
 

 

 

ANALYSTS’ SELECTIVE PROVISIONS OF CASH FLOW 

FORECASTS BETWEEN GOOD AND BAD NEWS EARNINGS 

FORECASTS 

 

 

 

by 

 

Choong-Yuel Yoo 

 

 

 

 

 

A thesis submitted to School of Business 

In conformity with the requirements for 

the degree of Doctor of Philosophy 

 

 

 

 

 

Queen‘s University 

Kingston, Ontario, Canada 

(May, 2009) 

 

Copyright ©  Choong-Yuel Yoo, 2009 



ii 

 

Abstract 

In this thesis, I examine the factors associated with analysts‘ voluntary practice of 

issuing cash flow forecasts and earnings forecasts on the same day. I draw on Hughes and 

Pae‘s (2004) management partial disclosure equilibrium and predict how an analyst 

decides to issue a cash flow forecast revision along with and according to her bad news 

and good news earnings forecast revision. In particular, I predict that analysts 

strategically choose to supplement earnings forecasts with positive cash flow news when 

they deliver bad news earnings forecasts. Consistent with my prediction, I find that 

analysts are more likely to issue cash flow forecast revisions in the opposite direction to 

their earnings forecast revisions when they issue downward earnings forecast revisions 

than when they issue upward earnings forecast revisions. The results suggest that analysts 

may not make their decisions to issue cash flow forecasts as objectively as they ought to 

do in their role as independent information intermediaries. Rather, analyst decisions to 

issue cash flow forecasts are akin to managers‘ strategic decisions to voluntarily disclose 

supplemental information to affect investors‘ confidence in their primary news (earnings 

forecasts). 
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Chapter 1 

Introduction 

Robert Willens, a managing director at Lehman Brothers Inc., said 

analysts and chief financial officers are worried that if the accounting-rule 

changes take effect as expected by Jan. 1, 2001, ―the market will have to 

deal with a more depressed reported-earnings number, thus lower stock 

prices.‖ In an effort to calm the waters, Mr. Willens said, "Everyone is 

now beating the drum to get the market focused on cash EPS," which 

excludes these charges (First Call Will Add Cash EPS Estimates For 20 

Web Firms, Responding to Street. By Elizabeth MacDonald. Apr 14, 1999. 

Wall Street Journal.) 

 

In this thesis, I examine the incentives associated with an analyst‘s decision to 

issue a cash flow forecast on the same day as an earnings forecast. Prior studies report 

that the number of analyst cash flow forecasts and the number of firms with analyst cash 

flow forecasts have steadily increased since the I/B/E/S began to release analyst cash 

flow forecasts (DeFond and Hung 2003; Ertimur and Stubben 2005; Pae and Yoo 2007). 

Few studies, however, examine the factors affecting analysts‘ decisions to issue cash flow 

forecasts. These extant studies, by limiting themselves to whether an analyst issues a cash 

flow forecast for a firm at least once per year, suggest that analysts‘ decisions to issue 

cash flow forecasts are associated with such firm-specific and analyst-specific 

characteristics as a firm‘s earnings quality and an analyst‘s length of experience (DeFond 

and Hong 2003; Ertimur and Stubben 2005). Research indicates that, despite the 

increasing trends in the provision of cash flow forecasts, the proportion of analysts who 

issue cash flow forecasts among those analysts who follow the same firm has remained 

relatively stable at around 34 percent over the period from 1993 to 2005 (Pae and Yoo 
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2007). A natural question then arises: Why do only one-third of analysts issue cash flow 

forecasts while the other two-thirds do not, for the same firm?  

 Using signaling theory (Hughes and Pae 2004), I propose a partial disclosure 

equilibrium of analyst cash flow forecasts. Hughes and Pae (2004) provide an 

equilibrium analysis that rationalizes managers‘ selective decisions for supplemental 

information. In particular, Hughes and Pae show that managers supplement good and bad 

news earnings forecasts in different ways because managers have incentives to ―diminish‖ 

(―enhance‖) investors‘ confidence in bad (good) news. Mangers thus attempt to exploit 

the information asymmetry between themselves and investors. I am chiefly concerned 

with situations where analysts issue negative earnings forecast information in order to 

maintain their credibility with investors (e.g., Hong and Kubik 2003; Hong et al. 2000; 

Mikhail et al. 1997, 1999). In some cases, analysts will want to reduce the impact of these 

negative earnings forecast revisions (i.e., bad news) in order to maintain good relations 

with company management (e.g., Clement and Westphal 2007; O‘Brien et al. 2005). I 

posit that some analysts strategically publicize positive cash flow information in an 

apparent attempt to mitigate the impact of the negative information in an earnings 

forecast. Thus, I hypothesize that analysts are more likely to issue cash flow forecast 

revisions in the opposite direction to their earnings forecast revisions when they issue 

downward earnings forecast revisions (bad news) than when they issue upward earnings 

forecast revisions (good news). 

I perform empirical tests on a sample of 22,191 analyst forecasts on the I/B/E/S 

US Detail database from 1994 to 2005. Consistent with my prediction, I find that the 

propensity of a cash flow forecast revision to be in the opposite direction to an earnings 
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forecast revision is higher when the analyst issues a downward earnings forecast revision 

(bad news) than when an upward earnings forecast revision (good news) is issued. I also 

perform two supplementary analyses to ‗triangulate‘ my investigation of analysts‘ 

strategic decisions to publicize cash flow forecasts: 1) I closely examine how and why 

analysts supplement their earnings forecasts with cash flow forecasts by analyzing a 

manually catalogued sample of 412 analyst reports on the Thomson Research database. 2) 

I complement the above quantitative analysis by conducting field research—namely by 

interviewing sell-side analysts. The results of the supplementary analyses corroborate 

empirical findings.     

 I contribute to extant literature in the following ways. First, prior studies of 

analyst cash flow forecasts document that analysts‘ decisions to issue cash flow forecasts 

are associated with certain firm characteristics and analyst characteristics (DeFond and 

Hong 2003; Ertimur and Stubben 2005). I delve more deeply into analysts‘ possible 

motivations by showing that an analyst can use a concurrent cash flow forecast to achieve 

her forecast-specific strategy—namely by attempting to moderate bad news in her 

earnings forecast.  

 Second, analyst forecast bias literature indicates that analysts often issue 

optimistically biased earnings to maintain good management relationships, even if the 

estimates deviate from their true beliefs (e.g., Das et al. 1998; Lim 2001). The empirical 

evidence and the theory I propose in my thesis are consistent with the argument that 

analysts attempt to ingratiate themselves with management by using concurrent cash flow 

forecasts in a strategic way, so that the multiple forecasts moderate the impact of the 

analysts‘ negative earnings forecast information.  
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The remainder of the thesis is organized as follows. In Chapter 2, I review 

literature on management voluntary disclosure decisions; literature on analysts‘ strategic 

incentives to avoid or to delay the delivery of bad earnings news; and extant analyst cash 

flow forecast literature.  

In Chapter 3, I investigate if and how analysts strategically use cash flow 

forecasts to moderate the negative impact of bad news earnings forecasts. In section 3.1, I 

discuss sell-side analysts‘ incentives to delay or to moderate the negative impact of their 

bad news earnings forecast revisions. In section 3.2, I discuss why analysts will use cash 

flow forecast revisions on the same day as earnings forecast revisions (hereafter termed 

concurrent cash flow forecast revisions) in attempting to moderate the impact of 

downward earnings forecast revisions (bad news). In the final section, I develop my own 

hypothesis to test whether analysts strategically use concurrent cash flow forecasts to 

moderate the negative impact of downward earnings forecast revisions. 

In Chapter 4, I describe the sample selection and descriptive statistics of the 

I/B/E/S dataset, my primary data source for empirical tests on analysts‘ selective 

decisions to issue cash flow forecast. 

In Chapter 5, I perform logistic regression analyses using a sample of 22,191 

analyst forecasts on the I/B/E/S US Detail database from 1994 to 2005. Consistent with 

my prediction, I find that the propensity of a cash flow forecast revision to be in the 

opposite direction to an earnings forecast revision is higher when the analyst issues a 

downward earnings forecast revision (bad news) than when an upward earnings forecast 

revision (good news) is issued. 
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In Chapter 6, I provide supplemental corroborating evidence by carefully 

examining the contents of 412 analyst research reports for 29 firm-years (for 21 unique 

Fortune 500 firms) over the sample period from 1999 to 2005.  

In Chapter 7, I complement my archival analyses in the preceding chapters by 

conducting field research. In particular, I interviewed 12 sell-side analysts in Toronto and 

New York to investigate (i) analysts‘ incentives to delay or to moderate the negative 

impact of their bad news earnings forecasts and (ii) whether analysts decide to issue cash 

flow forecasts according to their good and bad news earnings forecasts.  

Finally, in Chapter 8, I offer concluding remarks.  
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Chapter 2 

Literature Review 

This chapter reviews the literature concerned with analysts‘ forecasting activities. 

In the first section, I review literature on management voluntary disclosure decisions 

pertinent to my study. In section 2.2, I discuss research related to analyst strategic 

incentives to avoid or delay the delivery of bad news. In the final section, I review extant 

analyst cash flow forecast literature.   

2.1 Management Voluntary Disclosure Literature 

While capital market regulators mandate a large amount of financial reporting, 

managers still have discretion over the provision of additional information that they 

acquire privately. This may lead to an adverse selection problem arising in management 

supplemental disclosure decisions because of information asymmetry between managers 

and market participants (i.e., investors, analysts, etc.). Hence, many researchers have 

extended game theory in economics in order to explain management supplemental 

disclosure decisions (Verrecchia 2001).
1
 The following pages review a small body of 

analytic research on management voluntary disclosures, followed by a discussion of 

pertinent empirical studies.     

  

                                                      

1
 In particular, I am interested in Verrecchia‘s (2001: 143) persuasion games in a situation where an 

analyst—while she need not fully reveal her private information to investors—may not misrepresent it.   
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2.1.1 Signaling Games of Voluntary Disclosures 

Earlier studies on the adverse selection problem suggested that insiders (e.g., 

sellers, managers, or analysts) will voluntarily disclose all available information to 

outsiders (e.g., buyers or investors) because a rational outsider would assume withheld 

information as unfavorable information to the insider (Full disclosure equilibrium: see 

e.g., Grossman 1981; Milgrom 1981). However, as Dye (1985) and Jung and Kwon 

(1988) have shown, insiders may withhold a subset of their private information in 

equilibrium when outsiders are uncertain about the existence or arrival of the private 

information (Partial disclosure equilibrium).
2
 In his discussion of Verrecchia‘s (2001) 

literature survey, Dye (2001: 184) suggests that the theory of voluntary disclosures is a 

special case of game theory with the following premise: an insider will disclose 

information that is favorable to her, but will not disclose information that is unfavorable 

to her.  

 Hughes and Pae (2004) extend prior studies on partial disclosure equilibrium 

(Dye 1985; Jung and Kwon 1988) and provide an equilibrium analysis that rationalizes 

managers‘ decisions for supplemental disclosures. They argue that managers have 

incentives to ―diminish‖ (―enhance‖) investors‘ confidence in bad (good) news. They 

construct a theoretical model that stylizes supplemental disclosures as precision 

information which can ―negate‖ or ―reinforce‖ primary disclosures. In particular, they 

define precision information (i.e., voluntary supplemental disclosures in their model) as 

                                                      

2
 Verrecchia (1983) also demonstrates partial disclosure equilibrium, but with a different reason. He argues 

that disclosing proprietary information is costly for insiders and, thus, managers withhold the proprietary 

information when the costs of disclosure exceed the benefits.      
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the inverse of variance for primary forecasts, and suggest that it can be interpreted as a 

persistence parameter of primary forecasts. They then demonstrate the results of their 

analysis (Proposition 1) according to bad and good news delivered by management 

primary forecasts  

In the first scenario, managers who disclose bad news in primary forecasts have 

incentive to negate or downplay the bad news by reducing investors‘ confidence in the 

bad news primary forecasts. Thus, if managers are informed of low precision information 

(i.e., information that signals the low persistence of the bad news), they voluntarily 

supplement the bad news with low precision information. On the other hand, if managers 

are informed of high precision information, they prefer to be indistinguishable from 

managers who had not acquired precision information. In effect, they remain silent about 

the high precision information. Hughes and Pae argue that when managers do not make 

supplemental disclosures, rational investors take into account the informed managers‘ 

incentive to suppress high precision information.  

In the second scenario, managers disclosing good news in primary forecasts have 

incentive to enhance investor confidence in the good news. Thus, they tend to disclose 

high precision information and withhold low precision information. Rational investors 

take account of that incentive in forming their posterior beliefs about management 

supplemental disclosure decisions. This implies that they presume lower precision in the 

absence of supplemental disclosure than if they knew the managers were uninformed of 

precision information.    
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2.1.2 Empirical Studies on Voluntary Supplemental Disclosures 

The previous subsection reviewed analytic research on management voluntary 

disclosures. In this subsection, I review the empirical literature on management voluntary 

supplemental disclosures and discuss two empirical studies that test Hughes and Pae‘s 

(2004) analytic prediction.  

Extensive research documents that managers are more likely to disclose 

supplementary information when disclosing bad news in earnings than when disclosing 

good news. In other words, managers tend to supplement their bad news in earnings with 

such voluntary supplemental disclosures as: pro forma earnings (e.g., Bardshaw and 

Sloan 2002; Lougee and Marquardt 2004); components of earnings (Hirst, Koonce, and 

Venkataraman 2007); free cash flows (e.g., Adhikari and Duru 2006); operating cash 

flows (Wasley and Wu 2006); supplement statements (Hutton el al.  2003); balance sheet 

information (Chen, DeFond and Park 2002); and selectively chosen prior-period earnings 

components that provide the lowest possible benchmark against current earnings 

announcements (Schrand and Walther 2000). 

The literature provides three non-exclusive arguments as to why managers tend to 

supplement bad news in earnings with the above information items. First, investors 

demand additional information when managers disclose bad news in earnings (Market 

demand hypothesis: e.g., Chen, DeFond and Park 2002). Second, managers believe that 

the provision of supplemental information will depict a more complete picture of firm 

performance (Informativeness hypothesis: e.g., Lougee and Marquardt 2004; Wasley and 

Wu 2006). Third, managers attempt to portray firm performance in a more positive light 
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than that of the reported earnings (Signaling or Strategic disclosure hypothesis: e.g., 

Schrand and Walther 2000; Hutton et al. 2003; Adhikari and Duru 2006; Hirst et al. 

2007).  

As suggested by Hughes and Pae‘s (2004) analytic model, managers modify their 

supplemental disclosure decisions in response to the good or bad news they deliver. I will 

now discuss two empirical studies that test Hughes and Pae‘s (2004) analytic prediction. 

The first, by Hutton, Miller, and Skinner (2003), investigated how managers‘ 

supplemental disclosures relate to their earnings forecast news. Consistent with Hughes 

and Pae (2004), Hutton et al. argue that a manager can affect investors‘ confidence in her 

earnings forecasts by supplementing them with other information. They then impose the 

following condition: in order for a manger to affect investors‘ confidence, her 

supplemental information must be verifiable, i.e., it needs to be specific enough for 

investors to compare it with subsequent realization. Examples of verifiable forward-

looking statements for management earnings forecasts listed by Hutton et al. include: 

cash flows; gross margins; selling, general, and administrative expenses (SG&A); 

effective tax rates; sales; earnings before interest and taxes (EBIT); and earnings before 

interest, taxes, depreciation, and amortization (EBITDA).  

Hutton et al.‘s empirical examination of management earnings forecasts issued by 

publicly traded firms between 1993 and 1997 yielded the followings results: (1) managers 

supplement their earnings forecasts with other disclosures about two-thirds of the time 

(185 out of the total sample of 278 management earnings forecasts); (2) managers 

disclose verifiable forward-looking supplemental statements more often when they 
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disclose good news earnings forecasts (55.1%) than when they disclose bad news 

earnings forecasts (33.3%); (3) market returns to good news earnings forecasts 

significantly increase when mangers supplement the good news with verifiable forward-

looking statements compared to when managers do not supplement the good news; and 

(4), consistent with the literature on cheap talk games (e.g., Fischer and Stocken 2001), 

Hutton et al. find that managers‘ qualitative ―soft-talk‖ disclosures accompanying 

earnings forecasts do not affect market returns.  

In another study testing Hughes and Pae‘s (2004) model, Hirst, Koonce, and 

Venkataraman (2007) proposed and experimentally tested an original model of how 

supplemental disclosures affect investors‘ perceived credibility of management earnings 

forecasts. They posit that, by disclosing line-by-line forecasts of the entire income 

statement, managers limit their opportunities of earnings management. They also argue 

that when a firm discloses line-by-line forecasts in addition to earnings forecasts, 

investors infer that its information risk is low and that the credibility of the firm‘s 

earnings forecasts is high. Hirst et al. show that investors perceive the credibility of good 

news earnings forecasts as higher for firms with detailed line-by-line forecasts than for 

firms with only bottom-line earnings forecasts. 

In their experiment, Hirst et al. examine only the perceived credibility of good 

news management earnings forecasts because they believe investors tend to be skeptical 

about the credibility of good news, while they tend to accept bad news at face value. It 

should be also noted that Hirst et al. do not examine management supplemental 

disclosure decisions per se. They choose instead to test the differential effect of 
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management supplemental disclosure decisions on investors‘ perception on management 

earnings forecasts by manipulating the provision of supplemental disclosures and the 

level of managers‘ incentives.  

The literature on management voluntary disclosures discussed above suggests that, 

owing to information asymmetry between managers and investors, managers supplement 

good and bad news earnings forecasts in different ways. Specifically, managers may 

attempt to increase the credibility of their good news earnings forecasts by voluntarily 

disclosing supplemental information. As I will show in detail in the following chapter, 

management disclosure literature helps explain analyst supplemental disclosure decisions 

on cash flow forecasts because of similarities between managers and analysts. First, 

information asymmetry exists not only between managers and investors, but also between 

analysts and investors. Second, similarly to managers‘ voluntary supplemental disclosure 

options, analysts also have discretion over the supplemental provision of cash flow 

forecasts in addition to such common summary forecasts as earnings forecasts, stock 

recommendations, and price targets (DeFond and Hung 2000).   

2.2 The Strategic Incentives of Sell-Side Analysts 

The previous section reviewed literature concerned with managers‘ decisions on 

supplemental disclosure. This section reviews research related to analysts‘ incentives, 

particularly incentives to avoid or delay the delivery of bad news earnings forecasts.  

As revealed by the voluminous academic research and archives of the Securities 

and Exchange Commission (SEC), sell-side analysts are reluctant to issue adverse 
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(unfavorable) investment information.
3
 The well-known incentives for analysts to report 

right-skewed earnings forecasts and stock recommendations are associated with the 

following: 1) access to management‘s private information; 2) potential investment 

banking business opportunities; and 3) trading commissions.  The recent studies 

discussed below concern the nature of these factors (see SEC Analyzing Analyst 

Recommendations 2005 for the nature of analysts‘ forecasting activities; See Kothari 

2001 and Mehran and Stulz 2007 for an extensive survey on related literature). 

First, regarding access to management, Clement and Westphal (2007) examined 

the relations managers have with analysts who follow their firms. They found that 

analysts have incentives to please managers by delaying (or by not issuing) unfavorable 

information—even after a series of post-Enron reforms, such as Regulation FD and 

Global Settlement. In particular, Clement and Westphal document that (a) CEOs use 

favor-rendering to influence analysts and their forecasts; (b) analysts seem to 

―reciprocate‖ such favor-rendering with more positive feedback, or by delaying negative 

investment information; (c) analysts who downgrade stocks receive fewer favors and less 

private access to the CEOs of the firms they follow; and (d) analysts who are aware of 

another analyst‘s loss of favor with or access to executives are less likely to downgrade 

because of their fear of losing favor or of more severe management retaliation.
4
  

                                                      

3
 The SEC defines sell-side analysts as follows: ―Sell-side analysts typically work for full-service broker-

dealers and make recommendations on the securities they cover. Many of the more popular sell-side 

analysts work for prominent brokerage firms that also provide investment banking services for corporate 

clients—including companies whose securities the analysts cover‖ (SEC Analyzing Analyst 

Recommendations 2005). 
4
 Favor-rendering by CEOs and private access to CEOs involves the following: disseminating critical 

information about recent development in the industry; putting an analyst in contact with key personnel; 
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Second, as regards investment banking opportunities, O‘Brien et al. (2005) found 

that analysts affiliated with investment banks are slower than other analysts to downgrade 

stock recommendations because of their conflict of interest. That is, analysts are afraid of 

disseminating unfavorable recommendations because it may harm their employer‘s 

potential investment banking opportunities. Thus, as O‘Brien et al. suggest, such analysts 

have incentives to delay negative news and to hasten the delivery of positive news. 

Third, with regard to trading commissions, Mehran and Stulz (2007) suggest that 

analysts have incentives to issue favorable earnings forecasts and stock recommendations 

because analysts‘ compensation plans are tied to trading volumes. They argue that 

upgrading forecasts are more likely to generate trading than downgrading forecasts—

because investors who most likely trade on downgrading forecasts are those who already 

hold the stock.  

In sum, the literature provides evidence that analysts have incentives to avoid or 

to delay issuing unfavorable news for the firm they cover. The following section reviews 

the extant literature concerning analyst cash flow forecast decisions.  

2.3 Analyst Cash Flow Forecast Decisions  

Analyst cash flow forecasts first began to appear on the I/B/E/S database in 1993. 

The literature reports that the numbers of analysts who issue cash flow forecasts have 

steadily increased since then (e.g., DeFond and Hung 2003; Ertimur and Stubben 2005; 

Pae and Yoo 2007). However, few studies examine the factors affecting analysts‘ 

                                                                                                                                                              

offering to meet with an analyst‘s clients; recommending an analyst for job positions; and helping analysts 

to gain prestigious club memberships (see Clement and Westphal 2007, 7-8).   
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decisions to issue cash flow forecasts. Below, I outline the few studies that examine the 

factors affecting analysts‘ decisions to issue cash flow forecasts and then discuss how this 

dissertation intends to contribute to this limited, although growing, literature. 

DeFond and Hung (2003) examined whether investors‘ demand for cash flow 

information when calculating the value of the firm affects analysts‘ decisions to issue 

cash flow forecasts in addition to earnings forecasts. They found that analysts are more 

likely to issue cash flow forecasts regarding the shares of a firm for which the usefulness 

of earnings information is low: that is, the firm they cover has large accruals, high 

earnings volatility, highly heterogeneous accounting choices (i.e., poor comparability 

across firms), high capital intensity (i.e., low asset liquidity), and/or high bankruptcy 

risks. 

Ertimur and Stubben (2005) investigated whether ―analyst-specific‖ 

characteristics—in addition to the ―firm-specific‖ characteristics suggested by DeFond 

and Hung (2003)—affect analysts‘ decisions to issue cash flow forecasts. They argue that 

analysts‘ willingness to issue cash flow information, in addition to earnings information, 

is affected by the costs and benefits of computing and disseminating the cash flow 

information. Ertimur and Stubben show that analysts are more likely to issue cash flow 

forecasts when they are affiliated with larger brokerage houses (i.e., when they have more 

forecasting resources) and when they update their forecasts more frequently (i.e., when 

they are more attentive to the firms they cover). 

Pae and Yoo (2007) investigated the consequences of issuing cash flow forecasts. 

They found that analysts who issue cash flow forecasts experience an inter-temporal 
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improvement in their earnings forecast accuracy. That is, analysts improve their earnings 

forecast accuracy in the year that they begin to issue cash flow forecasts. However, Pae 

and Yoo do not find a significant difference in the level of earnings forecast accuracy 

between analysts who issue cash flow forecasts and analysts who do not. These results 

imply that improving earnings forecast accuracy may not be a primary motive of analysts 

to forecast and disseminate future cash flow information to the investing public.  

In conclusion, existing studies, by limiting themselves to whether an analyst 

issues cash flow forecasts for a firm at least once per year, suggest that analysts‘ 

decisions to issue cash flow forecasts are associated with such ―firm-specific‖ and 

―analyst-specific‖ characteristics as a firm‘s earnings quality and an analyst‘s length of 

experience, respectively (DeFond and Hong 2003; Ertimur and Stubben 2005). This 

dissertation aims to offer a new perspective on the underlying causes of analysts‘ issuing 

cash flow forecasts in addition to earnings forecasts. With this in view, I investigate 

analysts‘ financial, personal and career motivations to ingratiate themselves with 

managers of the firm they cover. In particular, I examine whether an analyst‘s incentives 

not to issue the negative information in her earnings forecast play a role in her decision to 

issue cash flow forecasts beyond the analyst‘s ―firm-specific‖ and ―analyst-specific‖ 

characteristics. 
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Chapter 3 

Hypothesis Development 

This chapter investigates if and how analysts strategically use cash flow forecasts 

to moderate the negative impact of bad news earnings forecasts. In the first section, I 

discuss sell-side analysts‘ incentives to delay or to moderate the negative impact of their 

bad news earnings forecast revisions. In section 3.2, I discuss why analysts will use cash 

flow forecast revisions on the same day as earnings forecast revisions (hereafter termed 

concurrent cash flow forecast revisions) in attempting to moderate the impact of 

downward earnings forecast revisions (bad news). In the final section, I develop my own 

hypothesis to test (in later chapters) whether analysts strategically use concurrent cash 

flow forecasts to moderate the negative impact of downward earnings forecast revisions.   

3.1 Good News and Bad News in Analyst Forecasts 

I begin this section with a review of research that suggests market participants 

will consider analyst earnings forecast revisions as crucial news for share prices. I then 

discuss research that suggests that analysts want to delay or to moderate the negative 

impact of their bad news earnings forecast revisions. First, extensive research suggests 

that analyst earnings forecast revisions are important news to market participants, 

including managers. The following is a summary of conclusions in the relevant literature. 

1) Analysts revise their earnings forecasts year-round, whereas managers announce actual 

earnings, either quarterly or annually (Gleason and Lee 2003: 194). On this basis, 
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literature suggests that analyst forecast revisions provide more price-relevant information 

than management-reported earnings in financial statements (e.g., Elton et al. 1981).
5
  

2) Prior research indicates that markets respond more strongly to earnings forecast 

revisions than they respond to earnings forecast surprises, measured against the analyst 

consensus estimate (Bonner et al. 2007; Gleason and Lee 2003; Stickel 1991; Imhoff and 

Lobo 1984). 

3) An analyst forecast is typically reported along with her prior forecast. Hence, 

an analyst‘s earnings forecast revision information is available to market participants 

whenever she issues a new earnings forecast. Indeed, the prior earnings forecast 

information is not only provided by the analyst but is also available on a real-time, web-

based interface (Exhibit 1).
6
 Such saliency makes the prior earnings forecast a plausible 

reference point for investors when evaluating analyst earnings forecasts (Grinblatt and 

Han 2005; Kahneman and Tversky 1979; Mullainathan and Thaler 2000; Odean 1998, 

1999; Thaler 1980, 1993).
7
  

Next, I will now discuss research that suggests that analysts have strong 

incentives to delay or to moderate the negative impact of their bad news earnings forecast 

revisions. 1) Frankel et al. (2006) find that market responses to downward earnings 

                                                      

5
 Elton et al. (1981) note: ―the return from forecasting future forecasts themselves is higher than the return 

from being able to forecast actual earnings.‖ 
6
 Gleason and Lee (2003: Appendix) provide a sample screen capture of First Call, a financial information 

intermediary service. 
7
 The literature suggests that investors evaluate an analyst earnings forecast based on its deviation from a 

‗reference point‘ (i.e., a threshold); that is, investors determine an unrealized gain or an unrealized loss, 

based on their reference point (Grinblatt and Han 2005; Kahneman and Tversky 1979; Mullainathan and 

Thaler 2000; Odean 1998, 1999; Thaler 1980, 1993). For example, Odean (1998) calculates a paper loss 

and a paper gain by assuming that investors use a purchase price as a reference point. 
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forecast revisions are greater than market responses to upward earnings forecast revisions: 

i.e., bad news earnings forecast revisions have greater price impact than good news 

earnings forecast revisions. Their archival-empirical findings of the asymmetric market 

responses to earnings forecast revisions are consistent with Kahneman and Tversky‘s 

(1979) prospect theory. Accordingly, Frankel et al. suggest that sell-side analysts are 

reluctant to issue downward earnings forecast revisions. 2) the literature on sell-side 

analysts‘ incentives discussed in section 2.2 suggests that analysts who deliver bad news 

may experience losses of access to management, potential investment banking 

opportunities, and trading commissions.   

In summary, the literature suggests that analysts have strong incentives to avoid 

or delay the delivery of bad news. In the following section, I discuss why an analyst 

would particularly choose to use a concurrent cash flow forecast revision when 

attempting to moderate the negative impact of her downward earnings forecast revision. 

3.2 Concurrent Cash Flow Forecasts 

Analysts‘ reports tend to be long and detailed; thus, an analyst has various options 

to moderate the negative impact of bad news in her earnings forecast. For instance, an 

analyst may choose to tone down the actual strength of her downward earnings forecast 

revision by phrasing the bad news delicately or in a potentially misleading manner in her 

full-text equity report. Concurrent cash flow forecasts do not, therefore, play a unique 

role in affecting how investors interpret analysts‘ earnings forecast information. Below, I 

discuss why analysts are likely to choose a concurrent cash flow forecast over other 



20 

 

supplemental disclosures when attempting to moderate the negative impact of bad news 

earnings forecasts. 

First, market participants are likely to perceive concurrent cash flow forecast 

revisions as the precision information (i.e., a persistent parameter) of earnings forecast 

revisions. Accounting earnings, by definition, are divided into cash flows and accruals. 

Thus, if analysts issue concurrent cash flow forecasts, they, at the same time, implicitly 

provide their accruals forecasts. That is, if analysts issue concurrent cash flow forecasts, 

investors will be able to decompose the source of earnings forecast revisions into the 

portion attributable to cash flows and the portion attributable to accruals (McInnis and 

Collins 2008).  

Academic research and standard setters suggest that accruals are exposed to 

inherent risks of intentional or unintentional misstatements because management 

estimation and judgments play a critical role in their computation (Dechow et al. 1996; 

Francis and Krishnan 1999; Statement on Auditing Standards No. 107).
8, 9

 Accordingly, 

investment professionals and the financial press are known to be skeptical about a large 

amount of accruals: i.e., market participants prefer cash flow components to accruals 

components because they perceive accrual components as a mere transitory portion of 

                                                      

8
 SAS No 107 suggests that financial report users are assumed to ―recognize the uncertainties inherent in 

the measurement of amounts based on the use of estimates, judgment, and the consideration of future 

events.‖ Statement on Auditing Standards (SAS) No. 107 Audit Risk and Materiality in Conducting an 

Audit (Supersedes SAS No. 47), paragraph 5, c. 
9
 Extant literature suggests mixed results regarding market responses to cash flows and accruals 

components of earnings. While some studies suggest that markets respond more strongly to cash flow 

components than accruals components of earnings (e.g., Bowen et al. 1987), Rayburn 1986 document that 

there exist no difference in market returns between accruals and cash flow components of earnings.   
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earnings.
10

 Therefore, I argue that if an analyst wants to moderate the negative impact of 

her bad news earnings forecast, she is likely to attribute the downward earnings forecast 

revision (bad news) to accrual-driven factors rather than to cash-driven factors. 

Second, analyst cash flow forecasts are verifiable quantitative supplemental 

information. Research suggests that while verifiable forward-looking supplemental 

disclosures affect market reactions to earnings forecasts, qualitative soft-talk 

supplemental disclosures (i.e., cheap talk signal) do not affect market reactions to 

earnings forecasts (Hutton et al. 2003; Hirst et al. 2007). Hutton et al. (2003) offer cash 

flow forecasts as an example of verifiable forward-looking supplemental disclosures that 

enhance market reactions to earnings forecasts.   

Third, analyst concurrent cash flow forecasts are likely to arrive at the market 

timelier than other supplemental information provided by analysts. A significant number 

of analysts disseminate their forecasts to financial information intermediary services, 

such as I/B/E/S, before analyst research reports are published.
11

 Accordingly, investors 

are likely to learn of issued forecasts by an analyst before the full-text equity report is 

officially available to them. Thus, market responses at the forecast-issue date are likely to 

be affected by such concurrently issued quantitative summary information as a cash flow 

forecast from the analyst.  

                                                      

10
  For example, ―investors always believed cash was sacrosanct and hard to trump up‖ says a financial 

columnist of Business Week listing a series of earnings distortion cases (D. Henry, 2004) and many articles 

are floating around with the famous title: ‗cash is king.‘ Fool.com is not the only site or magazine that 

recurrently uses the phrase as a tile. BBC, Forbes and many other presses recurrently join the club for their 

articles and commentaries. 
11

 Asquith et al. (2005) examine 1,126 equity reports and find that 41.4% of analyst reports are dated 

differently from the Zacks dates. In 92% of the different date cases, analysts issue their forecasts to Zacks 

earlier than the actual report dates. 
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3.3 Hypothesis 

In the preceding two sections, I discussed that analysts have strong incentives to 

moderate the impact of bad news earnings forecast revisions and that analysts are likely 

to strategically use concurrent cash flow forecast revisions to do so. In this section, I 

discuss how analysts strategically use cash flow forecasts to moderate the negative effect 

of a downward earnings forecast revision. I then propose an empirical hypothesis to test 

if analysts issue concurrent cash flow forecasts strategically when they are forced to issue 

a downward earnings forecast revision. 

Analysts have several incentives to avoid issuing or to delay issuing negative or 

adverse earnings forecast information (see section 2.2). They, at the same time, 

experience pressure from the investing public (via regulators, lawsuits, etc.) to be 

objective, timely and accurate with respect to their earnings forecasts (see Berenson and 

Sorkin 2002; Craig 2001; Sidel 2002 for news reports regarding such pressure). For 

instance, investors can lose money if an analyst postpones the disclosure of negative 

news. If an analyst postpones negative information, it may also cause regulatory bodies to 

investigate the analyst and/or the brokerage house to which she is attached.
12

 Literature 

suggests that analysts have a strong incentive to issue accurate earnings forecasts because 

their career and personal reputation depend on it (Mikhail et al. 1997, 1999; Hong et al. 

2000a; Hong and Kubik 2003). Thus, analysts not only have incentives to postpone 

negative earnings forecast information but also to disseminate the negative earnings 

                                                      

12
 For instance, the SEC took enforcement actions against eleven investment banks for their analysts‘ 

misleading forecast activities over the period of April 1999 to July 2002 (SEC Ten of Nation's Top 

Investment Firms Settle Enforcement Actions 2003). 
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forecast information quickly and accurately. A tension may thus arise, whereby an 

analyst is confronted by incentives and disincentives to issue negative earnings forecast 

information. On the one hand, the analyst wants to maintain her credibility by issuing 

negative earnings forecast information in a timely manner. On the other hand, the 

analyst—to the extent that she wants to curry favor with management—may wish to 

avoid being the messenger who incites a plunge in share prices. Hence, I argue that such 

an analyst, if the she decides to issue negative earnings forecast information, will be 

confronted with the motivation to take actions that will moderate the impact of the 

negative earnings forecast information. I will now discuss how an analyst makes strategic 

decisions to issue concurrent cash flow forecast revision information according to bad 

and good news earnings forecast revision. 

Research on signaling games of voluntary disclosures suggests that analysts may 

strategically use precision information to moderate the negative effect of bad news 

earnings forecasts (Hughes and Pae 2004; Hutton et al. 2003; Hirst et al. 2007). As 

discussed in section 3.2, market participants—who can decompose the source of earnings 

forecast revisions into the cash flow portion and accruals portion when analysts provide 

cash flow information—are likely to perceive a concurrent cash flow forecast revision as 

precision information (or a persistent parameter) of earnings forecast revision news: that 

is,  if an analyst‘s current cash flow forecast revision is in the opposite direction to her 

earnings forecast revision (hereafter referred to as OPDCFR), market participants are 

likely to perceive OPDCFR as the analyst‘s signal that her earnings forecast revision is 

low precision or attributable to the accruals (i.e., transitory) portion of earnings.   
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Conversely, if an analyst‘s current cash flow forecast revision is in the same direction to 

her earnings forecast revision (hereafter referred to as SAMECFR), market participants 

perceive SAMECFR as the analyst‘s signal that her earnings forecast revision is high 

precision or attributable to the cash flow (i.e., permanent) portion of earnings. Below, I 

predict how an analyst—who wants to moderate the negative effect of a downward 

earnings forecast revision—strategically makes her decision on whether she issues a 

concurrent cash flow forecast revision according to bad and good news earnings forecast 

revision. My prediction clearly parallels that of Hughes and Pae (2004: 271) in section 

2.1.1.   

In the first scenario, an analyst who issues a downward earnings forecast revision 

(bad news) has incentive to negate or downplay her bad news by reducing investors‘ 

confidence in the downward earnings forecast revision. Thus, if she is privately informed 

of a positive cash flow forecast revision (that signals the low persistence of the downward 

earnings forecast revision), she will voluntarily supplement the bad news with a positive 

cash flow forecast revision. In other words, she will issue OPDCFR. On the other hand, if 

an analyst is privately informed of a negative cash flow forecast revision, she will prefer 

to be indistinguishable from analysts who have not acquired cash flow forecast revision 

information. In effect, she will remain silent about the negative cash flow forecast 

revision. As Hughes and Pae argued, when analysts do not make supplemental 

disclosures, rational investors would take into account the informed analysts‘ incentive to 

suppress the negative cash flow forecast revisions (i.e., SAMECFR) when issuing 

downward earnings forecast revisions.  
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In the second scenario, an analyst issuing an upward earnings forecast revision 

(good news) has incentive to enhance investor confidence in the good news. Thus, she 

tends to issue SAMECFR (i.e., high precision information that enhances her upward 

earnings forecast revision) and withhold OPDCFR (i.e., low precision information that 

negate her upward earnings forecast revision). Rational investors would then take account 

of that incentive in forming their posterior beliefs about analysts‘ decisions to issue cash 

flow forecast revisions. This implies that they more likely to presume OPDCFR in the 

absence of supplemental cash flow forecast information than if they knew the analysts 

were uninformed of future cash flow information. This leads to the following empirical 

hypothesis:  

Hypothesis: Analysts are more likely to issue cash flow forecast revisions in the 

opposite direction to their earnings forecast revisions when they issue downward 

earnings forecast revisions than when they issue upward earnings forecast 

revisions.  

  In the above pages, I developed a hypothesis of analyst decisions to issue 

concurrent cash flow forecasts based on the signaling game literature on management 

supplemental disclosures. I will now discuss two alternative yet non-mutually exclusive 

explanations of the above hypothesis. First, psychology research on Support Theory (e.g., 

Van Boven and Epley 2003) suggests that analysts who want to affect investors‘ 

confidence in earnings forecast revisions will be motivated to make strategic cash flow 

forecast decisions (i.e., OPDCFR, SAMECFR, or no cash flow forecast issuance) in the 

same manner as the above signaling game literature predicts. In discussing their 
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conceptual model of the effect of forecast disaggregation, Hirst et al. (2007: 817-818) 

argue that the supplemental provision of constituent components information can affect 

investors‘ judgments on the credibility of earnings forecasts. In particular, with regard to 

reducing investors‘ confidence, Van Boven and Epley (2003: 268) suggest that if 

constituent elements (e.g., a cash flow forecast revision) of an event (e.g., an earnings 

forecast revision) are inconsistent with the event (e.g., OPDCFR), the provision of the 

inconsistent elements may moderate the recipients‘ evaluation on the event.
13

 

Accordingly, an analyst who understands the unpacking effect of Support Theory is 

likely to issue OPDCFR when attempting to moderate the adverse impact of her bad news 

earnings forecast revision. In order words, she signals low precision (i.e., OPDCFR) of 

the downward earnings forecast revision to reduce investors‘ confidence in her bad news. 

In effect, she moderates the negative impact of her bad news earnings forecast revision. 

On the other hand, an analyst who has a preference toward delivering good news—are 

not likely to issue OPDCFR when issuing a good news earnings forecast revision.   

Second, the literature on accounting conservatism also suggests that analyst cash 

flow forecast decisions (i.e., OPDCFR, SAMECFR, or no cash flow forecast issuance) 

are likely to be observed in the same manner as the above signaling game literature 

predicts. Below, I outline how the hypothesis can be predicted because of the interaction 

                                                      

13
 Van Boven and Epley (2003: 268) state ―the constituent elements of a category or event that one is led to 

consider sometimes will not be consistently valenced so making those constituent elements easier to think 

about may lead to more moderate rather than more extreme evaluations (Linville 1982; Linville and Jones 

1980; Miller and Tesser 1986: Study 3; Paulhus and Lim 1994)‖. They then explain it using the following 

example: ‗A day at the beach contains many positive elements but also some negative elements such as 

crowds, jellyfish, and sunburns. Making it easier to think about the details of a day at the beach could thus 

produce either more extreme or more moderate evaluation, depending on which details people are lead to 

consider.‘   
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between management accounting conservatism and analysts‘ incentives to moderate bad 

news:  

1) Research on accounting conservatism suggests that managers tend to require a 

higher degree of verification for recognizing good news than for recognizing bad news in 

the financial reporting (e.g., Basu 1997). In effect, a manager will have more specific, 

verifiable information available to market participants (i.e., analysts and investors) 

regarding his good news earnings disclosure than regarding his bad news earnings 

disclosure. Consistent with the argument, Hutton et al. (2003) report that managers of 

publicly traded firms between 1993 and 1997 disclosed verifiable forward-looking 

supplemental statements more often when they disclosed good news earnings forecasts 

(55.1%) than when they disclosed bad news earnings forecasts (33.3%).  

2) Analysts tend to revise their earnings forecasts after a manager discloses his 

earnings forecast. Now, suppose the following: that an analyst understands the 

conservative manager‘s differential provision of verifiable forward-looking information 

about future earnings between his good news and bad news; and that she wants to 

complement the lack of management disclosures as information intermediary between the 

manager and investors. The analyst then may be motivated to complement the 

conservative manager‘s bad news earnings forecasts with her own verifiable forward-

looking forecast in her equity research report. Thus, the analyst is more likely to use her 

(subjective) estimation and judgment in forming a change in future cash flow when the 

conservative manager provides bad news signals (which in turn will result in her 

downward earnings forecast revision) than when he provides good news signals (which in 
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turn will result in her upward earnings forecast revision). Based on the aforementioned 

analyst incentives to moderate bad news, an analyst is more likely to be motivated to 

search for evidences supporting OPDCFR (as a silver lining) when she issues bad news 

than when she issues good news.  

In short, the literature on accounting conservatism may suggest that analysts are 

more likely to issue OPDCFR when issuing bad news than issuing good news in 

conditions that (a) they use more uncertain estimation and judgment regarding bad news 

than regarding good news and (b) they have incentives to search for evidences against 

bad news (i.e., OPDCFR) in order to moderate such news. Although the above story of 

the interaction between management accounting conservatism and analysts‘ incentives to 

moderate bad news is plausible, research suggests that managers‘ accounting 

conservatism does not completely explain analysts‘ forecasting behavior. In particular, 

Hutton et al. (2003: 887) argue that the accounting conservatism is not a primary driver 

of management differential provision of verifiable forward-looking information between 

good news and bad news. In addition, Pae and Thornton (2007) investigate the 

association of accounting conservatism with analyst forecast errors and report evidence 

that analysts do not fully allow managers‘ conservative accounting practices and analyst 

earnings forecasts thus remain inefficient.   
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Chapter 4 

Sample and Descriptive Statistics 

The primary data source for empirical tests on analysts‘ selective decisions to 

issue cash flow forecasts is the I/B/E/S Detail History US Edition database. Additionally, 

for my supplementary tests, I use the Thomson Research Database to manually catalogue 

analyst research reports. In this section, I describe the sample selection and descriptive 

statistics of the I/B/E/S dataset. I will discuss the details of the Thomson Research 

Database later in the next chapter.  

4.1 Sample Selection 

 I collected ‗one-year ahead‘ annual earnings and cash flow forecasts from the 

I/B/E/S database from 1993 to 2005. I exclude forecasts issued by analysts who have not 

issued cash flow forecasts at least once in the present year or the preceding year because 

the analysts may not have the discretion to publicize cash flow forecasts.
14

 The sample is 

restricted to forecasts issued during the first 11 months of the fiscal year, in order to 

remove stale forecasts and capture the forecasts of active analysts (Cement 1999; 

                                                      

14
 Sell-side analysts I interviewed suggested that there are a group of analysts who do not (even internally) 

forecast future cash flows (i.e., they do not include cash flows in their forecast models). According to the 

interviewees, analysts do not forecast future cash flows in the following cases. 1) Some analysts—who are 

usually affiliated with small banks—simply do not have sufficient financial modeling skills, owing to a 

lack of educational background in accounting and corporate finance. In particular, some ―old school‖ 

analysts cannot build sophisticated forecast models. Thus, they do not have other choices but must rely on 

their subjective judgments, based on firms‘ earnings guidance. Also, some banks recruit industry experts 

with engineering degrees and no financial background for analyst positions that follow firms in certain 

high-tech or specialized industries. Those analysts do not have expertise in building sophisticated forecast 

models. 2) For some companies, forecasting cash flows is meaningless, owing to their industry-specific 

characteristics, such as extremely volatile raw commodity prices. 



30 

 

Clement and Tse 2003, 2005). I then retain only the last earnings forecast an analyst 

issues in a particular year (Clement 1999; Clement and Tse 2003, 2005; O‘Brien 1990; 

Sinha et al. 1997). After eliminating potential outliers by omitting observations with the 

top or bottom one percent of earnings forecast revisions (ER), the full I/B/E/S sample 

consists of 22,191 firm-year-analyst observations (6,287 firm-year pairs) over the sample 

period (1994-2005).
15

  

4.2 Descriptive Statistics 

Table 1 provides descriptive statistics about the analyst characteristics of the 

I/B/E/S sample observations. I scale each characteristic to range from 0 to 1, for each 

firm-year as follows (Clement and Tse 2003, 2005; Brown et al. 2006): 

𝐶ℎ𝑎𝑟𝑎𝑐𝑡𝑒𝑟𝑖𝑠𝑡𝑖𝑐𝑠𝑖𝑗𝑡 =
𝐶ℎ𝑎𝑟𝑎𝑐𝑡𝑒𝑟𝑖𝑠𝑡𝑖𝑐𝑠 𝑖𝑗𝑡 − 𝑚𝑖𝑛  𝐶ℎ𝑎𝑟𝑎𝑐𝑡𝑒𝑟𝑖𝑠𝑡𝑖𝑐𝑠 𝑗𝑡  

𝑟𝑎𝑛𝑔𝑒   𝐶ℎ𝑎𝑟𝑎𝑐𝑡𝑒𝑟𝑖𝑠𝑡𝑖𝑐𝑠 𝑗𝑡  
 ,                 

where  

OPDCFRijt is an indicator variable that equals 1 if the analyst i issues an upward 

(downward) cash flow forecast when the analyst issues a downward (upward) 

earnings forecast revision on the same day for firm j in year t,  

EBNijt is an indicator variable that equals 1 if analyst i issues a downward earnings 

forecast revision (i.e., bad news). It equals 0 if the analyst issues an upward 

earnings forecast revision (i.e., good news),  

                                                      

15
 I also ran empirical tests using the full I/B/E/S sample without eliminating potential outliers. The results 

were qualitatively indifferent whether I included or excluded potential outliers.   
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DAYSijt  is days elapsed since the last forecast by any analysts, calculated as the number 

of days between analyst i‘s earnings forecast date for firm j in year t and the most 

recent earnings forecast date for firm j by any analyst, 

FHORijt  is earnings forecast horizon of analyst i for firm j in year t, calculated as the 

number of days between analyst i‘s earnings forecast date in year t and the fiscal 

period-end date, 

LAG_ACCijt is the preceding year‘s earnings forecast accuracy, calculated as the 

maximum absolute earnings forecast error for analysts following firm j in year t 

minus the absolute earnings forecast error of analyst i for firm j in year t divided 

by the range of absolute earnings forecast errors for analysts following firm j in 

year t: 

𝐴𝐶𝐶𝑖𝑗𝑡 =
𝑚𝑎𝑥  𝐴𝐹𝐸𝑗𝑡  −𝐴𝐹𝐸𝑖𝑗𝑡

𝑟𝑎𝑛𝑔𝑒   𝐴𝐹𝐸𝑗𝑡  
 ,  

 where AFEijt is the absolute value of analyst i's earnings forecast error for firm j in 

year t, 

BSIZEijt is the size of brokerage houses employing analyst i in year t, measured by the 

number of analysts employed by the brokerage house,  

FREQijt  is earnings forecast frequency of analyst i for firm j in year t, measured by the 

number of earnings forecasts issued by analyst i for firm j in year t, 

EXPFijt is the number of years that analyst i has issued earnings forecasts for firm j, 

EXPGijt is the number of years that analyst i has issued earnings forecasts for any firm, 

NFIRMit is the number of firms that analyst i follows in year t,                             

NINDit is the number of (two-digit SICs) industries that analyst i follows in year t. 
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Panel A of Table 1 reports the distributions of the variables before 

standardization, and Panel B reports the distributions of the variables in Panel A after 

standardization. The distributions of analyst characteristics in Panel A and Panel B of 

Table 1 are consistent with similar variables in prior studies (Clement 1999; Clement and 

Tse 2003).  

Table 2 partitions the I/B/E/S sample into six subgroups, based on analysts‘ 

decisions regarding cash flow forecasts. Panel A reports, in a tabular format, the 

distribution of each subgroup. S1 (S4) group analysts issue an upward (downward) ER 

and do not issue a concurrent cash flow forecast; however they have issued cash flow 

forecasts at least once in the present year or the preceding year. That is, subgroups S1 and 

S4 analysts are deemed to have chosen not to publicize cash flow forecasts. The analysts 

in subgroups S2, S3, S5 and S6 issue a concurrent cash flow forecast. S2 (S5) subgroup 

analysts issue an upward (downward) ER with an upward (downward) CFR. That is, they 

issue SAMECFR. Finally, S3 (S6) subgroup analysts are those who issue an upward 

(downward) ER, accompanied by a downward (upward) CFR. That is, they issue 

OPDCFR.  

Panel B of Table 2 compares the incidences of analysts‘ issuing OPDCFR 

(Hypothesis). Among those analysts who issue bad news, 20.2 percent of them issue 

OPDCFR and this percentage is significantly higher, at a 0.03 level, than the 18.9 percent 

of those analysts who deliver good news, based on a one-tailed Z test.  

Panel C of Table 2 provides the univariate comparison of analysts‘ decisions to 

remain SILENT with regards cash flow forecasts. Among those analysts who issue bad 

news, 55.2 percent of them remain silent about cash flow forecasts. This proportion is 
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higher than that of good news analysts (54.9%); however the difference is statistically 

insignificant.  

Panel A of Table 3 presents Pearson correlation coefficients of analyst 

characteristics and analysts‘ choice of remaining silent about cash flow forecasts. The 

significant correlations between SILENT and analyst characteristics are consistent with 

prior studies on the factors associated with analysts issuing cash flow forecasts (DeFond 

and Hong 2003; Ertimur and Stubben 2005). That is, analysts are not likely to issue cash 

flow forecasts (i.e., the analysts are likely to be silent about cash flow forecasts) when 

they are affiliated with small brokerage houses (BSIZE); they are less attentive (FREQ); 

they cover a small number of firms (NFIRM); and they have extensive experience (EXPF 

and EXPG).  

Panel B of Table 3 presents Pearson correlation coefficients of variables used in 

the logit regression for the relative direction of CFR. The results show that analysts‘ 

decisions to issue OPDCFR are not associated with analyst characteristics and forecast 

characteristics, except as regards the timing of the analysts‘ forecast issuance (FHOR),  

the days elapsed since a preceding forecast by any analyst (DAYS), and the frequency of 

forecasts by the analysts (FREQ). The negative correlation between OPDCFR and FHOR 

(DAYS) suggests that analysts are likely to issue OPDCFR when they issue earnings 

forecasts close to the fiscal year end (when other analysts have issued earnings forecasts 

recently). And the positive correlation between OPDCFR and FREQ indicates that 

analysts are likely to issue OPDCFR when the analysts are attentive to firms they cover, 

thereby issuing earnings forecasts frequently.  
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Chapter 5                                                                                                   

Empirical Analyses 

5.1 Empirical Model Specification 

To test the hypothesis, I estimate the following logistic regression: 

𝑃𝑟 𝑂𝑃𝐷𝐶𝐹𝑅𝑖𝑗𝑡 = 1 = 𝑙𝑜𝑔𝑖𝑡 [𝛼0 + 𝛼1 ∗ 𝐸𝐵𝑁𝑖𝑗𝑡 + 𝐶𝑜𝑛𝑡𝑟𝑜𝑙 𝑉𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠 + 𝜀],     (1) 

where OPDCFRijt equals 1 if the analyst i issues an upward (downward) cash flow 

forecast revision when the analyst issues a downward (upward) earnings forecast revision 

on the same day for firm j in year t. First, the main variable of interest is EBNijt which 

equals 1 if the analyst i issues a downward earnings forecast revision. Given my 

prediction in the hypothesis, I expect a positive coefficient on EBNijt [Hypothesis: α1  > 0].  

Next, as regards the control variables of the above model, I draw upon extant 

research in analyst forecasting behavior (or performance), owing to the absence of 

literature on OPDCFR. Literature on analyst forecasts indicates that analyst-specific 

characteristics—such as experience, expertise, and the relative timing of each forecast—

are associated with an analyst‘s forecasting behavior (e.g., Clement and Tse 2005; 

Ertimur and Stubben 2005). For instance, Clement and Tse (2005) document the 

association of certain analyst characteristics with analysts‘ propensity to deviate their 

earnings forecasts away from the mean of other analysts‘ forecasts (forecast boldness). 

Ertimur and Stubben (2005) find that Clement and Tse‘s analyst characteristics are also 

associated with analysts‘ propensity to issue cash flow forecasts. Thus, I control for 

Clement and Tse‘s analyst-specific characteristics that may influence an analyst‘s 

decision to issue a discrepant cash flow forecast revision (OPDCFR).  
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The control variables include the following: (i) the preceding year‘s earnings 

forecast accuracy (LAG_ACCijt), which proxies for an analyst‘s forecasting expertise; (ii) 

the size of a brokerage house (BSIZEijt), which proxies for an analyst‘s forecasting 

resource; (iii) the frequency of forecasts by an analyst (FREQijt), which indicates whether 

the analyst is attentive to the firm; (iv) an analyst‘s length of experience (EXPFijt and 

EXPGijt), which proxies for forecasting expertise; (v) the number of firms that an analyst 

follows (NFIRMijt) because the larger number of firms that an analyst covers indicates 

that the analyst has more expertise in forecasting; and (vi) the number of industries that 

an analyst follows (NINDijt) because the small number of industries that an analyst covers 

indicates the analyst‘s level of industry specialization. I also control for the timing of an 

analyst‘s forecast, relative to a preceding forecast by any analyst and relative to the end 

of fiscal year (DAYSijt and FHORijt, respectively).  

Clement and Tse (2005) find that the likelihood that analyst forecasts to be bold 

increases with analysts‘ prior accuracy and experience. I suggest that analysts‘ propensity 

to issue OPDCFR as a means of signaling low persistence of ER is negatively associated 

with the analysts‘ propensity to be bold or to be accurate in their earnings forecasts. Thus, 

consistent with Clement and Tse (2005: 313), I expect the coefficient estimates on analyst 

characteristics—that are positively associated with earnings forecast boldness (e.g., 

LAG_ACC, BSIZE, FREQ, EXPF, and EXPG)—to be negative; I expect the coefficient 

estimates on analyst characteristics—that are negatively associated with earnings forecast 

accuracy (e.g., NFIRM and NIND)—to be positive; and, finally, I expect the coefficient 

estimates on forecast timing (e.g., DAYS and FHOR) to be negative.    
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5.2 Empirical Results 

Table 4 provides the logit regression results of analysts‘ propensity to issue 

OPDCFR. In Models 1 and 3, as predicted in section 2 and consistent with the univariate 

test result (Panel B of Table 2), the coefficient on EBNijt is significantly positive at a 0.01 

level [Hypothesis: α1  > 0]. This suggests that the likelihood that an analyst will issue 

OPDCFR is stronger when she issues a downward ER (bad news) than when she issues 

an upward ER (good news). In Model 3, the coefficient estimates on the control variables 

are all insignificant, except FHORijt and DAYSjt. The significantly negative coefficient on 

FHORijt suggests that analysts tend to issue OPDCFR when they have a short forecast 

horizon (FHORijt). In other words, analysts are likely to issue OPDCFR when it is close 

to the fiscal-year end. The negative coefficient on DAYSijt indicates that analysts are 

likely to issue OPDCFR when another analyst has recently issued earnings forecasts.   

In the I/B/E/S sample, I have multiple observations (analyst forecasts) per firm-

year. The likelihood of OPDCFR by analyst i for firm j may be associated with firm j‘s 

firm-specific characteristics. In untabulated results, I find that firms with high capital 

intensity or high Altman Z scores tend to have analysts who issue OPDCFR even after I 

control for firm size and year. Also, researchers argue that the pack of critical events in 

the early 2000s has changed the information playing field for analysts and managers (e.g., 

Baily, Li, Mao, and Zhong 2003; Heflin, Subramanyam, and Zang 2003; Mohanram and 

Sunder 2006; Agrawal, Chadha, and Chen  2006; Ahmed and Schneible 2006).
16

 Thus, it 

is possible that the above pooled logit regression results are affected by omitted 
                                                      

16
 The crash of the Internet bubble, the decimalization of the US stock exchanges, the demise of Enron, 

WorldCom's acknowledgement of accounting errors and bankruptcy filing, and the US economic recession 

are a few examples. 
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explanatory variables at the cluster level of firm-year pair. To control the firm and year 

fixed effects, I use the conditional maximum likelihood estimation of the logit model 

(Allison 1999; Chamberlain 1980).
17

  

Models 2 and 4 in Table 4 provide the logit regression results when the firm and 

year fixed effects are controlled. Unlike Models 1 and 3, Models 2 and 4 do not have 

intercepts because αk parameters that represent each firm-year k (i.e., α0 of Equation 1) 

are canceled out in the conditional maximum likelihood estimation (Allison 1999: 188-

192; Appendix B). As predicted, the coefficient on EBNijt is significantly positive at a 

0.01 level for both Models 2 and 4 [Hypothesis: α1  > 0], even after controlling for the 

firm and year effects. In Model 4, the coefficient estimates on the control variables are all 

insignificant, except FHORijt.   

5.3 Additional Test: Choice of Remaining Silent 

The above logit analysis of analysts‘ decisions to issue OPDCFR focuses on 

analysts who issue concurrent cash flow forecasts (i.e., subgroups S2, S3, S5 and S6). 

Signaling game theory also suggests that analysts may choose to remain ‗silent‘ about 

cash flow forecasts (i.e., subgroups S1 and S4) if they are privately informed of negative 

future cash flows—in particular when they deliver bad earnings news. Thus, in this 

section, I examine whether analysts—who have issued cash flow forecasts at least once in 

the present year or the preceding year—are more likely to remain silent when delivering 

                                                      

17
 Including firm-year dummy variables in equation (1) could be an alternative to control for the firm-year 

effect. However, research suggests that including the large number of firm-year dummies, especially when 

the dependent variable is not a continuous variables—can create substantial biases in the parameter 

estimates [―incidental parameters problem‖] (Allison 1999: 188-190). Literature suggests the conditional 

likelihood estimation is much less prone to fixed effects bias because the conditional likelihood discards 

information that is potentially contaminated by confounding variables (Allison 1999; Chamberlain 1980). 
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bad earnings news than when delivering good earnings news. I estimate the coefficients 

in the following logistic regression: 

𝑃𝑟 𝑆𝐼𝐿𝐸𝑁𝑇𝑖𝑗𝑡 = 1 = 𝑙𝑜𝑔𝑖𝑡 [𝛼0 + 𝛼1 ∗ 𝐸𝐵𝑁𝑖𝑗𝑡 + 𝐶𝑜𝑛𝑡𝑟𝑜𝑙 𝑉𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠 + 𝜀],     (2) 

where SILENTijt equals 1 if the analyst i does not issue a concurrent cash flow forecast for 

firm j in year t but has issued cash flow forecasts at least once in the present year or the 

preceding year (i.e., analyst i belongs to subgroups S1 or S4).  

The main variable of interest is EBNijt. On the one hand, the signaling theory 

predicts that analysts are more likely to remain silent when they deliver bad earnings 

news than when they deliver good earnings news: i.e., a positive coefficient on EBNijt. On 

the other hand, my field interviews of sell-side analysts (discussed in the next section) 

indicate that analysts tend to supplement bad earnings news with cash flow information 

for the reason that market participants search for supplemental information when analysts 

deliver bad earnings news: i.e., a negative coefficient on EBNijt. Thus, the net effect of 

bad news earnings forecasts (EBNijt) on analysts‘ propensity to remain silent about 

concurrent cash flow forecasts is an empirical issue.   

 Table 5 provides the logit regression results of analysts‘ propensity to remain 

SILENT. The coefficient estimate on EBNijt is insignificant across Model 1-4, suggesting 

that analysts‘ decisions to remain silent (i.e., analysts do not issue concurrent cash flow 

forecasts) are not significantly associated with good and bad earnings news. 
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Chapter 6                                                                                             

Analysis of Detailed Analyst Reports 

The I/B/E/S database provides analysts‘ estimates of earnings and cash flow 

forecasts, but it does not present analysts‘ own explanations for their estimates or for 

their revisions. To closely investigate how and why analysts would have issued OPDCFR, 

I analyze the contents of analyst research reports. 

6.1 Sample Selection 

From the full I/B/E/S sample, I identified 135 firm-year pairs that have at least 

one analyst who issues OPDCFR when delivering good news in ER and at least one 

analyst who issue OPDCFR when delivering bad news in ER. From the 135 pairs, I retain 

31 firm-year pairs that are on the Fortune 500. Next, I hand-collected all available analyst 

research reports on the Thomson Research database for all the 31 pairs. The Thomson 

Research features extensive analyst equity reports from over 980 investment banks, 

brokerage houses, and research firms, covering 30,000 companies worldwide. However, 

Thomson Research database is not complete. There is a chance that my report collection 

does not match with the I/B/E/S dataset (For example, Goldman Sachs does not provide 

their reports to Thomson Research). Also, several independent research firms—which 

provide their reports to Thomson Research—do not issue earnings and/or cash flow 

forecasts.
18

 Thus, I have to exclude two of the 31 pair for which Thomson Research 

                                                      

18
 For the 31 firm-year pairs, I find two research boutiques that do not provide earnings and/or cash flow 

forecasts in their research reports: Price Target Research Inc. and ValueEngine Inc. The two boutiques 
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database does not have any analyst report available or does not consist of any good news 

OPDCFR report.
19

 Owing to the mismatch between Thomson Research database and 

I/B/E/S database, one of the 30 firm-year pairs in the full sample does not consist of any 

good news OPDCFR report. That is, the firm-year pair contains both good news 

OPDCFR and bad news OPDCFR reports in my I/B/E/S dataset, but it does not contain 

good news OPDCFR in my hand-collected full sample. Thus, I exclude the pair of 

Anadarko Petroleum and year 1997. The detailed full-text analyst report sample consists 

of 412 reports for 29 firm-years (for 21 unique Fortune 500 firms) over the sample period 

from 1999 to 2005 (Appendix A). 

6.2 Definitions of Cash Flow Forecasts 

I/B/E/S defines analyst cash flow forecasts or cash flow per share (CPS) as 

follows: 

Firm‘s cash flow from operations, before investing and financing activities, 

divided by the weighted average number of common shares outstanding 

for the year [I/B/E/S User Guide 2000].  

This implies that the I/B/E/S assumes that analysts provide cash flow forecasts based on 

Statement of Financial Accounting Standards No. 95 (FAS 95)‘s cash flow model. 

However, in reality many analysts use various shortcuts to compute cash flow and the 

I/B/E/S seems to accept such variations in cash flow computation as valid CPS metric. 

For instance, Exhibit 2 shows excerpts from Wachovia Securities‘ research report for a 

                                                                                                                                                              

publish qualitative information and unconventional quantitative measures based on their own proprietary 

models. 
19

 I exclude a firm-year pair of Murphy Oil Corporation in 2004 as I only find research by Price Target 

Research Inc., an independent research boutique that does not provide earnings and/or cash flow forecasts 

to Thomson Research. I also exclude a firm-year pair of Anadarko Petroleum in 1997 because Thomson 

Research does not contain good news OPDCFR while I find good news reports in my I/B/E/S sample.  
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cable television company. The Wachovia analyst presents EBITDA as ―Operating Cash 

Flow.‖ Below, I list several variations in the definition of cash flows that I find in the 412 

reports:  

1) Cash Flow from Operations (CFO or CFPS or OCFPS): Net income plus 

depreciation and amortization (D&A) and deferred taxes to net income. Some 

analysts in oil and gas industry-sector add up ‗dry hole‘ as well to net income.  

2) Cash EPS: Net income plus noncash charges (no further description provided). 

3) Debt-adjusted Cash Flow (DACF): Operating cash flow excluding financial 

expenses after taxes. 

4) Funds From Operations (FFO): Net income plus depreciation and 

amortization (D&A) less gains on sales of properties. Real estate investment 

trusts (REITS) and some other industry-sector analysts use this measure and 

I/B/E/S uses the measure to define cash flow for real estate and other 

investment trusts (I/B/E/S 2000). 

5) Adjusted Funds From Operations (AFFO): FFO less recurring capital 

expenditures.  

6) Earnings before Interest, Taxes, Depreciation and Amortization (EBITDA): 

Analysts in cable/satellite sector use EBITDA as cash flows. 

7) Operating Income before Depreciation and Amortization (OIBDA): Operating 

income plus depreciation and amortization (D&A) and taxes and interest 
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expenses. Unlike EBITDA, OIBDA does not incorporate non-operating 

income.  

My field research (discussed in the next chapter) suggests that brokerage houses 

send their analysts‘ full-text reports to I/B/E/S in Portable Document Format (PDF), and 

I/B/E/S employees collect summary data by manually reading the full-text reports.
20

 

According to my field interviews with three administrative staffs at two brokerage houses 

and phone interviews with two I/B/E/S employees, analysts use various shortcuts to 

compute cash flow and the I/B/E/S identifies them as cash flow.
21

 However, the I/B/E/S 

employees argued that the I/B/E/S achieves within-firm or industry-sector comparability 

by guiding analysts in the same sector to use the same assumptions in computing 

important forecast measures such as cash flow.
22

 Thus, according to the I/B/E/S, the 

variation in cash flow definitions in its database does not necessarily limit comparability 

across analysts within the same firm and/or across firms within the same industry sector.  

6.3 Presentation of Prior Forecasts and Forecast Revisions 

While many analysts present their forecasts along with their prior forecast 

estimates, some analysts do not present their prior forecast estimate in the reports. For 

                                                      

20
 To understand how I/B/E/S processes analyst forecasts, I interviewed the head of an equity research 

group associated with one of the major banks in North America, as well as three administrative staffs at two 

banks, and two of the I/B/E/S representatives who specialize in processing analyst research reports. 
21

 For instance, one analyst asserted that he presented both of cash flow from operations (OCF) and funds 

from operations (FFO) in his report but I/B/E/S picked up FFO as cash flow per share metric (CPS) instead 

of his OCF.   
22

 Analysts often receive calls from I/B/E/S about whether they use sector-standard approach to compute 

certain forecast measures. I/B/E/S strongly recommends analysts to use sector-standard approach, and it 

sometimes exclude some analysts‘ forecast estimates if the analysts do not follow what the majority of 

analysts in the industry sector use. Also, analysts receive machine-generated emails when their estimates 

are significantly deviated from consensus of other analysts. Analysts frequently experience that I/B/E/S 

excludes their estimates owing to the deviation from consensus. I will discuss in details in the next chapter.   
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instance, Exhibit 3 presents excerpts from two consecutive reports by the same analyst 

for the same firm in the same year. Panel A shows that the analyst does not revise an EPS 

estimate (fixed at $4.61). She also issues her cash flow forecast (OCFPS), but she does 

not present her previous cash flow estimate. To construct the dataset of analysts‘ cash 

forecast revisions, I thus looked up her previous report and found that her cash flow 

forecast on July 29 was $17.55, suggesting that the analyst revised her cash flow forecast 

downward (from $17.55 to $16.28).  

Panel B presents an excerpt from the analyst‘s report in the succeeding month. 

Notice that she does not present her previous EPS estimate along with her current EPS 

estimates ($4.51). To construct the dataset of analysts‘ earnings forecast revisions, I thus 

looked up her previous report; she did provide her previous earnings estimate when she 

delivered good news (i.e., no revision) in September (Panel A), but she chose not to 

present her previous estimate when she delivered bad news in October (Panel B). It is not 

clear whether the analyst—in her October report—happened to mistakenly forget to 

present her previous EPS or whether she strategically made her downward revision less 

salient. In any case, this anecdotal example is consistent with my conjecture that analysts 

have incentives to present good (bad) news in a more (less) salient way.  

Some analysts do not provide prior estimates in tabular format, but write current 

and previous estimate information in text. For instance, an UBS Warburg analyst wrote as 

follows: 

Fine-Tuning Estimates 

We are adjusting our 2003 and 2004 EPS/CFPS estimates to reflect a 

higher DD&A and tax rate.  
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Our 2003 EPS/CFPS estimates have been revised to $6.50/$16.35 from 

$7.40/$16.25... The most significant change to our model is an increase to 

the DD&A rate, resulting in a very modest adjustment to our 2003 

EBITDX estimate, which is just under $4,200 million. We have increased 

the full-year tax rate to about 35%, up from 31% previously. Additionally, 

full-year companywide realized price differentials have been increased, 

which is front-end loaded to take into account an expected improvement in 

realized prices through the year.  

- Excerpt from research report for Devon Energy Corporation (DVN) on 

May 8, 2003 by UBS Warburg.    

For the above report, I recorded a downward earnings forecast revision in 2003 (from 

$7.40 to $6.50) and an upward cash flow forecast revision (from $16.25 to $16.35), 

which is OPDCFR when delivering bad news.  

All in all, I read a total of 700 analyst research reports to construct the forecast 

revision dataset of the 412 analyst reports (Appendix A). The analysis of analyst research 

reports indicates that some analysts do not present their prior forecast estimate in the 

reports. However, prior forecast information is available on real-time, web-based 

interfaces of information intermediaries. Exhibit 1 presents a screenshot of Thomson 

Reuters‘ information service product.
23

 The table in the bottom, right of the screenshot 

shows that the information service provides prior forecasts and illustrates downward 

(upward) revisions as red down (green up) arrows. Such saliency makes market 

participants refer to analyst forecast revisions when evaluating firm values.        

6.4 Descriptive Statistics 

Of 73 analyst reports that indicate OPDCFR for the 29 Fortune 500 firms (45 bad 

news and 28 good news reports), 28 analyst reports contain the reasons why the analysts 

                                                      

23
 I/B/E/S is one of the service units of Thomson Reuters. 
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issue OPDCFR (17 bad news and 11 good news reports). Table 6 catalogs the 

documented justifications of OPDCFR in the analyst reports. The second and third 

columns show the frequencies of OPDCFR justifications as they appeared in the 17 bad 

news reports. 

The most common reason for issuing OPDCFR is that analysts expect a change 

associated with deferred taxes. 6 of 17 bad news reports (35.3%) indicate that the analysts 

issue OPDCFR because the analysts update their expectation for the firms‘ deferred taxes. 

For instance, one of the bad news reports describes that the report‘s analysts issued 

OPDCFR because they predicted higher deferred taxes (a positive cash flow revision) 

while expecting slightly higher production costs than they had previously projected (bad 

news earnings forecast revision). 

The last two columns in Table 6 present the frequencies of OPDCFR justifications 

as they appeared in the 11 good news reports. As in the bad news reports, deferred taxes 

in the good news reports are the most common justification of OPDCFR (36.4%). 

However, aggressive marketing spending (SG&A) is also the most common reason of 

OPDCFR when analysts issue good news earnings forecast revisions. Notice that good 

and bad news reports appear to provide different justifications for their OPDCFR. Good 

news reports tend to attribute OPDCFR to increasing outflow of operating cash (e.g., 

―aggressive marketing spending‖) in analysts‘ forecasting models; whereas bad news 

reports refer to increasing inflow of operating cash (e.g., ―a favorable shift in the mix of 

self-pay receivables‖ or ―upfront cash collections‖) or to a revaluation of fixed assets 

(e.g., ―an increase to the DD&A rate‖ or ―a non-cash impairment charge‖) in analysts‘ 

forecasting models.  
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Table 7 reports descriptive statistics of the dataset associated with the forecast 

characteristics of the 412 analyst reports, which I have systematically analyzed. Panel A 

shows that 27% of analysts issue OPDCFR (OPDP). However, the proportion goes up to 

53% when analysts deliver bad news in earnings forecasts (BOPDP); whereas only 16% 

of analysts issue OPDCFR when delivering good news in earnings (GOPDP). Panel B 

illustrates that the propensity to issue cash flow forecasts when delivering bad news in 

earnings is 16%  greater than when delivering good news in earnings (80 % less 64 %; 

Diff_CFP = BNCFP - GNCFP). Also, consistent with my hypothesis (see Section 2), the 

propensity to issue OPDCFR when delivering bad news in earnings is 37% greater than 

when delivering good news in earnings (53% less 16%; Diff_OPDP = BOPDP - GOPDP). 

All the mean differences are significant at a 0.01 level, thus supporting the above 

hypothesis. 

6.5 Logit Analyses 

Panel A of Table 8 provides the logit regression results of the model specified in 

equation (1) using the hand-collected dataset. As predicted in section 2 and consistent 

with the above empirical tests, the coefficient on EBNijt of Model 1 is significantly 

positive at a 0.01 level.  

While forecast revisions reflect analysts‘ changes in their forecasting model 

assumptions, stock recommendations are known to reflect analysts‘ long-term perspective 

or long-term investment stance (Francis and Soffer 1997). Thus, analysts tend to revise 

their recommendations less frequently than they revise earnings and cash flow forecasts. 

In other words, stock recommendations tend to be rather static; whereas their earnings 
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forecasts tend to be dynamic. Hence, I suggest that some analysts may issue OPDCFR 

because they want to conform their CFR to their stock recommendations. Model 2 shows 

that both the coefficient estimates on EBN and CONCFREC are significantly positive. 

The results suggest that analysts are more likely to issue OPDCFR when issuing bad 

news in earnings than when issuing good news in earnings, supporting Hypothesis [ α1  > 

0], and that analysts are more likely to issue OPDCFR if their cash flow forecast 

revisions are in line with their stock recommendations (i.e., CONCFREC = 1).  

Model 3 in Panel A examines whether the effect of CONCFREC would be 

stronger for bad earnings news than good earnings news by including an interaction term 

of EBN*CONCFREC as follows: 

     𝑃𝑟 𝑂𝑃𝐷𝐶𝐹𝑅𝑖𝑗𝑡 = 1 = 𝑙𝑜𝑔𝑖𝑡 [𝛼0 + 𝛼1 ∗ 𝐸𝐵𝑁𝑖𝑗𝑡  

                     +𝛼2 ∗ 𝐶𝑂𝑁𝐶𝐹𝑅𝐸𝐶𝑖𝑗𝑡    

                                                +𝛼3 ∗  𝐸𝐵𝑁 ∗ 𝐶𝑂𝑁𝐶𝐹𝑅𝐸𝐶𝑖𝑗𝑡 + 𝜀],             (3) 

where CONCFRECijt  is an indicator variable of the conformity of cash flow forecast 

revisions with stock recommendations. It equals 1if analyst i revises cash flow forecast 

upward while issuing BUY recommendation or if analyst i revises cash flow forecast 

downward while issuing SELL recommendation.  

The coefficient estimate on the interaction term between EBN and CONCFREC is 

significantly positive, suggesting that there exists a significant interaction between the 

effect of CONCFREC and that of EBN on analysts‘ decision to issue OPDCFR. The 

result indicates that if analysts‘ cash flow forecasts are in the same direction as their stock 

recommendations (i.e., CONCFREC = 1), analysts are more likely to issue OPDCFR 

when issuing bad earnings news than when issuing good earnings news (α3 > 0). 
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However, the negative coefficient estimate on EBN (α1 < 0) suggests that, if analysts‘ 

cash flow forecasts are in the opposite direction to their stock recommendations (i.e., 

CONCFREC = 0), analysts are less likely to issue OPDCFR when issuing bad earnings 

news than when issuing good earnings news. Similarly, the negative coefficient estimate 

on CONCFREC (α2 < 0) suggests that, if analysts deliver good earnings news (i.e., EBN 

= 0), analysts are less likely to issue OPDCFR when their cash flow forecasts are in the 

same direction as their stock recommendations (i.e., CONCFREC = 1) than when their 

cash flow forecasts are in the opposite direction to their stock recommendations (i.e., 

CONCFREC = 0). Overall, the results of Model 3 suggest that analysts consider whether 

their cash flow forecasts are in line with stock recommendations when they decide to 

publicize OPDCFR with bad earnings news. Panel B of Table 8 provides the conditional 

maximum likelihood estimation of analysts‘ propensity to issue OPDCFR. The results of 

Panel B are consistent with that of Panel A, even after controlling for the firm and year 

fixed effects. 

Table 9 provides the logit regression tests the effect of the conformity between 

stock recommendations and earnings forecast revisions on analysts‘ issuing OPDCFR. 

Models 2 and 3 examine the effect of whether an analyst‘s cash flow forecast is in the 

same direction as her stock recommendation (i.e., CONERREC = 1). Panel A shows that 

the coefficients on CONERREC and its interaction term with EBN are insignificant, 

suggesting that an analyst‘s likelihood to issue OPDCFR is not associated with whether 

the analyst‘s earnings forecast news is in line with her stock recommendation (i.e., 

CONERREC = 1). 
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The findings from the archival analysis presented above are consistent with my 

‗signaling‘ hypothesis. However, without examining whether analysts think and act in a 

way that I hypothesized in chapter 3, analysts‘ selective decisions to issue cash flow 

forecasts when delivering good and bad news remain as a conjecture. Hence, I conducted 

field research to complement the preceding quantitative empirical research in the 

following chapter 7.  
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Chapter 7                                                                                                  

Field Research 

7.1 Introduction 

This chapter presents field research on sell-side analysts‘ forecasting activities. 

The empirical evidence presented in the previous two chapters indicates that analysts are 

more likely to issue cash flow forecast revisions in the opposite direction to their earnings 

forecast revisions when they issue bad news earnings forecast revisions than when they 

issue good news earnings forecast revisions. The empirical evidence is consistent with 

my ‗signaling‘ hypothesis—that analysts strategically choose to issue cash flow forecasts 

to diminish investors‘ confidence in the analysts‘ bad news earnings forecasts. However, 

without examining whether analysts indeed think and act in a way that I projected in 

Chapter 3 (based on Hughes and Pae, 2004), the strategic issuance of analyst cash flow 

forecasts remains as a conjecture.  

Research suggests that field research can contribute to empirical research with 

respect to the validation of empirical results, the interpretation of statistical relationships 

and the clarification of puzzling findings (Sieber, 1973; Jick, 1979). That is, if the 

findings of field research are consistent with empirical analyses, a researcher can build 

confidence in his empirical results and his findings are no longer attributable to 

methodological artifacts. Moreover, even if the findings of field research are inconsistent 

with empirical results, the field researcher can still elicit alternative explanations that 

would have been neglected or very difficult to find without his field research. Hence, I 

conducted field research to complement the preceding quantitative empirical research. In 
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particular, I interviewed sell-side analysts to investigate (i) analysts‘ incentives to delay 

or to moderate the negative impact of their bad news earnings forecasts and (ii) whether 

analysts decide to issue cash flow forecasts according to their good and bad news 

earnings forecasts.  

The remainder of this chapter is organized as follows: In the following section, I 

describe sample selection and interview methodology. Then, I discuss the results of field 

research. In the final section, I offer concluding remarks. 

7.2 Methodology 

7.2.1 Sample  

I interviewed 12 sell-side analysts. Analysts are known to have very intense work 

schedules and to be under heavy time pressure. Hence, financial incentives that may 

motivate MBA students to participate in experimental research would not work for busy 

equity analysts. To recruit a sizable number of analysts to interview for the field research, 

I approached potential interviewees in Toronto and New York through three different 

channels: The alumni pool of a major Canadian business school; the Dean‘s Advisory 

Board of said school; and my personal contacts from previous work experience at Dow 

Jones Newswires. In particular, a finance professor from said business school and a top 

executive on the Advisory Board helped to recruit potential interviewees. I then contacted 

the volunteer analysts to set up an in-person interview schedule. Owing to analysts‘ 

typically busy day and evening work schedules, it sometimes took me weeks or months 

to schedule (or reschedule, due to sudden cancellations) interviews. Over 10 months of 
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field research (from January to November 2008), I met with 12 analysts: 11 men and 1 

woman.  

The interviewed analysts are affiliated with four different banks. All banks 

provide full investment services—such as retail brokerage, institutional sales and trading, 

equity research, and investment banking. The interviewees have a mean of 12 year-long 

equity analyst experience, in addition to several years of professional experience in other 

sectors—such as buy-side asset management, management consulting, information 

technology, and mining. The descriptive statistics of my I/B/E/S dataset indicates that my 

empirical sample analysts have a mean experience of 8.5 years of equity analyst 

experience (EXPG), suggesting that the interviewees are senior analysts. The job titles of 

the interviewees include the head of an equity research group, four managing directors, a 

senior vice president, and three directors. Most of the interviewees have been ranked first 

in their earnings forecast performance and/or their stock picking skills by Thomson 

Reuters‘s business units, or other similar investor services, several times throughout their 

careers. A majority of the interviewees has business or economics undergraduate degrees 

and 4 interviewees have engineering undergraduate degrees. 9 of the interviewees have 

MBA degrees and 2 have graduate degrees in engineering. 10 of the interviewees are 

CFA (Chartered Financial Analyst) charter holders and 2 of them are members of the 

Canadian Institute of Chartered Accountants (CICA). Only one of the interviewees does 

not have formal business or economics education (BA or MBA) or such professional 

designations as CFA or CA.  
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7.2.2 Interview Methods 

I conducted the interviews by on-site visits or by phone. To gain first-hand 

knowledge of the interviewees‘ working environment, I tried to meet them in person by 

visiting their offices. However, for one of the interviewees, I had to conduct a phone 

interview due to logistic constraints. Three of the analysts were interviewed more than 

once, and average interview times were about 50 minutes each.
24

 Studies suggest that 

field researchers should pretest questions to minimize opportunity loss, especially when 

interviewing high-profile professionals (Huber and Power 1985). I thus pretested 

interview questions with two interviewees in January 2008. Exhibit 4 presents examples 

of interview questions asked.  

I began the first meeting with an interviewee by briefly introducing the 

study and myself. Research indicates that it is important, for the accuracy of field 

research, to explain to interviewees the relevance of their participation in a study 

(Huber and Power 1985). Thus, I explained to the interviewees how research 

results can be useful to their profession, as well as to my research and teaching. 

For instance, to build initial rapport with the interviewees before moving to more 

formal interviews, I revealed that I used to write Dow Jones Newswires’ daily 

stock market reports, summarizing analysts‘ perspectives (Exhibit 5). I also 

informed the interviewees that the 2008 American Accounting Association 

(AAA)‘s Annual Meeting had such sessions as ―Analyst Labor Market Issues‖ 

and ―Analyst Incentives and Forecast Bias.‖ The interviewees were excited to 

                                                      

24
 I met with one of the interviewees three times and with two of them twice. 
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learn that many accounting scholars indeed study analysts‘ professions.
25

 

Research indicates that interviewees may not respond accurately if they are afraid 

of the adverse effects of their responses (Huber and Power 1985; Young 1999). 

To overcome interviewees‘ reluctance to freely divulge information, I had the 

interviewees sign an information-consent letter, which ensures the anonymity and 

confidentiality of their responses, as follows in the Excerpt from Information-

Consent Letter (see Exhibit 6 and 7 for details of the Letter and the Consent 

Form): 

If you feel your personal or professional interests at risk, you may decline 

to answer any questions asked during the interview. Further, you may 

decide to end the interview at any time. If you decide to withdraw, either 

during or after the interview, I will offer to leave and delete the incomplete 

interview clip (i.e., the mp3 file) with you. I will conduct a series of 

interviews with multiple participants for this project. Your name or 

brokerage affiliation will not appear in any report, publication or 

presentation regarding this study, although anonymous quotes will be 

included. 

 

The interviews were routinely tape-recorded. However, recording was not always 

possible, as three of the on-site interviewees expressed concerns about their anonymity 

and I could not record the phone interview. For the four interviews that I did not tape-

record, I took notes during the interviews and then followed by summarizing them and 

cross-checking them (via emails) for accuracy with the interviewees.  

The format of the interviews was semi-structured, face-to-face interviewing, using 

open-ended questions that followed a general script and covered a list of topics. Bernard 

                                                      

25
 Some of the interviewees asked me to send them further information about the Annual Meeting and the 

papers presented. I will discuss how analysts perceive academic research and its impact on practice in 

section 7.3.4.    
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(2002) suggests that the semi-structured interview format is optimal when researchers do 

not have more than one chance to interview informants and when field researchers are 

dealing with high profile bureaucrats or elite members of a society who are accustomed 

to efficient use of their time. Also, research indicates that upper-level managers are 

impatient with tedious, highly structured questions or tasks (e.g., Kincaid and Bright, 

1957; Dexter, 1970). Overall, the analysts I interviewed were highly cooperative and 

were skilled presenters; the semi-structured open-ended probing in dialogue format (as 

opposed to directive probing to lead to answers) allowed the interviewees‘ answers to 

direct further questions and provided the opportunities for investigating important issues 

that were not selected prior to the meeting but proved to be relevant to the study. 

Accordingly, it was often not necessary to follow-up with additional questions, as the 

ones I had in mind were usually answered by simply allowing interviewees to continue 

answering the initial, open-ended questions.   

7.3 Results  

7.3.1 General Findings 

In the interviews, analysts indicated that they had not received any kind of formal, 

systematic training (at work or at outside work) to become analysts or to excel as analysts. 

According to the interviewees, there exist several routes to become a sell-side analyst. 1) 

Large banks internally promote a small number of ―proven to be competitive‖ research 

associates. The research associates usually join banks out of selective business schools 

(mostly with MBA degrees) and work with senior analysts, assisting in various ways until 

the head of equity research group promotes them to the position of ‗analyst.‘ According 
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to the interviewees, not many of the research associates are promoted as analysts. Given 

that there exists no formal training or qualifying exams for analysts, the interviewees 

expressed that talent is demonstrated in such as way that some people have it and others 

do not. 2) Some investment professionals, such as money managers, stock traders, or 

credit analysts choose to be equity analysts. They have the competitive advantage of 

deeply understanding how the market works. 3) Banks sometimes recruit specialists 

outside of the financial sector. Specialists include management consultants, corporate 

finance or accounting managers, and engineers with industry-specific expertise.  

The interviews suggested that analysts often change their covering industry in the 

middle of their analyst career. Peter (a pseudonym), whom I interviewed in October, 

2008—suggested that good analysts can excel in myriad industries (except in a few 

specialized industries, such as mining and biotech): ―Analysts are like 747 pilots: they 

can fly other planes effectively.‖
26

  

Many of the interviewees, especially senior analysts, expressed that they believe 

―[Microsoft‘s] excel spread sheets don‘t give the answers – people do.‖ That is, multiple 

analysts asserted that behavioral aspects are very important in their business. In particular, 

the interviewees emphasized that good analysts should have great knowledge of the 

behavioral aspects of stock markets, managers, clients, sales persons, etc. Several 

analysts suggested that they are playing ―estimate games‖ with managers (I will discuss 

signaling aspects suggested by the interviewees in subsection 6.3.3). Accordingly, a few 

interviewees confessed that they often give their research associates a certain bottom-line 

                                                      

26
 To protect the anonymity of the interviewees, all names used in the paper are pseudonyms and are not 

associated with the real names of the interviewees. 



57 

 

number from their educated guess, so that the associates can come up with detailed 

models filled with ‗make-sense‘ numbers, which will indicate the bottom-line number. 

This is called a ‗bottom-up approach‘ (as opposed to a ‗top-down approach,‘ which 

computes line by line from revenues to earnings).  

While multiple numbers of senior, male analysts with distinguished track records 

indicated that they often use reverse-engineering (bottom-up) practices, the one and only 

female (the most junior of all interviewees, with three years of analyst experience) 

interviewee strongly opposed such an idea that analysts (or their research associates) fill 

up forecasting models to meet a predetermined bottom-line number. She insisted that the 

bottom-line number is the outcome of extensive forecast modeling (as opposed to the 

outcome of analysts‘ ―estimate games‖ with managers). While this may uncover unique 

variance by gender (by-the-book practice of females versus playing-it-by-ear males) or 

by length of experience, which otherwise may have been neglected by archival study, 

further research is necessary, owing to the lack of sufficient sample sizes by gender or 

experience levels.
27

     

The interviews reveal that analysts revise their forecast estimates four to eight 

times per year, on average. Analysts usually revise their forecasts right after management 

quarterly earnings announcements. Some analysts also revise their forecasts at the end of 

quarters, when managers disclose material changes in earnings guidance. The interview 

evidence is consistent with the descriptive statistics of my I/B/E/S dataset, which 

indicates 5.1 times per year (FREQ).    

                                                      

27
 The next most junior analyst has five years of analyst experience. However, he is an industry specialist 

with a decade-long experience in his specialty. Other analysts have at least eight years of analyst 

experience.  
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As discussed in section 7.2, analysts I interviewed were very instructive and they 

frequently gave scholarly, theoretical explanations for describing what they are doing. 

Indeed, the interviewees demonstrated good command of academic vocabulary in game 

theory and behavioral finance. Their references included their MBA class materials, the 

financial press, best-seller finance and economics books, and word of mouth from their 

mentors.    

7.3.2 Delivery of Bad news 

This study‘s field research reveals that analysts tend to feel pressured by 

management when they decide to disseminate bad news. It indicates that some managers 

take analysts‘ downgrades highly personally, as if the analysts do not appreciate the 

managers‘ management skills. Joe—who I interviewed in February, 2008—described that 

―managers of the issuing company are the biggest forms of resistance we get when we 

change our earnings estimates downwards.‖ Consistent with the above quotation and with 

Clement and Westphal (2007), all of the 12 interviewees indicated that they experienced 

management retaliation after they issued downward earnings forecast revisions. For 

instance, some managers ignored the interviewees‘ inquiries during a conference call 

after the interviewees had issued bad news.  

The interviewees suggested that analysts continuously communicate with 

managers. They described that, when analysts attempt to disseminate a negative outlook, 

managers often ask analysts to ―soften up‖ the bad news or they later call up analysts to 

explain why the analysts issued the bad news. In particular, Brian—one of the analysts I 

interviewed in September, 2008—indicated that he often shows his forecasting models to 
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managers before he publically disseminates his research. I questioned Brian if it does not 

violate Regulation Fair Disclosure to privately communicate with managers. Brian 

responded: 

I do not know much about legal issues but, for compliance reasons, I black 

out any subjective opinions or estimates before I send my research to 

managers. So, basically, I only check out factual information with 

managers.  

Brian then added that he tends to check out ―factual information‖ with managers more 

frequently when he delivers bad news, compared to when he delivers good news. That is 

because he expects that managers are likely to ask him to explain why he changed his 

estimates downwards.  

The interviewees further suggested that analysts feel pressured when delivering 

bad news, not only by management but also by other interested parties. The interviewees 

described that analysts want to please all interested parties: Interested parties of analyst 

forecasts include the following: 1) buy-side investors (institutions and pension fund 

managers), 2) retail, individual investors, 3) internal sales forces, 4) investment bankers, 

5) managers of issuing companies, and 6) the banks the equity analysts work for as whole 

(fixed income analysts, credit analysts, and senior executives of the banks). Exhibit 8 

illustrates how information flows from managers to investors. The down arrow on the far 

right-hand side in Exhibit 8 reveals that information flows from managers (who have 

private information) to the market (where investors buy and sell shares). Analysts, as 

information intermediaries, collect raw information from managers and process it to help 

investors value the future profitability of firms. At the same time, investor services firms, 

such as I/B/E/S, collect and summarize analyst forecasts for investors. According to 
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interviewees, most, if not all, of the interested parties are likely to be unhappy when 

analysts deliver bad news. For instance, internal sales persons who are working on the 

trading floor prefer to pass along analysts‘ good news forecasts. George—who I 

interviewed in February 2008—described why analysts do not want to deliver bad news: 

Analysts do not want to be remembered as someone who delivered 

negative news for a firm when the stock prices still go up. Everybody will 

hate the analyst when they miss the opportunity of marginal capital gain. 

Thus, analysts would rather wait until the share price begins to ride on 

downhill before they publish bad news on the stock.  

By the time I interviewed the 12
th

 analyst in November 2008, the U.S. economy 

entered the longest downturn since the Great Depression of the 1930s. Stock prices 

plummeted, and banks began to lay off a significant portion of their sell-side analysts in 

an effort to cut costs and tighten their operations. For instance, Goldman Sachs, one of 

the most prestigious investment banks, cut nearly 10 percent of its equity research group; 

this action represents one exemplary case of why sell-side analysts may want to please 

such interested parties as investors and the banks‘ management (whom the analysts work 

for) by avoiding or delaying bad news (Sanati, 2008). Sanati (2008) asserted:  

In large part, those Goldman analysts who were laid off appear to have 

been covering companies in areas where business has been weak and 

where there could be a lack of investor interest. 

 

Interestingly, many of the interviewees claimed that they remain objective when 

they are estimating future earnings, even when they expect to deliver bad news. But they 

also stated that they know that other analysts may take into consideration the interested 

parties‘ preferences, thereby influencing how they deliver bad news forecasts. Three of 

the interviewees suggested that analysts are likely to be influenced by interested parties‘ 
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preferences or management resistance against bad news—especially when analysts are at 

an early stage of their career. The finding is in line with ―impression management,‖ 

which leads analysts to give a socially desirable response that they themselves would not 

impair their independence but others might (Golden, 1992; Huber and Power, 1985; 

Young, 1999). 

Some of the interviewees provided another perspective on the issue of associating 

analysts with bad news. They described that analysts, by nature, tend to seek good news 

for firms in such a way that can be unrelated to the above noted pressures to please 

managers. They indicated that, after all, analysts themselves are the ones who eventually 

make a judgment call on whether or not they cover certain firms. Hence, analysts tend to 

have ―faith‖ in the firms that they choose to cover. This suggests that analysts are likely 

to be optimistic for a firm‘s future profitability when they have recently added the firm 

on their coverage list (e.g., high-tech firms), compared to when they have followed the 

firm for a long period (e.g., mature firms).  

7.3.3 Cash Flow Forecasts  

The interviewees suggested that analysts rarely issue cash flow forecasts without 

accompanying earnings forecasts. The interviewees asserted that future cash flow 

information is supplementary to earnings information. They also revealed that most 

analysts compute every line of income statements and balance sheets in their forecast 

models. That is, most analysts forecast future cash flows, and they accordingly have 

discretion over whether to publicize the cash information. For instance, in the late 90s, 

telecom analysts did not issue cash flow forecasts. According to telecom analysts I 
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interviewed, although many analysts did compute future cash flows, they did not 

publicize future cash flows because telecom companies did not generate good cash flows. 

Telecom analysts—who had faith in the apparent bright future of the telecom industry—

did not want to publicize poor cash flow forecasts, as it would make interested parties 

(including managers of the telecom companies, sales persons, and investors) unhappy.   

With regards to whether and why analysts may supplement earnings forecasts 

with cash flow forecasts, multiple interviewees asserted that analysts tend to provide a 

―balanced view‖ when they deliver bad news, but not vice versa when they deliver good 

news. Many of the interviewees described that (i) investors tend to accept good news in 

earnings at face value, owing to their ―general optimism‖ and that (ii) interested parties, 

including investors, tend to seek a ―rosy‖ outlook on ―beaten up stocks;‖ accordingly, 

they demand analysts to show ―a different way to look‖ at the beaten up stocks. Peter 

asserted that investors‘ general optimism is natural, ―as life strives to survive‖ and ―as 

everybody is naturally inclined to focus on good news.‖ He then elaborated thus: 

When you drive backward, you observe bad news; you turn your head 

back [and] you search for supplemental information. However, when you 

drive forward, you observe good news; you just take a peek in the mirror 

once in a while and so don‘t really search for much supplemental 

information.  

A few interviewees suggested a more specific reason why interested parties 

demand analysts to provide cash flow information when delivering bad news. That is, 

interested parties come to worry about a firm‘s liquidity or yield support (related to debt 
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covenant) when analysts issue downward earnings forecast revisions.
28

 Accordingly, 

analysts are likely to choose to discuss cash flow information in their reports in response 

to investors‘ demands for ―a support level‖ for the bad news. 

With regard to the technical issue of how analysts supplement earnings forecasts 

with cash flow forecasts, the interviewees indicated that analysts do not arbitrarily opt-in 

and opt-out cash flow forecasts in their summary table. Rather, analysts include a bullet 

point, qualitative discussion, or statement of cash flows, in their reports to emphasize 

cash flow information. I will discuss how I/B/E/S processes analyst supplemental 

disclosures in the following subsection.      

The interviews suggested that there are a group of analysts who do not (even 

internally) forecast future cash flows (i.e., they do not include cash flows in their forecast 

models). According to the interviewees, analysts do not forecast future cash flows in the 

following cases. 1) Some analysts—who are usually affiliated with small banks—simply 

do not have sufficient financial modeling skills, owing to a lack of educational 

background in accounting and corporate finance. In particular, some ―old school‖ 

analysts cannot build sophisticated forecast models. Thus, they do not have other choices 

but must rely on their subjective judgments, based on firms‘ earnings guidance. Also, for 

firms in certain high-tech or specialized industries, some banks recruit industry experts 

with engineering degrees and no financial background. Those analysts do not have 

expertise in building sophisticated forecast models. 2) For some companies, forecasting 

                                                      

28
 Interested parties here include investors, lenders, and credit analysts (throughout the paper, ‗analysts‘ 

indicates ‗equity analysts‘). Equity analysts I interviewed suggested that they regularly meet with their in-

house fixed-income analysts to exchange information for firms they commonly follow. According to the 

interviews, some equity analysts write fixed-income (credit or bond) research reports as well as equity 

research reports for the same firms they cover.       
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cash flows is meaningless, owing to their industry-specific characteristics, such as 

extremely volatile raw commodity prices.  

7.3.4 Investor Services and Academics 

The I/B/E/S User Guide provides lengthy discussions about how the I/B/E/S 

defines each information item and applications of the I/B/E/S database. However, the 

User Guide does not inform how the I/B/E/S collects and processes analyst research 

reports. To further understand how I/B/E/S processes analyst forecasts, I interviewed the 

head of an equity research group associated with one of the major banks in North 

America, as well as three administrative staffs at two banks, and two of the I/B/E/S 

representatives who specialize in processing analyst research reports. The interviews 

revealed the following: 1) Brokerage houses electronically send their analyst research 

reports in Portable Document Format (PDF). There exists no monetary transaction 

between I/B/E/S and brokerage houses (or their analysts) with respect to providing or 

collecting summary information of analyst research. However, brokerage houses are 

usually clients of the I/B/E/S, as banks subscribe to Thomson Reuters‘ information 

service products.  

2) Specialists of I/B/E/S collect pertinent summary information by reading in the 

entirety of analyst research submitted in PDF. Two I/B/E/S specialists I interviewed in 

August, 2008 asserted that they specialize in certain industries so that they can 

understand what and how exactly analysts compute each forecast item. Also, Specialists 

constantly check with analysts if the analysts use industry-standard measures for each 

information item to provide the I/B/E/S clients with standardized information. The 
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interviews suggested that I/B/E/S Specialists read the full text of analyst research. Thus, 

they are able to pick up important summary information, even when the information is 

not in the summary table on the front page of an analyst‘s report. 

The interviewees revealed that analysts believe that I/B/E/S tends to take too 

much control of what and how analysts forecast, and that it thus often prevents analysts 

from disseminating informative data to the markets. Multiple interviewees expressed that 

I/B/E/S or other investor services tend to facilitate ―herding‖ of analyst forecasts. Exhibit 

9 presents an email that Joe received from StarMine of Thomson Reuters.
29

 Exhibit 9 

indicates that StarMine automatically alerts an analyst if the analyst‘s forecast deviates 

more than two standard deviations from a mean of other analysts‘ forecasts. According to 

the interviewees, I/B/E/S Specialists call analysts when analyst forecasts deviate from a 

mean consensus of other analysts‘ forecasts, and they often drop the analysts‘ forecasts 

when computing a mean consensus earnings estimate (if the analysts do not modify their 

forecasts in a harmonized manner). The interviewees asserted that I/B/E/S Specialists not 

only ―guide‖ estimates of analyst forecasts but also ―impose‖ pressure upon analysts to 

use standard measures that I/B/E/S suggests for companies in each industry. The 

interviewees suggested that some of I/B/E/S measures are not the best informative 

measures. Some of the interviewees ended up following what I/B/E/S suggests; whereas, 

a few of the interviewees—who have been ranked as the best analysts over several 

years—chose to continue to use measures that, they believe, are the best for their clients 

(buy-side institutional investors), thereby ignoring I/B/E/S Specialists‘ recommendations. 

                                                      

29
 Like I/B/E/S, StarMine is one of the service units of Thomson Reuters. StarMine uses I/B/E/S to rank 

analyst earnings forecast performance (See http://www.starmine.com/ for details).  

http://www.starmine.com/
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Some of the interviewees suggested that academic research often leads investor 

services. That is, investor services tend to develop new information products (e.g., new 

composite measures) based on academic research published in top financial economics 

journals. Investor services then push analysts to provide forecasting information in a way 

that accounting and finance scholars hypothesized in their research, regardless of whether 

analysts believe it to be informative or not. One of the interviewees noted that such a 

situation ―is like putting the cart before the horse.‖  

7.4 Concluding Remarks  

 In this field research, I ‗triangulate‘ my investigations of whether analysts 

strategically decide to publicize cash flow forecasts according to their good and bad news 

earnings forecasts. That is, in the preceding two chapters, I examine analysts‘ propensity 

to issue OPDCFR, using two alternative data sources (the I/B/E/S dataset of analyst 

forecasts and the Thomson Research dataset of analyst research reports).  

 In this chapter, I augment the empirical evidence presented in the preceding 

chapters by interviewing 12 sell-side analysts in Toronto and New York. In particular, I 

find the following perspectives on analysts‘ forecasting activities: 1) Analysts have 

various interested parties for their stock forecasts: buy-side investors; retail investors; 

internal sales forces; investment bankers; fixed-income analysts; and managers of issuing 

companies. Furthermore, analysts have a keen understanding of behavioral aspects of the 

interested parties and of the signaling aspects of their cash flow forecasts. 2) Analysts 

have strong incentives to delay or moderate bad news, owing to their relation with 

various interested parties (e.g., Goldman Sachs‘ layoff of analysts whose covering firms 
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underperformed and lost investor interest in section 7.3.2). But, analysts also have a 

tendency to seek good news for firms they follow. 3) Analysts have discretion over 

whether to publicize cash flow information, and some analysts have a tendency to 

publicize the cash information to please the interested parties (e.g., telecom analysts in 

the late 90‘s in section 7.3.3).       

 This study‘s field research also offers some unique variances, which otherwise 

may have been neglected by empirical research. 1) The interviewees suggested that 

analysts‘ forecasting decisions are more likely to be influenced by the interested parties‘ 

preference to avoid bad news when they are at an early stage of their career, compared to 

when they have distinguished track records. 2) The interviews revealed a possibility that 

male (senior) analysts may be more likely to play ―estimate games‖ with the interested 

parties than female (junior) analysts. 3) The interviews indicated that investor services, 

such as I/B/E/S, influence how analysts forecast in a particular manner, and, furthermore, 

that analysts perceive that academic research often leads investor services about how the 

investor services collect and summarize their forecasts.     
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Chapter 8                                                                                      

Conclusions 

In this thesis, I examine whether an analyst‘s forecast-specific motivation, namely 

the moderation of bad news, plays a role in analysts‘ decisions to voluntarily issue a cash 

flow forecast and an earnings forecast on the same day. I draw on Hughes and Pae‘s 

(2004) management partial disclosure equilibrium and predict how an analyst decides to 

issue a concurrent cash flow forecast revision according to her bad news and good news 

earnings forecast revision.  

I find that analysts are more likely to issue cash flow forecast revisions in the 

opposite direction to their earnings forecast revisions when they issue downward earnings 

forecast revisions than when they issue upward earnings forecast revisions. The results 

suggest that analysts may not make their decisions to issue cash flow forecasts as 

objectively as they ought to do in their role as independent information intermediaries.  

Rather, analyst decisions to issue cash flow forecasts are akin to managers‘ 

strategic decisions to voluntarily disclose supplemental information to affect investors‘ 

confidence in their primary news. The empirical and field research findings are consistent 

with news articles reporting that analysts and CFOs present cash flow forecasts in an 

effort to ―ward off stock-price volatility‖ which is induced by a depressing earnings 

number (MacDonald 1999a, 1999b). 

There exist two alternative yet non-mutually exclusive explanations of the 

empirical evidence. First, psychology research on Support Theory (e.g., Van Boven and 
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Epley 2003) suggests that analysts who want to affect investors‘ confidence in earnings 

forecast revisions will be motivated to make strategic cash flow forecast decisions (i.e., 

OPDCFR, SAMECFR, or SILENT) in the same manner as the above signaling game 

literature predicts. Based on support theory, Hirst et al. (2007) experimentally tested an 

original model of how supplemental disclosures affect investors‘ perceived credibility of 

management earnings forecasts. They revealed that investors perceive the credibility of 

good news earnings forecasts as higher for firms with detailed line-by-line forecasts than 

for firms with only bottom-line earnings forecasts and thus argue that the supplemental 

provision of constituent components information can affect investors‘ judgments on the 

credibility of earnings forecasts. In particular, with regard to reducing investor 

confidence, Van Boven and Epley (2003: 268) suggest that if constituent elements (e.g., a 

cash flow forecast revision) of an event (e.g., an earnings forecast revision) are 

inconsistent with the event (e.g., OPDCFR), the provision of the inconsistent elements 

may moderate the recipients‘ evaluation of the event.
30

 Accordingly, an analyst who 

understands the unpacking effect of support theory is likely to issue OPDCFR when 

attempting to moderate the adverse impact of her bad news earnings forecast revision. In 

other words, she signals low precision (i.e., OPDCFR) of the downward earnings forecast 

revision to reduce investors‘ confidence in her bad news. In effect, she moderates the 

negative impact of her bad news earnings forecast revision. On the other hand, an analyst 

                                                      

30
 Van Boven and Epley (2003: 268) state ―the constituent elements of a category or event that one is led to 

consider sometimes will not be consistently valenced so making those constituent elements easier to think 

about may lead to more moderate rather than more extreme evaluations (Linville 1982; Linville and Jones 

1980; Miller and Tesser 1986: Study 3; Paulhus and Lim 1994)‖. They then explain it using the following 

example: ‗A day at the beach contains many positive elements but also some negative elements such as 

crowds, jellyfish, and sunburns. Marking it easier to think about the details of a day at the beach could thus 

produce either more extreme or more moderate evaluation, depending on which details people are lead to 

consider.‘   
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who has a preference toward delivering good news is not likely to issue OPDCFR when 

issuing a good news earnings forecast revision.   

Second, accounting conservatism literature also suggests that analyst cash flow 

forecast decisions are likely to be observed in the same manner as the signaling theory 

predicts. Research on accounting conservatism suggests that managers tend to require a 

higher degree of verification for recognizing good news than for recognizing bad news in 

the financial reporting (e.g., Basu 1997; Richardson and Tinaikar 2004). In effect, a 

conservative manager will have more specific, verifiable information available to market 

participants (i.e., analysts and investors) regarding his good news earnings guidance than 

regarding his bad news earnings guidance. Hence, analysts are likely to use more 

uncertain estimation and judgment regarding bad news earnings guidance than regarding 

good news earnings guidance. If analysts have incentives to search for evidence against 

bad news (i.e., OPDCFR) in order to moderate bad news, they are more likely to issue 

OPDCFR when they deliver bad news earnings forecasts than when they deliver good 

news earnings forecasts.  

 Empirical tests and field research in my thesis shed light on the possibility that 

some analysts strategically choose what to disclose in their research reports in an attempt 

to moderate the negative impact of bad news earnings forecasts. However, I do not 

directly test whether analysts indeed affect investors‘ information processes by issuing 

cash flow forecasts as signaling theory predicts. Thus, future research can expand on my 

thesis by investigating whether and how markets respond to analysts‘ strategic decisions 
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to publicize cash flow forecasts according to good and bad news in earnings (e.g., De 

Franco, Lu, and Vasvari 2007; Mikhail, Walther, and Willis 2007). 
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Exhibit 1: Screenshot of Thomson Reuters Information Service Product, Thomson ONE 

 

(Source: www.thomsonreuters.com)  
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Exhibit 2: Operating Cash Flow and EBITDA 

 
Excerpts from research report for Comcast Corporation (CMCSA-NASDAQ) Cable/Satellite 

Industry on October 27, 2004 by Wachovia Securities.   
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Exhibit 3: Examples of Forecast Summary  

 
Panel A: Good News on Sep 01, 2004  

 

 
Panel B: Bad News on Oct 27, 2004  

 
Excerpts from research reports for Kerr-McGee Corporation (KMG) by Credit Suisse First Boston 
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Exhibit 4: Examples of Interview Questions 

Thank you very much for your time.  
 
This interview is informal, and your name or company identification information will not 
appear in any report, publication or presentation – although anonymous quotes could be 
included. 
 
I am interested in your decision-making process associated with releasing your earnings and 
cash flow forecast (revisions). Please think of your previous decisions regarding your 
revisions of earnings and cash flow forecasts. You do not need to tell the name of a firm or 
any specifics about the shares and timing.  
 
1. Decisions to Issue Cash Flow Forecasts: 

o Please describe the process that you follow to forecast future cash flows and 
earnings, for the share you selected.  

o What factors affect your decisions: e.g., (i) experience, (ii) individual expertise, (iii) 
industry practice, (iv) brokerage code? 

o When you issue earnings forecast revisions, how typical is it that you compute cash 
flow forecast (revisions) internally, but not issue the cash flow forecast information 
publicly.  

o If you decided not to issue cash flow forecast information publicly, please provide 
the reasons. 

 
2. Decisions to Revise Cash Flow Forecasts on the Same Day that you Revise Earnings 
Forecasts: 

o How typical is it that you issue cash flow forecasts on the same day as you issue 
earnings forecasts?   

o What drives such a decision to provide both earnings and cash flow forecasts on the 
same day (e.g., investors’ demands for cash flow information; the research head’s 
policy to provide concurrent cash flow information; firms’ accrual management)?  

 
3. Issuing a Downward Earnings Forecast Revision (Bad Earnings News):  

o In general, what makes you decide to revise your previous earnings forecasts? 
o Do you or your colleagues ever feel pressure when you revise earnings forecasts 

downwards, compared to when you revise earnings forecasts upwards? 
o If so, what sort pressure (i.e., pressure from whom)? (e.g., management of your bank; 

research head; managers of the firm you cover; investors who love to hear good 
news)  

o Do you revise earnings forecasts downwards as promptly as you revise them 
upwards? 

o Do other analysts seem to attempt to mitigate the negative impact of their downward 
earnings forecast revisions? 
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4. Decisions Regarding the Relative Direction between Earnings and Cash Flow Forecast 
Revisions (OPDCFR):  

o How typical is it that you issue cash flow forecast revisions in the opposite direction 
to earnings forecast revisions, when you issue them on the same day? 

o What drives such discrepant disclosures of earnings and cash flow information (e.g., 
the prudent reflection of difference in a change in accruals and cash flows; 
consideration of your relationship with the managers of the firm you covered)? 

o Please list instances in which you issued earnings and cash flow forecast revisions in 
the opposite direction.  

 
5. Personal Access to Management:  

o Has a manager failed to return your phone call or ignored your question in a 
conference call after you issued a downward earnings forecast revision? 

o Has a manager attempted to explain sources of decreasing earnings and to emphasize 
increasing cash flows? 

o Please account for any instances where you were denied access to the management 
after you issued negative forecasts.  

 
6. Analysts and I/B/E/S: 

o Please describe your experience with I/B/E/S. 
o What are your (or the brokerage house’s) incentives to use I/B/E/S as a channel to 

disseminate information that you produce? 
o Do you have complete discretion to disclose (withhold) supplemental information to 

(from) I/B/E/S subscribers? If so, what factors affect how you practice that 
discretion? 

o Does I/B/E/S have discretion to disseminate (withhold) the supplemental 
information that you provide to (from) its service subscribers. Or, has I/B/E/S 
unintentionally or mistakenly left out supplemental information that you submitted?     

o Has I/B/E/S modified your quantitative summary information, such as earnings and 
cash flow forecasts when it disseminates to its service subscribers? 
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Exhibit 5: Example of Daily Stock Market Report 

 

 

 

 

 
  

S Korea Shares Close Higher; Foreign Buying In Elec Stks  

07/10/2000  

Dow Jones International News  

(Copyright (c) 2000, Dow Jones & Company, Inc.)  

SEOUL -(Dow Jones)- Share prices on the Korea Stock Exchange closed higher 

Monday, with the key index up 1.2% on foreign buying after Wall Street gains Friday, 

analysts said.  

The Korea Composite Stock Price Index, or Kospi, was up 9.73 points, or 1.2%, to 

851.47.  

                        Monday    Previous   Change  

Kospi                   851.47     841.74   up 9.73  

Trading volume was fairly heavy at 526 million shares valued at 4.1 trillion won 

($1=KRW1,118). Gainers led decliners 499 to 319, while 63 stocks ended unchanged. 

The over-the-counter Kosdaq rose 0.43 point to 142.08 points.  

A total of 32 issues rose by their daily 15% limits, while three stocks closed limit-down.  

The Nasdaq Composite Index gained 62.63 points, or 1.6%, to finish at 4023.20, the first 

time since June 21 that it closed above 4000 points.  

Among blue chips, SK Telecom and Samsung Electronics led the rally Monday on heavy 

foreign buying. SK Telecom added KRW5,500 to KRW376,500 and Samsung Electronics 

was up KRW12,000 to KRW380,000.  

Securities shares gained sharply on expectations that the government will continue with 

financial sector reforms, despite protests from labor unions.  

While Daewoo Securities hit its daily 15% limit to KRW9,430 adding KRW1,230, 

Samsung Securities added KRW1,700 to KRW30,100 and Hyundai Securities was up 

KRW1,000 to KRW13,900.  

Bank shares were generally higher, despite a planned strike Tuesday. Kookmin Bank 

added KRW350 to KRW15,650, Shinhan gained KRW200 to KRW12,750, and Hanvit 

rose KRW60 to KRW2,790.  

Foreigners bought a net KRW241.6 billion worth of shares in the market Monday, while 

local institutions and retail investors sold a net KRW88.1 billion and KRW125.0 billion 

respectively. 

The leading South Korean September stock index futures contract was up 0.70 point to 

108.50, while the December contract was up 1.30 points to 109.45.  

The Kospi 200 spot futures stock index gained 1.20 points to 107.80.  

A total of 53,510 contracts were traded.  

Analysts said the market is expected to trade in a range of 845 to 860 Tuesday.  

-By Choong-Yuel Yoo , Dow Jones Newswires; 822-732-2165 
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Exhibit 6: Information-Consent Letter  

Title of Project: Analysts’ Voluntary Cash Flow Forecasts:   

 

Choong-Yuel Yoo (Queen’s School of Business, Queen’s University, telephone 613 453-

7905, email: cyoo@business.queensu.ca)  

 

Thank you for considering participating in my research regarding analyst cash flow 

forecasts. Participation in this study is voluntary and will take approximately thirty 

minutes of your time. The interview will be digitally recorded (on a Samsung Digital 

Audio Player) with your consent, but you have complete control of what will be disclosed 

through the interview. If you feel your personal or professional interests at risk, you may 

decline to answer any questions asked during the interview. Further, you may decide to 

end the interview at any time. If you decide to withdraw, either during or after the 

interview, I will offer to leave and delete the incomplete interview clip (i.e., the mp3 file) 

with you. I will conduct a series of interviews with multiple participants for this project. 

Your name or brokerage affiliation will not appear in any report, publication or 

presentation regarding this study although anonymous quotes will be included. You will 

be given a summary of the interview to check for accuracy as well as the opportunity to 

view the completed research paper to ensure that your and your company‘s anonymity is 

preserved. You will be asked at the end of the interview if you can recommend others 

that I should talk to about the same issues, for example, the other analysts, managers at 

companies, etc. You can decide at that time whether to take this next step in the process.  

Participation in the current interview is completely independent of whether you decide to 

recommend others to participate in this project. 

 

Access of the information acquired during the interview will be strictly restricted to 

myself and my thesis supervisor, Dr. Steven Salterio, only to the extent necessary for 

adequate supervision. The research results will be documented in my Ph.D. thesis and 

may be published at a peer reviewed scholarly journal. I may refer to the summary of the 

interviews in my follow-up studies, but the usage of the information acquired through the 

interview will be strictly restricted to scholarly and academic purposes. The data will be 

retained for seven years, in a secure area to which only authorized researchers (i.e., 

Choong-Yuel Yoo and Dr. Steven Salterio) have access. 
 

This project has been reviewed by, and received ethics clearance through Queen's 

university General Research Ethics Board. In the event you have any question or 

concerns about your participation in the study, please contact the Supervisor of this study, 

Dr. Steven Salterio, telephone 613-533-6926, email: ssalterio@business.queensu.ca, the 

Chair of the Queen‘s School of Business Research Ethics Board, Dr. Kelley Packalen, 

telephone 613-533-3243, email: kpackalen@business.queensu.ca, the Associate Dean of 

the Queen‘s School of Business, Dr. Julian Barling, telephone 613-633-2477, email: 

jbarling@business.queensu.ca and the Chair of the Queen‘s University General Research 

Ethics Board, Dr. Steve Leighton, telephone 613-533-6081, email: 

chair.GREB@queensu.ca. 
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Exhibit 7: Consent Form  

 

Analysts’ Voluntary Cash Flow Forecasts 
 

CONSENT FORM 

 

 

I agree to participate in a study being conducted by Choong-Yuel Yoo involving analyst 

cash flow forecasts. I have made this decision based on the information I have read in this 

Information-Consent Letter and have had the opportunity to receive any additional details 

I wanted about the study. I am aware that I have complete control of what will be 

disclosed through the interview and I may end this interview at any time and that all data 

will be held in strictest confidence. 

 

This project has been reviewed by, and received ethics clearance through, the Unit 

Research Ethics Board and Queen's University General Research Ethics Board. In the 

event you have any question or concerns about your participation in the study, please 

contact the Supervisor of this study, Dr. Steven Salterio, telephone 613-533-6926, email: 

ssalterio@business.queensu.ca, the Chair of the Queen‘s School of Business Research 

Ethics Board, Dr. Kelley Packalen, telephone 613-533-3243, email: 

kpackalen@business.queensu.ca, the Associate Dean of the Queen‘s School of Business, 

Dr. Julian Barling, telephone 613-633-2477, email:jbarling@business.queensu.ca and the 

Chair of the Queen‘s University General Research Ethics Board, Dr. Steve Leighton, 

telephone 613-533-6081, email: chair.GREB@queensu.ca. 

. 

 

 

 

Name: ____________________ Signature: ____________________  

 

 

Date:_______ 

 

 

 

By initialling this statement below,  

 

  

 

____  I am granting permission for the researcher to use a digital voice recorder. 
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Exhibit 8: Interested Parties of Analyst Forecasts 

 

  

Companies 

Banks 

Markets 
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Investment 
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 Press 
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Fixed Income 
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Exhibit 9: Sample Email Sent by Analyst Tracking Service 

 
   

From:    StarMine Monitor Alerts [monitorfeedback@starmine.com] 

Sent:      200X, August, XX 5:21 AM 

To:         Joe, The analyst 

Subject: T: New Mine-ders from StarMine 

 
StarMine has observed the following changes (or lack of changes) 

to your forecasts. We provide these Mine-der alerts as a service 

to help you monitor your data. If the data is current and 

accurate as reported below, feel free to ignore this message. 

  

The triggering of a Mine-der alert does not affect how StarMine 

calculates your performance, although we disregard your forecast 

if it has been excluded or stopped. 

  

Analyst: Joe, The analyst 

  

T US, The Firm Corporation: 

Your FY Dec-08 estimate (94 days old) is 2.2 standard deviations 

above the mean. 

$3.83 - Your current EPS estimate 

$3.69 - Thomson Reuters EPS mean 

View estimates on T for FY Dec-08 

  

Request Data Correction 

View all of your Mine-ders 

View all of your Current Data 

Turn off Mine-der e-mails 

 
About StarMine 

StarMine (www.StarMine.com) provides independent, objective ratings of Wall Street securities analysts 
by measuring them on their stock-picking performance and the accuracy of their earnings forecasts. 
StarMine provides institutional investors with a wealth of analyst-based research, including 
SmartEstimatesSM—better earnings forecasts than the Wall Street consensus—which are derived by 
putting more weight on the most accurate analysts. StarMine’s success rate at predicting earnings 
surprises approaches 75 percent. StarMine is a licensed redistributor of Thomson Financial I/B/E/S and 
First Call data. A privately-held company founded in 1998, StarMine is based in San Francisco with offices 
in New York, Boston, and Denver 

 

mailto:monitorfeedback@starmine.com
http://mail.google.com/mail/goog_1229186661703
http://mail.google.com/mail/goog_1229186661703
http://mail.google.com/mail/goog_1229186661703
http://www.nytimes.com/
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Table 1. Descriptive Statistics of Full I/B/E/S Sample on Analyst Characteristics for 

Sample Forecasts, 1994-2005 (n=22,191) 

 

Panel A: Distribution of Selected Analyst Characteristics before Standardization 

Variable Mean 25
th

Percentile Median 75
th

 Percentile 

EBNijt 0.495 0.0 0.0 1.0 

DAYSijt 8.0 1.0 3.0 8.0 

FHORijt 87.7 56.0 67.0 92.0 

LAG_ACCijt 0.12 0.02 0.05 0.13 

BSIZEijt 102.8 26 57 145 

FREQijt 5.8 4 5 7 

EXPFijt 5.2 3 4 7 

EXPGijt 8.6 4 8 12 

NFIRMit 18.1 13 17 22 

NINDit 3.5 2 3 4 

 

 
Panel B: Distribution of Selected Analyst Characteristics after Standardization 

Variable Mean 25thPercentile Median 75th Percentile 

DAYSijt 0.38 0.00 0.17 1.00 

FHORijt 0.38 0.01 0.17 0.92 

LAG_ACCijt 0.58 0.14 0.70 0.99 

BSIZEijt 0.37 0.02 0.20 0.71 

FREQijt 0.48 0.00 0.45 0.91 

EXPFijt 0.42 0.00 0.29 0.94 

EXPGijt 0.44 0.05 0.35 0.88 

NFIRMit 0.47 0.09 0.42 0.85 

NINDit 0.43 0.00 0.33 1.00 
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Variable Definitions:  

BSIZEijt = the size of brokerage houses employing analyst i in year t, measured by the number of 

analysts employed by the brokerage house. 

DAYSdijt  = the number of days between analyst i‘s earnings forecast date d for firm j in year t and 

the most recent earnings forecast for firm j by any analysts. 

EBNijt = an indicator variable that equals 1 if analyst i issues a downward earnings forecast 

revision (i.e., bad news). It equals 0 if the analyst issues an upward earnings forecast 

revision (i.e., good news). 

EXPFijt  = the number of years that analyst i has issued earnings forecasts for firm j. 

EXPGijt  = the number of years that analyst i has issued earnings forecasts for any firm. 

FHORijt  = the number of days between analyst i‘s earnings forecast date in year t and the end of 

fiscal period. 

FREQijt = the frequency of earnings forecasts by analyst i for firm j in year t. 

ACCijt = the earnings forecast accuracy in year t, calculated as the maximum absolute earnings 

forecast error for analysts following firm j in year t minus the absolute earnings forecast 

error of analyst i for firm j in year t divided by the range of absolute earnings forecast 

errors for analysts following firm j in year t:  

𝐴𝐶𝐶𝑖𝑗𝑡 =
𝑚𝑎𝑥 𝐴𝐹𝐸𝑗𝑡  − 𝐴𝐹𝐸𝑖𝑗𝑡

𝑟𝑎𝑛𝑔𝑒 (𝐴𝐹𝐸𝑗𝑡 )
 , 

where AFEijt is the absolute value of analyst i's earnings forecast error for firm j in year t. 

NFIRMit = the number of firms that analyst i follows in year t.                             

NINDit = the number of (two-digit SICs) industries that analyst i follows in year t. 

 

I control for the firm and year effect on analyst characteristics by scaling each characteristic to 

range from 0 to 1, for each firm-year as follows (Clement and Tse 2003, 2005; Brown et al. 2006):  

 𝐶ℎ𝑎𝑟𝑎𝑐𝑡𝑒𝑟𝑖𝑠𝑡𝑖𝑐𝑠𝑖𝑗𝑡 =
𝐶ℎ𝑎𝑟𝑎𝑐𝑡𝑒𝑟𝑖𝑠𝑡𝑖𝑐𝑠 𝑖𝑗𝑡 − 𝑚𝑖𝑛  𝐶ℎ𝑎𝑟𝑎𝑐𝑡𝑒𝑟𝑖𝑠𝑡𝑖𝑐𝑠 𝑗𝑡  

𝑟𝑎𝑛𝑔𝑒   𝐶ℎ𝑎𝑟𝑎𝑐𝑡𝑒𝑟𝑖𝑠𝑡𝑖𝑐𝑠 𝑗𝑡  
 .       

 

 

Variable Definitions (for Table 3): 

 

SILENTijt  = an indicator variable of a concurrent cash flow forecast and equals 1 if the analyst i 

does not issues a cash flow forecast on the same day she issues an earnings forecast for 

firm j in year t; however, the analyst i has issued cash flow forecasts at least once in year 

t and/or in year t-1. 

 

OPDCFRijt  = an indicator variable of the relative direction of concurrent cash flow forecast 

revisions and equals 1 if the analyst i revises cash flow forecast upward (downward) 

when she revises earnings forecast upward (downward) on the same date for firm j in 

year t. 
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Table 2. Frequency Tables of Subsample Groups 

Panel A: Classification of Forecasts Based on the Sign of ER and CFR 
 

Subsample 

Groups 
Obs. Percent 

Sign of Revisions CFR 

Choice ERijt CFRijt 

S1 6,150 54.9 

Good News 

(Upwards / 

Positive) 

Not concurrently, but at least 

once throughout t or t-1 
SILENT 

S2 4,098 36.6 Upwards / Positive SAMECFR 

S3 954 8.5 Downwards / Negative OPDCFR 

Subtotal 11,202    

S4 6,068 55.2 

Bad News 

(Downwards / 

Negative) 

Not concurrently, but at least 

once throughout t or t-1 
SILENT 

S5 3,925 35.7 Downwards / Negative SAMECFR 

S6 996 9.1 Upwards / Positive OPDCFR 

Subtotal 10,989    

TOTAL 22,191     

 

Panel B: Univariate Comparison of Analysts’ Decisions to Issue OPDCFR 
 

OPDijt   Good News (ERijt  ≥ 0)   Bad News (ERijt < 0)   p-value
a 

   Obs. Percent subgroups   Obs. Percent subgroups   (.03) 

1   954 18.9 S3   996 20.2 S6     

 0   4,098 81.1 S2   3,925 79.8 S5     

TOTAL   5,052 100     4,921 100     9,973 

 

Panel C: Univariate Comparison of Analysts’ Decisions Not to Issue CF (Remain SILENT) 
 

SILENTijt  Good News (ERijt  ≥ 0)   Bad News (ERijt < 0)   p-value
b 

   Obs. Percent subgroups   Obs. Percent subgroups   (.20) 

1   6,150 54.9 S1   6,068 55.2 S4     

 0   5,052 45.1 S2, S3   4,921 44.8 S5, S6     

TOTAL   11,202 100     10,989 100     22,191 
 

a
  p-value of a Z-test (one-tailed) of whether the proportion of analysts who issue a concurrent cash flow 

forecast revision in the opposite direction to an earnings forecast revision (OPD=1) when issuing bad 

news in earnings forecast revisions is higher than that of those when issuing good news in earnings 

forecast revisions. 
b
  p-value of a Z-test (one-tailed) of whether the proportion of analysts who do not issue a concurrent cash 

flow forecast revision (SILENT=1) when issuing bad news in earnings forecast revisions is higher than 

that of those when issuing good news in earnings forecast revisions. 



90 

 

Table 3. Pearson Correlation Coefficients 
Panel A: Variables in the Full I/B/E/S Sample (N = 22,191) 
 

  
DAYSdijt FHORijt 

LAG 
_ACCijt 

BSIZEijt FREQijt EXPFijt EXPGijt NFIRMit NINDit 

SILENTijt 
0.02 0.06 0.00 -0.02 -0.06 0.04 0.03 -0.02 0.01 

(.01) (.01) (.59) (.01) (.01) (.01) (.01) (.01) (.38) 

DAYSdijt 
  0.02 -0.02 0.04 0.00 0.03 0.02 0.02 0.02 

  (.01) (.01) (.01) (.53) (.01) (.01) (.01) (.01) 

FHORijt 
    -0.04 0.04 -0.39 0.02 0.01 -0.05 -0.01 

    (.01) (.01) (.01) (.04) (.18) (.01) (.06) 

LAG_ACCijt 
      0.02 0.04 -0.02 -0.01 -0.01 -0.02 

      (.01) (.01) (.02) (.13) (.13) (.01) 

BSIZEijt 
        0.04 0.09 0.12 -0.02 -0.06 

        (.01) (.01) (.01) (.01) (.01) 

FREQijt 
          -0.01 -0.03 0.05 0.00 

          (.44) (.01) (.01) (.97) 

EXPFijt 
            0.59 0.14 0.08 

            (.01) (.01) (.01) 

EXPGijt 
              0.23 0.15 

              (.01) (.01) 

NFIRMit 
                0.49 

                (.01) 

 

Panel B: Variables Used in the Logit Regression for the Relative Direction of Concurrent 

Cash Flow Forecast Revision (N = 9,973) 

  
DAYSdijt FHORijt 

LAG 
_ACCijt 

BSIZEijt FREQijt EXPFijt EXPGijt NFIRMit NINDit 

OPDCFRijt 
-0.03 -0.04 -0.01 0.00 0.03 0.01 0.00 0.00 0.00 

(.01) (.01) (.46) (.73) (.01) (.62) (.67) (.74) (.66) 

DAYSdijt 
  0.02 -0.02 0.06 0.00 0.04 0.03 0.02 0.01 

  
(.07) (.11) (.01) (.69) (.01) (.01) (.03) (.29) 

FHORijt 
    -0.05 0.07 -0.40 0.01 0.02 -0.07 -0.01 

  
  (.01) (.01) (.01) (.34) (.05) (.01) (.27) 

LAG_ACCijt 
      0.00 0.05 -0.01 0.00 -0.01 -0.02 

    
  (.92) (.01) (.37) (.71) (.40) (.06) 

BSIZEijt 
        0.04 0.11 0.14 -0.03 -0.04 

        
(.01) (.01) (.01) (.01) (.01) 

FREQijt 
          -0.01 -0.04 0.04 0.00 

          
(.57) (.01) (.01) (.97) 

EXPFijt 
            0.61 0.14 0.08 

            (.01) (.01) (.01) 

EXPGijt 
              0.24 0.16 

            
  (.01) (.01) 

NFIRMit 
                0.51 

              
  (.01) 
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Table 4. Logit Analysis of the Association between Issuing a Downward ER and the Likelihood of Issuing OPDCFR (N=9,973) 

             

Variables 
Pred. 

sign 
Model 1  Model 2†

  Model 3  Model 4
†
 

  Coef. p-value  Coef. p-value  Coef. p-value  Coef. p-value 

             

Intercept - -1.47 (.01)  n/a   -1.44 (.01)  n/a  

EBN + 0.10 (.04)  0.28 (.01)  0.15 (.01)  0.27 (.01) 

DAYS -       -0.18 (.01)  -0.13 (.16) 

FHOR -       -0.21 (.01)  -0.28 (.02) 

LAG_ACC -       -0.08 (.32)  -0.13 (.20) 

BSIZE -       -0.01 (.93)  -0.08 (.39) 

FREQ -       0.13 (.12)  0.13 (.22) 

EXPF -       0.03 (.78)  -0.09 (.48) 

EXPG -       0.03 (.74)  0.09 (.48) 

NFIRM +       -0.02 (.82)  0.04 (.75) 

NIND +       0.04 (.70)  -0.12 (.30) 

Firm and Year 

Fixed Effects 
 Uncontrolled  Controlled  Uncontrolled  Controlled 

             

Pseudo R
2
  0.01  0.01  0.01  0.01 

 
†
 The conditional maximum likelihood estimation (controlling for the firm and year fixed effects). 
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Table 5. Logit Analysis of the Association between Issuing a Downward ER and the Likelihood of Remaining SILENT 

(N=22,191) 

             

Variables 
Pred. 

sign 
Model 1  Model 2†

  Model 3  Model 4
†
 

  Coef. p-value  Coef. p-value  Coef. p-value  Coef. p-value 

             

Intercept - -0.02 (.24)  n/a   -0.11 (.05)  n/a  

EBN + 0.04 (.13)  -0.04 (.31)  0.04 (.26)  -0.05 (.25) 

DAYS -       0.08 (.06)  0.05 (.28) 

FHOR -       0.14 (.01)  0.11 (.03) 

LAG_ACC -       0.04 (.35)  0.10 (.03) 

BSIZE -       -0.13 (.01)  -0.42 (.01) 

FREQ -       -0.18 (.01)  -0.31 (.01) 

EXPF -       0.16 (.01)  0.09 (.10) 

EXPG -       0.13 (.02)  0.10 (.10) 

NFIRM +       -0.17 (.00)  -0.19 (.00) 

NIND +       0.10 (.05)  0.01 (.81) 

Firm and Year 

Fixed Effects 
 Uncontrolled  Controlled  Uncontrolled  Controlled 

             

Pseudo R
2
  0.01  0.01  0.01  0.01 

 
†
 The conditional maximum likelihood estimation (controlling for the firm and year fixed effects). 

Variable Definitions (Continued from Table 3):  

SILENTijt = Indicator variable that equals 1 if the analyst i does not issues a concurrent cash flow forecast for firm j in year t; however she has 

issued cash flow forecasts at least once in the present year or the preceding year (i.e., analyst i belongs to subgroups S1 or S4). 
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Table 6. Frequency Tables of Analyst Rationales of OPDCFR 

Rationales of OPDCFR 

(Changes in Modeling Assumptions)
*
 

News in Earnings Forecast Revisions 

Bad News  Good News 

No. of 

Appear-

ances 

%
**

  

No. of 

Appear-

ances 

%
**

 

Deferred Taxes and Other Tax Related 

Issues 
6 35.3  4 36.4 

Inventories, Receivables, Cash Collection, 

and Days Sales Outstanding (DSO) 
4 23.5  1 9.1 

Other Transitory Reasons (including 

Impairment) 
4 23.5  2 18.2 

Depreciation, Depletion, and 

Amortization (DD&A), excluding 

Impairment 

3 17.6  1 9.1 

Commodity Prices 2 11.8  2 18.2 

Interest Expenses 2 11.8  0 0 

Selling, General and Administrative 

Expenses (SG&A) 
2 11.8  4 36.4 

Overall Cost Structures 1 5.9  1 9.1 

No. of Documented OPDCFR Rationales 24   15  

No. of Reports with Documented 

OPDCFR Rationale(s)
§
 

17 37.8  11 39.3 

No. of OPDCFR Reports
§
 45 43.7  28 16.4 

Total Number of Bad (Good) News 

Reports with CFR 
103   171  

 

*
 Analysts attributed their OPDCFR to changes in the following assumptions in their earnings forecast 

models: 1) Deferred taxes or other tax related issues; 2) Inventories, receivables, cash collection, or days 

sales outstanding (DSO); 3) Transitory gains or losses (including impairment); 4) Depreciation, depletion, 

and amortization (DD&A); 5) Commodity prices; 6) Interest expenses; 7) Selling, general and 

administrative expenses (SG&A); and, 8) Cost structure of a firm they cover. 
 

**
 The proportion of OPDCFR Reports that contain each of the listed OPDCFR rationales: Number of 

appearances divided by Number of OPDCFR Reports. 
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§
No. of Documented OPDCFR Rationales and No, of OPDCFR Reports are not equals since analysts often 

justify OPDCFR with multiple rationales. For instance, one of the bad news reports describes that the 

report‘s analysts issued OPDCFR because they predicted higher deferred taxes (a positive cash flow 

revision) while expecting slightly higher production costs (bad news earnings forecast revision) than they 

had previously projected.  
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Table 7. Descriptive Statistics of Hand-Collected Sample 

Panel A: Distribution of Forecast Characteristics (N = 29 firm-year pairs with 412 analyst 

reports) 
 

Variable Mean 
Standard 

Deviation 
Minimum Median Maximum 

ANUM 14.2 5.6 6 13 26 

EGNP 0.65 0.22 0.22 0.69 0.95 

EBNP 0.35 0.22 0.05 0.31 0.78 

CFP 0.69 0.17 0.30 0.67 1.00 

GNCFP 0.64 0.18 0.25 0.63 1.00 

BNCFP 0.80 0.22 0.25 0.86 1.00 

OPDP 0.27 0.14 0.00 0.27 0.57 

GOPDP 0.16 0.21 0.00 0.09 0.75 

BOPDP 0.53 0.33 0.00 0.50 1.00 

 

Panel B: Good News Issuers versus Bad News Issuers (t-test) 

Variable N Mean Std Err Min Max t-value Pr > |t| 

        

Diff_CFP 29 0.16 0.04 -0.28 0.46 4.6 (.01) 

Diff_OPDP 29 0.37 0.08 -0.52 1.00 4.7 (.01) 

 

Variable Definitions (Continued from Table 5): 

ANUM = the number of analyst reports in Thomson Research Database per firm-year pair.  

EGNP = the proportion of good news in earnings among analyst reports per firm-year pair,  

 i.e., P (EGN). 

EBNP = the proportion of bad news in earnings among analyst reports per firm-year pair,  

 i.e., P (EBN). 

CFP = the proportion of analyst reports that contain cash flow forecasts among analyst reports 

per firm-year pair, i.e., P (CF). 

GNCFP = the proportion of analyst reports that contain cash flow forecasts among good news in 

earnings analyst reports per firm-year pair,  

 i.e., P (CF | EGN). 
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BNCFP = the proportion of analyst reports that contain cash flow forecasts among bad news in 

earnings analyst reports per firm-year pair,  

 i.e., P (CF | EBN). 

OPDP = the proportion of analyst reports that contain OPDCFR among analyst reports that 

provide cash flow forecasts per firm-year pair,  

 i.e., P(OPD) or P(OPDCFR | CF). 

GOPDP = the proportion of good news reports that contain OPDCFR among analyst reports that 

provide cash flow forecasts per firm-year pair,  

 i.e., P (EGN | OPD). 

BOPDP = the proportion of bad news reports that contain OPDCFR among analyst reports that 

provide cash flow forecasts per firm-year pair,  

 i.e., P (EBN | OPD). 

Diff_CFP =  the difference between GNCFP and BNCFP.  

Diff_OPDP =  the difference between GOPDP and BOPDP.  

 

 

 

  



 

97 

 

Table 8. Logit Analysis of the Association between Issuing a Downward ER and the 

Likelihood of Issuing OPDCFR (N= 412 reports for 29 firm-year pairs) 

 

Panel A. Pooled Logit Analysis 

Variables 
Pred. 

sign  

Model 1 Model 2 Model 3 

Estimate p-value Estimate p-value Estimate p-value 

Intercept - -2.2  (.01) -2.9  (.01) -1.4  (.01) 

EBN + 1.5  (.01) 1.8  (.01) -3.0  (.01) 

CONCFREC -     1.1  (.01) -3.5  (.01) 

EBN*CONCFREC -         10.1  (.01) 

             
  

Pseudo R
2
   0.13   0.18   0.62 

  

 

Panel B. Conditional Logit Analysis (Firm-Year Fixed Effect) 

Variables 
Pred. 

sign 

Model 1 Model 2 Model 3 

Estimate p-value Estimate p-value Estimate p-value 

Intercept - n/a   n/a   n/a 
  

EBN + 1.7  (.01) 1.7  (.01) -3.1  (.01) 

CONCFREC -     0.9  (.01) -3.8  (.01) 

EBN*CONCFREC -         10.4  (.01) 

             
  

Pseudo R
2
   0.07   0.09   0.29 

  

 

 

Variable Definitions (Continued from Table 7):  

CONCFREC = an indicator variable of the conformity of cash flow forecast revisions with stock 

recommendations. For instance, if an analyst revises cash flow forecast upward while 

issuing BUY recommendation or if an analyst revises cash flow forecast downward while 

issuing SELL recommendation, the indicator variable equals 1. Otherwise, it equals 0. 
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Table 9. Logit Analysis of the Association between Issuing a Downward ER and the 

Likelihood of Issuing OPDCFR (N= 412 reports for 29 firm-year pairs) 

Panel A. Pooled Logit Analysis 

Variables 
Pred. 

sign  

Model 1 Model 2 Model 3 

Estimate p-value Estimate p-value Estimate p-value 

Intercept - -2.2  (.01) -2.0  (.01) -2.6  (.01) 

EBN + 1.5  (.01) 1.3  (.03) 2.0  (.06) 

CONERREC -     -0.20  (.74) 0.5  (.65) 

EBN*CONERREC -         -1.4  (.35) 

             
  

Pseudo R
2
   0.13   0.13   0.13 

  

 

Panel B. Conditional Logit Analysis (Firm-Year Fixed Effect) 

Variables 
Pred. 

sign 

Model 1 Model 2 Model 3 

Estimate p-value Estimate p-value Estimate p-value 

Intercept n/a n/a   n/a   n/a 
  

EBN + 1.7  (.01) 1.3  (.05) 1.9  (.08) 

CONERREC -     -0.4  (.58) 0.3  (.80) 

EBN*CONERREC -         -1.4  (.37) 

               

Pseudo R
2
   0.07   0.07  0.07  

 

 

Variable Definitions (Continued from Table 8):  

CONERREC = an indicator variable of the conformity of earnings forecast revisions with stock 

recommendations. For instance, if an analyst revises earnings forecast upward while 

issuing BUY recommendation or if an analyst revises earnings forecast downward while 

issuing SELL recommendation, the indicator variable equals 1. Otherwise, it equals 0. 
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Appendix A. Hand-Collected Full-Text Reports for OPDCFR Firm 

Company Name 
Fiscal 
Year 

Fortn 
Rank 

FYPair 

Good News in Earnings Bad News in Earnings 
No. of 
Report
s per 

FYPair 

Good 
News 
in ER 

Cash Flow Forecast Bad 
New
s in 
ER 

Cash Flow Forecast 

Cash 
Flow 

SAME
CFR 

OPD 
CFR 

Cash 
Flow 

SAME
CFR 

OPD 
CFR 

CNAME Year FTR FYPair EGN 
GNC

F 
GSAM GOPD EBN BNCF BSAM BOPD NUM 

ChevronTexaco 2004 8 CVX04 7 4 1 3 4 3 2 1 11 

Marathon Oil 2002 43 MRO02 7 3 1 2 8 7 6 1 15 

Marathon Oil 2004 43 MRO04 5 2 2 0 10 5 4 1 15 

Conoco 2003 48 COP03 8 4 3 1 4 2 1 1 12 

Motorola 2005 56 MOT05 24 10 9 1 2 1 0 1 26 

Walt Disney 2005 73 DIS05 11 6 6 0 2 2 1 1 13 

Alcoa 2005 88 AA05 10 7 6 1 3 2 1 1 13 

AMR 1999 108 AMR99 3 2 2 0 3 3 1 2 6 

HCA 2005 113 HCA05 5 3 3 0 6 4 1 3 11 

Valero Energy 2003 138 VLO03 8 6 6 0 2 2 1 1 10 

Occidental Petroleum 2004 146 OXY04 23 13 13 0 3 3 0 3 26 

Halliburton 1999 153 HAL99 2 1 1 0 7 5 4 1 9 

Halliburton 2003 153 HAL03 5 3 3 0 16 10 7 3 21 

Manpower 2005 182 MAN05 20 11 11 0 1 1 0 1 21 

Arrow Electronics 2005 191 ARW05 8 2 2 0 2 1 0 1 10 

Comcast 2004 198 CMS04 11 7 4 3 10 10 7 3 21 

Anadarko Petroleum 1997 232 APC97 1 0 0 0 3 2 0 2 4 

Anadarko Petroleum 1999 232 APC99 4 4 3 1 3 3 1 2 7 

Anadarko Petroleum 2001 232 APC01 4 4 3 1 4 4 3 1 8 

Anadarko Petroleum 2002 232 APC02 9 9 5 4 2 2 1 1 11 

Newell Rubbermaid 2004 270 NWL04 8 5 5 0 2 2 0 2 10 

Unocal 2003 278 UCL03 9 6 6 0 4 3 2 1 13 

Unocal 2004 278 UCL04 17 11 10 1 4 2 2 0 21 

Norfolk Southern 2003 293 NSC03 19 10 10 0 4 1 1 0 23 

Kerr-McGee 2004 446 KMG04 12 7 6 1 5 4 2 2 17 

Burlington Resources 2000 470 BR00 10 7 5 2 1 1 0 1 11 

Burlington Resources 2005 470 BR05 15 11 7 4 1 1 0 1 16 

Devon Energy 2002 497 DVN02 8 7 5 2 7 6 5 1 15 

Devon Energy 2003 497 DVN03 5 4 3 1 7 6 2 4 12 

Devon Energy 2005 497 DVN05 3 2 2 0 5 5 3 2 8 

             

Mean 9.4 5.7 4.8 0.9 4.5 3.4 1.9 1.5 13.9 

Total No. of Analyst Research Reports 281 171 143 28 135 103 58 45 416 
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FYPair 

Good News in Earnings (%) Bad News in Earnings (%) 
 Diff. in 

Prpnsty 
to issue 

CF 

Diff. in 
Prpnsty to 
issueOPD

CFR 

Good 
News 
in ER 
(%) 

Cash Flow Forecast (%) Bad 
News 
in ER 
(%) 

Cash Flow Forecast (%) 
 

Cash 
Flow 
(%) 

SAME 
(%) 

OPD 
(%) 

Cash 
Flow 
(%) 

SAME 
(%) 

OPD 
(%)  

FYPair GNP GNCFP GSAMP GOPDP BNP BNCFP BSAMP BOPDP 
 

Diff_CF Diff_OPD 

CVX04 64% 57% 25% 75% 36% 75% 67% 33% 
 

18% -42% 

MRO02 47% 43% 33% 67% 53% 88% 86% 14% 
 

45% -52% 

MRO04 33% 40% 100% 0% 67% 50% 80% 20% 
 

10% 20% 

COP03 67% 50% 75% 25% 33% 50% 50% 50% 
 

0% 25% 

MOT05 92% 42% 90% 10% 8% 50% 0% 100% 
 

8% 90% 

DIS05 85% 54% 100% 0% 15% 100% 50% 50% 
 

46% 50% 

AA05 77% 70% 86% 14% 23% 67% 50% 50% 
 

-3% 36% 

AMR99 50% 67% 100% 0% 50% 100% 33% 67% 
 

33% 67% 

HCA05 45% 60% 100% 0% 55% 67% 25% 75% 
 

7% 75% 

VLO03 80% 75% 100% 0% 20% 100% 50% 50% 
 

25% 50% 

OXY04 88% 57% 100% 0% 12% 100% 0% 100% 
 

43% 100% 

HAL99 22% 50% 100% 0% 78% 71% 80% 20% 
 

21% 20% 

HAL03 24% 60% 100% 0% 76% 63% 70% 30% 
 

3% 30% 

MAN05 95% 55% 100% 0% 5% 100% 0% 100% 
 

45% 100% 

ARW05 80% 25% 100% 0% 20% 50% 0% 100% 
 

25% 100% 

CMS04 52% 64% 57% 43% 48% 100% 70% 30% 
 

36% -13% 

APC97 25% 0% . . 75% 67% 0% 100% 
 

67% . 

APC99 57% 100% 75% 25% 43% 100% 33% 67% 
 

0% 42% 

APC01 50% 100% 75% 25% 50% 100% 75% 25% 
 

0% 0% 

APC02 82% 100% 56% 44% 18% 100% 50% 50% 
 

0% 6% 

NWL04 80% 63% 100% 0% 20% 100% 0% 100% 
 

38% 100% 

UCL03 69% 67% 100% 0% 31% 75% 67% 33% 
 

8% 33% 

UCL04 81% 65% 91% 9% 19% 50% 100% 0% 
 

-15% -9% 

NSC03 83% 53% 100% 0% 17% 25% 100% 0% 
 

-28% 0% 

KMG04 71% 58% 86% 14% 29% 80% 50% 50% 
 

22% 36% 

BR00 91% 70% 71% 29% 9% 100% 0% 100% 
 

30% 71% 

BR05 94% 73% 64% 36% 6% 100% 0% 100% 
 

27% 64% 

DVN02 53% 88% 71% 29% 47% 86% 83% 17% 
 

-2% -12% 

DVN03 42% 80% 75% 25% 58% 86% 33% 67% 
 

6% 42% 

DVN05 38% 67% 100% 0% 63% 100% 60% 40% 
 

33% 40% 

            

Mean 64% 62% 84% 16% 36% 80% 45% 55% 
 

18% 37% 
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Appendix B. Conditional Maximum Likelihood and Intercepts 

Suppose each OPDCFR𝑘𝑖  (= 1 or 0) is measured for firm-year cluster 𝑘 (a 

combination of firm j and year t) at each analyst 𝑖 for some covariates vector kix , then the 

dependent variable of my logit regression model (1) is expressed as follows: 

,
1

ln kik

ki

ki

p

p
x










                   (A) 

where ]1[  kikiki YOPDCFRPp .  

In the above equation (A), coefficient vector  is fixed across firm-year clusters in the 

I/B/E/S sample, but the intercept k is only fixed within each firm-year cluster k. 

Chamberlain (1980) suggests the following conditional maximum likelihood to 

control the cluster-level fixed effects:   
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where W is a set of ),,,( 21 kIkk YYY  values that satisfies  
k

ki wY . 

From the above model (A), we get the following definitions: 

))exp(1/()exp()1( kikkikkiki YPp xx  
                        (C)  

))exp(1/(1)0(1 kikkiki YPp x 
                                                     (D)  

If we put the definitions (C) and (D) into equation (B), we get the following: 
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                                          (E) 

Notice that the above conditional likelihood function (E) does not depend on k since the 

same w number of )exp( k  are multiplied to the numerator and denominator of 

conditional likelihood.  

 


