.66, p = 0.05) and read many 

(t123 = 2.41, p = 0.01) conditions than in the control condition.  However, forecast increase in 

EPS for year 1 are not significantly less optimistic in the read few condition (t123 = 1.21, p = 

0.12) and are only marginally less optimistic in the read many condition (t123 = 1.50, p = 0.07) 

than in the control condition. 

Tests of Alternative Explanations 

Consistent with Experiment 1 analyses, we perform tests to rule out potential alternative 

explanations for the results in Experiment 2.15  To ensure that the observed influence of our 

manipulations on forecast increases in EPS was not driven by differences in perceived 

accountability to either management or users of analysts’ work across experimental conditions, 

we examine participants’ ratings of the importance of providing favorable forecasts and the 

                                                                 
14 We note that for year 2, the effect of generating many counter-explanations would be marginally significant were 
a one-tailed test employed. 
15 Unlike the responses of Experiment 1 participants to the post-experimental questions asking participants to (1) 
identify the number of different ways that managers’ plans might fail that they considered and (2) rate the amount of 
attention that they gave to each of the ways that managers’ plans might fail, Experiment 2 participants’ ratings vary 
with experimental condition.  However, these ratings are unlikely to affect our hypothesis tests because the pattern 
of simple effects is inconsis tent with our hypotheses.  In both cases, when analyzed separately, the ratings of 
participants in the generate few and generate many conditions were marginally or significantly higher than those in 
the control condition, while the ratings of participants in the read conditions were not significantly different.  
Further, adding either rating as a covariate in our analyses does not change reported inferences. 
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importance of providing accurate forecasts (both measures elicited using 9-point scales).  The 

importance of providing favorable forecasts does not vary with experimental condition (F4,123 = 

0.26, p = 0.91).  Although participants’ ratings of the importance of providing favorable forecasts 

are positively associated with year 1 and year 2 forecast increases in EPS (r = 0.20, p = 0.02 for 

year 1 and r = 0.18, p = 0.04 for year 2), including the importance of providing favorable 

forecasts in the model as a covariate does not change reported inferences.  Therefore, the 

importance of providing favorable forecasts is not driving reported results.  Participants’ ratings 

of the importance of giving accurate forecasts are not associated with either year 1 or year 2 

forecast increases in EPS (r = 0.01, p = 0.89 and r = -0.03, p = 0.73, respectively).   

We also examine whether characteristics of the participants could be causing observed 

differences across experimental conditions.  We find that track within the MBA program (i.e., 

consulting, finance, marketing, strategy, other), total number of accounting classes, total number 

of finance classes, investment experience, and gender are all unrelated to the dependent measures 

(smallest p = 0.197).  

 Finally, results are likely not due to differences in the quality of counter-explanations 

generated between conditions.  Participants in the read conditions are provided with counter-

explanations identical to and in the same order as the counter-explanations listed by participants 

in the generate conditions.  Thus, if the ineffectiveness of generating many counter-explanations 

(Hypothesis 2) is driven by recency or dilution effects, we should observe the same 

ineffectiveness when other participants read those many counter-explanations (Hypothesis 4).  

Instead, results show that reading many counter-explanations is effective in reducing 

unintentional optimism.  Therefore, we do not believe that recency or dilution effects are driving 

our results.   
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V.  CONCLUSION 

This study investigates whether and how counter-explanation can be used to limit the 

unintentional forecast optimism induced by scenario thinking.  We demonstrate that the 

debiasing influence of a counter-explanation task may be limited when the counter-explanation 

task itself is experienced as difficult by the decision maker.  In our experiments, analysts and 

MBA students appear to use the ease or difficulty of generating counter-explanations (i.e., their 

availability) as a cue when making EPS forecasts for a firm reporting prior losses.  Consistent 

with availability, participants who experience ease while generating few counter-explanations 

make annual EPS forecasts that are relatively less optimistic than the forecasts made by control 

condition participants.  Participants who experience difficulty while generating many counter-

explanations do not make relatively less optimistic annual EPS forecasts than do control 

condition participants even though experimental participants generate a large number of counter-

explanations.  In both experiments, we perform tests to rule out alternative explanations and thus, 

provide evidence that observed differences in the effectiveness of counter-explanation tasks for 

limiting the optimism induced by scenario thinking is driven by differences in availability.  In 

Experiment 2, we provide additional evidence that results are not driven by variations in counter-

explanation strength between experimental conditions because reading either few or many 

(equally available) counter-explanations reduces relative optimism, but only in two-year-ahead 

forecasts. 

This study is the first that we know of to investigate whether and how counter-

explanations reduce the unintentional optimism attributable to scenario thinking.  We contribute 

to the literature in two ways.  We extend Heiman (1990) by demonstrating that there are 

boundary conditions for the effectiveness of counter-explanation tasks in reducing cognitive 



 

 

24 
 
 
 
 

biases: the debiasing influence of counter-explanation tasks may be limited when the counter-

explanation task itself is experienced as difficult by the decision maker.  Additionally, we 

demonstrate that individuals use the experienced ease or difficulty of a counter-explanation task 

as a valid cue when completing a prediction task.  Prior literature demonstrates the influence of 

such subjective accessibility experiences in traditional recall tasks in the context of thinking 

about known, mundane outcomes (e.g., the outcome of a football game).  We show that 

subjective accessibility experiences also influence prediction tasks that require professional 

decision makers to assess the likelihood of future outcomes.     

We conduct our study in a context in which unintentional optimism likely has 

implications for asset pricing: loss firms.  Prior archival research shows that the incidence of 

firms reporting losses is high.  For example, Hwang et al. (1996) report that approximately one-

fourth of all companies reported losses (negative earnings) in at least one year over the prior two 

decades, and Butler and Saraoglu (1999) report that analysts overestimate actual earnings for loss 

firms approximately 72 percent of the time.  In short, there is room for significant improvement 

in analysts’ forecasts for firms reporting losses, and this study identifies a potential control 

procedure that can reduce decision error.   

Our use of a hypothetical firm provides necessary control over the financial and 

background information provided to participants, but the absence of an earnings realization 

precludes us from calculating an absolute measure of forecast optimism.  Still, because our study 

focuses on the incremental effect of using counter-explanation to reduce unintentional optimism 

in analysts’ forecasts, we do not believe that our inferences are constrained by the use of a 

relative measure.  
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Optimism in analysts’ long-term forecasts can be costly to both investors and to securities 

firms.  Prior empirical research suggests that correcting for analysts’ optimistic forecast errors 

can improve value estimates (Frankel and Lee 1998).  Recently, a number of Wall Street firms 

agreed to a $1.4 billion settlement for charges by the SEC, NASD, and NYSE, among others, 

that their analysts routinely issued overly optimistic stock research to investors in order to curry 

favor with corporate clients and to win investment banking business (Smith et al. 2003).  

Although these charges presumably relate to intentional analyst forecast optimism, addressing 

the more subtle sources of unintentional forecast optimism is likely to become of increasing 

concern to regulators, investors, and Wall Street analysts.  Our study introduces theory-based, 

yet practical and cost-effective ways of reducing unintentional optimism in analysts’ annual 

earnings forecasts:  the generation of a small number of counter-explanations and the review of 

another analyst’s counter-explanations. 
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TABLE 1 
Experiment 1:  Descriptive Statistics and Planned Contrasts Used to Test Hypotheses 

 
Panel A. Descriptive Statistics 
              Adjusted mean (standard deviation) 
Condition Year 1 Year 2 
Control 
(n = 17) 

0.29 
(0.19) 

0.62  
(0.26) 

   
Generate Few 
(n = 24) 

0.17  
(0.19) 

0.46  
(0.26) 

 
Generate Many 
(n = 15) 

 
0.25 

(0.19) 

 
0.54  

(0.26) 

 
Panel B. Planned Contrast Tests of Hypotheses 
 
Hypothesis Contrast 

p-value,  
Year 1 

p-value,  
Year 2 

H1:  Lower relative optimism for generate few versus control 0.02  0.03  
H2:  No difference in relative optimism for generate many 
        versus control 

 
0.50  

 
0.35  

 
Notes: 
 
Panel A provides descriptive statistics by experimental condition.  The dependent variable, forecast increase in EPS 
for year t, is defined as the revised forecast for year t – the most recent EPS value provided to participants (-$0.64) 
with t = 1 or 2, adjusted for the influence of the preliminary (pre -manipulation) forecast using analysis of covariance 
(ANCOVA).  Participants made preliminary EPS forecasts after reading summarized financial information and  
revised EPS forecasts after reading conference call excerpts (which present information about managers’ plans to 
improve future earnings in scenario structure) and after generating counter-explanations (if applicable).  Participants 
in the generate few (many) condition were asked to list two (twelve) reasons why managers’ plans could fail before 
making revised forecasts.  Participants in the control condition were not asked to generate counter-explanations 
before making revised forecasts. 
 
Panel B provides tests of hypotheses comparing the forecasts of experimental participants to those of participants 
not asked to generate counter-explanations (i.e., control condition participants) to determine whether the 
effectiveness of counter-explanation at limiting unintentional optimism is moderated by the ease or difficulty 
experienced during the counter-explanation task.  Forecast optimism is calculated by comparing forecast increases in 
EPS of experimental condition participants to forecast increases in EPS of control condition participants.  If the 
forecast increases in EPS in experimental conditions are less than the forecast increases in EPS in the control 
condition, then experimental condition participants are relatively less optimistic. 
 
P-values are one-tailed for the directional prediction in Hypothesis 1 and two-tailed for Hypothesis 2. 
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TABLE 2 
Experiment 2:  Descriptive Statistics and Planned Contrasts Used to Test Hypotheses 

 
Panel A. Descriptive Statistics 
              Adjusted mean (standard deviation) 
Condition Year 1 Year 2 
Control 
(n = 27) 

0.16  
(0.12) 

0.27  
(0.16)  

   
Generate Few 
(n = 27) 

0.11  
(0.12) 

0.18  
(0.16) 

 
Generate Many 
(n = 30) 

 
0.13 

(0.12) 

 
0.21  

(0.16) 
 
Read Few 
(n = 23) 

 
0.12  

(0.12) 

 
0.19  

(0.16) 
 
Read Many 
(n = 22) 

 
0.11  

(0.12) 

 
0.16  

(0.16) 
 
Panel B. Planned Contrast Tests of Hypotheses 
 
Hypothesis Contrast 

p-value,  
Year 1 

p-value,  
Year 2 

H1:  Lower relative optimism for generate few versus control 0.04  0.03  
H2:  No difference in relative optimism for generate many 
        Versus control 

 
0.23  

 
0.19  

H3:  Lower relative optimism for read few versus control 0.11  0.05  
H4:  Lower relative optimism for read many versus control 0.07  0.01  

Notes: 
Panel A provides descriptive statistics by experimental condition.  The dependent variable, forecast increase in EPS 
for year t, is defined as the revised forecast for year t – the most recent EPS value provided to participants (-$0.08) 
with t = 1 or 2, adjusted for the influence of the preliminary (pre -manipulation) forecast using analysis of covariance 
(ANCOVA).  Participants made preliminary EPS forecasts after reading summarized financial information and 
revised EPS forecasts after reading conference call excerpts (which present information about managers’ plans to 
improve future earnings in scenario structure) and after generating or reading counter-explanations (if applicable).  
Participants in the generate few (generate many) condition were asked to list two (ten) reasons why managers’ plans 
might fail before making revised forecasts.  Participants in the read few (read many) condition were asked to read 
the reasons why managers’ plans might fail that were generated by a participant in the generate few (generate many) 
condition.  Participants in the control condition were not asked to generate or read counter-explanations before 
making revised forecasts. 
 
Panel B provides tests of hypotheses comparing the forecasts of experimental participants to those of participants 
not asked to generate or read counter-explanations (i.e., control condition participants) to determine (a) whether the 
effectiveness of counter-explanation at limiting unintentional optimism is moderated by the ease or difficulty 
experienced during the counter-explanation task (H1 and H2) and (b) whether the observed effect driven by 
variations in  counter-explanation strength between experimental conditions (H3 and H4).  Forecast optimism is 
calculated by comparing forecast increases in EPS of experimental condition participants to forecast increases in 
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EPS of control condition participants.  If the forecast increases in EPS in experimental conditions are less than the 
forecast increases in EPS in the control condition, then experimental condition participants are relatively less 
optimistic. 
 
P-values are one-tailed for directional predictions (Hypotheses 1, 3, and 4) and two-tailed for Hypothesis 2. 
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APPENDIX 
Conference Call Excerpt - Experiment 1:   

Managers’ Plans to Improve Future Earnings 
 

Villa Fiore hosted a conference call on July 19, 2003 following its earnings announcement for 
the fiscal year ended June 30, 2003. 
 
The following is an excerpt from the remarks made by the Chief Executive Officer about Villa 
Fiore’s plans and expectations for the upcoming fiscal year (year ending June 30, 2004) and 
beyond. 
 
“Although we are pleased that our 2003 results represent increases over both 2001 and 2002, we 
are disappointed that we were unable to achieve profitability. However, we have aggressive 
plans to improve future financial performance, and I will share those plans with you during this 
portion of today’s conference call.  
 
As you may know, industry-wide premium wine sales have increased over the past few years and 
account for more than 60% of California’s winery revenues. To improve our position in this 
intensely competitive market, we plan to increase the visibility and exposure of our wines. This 
upcoming year, for the first time, you will see our high-end premium wines featured in elaborate, 
full-page advertisements in important industry publications like Wine Spectator. Additionally, 
we will continue to expand our distribution channels to increase our wine’s presence in 
restaurants and retail outlets nationally. This fall, our high-end premium wines will debut in 
several gourmet restaurants including Napa Valley’s French Laundry, San Francisco’s Rubicon, 
and New York’s Aquavit.  
 
In addition to enhancing the visibility of our high-end premium wines, we plan to broaden our 
market appeal by releasing a new product in fiscal year 2004…our Villa Fiore Red Table Wine. 
Recent data from supermarkets and other large-volume outlets indicates that U.S. produced table 
wine now represents more than 80% of the wine volume in those stores. With a suggested retail 
price of $10 per bottle, releasing a table wine will allow us to increase sales dramatically by 
attracting new consumers with preferences for high-quality, value-priced red wines. 
Additionally, the vineyards we have scheduled to come into production in 2005 through 2008 
will ensure that we can continue to improve over typical value-priced wines and to deliver 
excellent values to cost-conscious consumers in the future. To further ensure the success of our 
new product, we are negotiating with several potential strategic partners that specialize in the 
national marketing of value-priced premium wines.  
 
In summary, we expect that the targeted marketing of our existing high-end premium wines, 
complemented by the introduction of our va lue-priced premium table wine, will allow us to 
capture a wider range of the growing consumer wine market and to increase our sales 
substantially. As a result, we plan to achieve profitability in the near term and to generate 
substantial profits in the long run…” 
 


