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Abstract: We examine how analysts whose forecasts lag those of timely analysts aid the price 

discovery process. We classify analysts as lead and follower analysts for a given firm based on the 

relative timeliness of their earnings forecasts over a two-year period. We find that news in forecasts of 

lead analysts has a higher price impact relative to that of follower analysts and this difference in impact 

cannot be explained by analyst reputation or experience. The price impact of follower analysts’ 

forecasts is significant, although it dissipates as follower analysts become less timely. Moreover, we 

find that the forecast issued by even the least timely analyst conveys incremental information to the 

market. The significant market impact of follower analysts arises mostly due to the private information 

conveyed by their forecast and partly because their forecasts incorporate public information including 

their predecessor’s forecast. While in general the price impact of the forecast component that mimics 

prior information is consistent with the post-revision drift documented by prior studies, we find that 

this impact is significant only when the follower analyst’s forecast confirms the information conveyed 

by the predecessor analyst. We also find that follower analysts issue more accurate forecasts than lead 

analysts who appear to trade off accuracy for timeliness. Overall, we conclude that the complementary 

roles of timely and late forecasters combine the merits of timely and accurate information and facilitate 

price discovery. 
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1.  Introduction 

Some analysts are more timely in issuing forecasts after information events than other analysts 

covering the same firm. While the value of timely analysts is apparent, it is ex ante unclear how less 

timely analysts, whose forecasts lag those of timely analysts, influence the price discovery process. 

Previous research finds that even delayed earnings forecasts of less timely analysts have a significant 

price impact, although lower than that of timely analysts (see Cooper, Day, and Lewis 2001). If less 

timely analysts merely mimic their predecessors, their forecasts should not trigger a price reaction 

unless it is a delayed reaction to forecasts of analysts that precede them.
1
 On the other hand, forecasts 

of less timely analysts may also incorporate new information derived from their private sources and 

thus have an impact on the market price. The nature of information captured by forecasts of less timely 

analysts that drives their market impact is an issue that remains largely unexplored. More generally, 

what are the possible sources of the information content of forecasts issued by less timely analysts? 

 The objective of the paper is two-fold. First, we analyze different sources of information 

captured by the forecasts of lead (timely) and follower (less timely) analysts.
2
 Second, we examine 

how the market responds to the different sources of information incorporated in the forecasts of lead 

versus follower analysts and the extent to which the market’s response varies with analyst attributes, 

such as accuracy, reputation, and experience. 

The relative market response to news in forecasts released by analyst leaders and followers 

was first analyzed by Cooper et al. 2001. These authors assess analyst quality by ranking analysts on 

the timeliness of forecasts. They find that, in the high-tech (semiconductor) industry, the forecast 

surprise of timeliness leaders has a higher impact on release-period returns relative to that of followers, 

                                                 
1
Gleason and Lee (2003) document a delayed price reaction to analysts’ forecast revisions (or price 

drift) and show that a substantial portion of the price drift occurs in short windows around the next six 

forecast revisions issued by other analysts following the firm. 
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thus validating forecast timeliness as a performance criterion for ranking analysts. Their finding that 

the forecasts of follower analysts also have significant price impact provides the starting point for our 

paper. It leads us to comprehensively analyze which particular analyst and/or forecast attributes 

contribute to the price impact of lead and follower analysts and how lead and follower analysts 

together enhance the information environment. 

We identify lead and follower analysts at the firm level over a two-year period. Our 

classification of lead and follower analysts is based on the leader-follower ratio (LFR) metric derived 

from a statistic developed by Lawless 1982. For each one-quarter-ahead earnings forecast issued by an 

analyst for a given firm, we calculate the ratio of the cumulative number of days by which the 

preceding two forecasts lead the forecast of interest to the cumulative number of days by which the 

subsequent two forecasts follow the forecast of interest. Since a leader systematically releases forecasts 

ahead of other analysts, the LFR for a leader will be greater than one. For each year, we calculate the 

LFR using all one-quarter-ahead earnings forecasts for a firm issued by an analyst over the current and 

previous fiscal years.
3
 We classify lead and follower analysts by first ranking LFRs of all analysts 

following a firm and then applying pre-determined cut-offs to ranked LFRs. Our definition therefore 

identifies lead and follower analysts as those who are consistently early or late forecasters for a given 

firm over a two-year period. 

Based on the LFR measure, on average, 20.8 percent of analysts following a firm in a given 

fiscal year are classified as lead analysts. Descriptive evidence of analyst attributes and forecasting 

behavior shows that, relative to follower analysts, lead analysts forecast a greater number of 

                                                                                                                                     
2
Henceforth, we use the terms “lead analysts” and “follower analysts” to indicate analysts who are 

timeliness leaders and followers, where timeliness is measured over a two-year period relative to all 

analysts following a given firm.  
3
Cooper et al. (2001) calculate the LFR metric based on revised forecasts of annual earnings. Our LFR 

calculation is based on all quarterly forecasts issued, which include first-time forecasts in addition to 

revised forecasts. We believe that our approach more closely resembles the information arrival process 

modeled by Lawless 1982.   
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dimensions (e.g., earnings, sales, and cash flows) and EPS horizons (e.g., one-quarter-ahead, one-year-

ahead, long-term growth), have greater firm-specific and general experience, and belong to larger-

sized brokerage houses. 

We make a concerted effort to understand the conditions that drive the price reaction to the 

“news” in forecasts of lead and follower analysts, where news is measured relative to the prevailing 

consensus. We first examine whether analysts’ forecasts have a uniform impact on price or whether the 

impact decreases with less timely follower analysts. From the regression of release-day excess returns 

on news in forecasts, we show that, on average, news in forecasts of follower analysts has a significant 

price impact, although lower than that of lead analysts. Thus, we find that the results in Cooper et al. 

2001 generalize beyond the high-tech industry and to a longer sample period. The regression results 

also show that the estimate of the slope coefficient is significantly positive for all quintiles of LFR. 

Further, the slope coefficient estimate increases monotonically with LFR quintiles, indicating that the 

price impact of news in forecasts increases with forecast timeliness. It is interesting to note that the 

news in forecasts of even the least timely analyst following a firm provides incremental information to 

the market.   

We further provide evidence on whether the observed higher price impact of forecast-news of 

lead analysts is in fact due to their timeliness or can be explained by analyst characteristics and 

abilities such as reputation (proxied by brokerage house size) and experience. Our analysis reveals that 

the significant but lower price impact of forecasts of follower analysts relative to those of lead analysts 

continues to hold across brokerage size and analyst experience groups. Thus, our evidence indicates 

that the observed difference in price impact of forecasts of lead versus follower analysts is likely due 

to the difference in timeliness and not a reflection of other analyst attributes that we study, that is, 

reputation and experience. 

We find that on average follower analysts’ forecasts exhibit significantly lower deviation 
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from the consensus/predecessor forecast compared to the forecasts of lead analysts. Consistent with 

our expectation, the market disregards the forecast revisions of analysts who “herd” on the consensus 

or the predecessor’s forecast. Further, the market reaction to forecast revisions is substantially lower 

when follower analysts’ forecasts merely move toward the consensus, that is, exhibit low innovation; 

yet, we find that the information conveyed by even low innovation forecast revisions has a significant 

price impact.  

To understand why the delayed forecasts of follower analysts, including even those of the 

least timely analyst, have incremental information content beyond that conveyed by forecasts of lead 

analysts, we analyze potential sources of information captured by their forecast revisions. Specifically, 

we examine whether the forecast revision of a follower analyst merely reiterates information already in 

the public domain and/or conveys new information from the analyst’s private sources. We use the 

information conveyed by the predecessor analyst’s forecast and information that arrives in the market 

in the intervening period as measures of public information; the residual revision that is orthogonal to 

this public information is considered a measure of the analyst’s private information. We find that both 

lead and follower analysts revise their forecasts based on information that is incorporated in the market 

price since their last forecast. Further, we find that follower analysts incorporate significantly more 

information reflected in the forecast of the immediately preceding analyst, especially when the 

predecessor is a lead analyst. We note that these publicly available sources are not the only 

determinants of follower analysts’ forecast revisions. Follower analysts also incorporate private 

information in their revisions, although to a lesser extent compared to lead analysts. 

Next, we analyze the market impact of forecast revisions to determine which of the sources of 

information incorporated in the revisions generate the price impact. We expect that, for both lead 

analysts and follower analysts, the market reaction to forecast revisions is driven mainly by the 

analyst’s private information conveyed by the revision. In addition, for follower analysts, we expect a 
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significant market reaction to the mimicking component of the revision that reflects the predecessor’s 

forecast and prior returns, consistent with the previously-documented price drift following the release 

of forecast revisions. The delayed market reaction to the predecessor analyst’s forecast revision is 

more likely to be synchronous with the forecast revision of the follower analyst, when the follower 

analyst’s forecast confirms the information conveyed by the predecessor analyst. Hence, we also test 

whether the price reaction to the mimicking component of an analyst’s forecast revision depends on 

whether his/her forecast confirms or conflicts with the predecessor’s information.  

We find that on average both public and private sources of information reflected in follower 

analysts' forecast revisions have an impact on release-day returns. The market reaction to the public 

information component, that incorporates the predecessor analyst’s information, is consistent with the 

post-revision price drift documented by Cooper et al. 2001 and Gleason and Lee 2003. More 

importantly, we find that the price impact of the public information component of the forecast revision 

is highly significant when the follower’s forecast confirms the direction of the information conveyed 

by the forecast of the predecessor analyst, but not so when it contradicts the predecessor’s information. 

Thus, while prior findings suggest that subsequent analysts in general act as catalysts in the price 

discovery process, we find this to be true only when the follower analyst’s forecast helps to mitigate 

the market’s skepticism about the information conveyed by the predecessor. 

While lead analysts move quickly due to their information advantage, it is likely that the 

comparative advantage of follower analysts is that they have more time to produce more accurate 

forecasts. Thus, it is possible that forecasts of follower analysts have a price impact because of their 

higher accuracy. The analysis of forecast accuracy reveals that the average absolute percentage error 

associated with one-quarter-ahead earnings forecasts (after controlling for the length of the forecast 

horizon) is significantly lower for follower analysts relative to lead analysts. This evidence suggests 

that lead analysts may trade off accuracy for timeliness in issuing forecasts ahead of other analysts. 
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Further, we find that, while the price impact of lead analysts’ forecasts does not vary with the analyst’s 

established forecast accuracy, the market does value forecast accuracy in pricing the information 

conveyed by follower analysts’ forecasts. Thus, the significant price impact of the forecasts of follower 

analysts that we observe is at least partly driven by the relatively higher accuracy of follower analysts’ 

forecasts. 

We further examine whether the higher price impact of lead analysts’ forecasts changed after 

two influential events: (i) the passage of Regulation Fair Disclosure (Reg FD) in October 2000, which 

was intended to level the information playing field, and (ii) the Global Settlement reached in April 

2003, which alleviated conflicts of interest in the investment industry. We find that, for both lead and 

follower analysts, the price impact of forecast news is significantly higher in the period 2002-07 

relative to the earlier sample period (1994-99). Consistent with lead analysts losing their information 

advantage post Reg FD, the difference in price impact of forecasts of lead versus follower analysts 

diminishes in the later sub-period, although it still remains significant. In addition, we find no 

difference in the price impact of forecasts of analysts belonging to small versus large brokerage firms 

in the later sub-period, consistent with analysts employed by large brokerage firms losing their 

preferential access to management post Reg FD. 

Our paper contributes to the literature on the role of financial analysts in the price discovery 

process. We examine potential drivers of the significant price impact of forecasts issued by follower 

analysts. Our results indicate that follower analysts incorporate information from both public and 

private sources when they revise their forecasts and both sources of information generate significant 

price impact. Further, we find that forecasts of follower analysts provide incremental information by 

being more accurate relative to those of lead analysts who appear to trade off accuracy for timeliness. 

The market in turn places a greater weight on followers’ forecasts when it believes the follower analyst 
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to be more accurate. Overall, our findings suggest that lead and follower analysts for a given firm play 

complementary roles by combining the merits of providing timely and accurate information. 

Our paper also contributes to the literature on market (in)efficiency with respect to 

information conveyed by analysts’ forecast revisions (e.g., Gleason and Lee 2003). We find that the 

price drift following the release of forecast revisions is significant only when the forecast of the 

subsequent follower analyst confirms the information in the predecessor’s forecast. Thus, follower 

analysts help to alleviate the market’s skepticism in impounding the information in prior forecasts by 

confirming the earlier analyst’s signal. An interesting finding is that the market’s skepticism again 

surfaces when the follower analyst’s signal contradicts that of the predecessor analyst. An inference 

from this result is that the market needs confirmatory signals before it fully impounds information into 

stock prices which could prolong price discovery. Relatedly, this highlights the role played by multiple 

firm-analysts in expediting price discovery by providing many confirmatory signals, consistent with 

the evidence in Gleason and Lee 2003. 

The rest of the paper is organized as follows. Section 2 describes the hypotheses. Section 3 

discusses the data and variables. Research design and empirical results are reported in section 4, 

followed by concluding remarks in section 5. 

 

2.  Hypothesis Development 

Anecdotal evidence suggests that, in addition to other evaluation metrics, brokerage firms compensate 

analysts on the amount of commission revenue generated by the stocks they cover (e.g., Laderman 

1998).
4
 This is consistent with the belief that analyst coverage is driven at least partly by the analyst’s 

                                                 
4
With the passage of Regulation Analyst Certification in 2003, analysts are required to certify that the 

views expressed in their research reports accurately reflect their personal views and to disclose 

whether or not they received compensation in connection with their specific recommendations or 

views. It is unclear to what extent these disclosure requirements have weakened the link between 

analyst compensation and the commission revenue generated for the brokerage firm. 
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ability to generate trade in that stock.
5
 Hence, as argued by Cooper et al. 2001, superior analysts have 

the incentive to release forecasts before other analysts to capture trading volume for their firm. On the 

other hand, assimilation and evaluation of information is a time-consuming process that could delay 

the release of forecasts. If delaying the release of forecasts allows follower analysts to incorporate 

incremental information, follower-forecasts would also have an impact on the stock price.  

Cooper et al. (2001) focus on two industries (high-tech: semiconductor and printed circuit 

board manufacturers and low tech: restaurants) over a short sample period (January 1994-March 1995) 

and find that, for the semiconductor industry (but not the restaurant industry), the news in forecasts of 

both lead and follower analysts has a significant impact on release-day excess returns, although the 

impact is higher for lead analysts. The finding that even the delayed forecasts of follower analysts have 

a significant price impact leads us to examine which attributes of the analyst and/or the forecast drives 

the price impact. 

 

Analyst timeliness and impact on stock price 

We measure “news” in one-quarter-ahead earnings forecasts of individual firm-analysts using three 

different benchmarks: (i) current forecast of an analyst relative to the prior forecast issued by the same 

analyst for the same forecast period, that is, forecast revision;
6
 (ii) current forecast of an analyst 

relative to the forecast of the predecessor analyst for the same forecast period, that is, predecessor-

based surprise; and (iii) current forecast of an analyst relative to the consensus forecast for the same 

forecast period (where the consensus is constructed by averaging forecasts of other analysts over the 

preceding 30 days), that is, consensus-based surprise. We report results using consensus-based surprise 

                                                 
5
Empirical evidence showing a positive relation between trading volume and analyst coverage supports 

this commonly held belief (Bhushan 1989; O’Brien and Bhushan 1990).   
6
To calculate forecast revision, we require the prior forecast of the same analyst (for the same forecast 

period) to be issued no earlier than the previous two quarters to avoid the effect of stale forecasts. 
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in our tables; results based on the other two measures are substantially similar. 

We examine the impact of lead and follower analysts by estimating the regression of release-

period excess returns on news in earnings forecasts with separate coefficients for the samples of lead 

and follower analysts. The objective of this initial analysis is to first establish the base-line result that 

forecasts of follower analysts generate significant price impact, by generalizing the findings of Cooper 

et al. 2001 to analysts’ one-quarter-ahead forecasts for firms in all industries included in I/B/E/S over 

the years 1994-2007. Thus, 

HYPOTHESIS 1a. On average, news in earnings forecasts of lead analysts has a  higher 

impact on release-period excess stock returns relative to news in forecasts of 

follower analysts. 

HYPOTHESIS 1b. On average, news in earnings forecasts of follower analysts has a 

significant impact on release-period excess stock returns. 

 

Analyst characteristics and price impact 

We analyze whether analyst characteristics and abilities drive the differential market reaction to the 

news in forecasts of lead versus follower analysts. Timeliness of forecasts is an important attribute of 

analysts that may help them generate high trading volume; investor-clients need timely advice from 

analysts to make profits on their trades. However, in focusing their efforts on being timely and beating 

other analysts following the same firm, lead analysts may not have sufficient time to assimilate, 

process, and interpret the information before issuing a forecast. Hence, it is likely that lead analysts 

move quickly because they have an information advantage due to their reputation and experience. We 

examine two related issues: first, whether the observed higher market impact of forecasts of lead 

analysts relative to follower analysts is in fact due to their timeliness or is attributable to lead analysts’ 

reputation and experience; and second, whether the significant impact generated by follower analysts’ 
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forecasts is driven mainly by follower analysts with high reputation and experience. Thus,  

HYPOTHESIS 1c. On average, news in forecasts of lead analysts has a higher price impact 

relative to news in forecasts of follower analysts incremental to the effect of analyst 

reputation and experience. 

HYPOTHESIS 1d. On average, news in forecasts of follower analysts has a significant price 

impact incremental to the effect of analyst reputation and experience. 

  

Public versus private sources of information in forecast revisions of lead versus follower analysts 

If follower analysts have price impact, it must be that followers play a legitimate role as information 

providers and are not merely marketers of stock. We examine the extent to which forecast revisions of 

lead and follower analysts incorporate information beyond what is conveyed by their predecessor 

analyst and information already reflected in the market price prior to their revision. We estimate a 

regression of forecast revisions on (i) abnormal returns from the date of the analyst’s last prior forecast 

to the release-date of the current forecast, and (ii) the surprise in the immediately preceding forecast 

(of some other analyst following the firm).
7
 If analysts use publicly available information to update 

their expectations, it is likely that that information is captured by the prevailing market price. Hence, 

we expect a positive coefficient on (i). We expect a positive coefficient on (ii), if analysts use 

information in their predecessor’s forecast when revising their own forecast. Moreover, we expect a 

higher reliance on public information by follower analysts relative to lead analysts, since, by 

construction, follower analysts have close predecessors that can be mimicked whereas the predecessors 

of lead analysts are in the (relatively) remote past. Consequently, relative to the forecast revisions of 

follower analysts, we expect greater private (new) information to be incorporated into lead analysts’ 

revisions since they preempt other analysts by being first movers. We consider the residual from the 

                                                 
7
Note that, since we exclude forecasts issued around earnings announcements, earnings surprise is not 
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regression of forecast revisions on our proxies for public information to be a measure of information 

from the analyst’s private sources that is incorporated into their revisions.
8
 Thus, 

HYPOTHESIS 2. Lead analysts’ forecast revisions incorporate greater private information 

relative to forecast revisions of follower analysts.   

 

Impact of confirmatory versus conflicting information conveyed by follower analysts     

Gleason and Lee (2003) examine the price drift following analysts’ forecast revisions and find that a 

significant portion of the delayed price reaction occurs in short windows around the next six forecast 

revisions.
9
 From their evidence, they conclude that the market adjusts gradually to the information 

conveyed by individual forecast revisions and subsequent revisions of other analysts act as catalysts in 

the price discovery process. If this explanation for the post-revision drift is valid, we expect to observe 

a significant price impact of the mimicking component of follower-analysts’ forecasts. Moreover, if 

follower analysts’ forecasts help to attenuate the price drift, we should be more likely to observe a 

price impact when they confirm the information in the predecessor’s forecast and not when they 

conflict with that information. 

 We estimate the regression of forecast revisions on prior returns and the surprise in the 

predecessor’s forecast (described in the previous sub-section) and use the predicted value as a proxy 

for the public information component of the forecast revision and the residual as the private 

information component. We classify a forecast as confirming (conflicting with) the information 

                                                                                                                                     
a source of public information in this setting.   
8
Our measure of private information in forecast revisions (i.e., the residual) could include other factors 

that may explain differences in forecast revisions (e.g., changes in the firm’s information environment 

and/or the firm’s earnings process since the analyst’s last forecast). To the extent excess returns during 

the intervening period do not capture all sources of public information, we acknowledge that the 

residual may not just reflect the analyst’s private information.  
9
Similarly, Cooper et al. (2001) document a price drift that occurs over 21days after the release of a 

lead analyst’s forecast revision. 
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conveyed by the predecessor’s forecast if the sign of the predecessor-based surprise in the forecast is 

the same as (opposite to) the sign of the predecessor analyst’s forecast revision. In a regression of 

release-day excess returns on the public and private information components of forecast revisions, we 

expect the coefficient on the public information conveyed by forecasts of follower analysts to be 

significant only when the follower analyst’s forecast confirms the direction of the information 

conveyed by the predecessor analyst’s forecast revision. Thus, 

HYPOTHESIS 3a. For lead as well as follower analysts, the public and private information 

components of forecast revisions both generate significant price impact. 

HYPOTHESIS 3b. The price impact of the public information component of follower analysts’ 

forecast revisions is significant only when the follower analyst’s forecast confirms 

the information conveyed by the predecessor analyst’s forecast revision.  

 

Forecasting ability and price impact           

We analyze whether differences in analyst abilities lead to differential market reaction to news in 

forecasts of lead versus follower analysts. While lead analysts move quickly due to their information 

advantage, it is likely that the comparative advantage of follower analysts is that they have more time 

to produce more accurate forecasts. A theoretical paper by Guttman 2010 models the trade-off faced 

by analysts between an earlier but less precise forecast and a later but more precise one.  The author 

assumes that investors reward early forecasters. He shows that the relative weights on accuracy versus 

timeliness in analysts’ reward functions and the precision of analysts’ private information determine 

whether they are early or late forecasters. Based on the trade-off between accuracy and timeliness 

modeled by Guttman 2010, the forecasts of analysts who delay their issuance may be more accurate 

than those of lead analysts. Thus, the observed significant price impact of follower analysts’ forecasts 

may be on account of their higher accuracy. We therefore expect the market reaction to the 
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information conveyed by forecast revisions of follower analysts to be influenced by the analyst’s 

established record of forecast accuracy. Thus, 

HYPOTHESIS 4a. Earnings forecasts of follower analysts are more accurate than  those of 

lead analysts after controlling for the forecast horizon. 

HYPOTHESIS 4b. The price impact generated by news in forecasts of follower analysts is 

higher when the follower analyst has an established record of  high forecast 

accuracy. 

 

3.  Data and Variables 

Our initial sample includes roughly 1.5 million one-quarter-ahead earnings forecasts of all U.S. firms 

on the I/B/E/S database for the years 1994 through 2007. We retain an analyst for a firm only if he/she 

issues at least three one-quarter-ahead earnings forecasts for the firm during both the current and the 

previous fiscal year, to ensure that our sample does not include inactive firm-analysts. This filter 

reduces the sample size by about 14 percent. Consistent with Cooper et al. 2001, we exclude forecasts 

issued during any 2-day (0, 1) earnings announcement window. This sample restriction is imposed to 

control for the tendency of analysts to issue forecasts immediately upon the release of earnings reports 

and, as expected, results in a substantial reduction in sample size (about 27 percent). In addition, we 

require each firm to be followed by at least five analysts during a fiscal year.
10

 Our final sample 

includes 353,968 one-quarter-ahead forecasts issued for 4,560 distinct firms by 6,898 distinct analysts 

with required analyst-related and stock returns data. While our sample restrictions ensure that we 

include active firm-analysts only and include a sufficient number of firm-analysts to obtain a 

reasonable measure of LFR, we acknowledge that the reduction in sample size limits the 

                                                 
10

Since we calculate LFR based on two forecasts preceding and two succeeding the forecast of interest, 

we require at least five analysts to follow a firm in order to ensure that forecasts of the same analyst do 

not appear as preceding or succeeding forecasts simply by construction. 
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generalizability of our results. We summarize the effect of imposing the above restrictions on the size 

of our final sample in Table 1. 

(Insert Table 1 here) 

   

 Measure of analyst timeliness 

We identify lead and follower analysts by calculating the leader-follower ratio adapted from Lawless 

1982. We restrict our sample to quarterly forecasts when calculating LFR. The leader-follower ratio 

(LFR) exploits the tendency of clustering of earnings forecasts following the forecast of the first 

mover. For each one-quarter-ahead earnings forecast for a firm, we calculate the LFR as the 

cumulative number of days by which the preceding two forecasts lead the forecast of interest divided 

by the cumulative number of days by which the subsequent two forecasts follow the forecast of 

interest.
11

 Because a leader is the first mover, the length of time by which forecasts precede the 

leader’s will be greater than the length of time by which forecasts follow the leader’s, so that the LFR 

for a leader will be greater than one. For each analyst following a given firm, we sum the numerator 

and denominator of the LFR for all one-quarter-ahead earnings forecasts issued by that analyst during 

the current and previous fiscal years. Thus, for each year of our sample period, we obtain one LFR for 

each firm-analyst that measures the forecasting timeliness of the analyst for the specific firm over a 

two-year period. 

The leader-follower ratio is based on the following assumptions: (i) conditional on the release 

of a forecast by a lead analyst, the times until the release of forecasts by follower analysts have 

independent exponential distributions, with expected release-time of the next forecast, θ1, being the 

same for each follower-analyst; and (ii) conditional on the release of a forecast by a follower analyst, 

                                                 
11

Similar to Cooper et al. 2001, in calculating the lead-times and follow-times for a given analyst, (i) 

we exclude any additional forecasts made by that analyst in the pre- and post-release periods, and (ii) 

we include each forecast day only once regardless of the number of forecasts issued on that day. 
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the times until the release of forecasts by other analysts have independent exponential distributions, 

with expected release-time θ0. The expected release times are estimated using the cumulative number 

of days as explained above. Note that under these assumptions, this measure has the desirable property 

that the test statistic LFR has an F-distribution (under the null of θ1 = θ0). Thus, we can determine 

whether an analyst is a timeliness leader or a follower by using the LFR test statistic. The mean 

(median) LFR for our sample of firm-analysts equals 1.15 (0.91) with a standard deviation of 1.07. 

Since the LFR is bounded below at zero, the distribution is positively skewed with sample skewness of 

7.1. These sample statistics are consistent with the underlying assumption that the LFR statistic has an 

F-distribution and are in line with those reported in Cooper et al. 2001.
12

 

We base our classification of lead and follower analysts on the arrival of all forecasts instead 

of only revised forecasts as used by Cooper et al. 2001. We believe that forecast issuance better 

reflects the Poisson arrival process modeled by Lawless 1982. Focusing on revised forecasts alone 

would exclude information arrival in the form of the initial forecast issued by an analyst for a quarter. 

Thus, our approach is less restrictive relative to that used by Cooper et al. 2001 and results in a larger 

sample size.
13

 

We identify lead analysts at the firm level in contrast with Cooper et al. 2001 who identify 

them at the industry level. The objective of their paper is to develop quantitative approaches for 

ranking analysts as an alternative to rankings provided by agencies such as Institutional Investor that 

rely on polls of directors and other officers of major money management institutions. Since these 

benchmark rankings are generally made within an industry given that most analysts are industry 

specialists, classifying lead and follower analysts at the industry level is appropriate for their analysis. 

A firm-level classification of lead and follower analysts is more appropriate for our purpose due to two 

                                                 
12

Cooper et al. (2001) report a mean LFR of 1.25 with skewness of 6.8 for the high-tech industry.  
13

From our sample, we observe a 38 percent decline in sample size when we require forecast revision 

data.  
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research design issues. One, the LFR metric that we use for classification is based on information 

arrival rates that are more descriptive of firm-level rather than industry-level information releases; and 

two, classification at the industry level may lead to measurement problems due to differences in 

analyst following across firms within an industry. Thus, we believe that using an industry-based 

classification could potentially misclassify lead and follower analysts. Consistent with this argument, 

we view timeliness as a consequence of both the analyst’s ability and relationship with a particular 

firm.
14

 

For each year, we classify lead analysts based on their relative LFR. We identify one lead 

analyst (with the highest LFR) for a firm when its analyst-following ranges from five to nine, two lead 

analysts for a firm when its analyst-following ranges from ten to fourteen, three lead analysts for a firm 

when its analyst-following ranges from fifteen to nineteen, and so on. The maximum number of 

analysts identified as lead analysts for a firm is eight (set arbitrarily). Note that we do not use the 

significance level of the LFR to classify lead and follower analysts because this leads to identifying no 

lead analysts for some firms. However, (unreported) results with the classification based on a 1% 

significance level of LFR, combined with the cut-offs specified above, are substantially the same as 

those reported. 

 Since our classification of lead and follower analysts is made at the firm level, it is possible 

that the same analyst is categorized as a lead analyst for one firm and a follower analyst for other firms 

that he/she follows, or an analyst can be a lead analyst for multiple firms in the same year. From our 

sample, the median analyst is a lead analyst for one-sixth of the firms that he/she follows in a given 

year. At the same time, on average, 35.4 percent of analysts are not lead analysts for any firm they 

follow in a given year; and 22.6 percent of analysts are never lead analysts for any firm they follow 

during our sample period. 
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We find that 44.1 percent of lead analysts continue to be lead analysts for the same firm in the 
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Measure of forecast accuracy 

Prior empirical evidence, in particular Brown and Mohd (2003), shows that forecast age is a good 

predictor of the accuracy of one-quarter-ahead earnings forecasts. Since follower analysts’ forecasts 

are released closer to the earnings announcement date relative to lead analysts’ forecasts, we adjust the 

forecast error for the length of the forecast horizon, using the technique employed by Cooper et al. 

2001. For each fiscal year, we estimate the following cross-sectional regression: 

FEijt  = a0 + a1T + ijt                                                                                                                                                                                   (1) 

where FEijt is the signed percentage forecast error associated with the forecast of earnings per share of 

firm j at date t made by analyst i measured as FEijt = (Fijt - Aj) / |Aj|. Fijt is the earnings forecast made 

by analyst i for firm j at date t, and Aj is the reported (I/B/E/S) earnings of firm j that are forecasted by 

the analyst. T is the number of calendar days from the date of the forecast to the earnings 

announcement date and ijt is the residual forecast error of analyst i, for firm j, made on date t. From 

yearly estimations of regression (1), we obtain an average intercept of -0.013 indicating a pessimistic 

bias in forecasts after controlling for horizon length. The slope coefficient estimate is positive and 

significant on average (0.002) consistent with forecast errors increasing with the forecast horizon. We 

calculate the average absolute forecast error for a firm-analyst for each year by taking the sum of the 

absolute value of the regression residuals, ijt, and dividing by the number of forecasts made by the 

analyst for that firm in that year. 

 

4.  Research Design and Empirical Results 

Summary statistics 

Table 2, panel A, reports descriptive statistics of variables at the forecast level for the overall sample 

                                                                                                                                     
following year, consistent with our notion of timeliness being a firm-analyst attribute. 
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and the samples of lead and follower analysts over the period 1994 to 2007. Variable definitions are 

included in the appendix. 20.8 percent of firm-analysts are classified as lead analysts based on the 2-

year LFR measure. For our sample of one-quarter-ahead earnings forecasts, average release-day 

(value-weighted) excess returns and average forecast revisions are significantly negative. Negative 

mean forecast revisions are consistent with the common belief that analysts start out being optimistic 

and subsequently revise their forecasts downward (see O’Brien 1988; Brous 1992; Brous and Kini 

1993; Cooper et al. 2001). Also, mean excess returns, predecessor-based forecast surprise, and 

consensus-based forecast surprise are significantly more negative for lead analysts relative to follower 

analysts. The mean and median number of firms followed by an analyst in a given year are 14.4 and 

13, respectively (not tabulated). The mean and median number of analysts following a firm in a given 

year are 12.5 and 9, respectively (not tabulated), which are biased upward due to our sample 

requirement that a firm be followed by at least five analysts. 

 

(Insert Table 2 here) 

 

In panel B, we compare characteristics of lead and follower analysts to gain some insight into 

any inherent differences between the two groups. Brokerage size and experience are measured at the 

analyst-year level; other variables are measured at the analyst-firm-year level. We find that lead 

analysts on average belong to larger brokerage firms than follower analysts, where brokerage size is 

measured as the number of analysts belonging to a brokerage firm in each year.
15

 Also, on average, 

lead analysts have significantly higher general and firm-specific experience than follower analysts. We 

                                                 
15

Note that the reported average brokerage house size is the number of analysts employed by the 

brokerage house to which an analyst belongs, averaged across all analysts. Hong and Kubik (2003) 

report a substantially lower number (ranging from 11 to 21) because their variable is measured at the 

brokerage house level. By averaging the number of analysts in a brokerage house across all analysts, 

we obtain a higher number because analysts belonging to large brokerage houses are over-weighted in 
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measure general experience as the number of years an analyst appears in the I/B/E/S database from 

1987 up to the current year and firm-specific experience as the number of years an analyst follows a 

firm from 1987 up to the current year. We find no significant difference in the frequency of one-

quarter-ahead earnings forecasts issued by lead and follower analysts. Relative to follower analysts, 

lead analysts forecast a significantly greater number of forecast dimensions (i.e., EPS, sales, cash flow, 

etc.) and forecast EPS over a greater number of horizons (i.e., one-quarter-ahead, two-quarters-ahead, 

one-year-ahead, long-term growth). 

 

Analyst timeliness and impact on stock price 

Research Design 

To examine whether the “news” in analysts’ one-quarter-ahead forecasts has a significant price impact, 

we estimate the following pooled cross-sectional time-series regression: 

ERijt = 0 + 1 L + 2 L*Newsijt + 3 F*Newsijt + ijt                                                                      (2) 

where ERijt is the one-day excess return (security return minus the CRSP value-weighted index) on the 

release of the forecast by analyst i for firm j.
16

 L and F are (0, 1) indicator variables that classify lead 

and follower analysts based on the LFR calculated at the firm-level for each fiscal year (as explained in 

section 3), and Newsijt is the consensus-based surprise divided by the absolute value of the consensus 

forecast. We expect both 2  and 3 to be positive and significant, and 3  to be lower than 2 if 

forecasts of lead analysts have a higher price impact than those of follower analysts. We also test 

whether the price impact of  follower analysts' forecasts declines as followers become less timely by 

estimating a modified version of regression (2) with Newsijt times quintile-ranks of LFR as independent 

variables (instead of news interacted with L and F ). We expect the coefficient on quintile 1 (low LFR: 

                                                                                                                                     
the average. 
16

We measure price impact based on the excess return of the day of release of the forecast rather than 

over the conventional two or three days surrounding the forecast release date in order to exclude the 
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follower analysts) to be lower than the coefficient on quintile 5 (high LFR: lead analysts). 

   The analysis in regression (2) may be subject to look-ahead bias because the classification of 

lead and follower analysts is made over a two-year period that includes the year during which the price 

impact is tested. Thus, we also examine the relation between excess return and forecast news during 

the out-of-sample period subsequent to the classification of lead and follower analysts. For this 

holdout-sample analysis, we estimate the pooled cross-sectional time-series regression: 

ERijt = ’0 + ’1 LagL + ’2 lagL*Newsijt + ’3 lagF*Newsijt + ’ijt                                         (3) 

where lagL and lagF are (0, 1) variables that classify lead and follower analysts on the basis of their 

LFR of the previous year. Similar to regression (2), we expect both ’2  and ’3 to be positive and 

significant, and ’3 to be lower than ’2 if forecasts of lead analysts have a higher price impact than 

those of follower analysts. 

 

Empirical Results 

Table 2, panel A, shows that the mean and median absolute release-day excess returns are significantly 

higher for lead relative to follower analysts. The differences are significant at the 1% level, using both 

the t-test and the Wilcoxon test. If absolute excess returns are viewed as rough measures of market 

impact, this result indicates that forecasts of lead analysts have a significantly higher impact than those 

of follower analysts. 

Table 3, panel A, presents the results of regressions (2) and (3) estimating the impact of news 

in forecasts of lead and follower analysts on release-day excess returns, where news is measured as the 

consensus-based surprise.
17

 We exclude forecasts issued during any 2-day earnings announcement 

window because it is difficult to differentiate the impact of news in forecasts from the news conveyed 

                                                                                                                                     
effect of forecasts of other analysts issued the day before or the day after the forecast of interest. 
17

To ensure that our results are not affected by a few outliers, we exclude the upper and lower 1% of 

observations for the variables excess return and News. 
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by the earnings announcement. Regressions are estimated with year fixed effects and t-statistics are 

corrected for clustering of standard errors by firm and by analyst (see Petersen 2009). The results of 

the contemporaneous regression (2), where the independent variable “News” is interacted with 

indicator variables for lead (L) and follower (F) analysts, are reported in column (1). The results of the 

out-of-sample regression (3), where news is interacted with indicator variables for lagged lead and 

follower analysts, are reported in column (4). Consistent with our Hypothesis 1a, the coefficient 

estimate on news in forecasts is significantly higher for lead relative to follower analysts, indicating 

that timely analysts have the most price impact upon release of their forecasts (F-test p-value reported 

in the bottom row of the table). Although significantly lower than for lead analysts (by 23 percent), the 

price impact of follower analysts’ forecasts is also significant. This is consistent with Hypothesis 1b 

and implies that forecasts of follower analysts have information content incremental to that of lead 

analysts. Thus, we find that the results in Cooper et al. 2001 generalize beyond the semi-conductor and 

printed circuit-board manufacturing industry and to a longer sample period. From column (4), the 

results of price impact hold even when the analysis is conducted on the hold-out sample, that is, the 

year subsequent to the years used to classify lead and follower analysts.
18

 

(Insert Table 3 here) 

 

Panel A, column (3), reports results of the regression of release-day excess returns on forecast 

news with differential coefficients on forecast news associated with quintiles of timeliness. We form 

quintiles for each firm-year based on a ranking of analysts by their LFR. We find that the coefficient 

estimate of quintile 5 (highest LFR rank) interacted with news is significantly higher than that of 

quintile 1 (lowest LFR rank) interacted with news. The monotonic trend across timeliness quintiles 
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Since multiple analysts can issue a forecast for a firm on a single day, there may be a concern that the 

dependent variable and hence the errors may not be independent. Our results remain significant when 

we re-run regressions (2) and (3) including only one forecast per firm per day selected randomly. 
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suggests that the price impact of news in forecasts dissipates as follower analysts become less timely. 

The ordering of coefficient estimates across quintiles also holds in the out-of-sample analysis reported 

in column (6). Interestingly, forecast news has a significant impact even for the group of the least 

timely follower analysts in quintile 1. In fact, from the results in columns (2) and (5), the forecast of 

even the extreme “straggler” among follower analysts (i.e., the analyst with the lowest LFR) has a 

price impact, although significantly lower than that of other follower analysts.  

 From the results reported in Table 2, we observe that, relative to follower analysts, lead 

analysts have a higher level of experience and belong to larger brokerage houses. We therefore 

examine whether the higher price impact of lead analysts’ forecasts is in fact due to the timeliness of 

their forecasts and not their higher experience level or their reputation (i.e., affiliation with large 

brokerage firms). Table 3, panel B, reports the results of regression (2) by brokerage size and analyst 

experience. A brokerage firm that employs 25 or more analysts is classified as a large brokerage firm. 

Using the median as the cut-off, analysts with 5 years or more of general experience are included in the 

“high” general experience group and more than 3 years of firm-specific experience are included in the 

“high” firm-specific experience group. Although not directly related to our hypotheses, we first note 

that the price impact of forecast news is higher for lead as well as follower analysts from larger 

brokerage firms and with greater general experience.
19

 Consistent with Hypothesis 1c, we find that the 

price impact of lead analysts’ forecasts is significantly higher than that of follower analysts for both 

large and small brokerage groups and high and low experience groups (general as well as firm-

specific). Thus, the higher price impact of forecasts of lead analysts relative to that of follower analysts 

is incremental to the effect of analysts' experience level or reputation. In addition, consistent with 

Hypothesis 1d, the results indicate that the significant price impact of follower analysts’ forecasts is 
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The higher market response to forecasts provided by analysts employed by large brokers is consistent 

with the findings of Hong and Kubik 2003, Clement and Tse 2003, and Gintschel and Markov 2004. 
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not simply driven by follower analysts with greater experience and reputation.  

 

Factors determining the price impact of lead and follower analysts 

The results thus far show that forecasts of follower analysts have a significant price impact including 

the forecast of the least timely follower analyst. In this section, we examine potential drivers of the 

price impact of follower analyst forecasts relative to forecasts of lead analysts. Before discussing the 

findings of our test of Hypothesis 2, the next sub-section presents the results of an exploratory analysis 

of the degree of innovation in lead and follower analysts' forecasts to better understand their 

differential price impact. 

 

“Herding” on the consensus or predecessor’s forecast 

The notion of leaders and followers among analysts is supported by several models of “herding” 

behavior that predict a clustering of forecasts following the forecast released by the first mover. For 

example, Graham (1999) finds evidence that investment newsletters herd on the market timing advice 

offered by Value Line. Hong, Kubik, and Solomon (2000) find that inexperienced analysts deviate less 

from the consensus and issue less timely forecasts relative to experienced analysts. Consistent with 

prior empirical studies (e.g., Stickel 1990; Leone and Wu 2008), we use the degree of deviation of 

forecasts from the consensus or the predecessor’s forecast to examine the relative herding behavior of 

lead versus follower analysts. 

From Table 2, panel A, we observe that on average the absolute value of forecast-surprise 

based on the consensus as well as the predecessor’s forecast is significantly lower for follower analysts 

relative to lead analysts. Consistent with the “herding” literature, we expect that follower analysts who 

merely mimic the consensus or the predecessor’s forecast will have no impact on price. Alternatively, 

if the follower analyst’s forecast provides information confirming the predecessor’s or the consensus 

forecast, then, as discussed in section 2, forecasts of follower analysts who “herd” will also have a 
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price impact.  

Table 4 reports results of the regression of excess returns on forecast revisions interacted with 

indicator variables for lead analysts, follower analysts with zero consensus- or predecessor-based 

surprise, and follower analysts with non-zero surprise (columns 1 and 2). The results show that the 

forecast revisions of follower analysts that herd on the consensus or the predecessor’s forecast have an 

insignificant impact on release-day excess returns. On the other hand, the coefficient estimates on 

revisions of lead analysts and follower analysts with non-zero surprise (non-herders) are positive and 

significant. Thus, when valuing a firm, the market appears to disregard forecast revisions made by 

follower analysts that herd. Overall, it is interesting to note that the market is rational, in that it only 

reacts to forecasts that convey new information even if those forecasts arrive later (as in the case of 

non-herding stragglers, untabulated). 

(Insert table 4 here) 

 

In column (3), we report results of the regression of excess returns on forecast revisions, 

differentiating the effect of follower analysts’ revisions that are high innovation and revisions that 

merely move toward the consensus (low innovation). Consistent with Gleason and Lee 2003, we use 

two benchmarks to distinguish between high and low innovation forecast revisions – analyst’s own 

prior forecast and the prior consensus forecast. We label forecasts that are higher than both the 

analyst’s own prior forecast and the prior consensus or lower than both the analyst’s own prior forecast 

and the prior consensus as high innovation (i.e., the direction of the forecast relative to both 

benchmarks suggests that the analyst conveys new information to the market). On the other hand, 

forecasts that fall between the analyst’s own prior forecast and the prior consensus are labeled low 

innovation (i.e., analysts that revise toward the consensus forecast may bring less new information to 

the market). Based on this definition, we find that a substantial number (72 percent) of forecasts of 
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follower analysts are high innovation forecasts, which could be a factor that contributes to the 

significant impact of follower analysts’ forecasts. Our results in Table 4 show that forecast revisions of 

follower analysts that are high innovation have a significantly higher impact relative to those that are 

low innovation.
20

 However, the price impact for lead analysts is still significantly higher than that for 

high-innovation follower analysts, although the magnitude of the difference is lower. Overall, our 

results in Table 4 indicate that the price impact of follower analysts’ forecast revisions is mainly driven 

by the new information they convey. 

 

Public versus private sources of information in followers’ forecast revisions 

From Table 4, we find that the market does not react when the follower analyst’s forecast in its entirety 

mimics the forecast of the predecessor analyst or the consensus. Instead of perfectly mimicking (or 

herding on) prior information, forecasts of follower analysts may also partly mimic their 

predecessors/consensus and partly provide new information from their private sources to investors. 

Our partition of high versus low innovation forecast revisions to some extent captures the degree of 

mimicking information relative to new information provided by follower analysts’ forecasts. We 

analyze this issue more directly by examining whether and to what extent analysts use public versus 

private   information when revising their expectations. We estimate the following pooled cross-

sectional time-series regression estimated separately for lead and follower analysts: 

FRijt =  γ0 + γ1 Pred-surprisejt*PredF + γ2 Pred-surprisejt*PredL + γ3 PriorRetjt + ψijt                 (4) 

where FRijt equals the forecast revision issued by analyst i for firm j at date t, Pred-surprisejt equals the 

predecessor-based surprise of the immediately preceding forecast issued by another analyst following 

the same firm, PriorRetjt equals abnormal returns of firm j from the date of the last forecast of analyst i 

up to one day prior to the release-date of the current forecast of analyst i, and PredL and PredF are (0, 
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Gleason and Lee (2003) also find a higher price impact on the release of high relative to low 
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1) indicator variables reflecting whether the predecessor analyst is a lead or a follower analyst. We 

expect a positive coefficient on forecast-surprise of the predecessor analyst if the forecast revision 

incorporates the predecessor’s information. In addition, we expect γ2 > γ1, if analysts are more likely 

to use information reflected in the forecast of a lead analyst that precedes them rather than a follower 

analyst that precedes them. Consistent with a positive correlation between forecast-surprise and prior 

returns documented by Cooper et al. 2001, we expect γ3 to be positive and significant. The regression 

is estimated with year fixed effects and t-statistics are corrected for clustering of standard errors by 

firm and by analyst. 

Table 5, panel A, shows results consistent with Hypothesis 2. We find the coefficient estimate 

on prior return performance to be positive and significant for lead as well as follower analysts. This 

indicates that analysts use public information that is incorporated in the prevailing market price when 

updating their forecasts. For the sample of follower analysts, the coefficient estimate on the surprise 

conveyed by the immediately preceding forecast is positive and significant when the predecessor 

analyst is either a lead or a follower analyst, although the impact is significantly higher when the 

predecessor analyst is a lead analyst. In comparison, for the sample of lead analysts, while the 

coefficient estimate on the surprise in the preceding forecast is significant when the predecessor is a 

follower, the magnitude of the impact is significantly lower than that for the sample of follower 

analysts. This is not surprising given that the information conveyed by a lead analyst’s predecessor is 

dated (by construction) and hence is not that useful in updating the lead analyst’s forecast.
21

 Overall, 

we find that, relative to lead analysts, follower analysts use significantly more of the information 

conveyed by their predecessor analyst when revising their forecasts. Further, the regression R
2
 for the 

sample of follower analysts is higher than the R
2
 for the sample of lead analysts by about 37 percent, 

                                                                                                                                     
innovation forecast revisions for their sample (which includes lead as well as follower analysts). 
21

Also, as expected, for the sample of lead analysts, the coefficient estimate on the preceding forecast-

surprise is insignificant when the predecessor is a lead analyst, since only a negligible number of lead 
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suggesting that follower analysts incorporate more public information in their forecast revisions 

relative to lead analysts. However, the R
2
s of the prediction model are in general low, suggesting that 

much of the revision in lead as well as follower analysts’ forecasts is based on other sources of 

information, probably private. 

(Insert Table 5 here) 

 

We further analyze the price impact of the determinants of forecast revisions – those based on 

public versus private information. We estimate the following cross-sectional time-series regression 

separately for lead and follower analysts: 

ERijt = λ0 + λ1 PredFRijt + λ2 Residualijt + ηijt                                                                     (5) 

where PredFRijt is the predicted value of the revision (i.e., public information), and Residualijt is the 

residual (private information) estimated from the first-stage regression (4) of forecast revisions on 

prior return performance and the predecessor-based surprise. 

From columns 1-3 and 6-8 of Table 5, panel B, we find that, consistent with Hypothesis 3a, 

both the public and private information components of the forecast revision have a significant positive 

impact on the stock price for lead as well as follower analysts. The private information component of 

the revision exhibits a substantially higher explanatory power for release-day excess returns relative to 

the public information component for both lead and follower analysts.
22

 The positive correlation 

between excess returns and forecast-surprise of the predecessor analyst and prior returns embedded in 

the forecast revision is consistent with the post-revision price drift documented by previous research 

                                                                                                                                     
analysts’ forecasts are preceded by a forecast of another lead analyst, by construction. 
22

PredFR and Residual components of the forecast revision have different means and precision (by 

construction) and hence the interpretation of their relative coefficient magnitudes is not straight-

forward. The coefficient estimates obtained from the standardized regression model which are directly 

comparable are: (i) lead analysts: PredFR: 0.091, Residual: 0.140; and (ii) follower analysts: PredFR: 

0.038, Residual: 0.096. Thus, based on the standardized model, the magnitude of the impact of private 

information is higher relative to the impact of public information for both lead and follower analysts. 
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(e.g., Cooper et al. 2001; Gleason and Lee 2003).
23

   

 

Impact of confirmatory versus conflicting information conveyed by forecasts of follower analysts 

In addition, we test whether the price impact of the predictable public information component of the 

forecast revision depends on whether the analyst’s forecast confirms or conflicts with the information 

conveyed by the predecessor analyst’s forecast revision. In the case of lead analysts, the market 

response to the public information component of their revision is always significant, regardless of 

whether the forecast confirms or conflicts with the predecessor’s information (column 4). On the other 

hand, consistent with Hypothesis 3b, in the case of follower analysts, we find that the market response 

to the public information component of their revision is significant only when they confirm the 

information conveyed by the predecessor’s forecast revision, but not when they conflict with the 

predecessor’s information (column 9). While this result is consistent with prior findings suggesting that 

subsequent analysts attenuate the post-revision price drift, we find that to be true only when the 

follower analyst’s forecast helps to alleviate the market’s skepticism about the information conveyed 

by the predecessor analyst. 

 

Price impact and forecast accuracy of lead and follower analysts 

From the results in the previous sub-section, it appears that, in addition to incorporating information 

conveyed by their predecessors, follower analysts’ forecast revisions incorporate new information 

obtained from private sources. This new information included in the delayed forecasts of follower 

analysts could likely result in higher accuracy of follower analysts’ forecasts relative to those of lead 
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Gleason and Lee (2003) conclude that a significant portion of the delayed price reaction occurs in 

short windows around the next six forecast revisions of other analysts based on the sign and 

significance of size-adjusted returns in those short windows. In our analysis, we document the link 

between the information in the predecessor’s forecast embedded in the follower analyst’s forecast and 

the price reaction to this component of the follower’s forecast revision. Thus, our evidence that 
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analysts. Table 6, panel A, reports the means and medians of forecast errors of lead and follower 

analysts over the sample period. Absolute percentage forecast errors are adjusted for the length of the 

forecast horizon as described in section 3. Results in columns (1-3) show that the mean and median 

(horizon-adjusted) percentage absolute forecast errors for one-quarter-ahead forecasts are significantly 

lower for follower analysts relative to lead analysts, as indicated by both the t-test and the non-

parametric Wilcoxon test. From columns (4-6), similar results hold for ranked errors as well. Thus, 

consistent with Hypothesis 4a, forecasts of lead analysts are less accurate compared to those of 

follower analysts, suggesting that lead analysts may focus their efforts on being timely and hence may 

sacrifice accuracy for timeliness. In examining forecast bias, we find that the mean percentage errors 

are positive for both lead and follower analysts, consistent with the optimistic forecast bias found by 

previous studies (e.g., Brown, Foster, and Noreen 1985). However, we find no significant difference in 

forecast bias of lead versus follower analysts. 

(Insert Table 6 here) 

 

 We next examine whether the significant market impact of the delayed forecasts of follower 

analysts is driven by their relatively higher forecast accuracy.
24

 We measure expected forecast 

accuracy as an average across all one-quarter-ahead forecasts issued by an analyst during the previous 

year. Table 6, panel B, shows that, consistent with Hypothesis 4b, news in forecasts (measured by 

forecast revision as well as consensus-based surprise) has a significantly greater impact for follower 

analysts with higher established forecast accuracy. On the other hand, the market impact is 

insignificantly different for lead analysts who are more or less accurate forecasters. 

Collectively, our evidence suggests that follower analysts generate market impact (i) because 

                                                                                                                                     
follower analysts act as catalysts in the price discovery process is more direct.    
24

Prior research has shown that in general investors’ response to forecast revisions increases with the 

expected accuracy of the forecast (e.g., Stickel 1992; Park and Stice 2000). 
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of new information in their forecast revisions obtained from private sources, and (ii) because of 

confirmatory information regarding their predecessor’s forecast. In addition, the market impact is 

greater for forecasts of follower analysts with an established record of high forecast accuracy. 

 

Price impact of forecasts of lead versus follower analysts in the pre and post FD periods 

The SEC’s Regulation Fair Disclosure (Reg FD) effective October 23, 2000 provides that, when an 

issuer discloses material non-public information to certain persons (e.g., market professionals), it must 

make public disclosure of that information. Prior studies provide mixed evidence on the average 

effects of Reg FD in leveling the information playing field. Heflin, Subramanyam, and Zhang (2003) 

find no evidence of impairment in the information environment after Reg FD, based on the flow of 

information to the market prior to earnings announcements. Eleswarapu, Thompson, and 

Venkataraman (2004) find that the degree of information asymmetry reflected in trading costs has 

declined after Reg FD, while Sidhu, Smith, Whaley, and Willis (2008) report opposite results using the 

adverse selection component of the bid-ask spread. While the evidence in Heflin et al. 2003 suggests 

that on average forecast accuracy was not adversely affected by Reg FD, Agrawal, Chadha, and Chen 

(2006) find that earnings forecasts, both at the individual analyst level and the consensus level, became 

less accurate post FD. Mohanram and Sunder (2006) examine the cross-sectional effects of Reg FD on 

forecast accuracy. They find that analysts who had preferential access in the pre FD period are more 

likely to be adversely affected in producing accurate forecasts post FD.   

Similar to Mohanram and Sunder 2006, we also examine the cross-sectional effects of Reg 

FD, but our focus is on the differential price impact of timely versus less timely forecasts. We 

hypothesize that, if lead analysts released forecasts early due to their information advantage through 

direct management contacts, they would have lost that advantage post Reg FD. We therefore expect 
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the difference in price impact of lead versus follower analysts to diminish post FD.
25

 Further, we 

expect the higher price impact of forecasts of analysts belonging to large relative to small brokerage 

firms to reduce post-FD both for lead and follower analysts. We include sample years 1994-99 in the 

pre FD period and 2002-07 in the post FD period.
26

 Table 7, panel A, shows that the impact of news in 

forecasts on release-day excess returns significantly increases for both lead and follower analysts in the 

post FD period.
27

 Although lead analysts still have significantly higher price impact relative to 

followers, the difference diminishes post FD, consistent with our hypothesis that more timely analysts 

may have lost their information advantage post FD. 

 

(Insert Table 7 here) 

 

The first two columns of panel B show the combined effects of Reg FD and the Global 

Settlement in the post period for samples of small versus large brokerage firms. Forecasts of analysts 

belonging to both small and large brokerage firms have a higher price impact in the post period; 

however, the magnitude of the impact in the post period is about three times that of the pre period for 

analysts in small brokerage firms. Consistent with Reg FD leveling the playing field, there is no 

significant difference in impact of forecasts of analysts belonging to small versus large brokerage firms 

in the post FD period. Thus, from our results, it appears that analysts in large brokerage firms may 

have lost preferential access to management post FD. From columns 3-6 of panel B, the difference in 

                                                 
25

Note again that we exclude forecasts issued during the earnings announcement window similar to 

prior studies. 
26

The year 2000, when Reg FD became effective, is excluded from our analysis. We also exclude the 

year 2001 because the LFR classification for that year uses forecasts issued in the year 2000. 
27

The increase in price impact can perhaps be attributed to the fact that the post-period also includes 

the effects of the Global Settlement (reached in April 2003) which alleviated conflicts of interest in the 

investment industry. Gintschel and Markov (2006) use the year immediately following the passage of 

Reg FD as the post period (which excludes the effect of the Global Settlement) and find that the 

conditional variance and absolute 5-day window returns on analysts’ announcements are lower after 
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price impact of lead versus follower analysts is significant in both the pre and post periods for analysts 

in small as well as large brokerage firms. 

Overall, our results in Table 7 suggest that (i) the impact of news in forecasts has increased 

since 2002, (ii) the difference in impact of forecast news of analysts belonging to small versus large 

brokerage firms has become insignificant in the post FD period, and (iii) the difference in impact of 

news in forecasts of lead and follower analysts has decreased in the post FD period although it is still 

significant.        

 

5.  Concluding Remarks 

This paper examines the role played by lead and follower analysts as financial intermediaries. 

Consistent with prior research, our empirical results indicate that news in forecasts of follower analysts 

has a significant impact on release-day excess returns although lower than that of lead analysts. In 

addition, we find that the price impact of forecasts dissipates as follower analysts become less timely; 

however, even the least timely follower analyst conveys incremental information to the market.  In 

examining the information content of late forecasts issued by follower analysts, we find that follower 

analysts use both public and private sources of information when revising their forecasts. The 

significant market reaction to the public information (mimicking) component of the follower analyst’s 

forecast revision is consistent with the post-revision drift documented by Gleason and Lee 2003 and 

others. However, we find the price drift to be significant only when the follower analyst’s forecast 

confirms the information conveyed by the predecessor analyst, but not when it contradicts the 

predecessor’s information. Thus, the role of follower analysts as catalysts in the market’s price 

discovery process only applies when follower analysts alleviate the market’s skepticism by 

corroborating the information in prior forecasts. We also find that forecasts of follower analysts are 

                                                                                                                                     
Reg FD, suggesting lower price impact. 
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significantly more accurate than those of lead analysts (after adjusting for the length of the forecast 

horizon). The market, in turn, values forecast accuracy in pricing the information conveyed by 

follower analysts’ forecasts. Thus, while lead analysts provide timely information, it appears that 

follower analysts play a complementary role by providing new and more accurate information to the 

market. Additional analysis shows that lead analysts may have lost some of their informational 

advantage post-FD, resulting in a reduced gap in the price impact of lead versus follower analysts. 

Overall, this paper analyzes the informational role of lead and follower analysts in the capital 

market. Our evidence suggests that each group appears to have some comparative advantage and 

serves a useful role as market participants. Follower analysts, in particular, aid in price discovery by 

providing (i) confirmatory signals that the market appears to need to fully impound information into 

stock prices (i.e., to reduce the price drift), and (ii) more accurate forecasts based on their private 

information acquisition and evaluation. From a broad perspective, our results shed light on how 

multiple firm-analysts play a role in expediting the price adjustment process, consistent with the 

evidence in Gleason and Lee 2003.          
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Appendix 

Variable Definitions 

Release-day excess return (ERijt) Return for a firm minus the CRSP value-weighted index on the day 

of release of a forecast by an analyst. 

Forecast revision (FRijt) 
Current one-quarter-ahead earnings forecast of an analyst minus the 

previous forecast for the same forecast period issued by the same 

analyst, divided by the absolute value of the previous forecast. 

Predecessor-based surprise 
Current one-quarter-ahead earnings forecast of an analyst minus the 

forecast for the same forecast period issued by the predecessor 

analyst, divided by the absolute value of the predecessor’s forecast. 

Consensus-based surprise 

Current one-quarter-ahead earnings forecast of an analyst minus the 

consensus forecast for the same forecast period, divided by the 

absolute value of the consensus forecast, where the consensus is 

measured by averaging all forecasts of other firm-analysts for the 

same forecast period released over the previous 30 days.   

Brokerage size Number of analysts belonging to a brokerage firm during the year. 

Firm-specific experience 
Number of years an analyst follows a firm from 1987 up to the 

current year. 

General experience Number of years an analyst appears in the I/B/E/S database from 

1987 up to the current year. 

Frequency of quarterly forecasts Number of quarterly forecasts issued by an analyst for a firm during 

the fiscal year. 

Number of dimensions forecasted Number of different attributes forecasted (e.g., EPS, sales, cash flow) 

by a firm-analyst during the fiscal year. 

Number of EPS horizons forecasted 
Number of horizons for which EPS is forecasted (e.g., one-quarter-

ahead, two-quarters-ahead, one-year-ahead, long-term growth) by a 

firm-analyst during the fiscal year.   

Lead analyst (L) 
(0, 1) indicator variable that equals one if an analyst is classified as a 

lead analyst for a given firm in a given year based on the 2-year LFR 

measure calculated over the current and previous year.  

Follower analyst (F) 
(0, 1) indicator variable that equals one if an analyst is classified as a 

follower analyst for a given firm in a given year based on the 2-year 

LFR measure calculated over the current and previous year.  

News 

News in one-quarter-ahead EPS forecast measured as the current 

forecast of an analyst minus the consensus forecast, divided by the 

absolute value of the consensus forecast (i.e., consensus-based 

surprise). 

Large (small) brokerage Brokerage firm employing 25 or more (fewer than 25) analysts 

during the year. 

High (low) general experience Above (below) median general experience: classified as high (low) 

when an analyst has ≥5 years (<5 years) of general experience. 
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High (low) firm-specific experience 

Above (below) median firm-specific experience: classified as high 

(low) when an analyst has >3 years (≤3 years) of firm-specific 

experience  

High (low) innovation 
(0, 1) indicator variable that equals one (zero) when the analyst’s 

forecast revision and consensus-based surprise have the same 

(opposite) sign, consistent with Gleason and Lee (2003).    

Surprise of predecessor (Pred-surprisejt) Predecessor-based surprise in the immediately preceding forecast. 

Prior returns (PriorRetjt) Excess returns from the date of the last forecast of the analyst to the 

release date of his/her current forecast. 

Predicted revision (PredFRijt) 

Predicted value (Y-hat) of the first-stage regression of forecast 

revision on the surprise of predecessor, surprise of predecessor 

interacted with a dummy for the predecessor being a lead analyst, and 

prior returns.   

Residual 
Residual from the first-stage regression of forecast revision on the 

surprise of predecessor, surprise of predecessor interacted with a 

dummy for the predecessor being a lead analyst, and prior returns.   

Confirm (Conflict) 
(0, 1) indicator variable that equals one if the predecessor analyst’s 

forecast revision and the current analyst’s predecessor-based surprise 

have the same (opposite) sign, zero otherwise. 

%Abserror 

Absolute percentage forecast error calculated as forecasted EPS 

minus actual EPS, divided by the absolute value of actual EPS. 

%Abserror is adjusted for the length of the forecast horizon, by 

averaging the residuals from regression (1) across all forecasts issued 

by a firm-analyst in a year.  

Accuracy Negative of %Abserror of the previous year. 

%Bias Signed percentage forecast error. 

Pre (Post) FD 
(0, 1) indicator variable that equals one if the observation belongs to 

sample years 1994-99 (2002-07). 
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TABLE 1 

Sample selection: Effect of sample restrictions on the final sample  

  

Description N 

    

Number of one-quarter-ahead EPS forecasts on I/B/E/S during the period 1994-2007 1,534,391 

Less: Forecasts of analysts issuing fewer than 3 one-quarter-ahead forecasts during a (218,033) 

         fiscal year   

Less: Forecasts issued during the 2-day (0, 1) earnings announcement window (413,039) 

Less: Forecasts for firms covered by fewer than 5 analysts during a fiscal year (507,027) 

  396,292  

Less: Observations with missing analyst or stock return data  (42,324) 

Final sample 353,968  
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TABLE 2 

Summary statistics for the overall sample and the samples of lead and follower analysts over the period 1994 to 2007: 

Means (medians) 

 

Panel A: Forecast-level variables 

 

          

Variables Overall Lead Follower (p-value) 

   Analysts Analysts  

          

Number of (firm-year) analysts 195,239 40,686 154,553  

   20.8% 79.2%  

Release-day excess return -0.0014 -0.0022 -0.0014 (<0.0001)
a
 

 (-0.0008) (-0.0010) (-0.0008) (0.0011)
b
 

Release-day absolute excess return 0.0192 0.0224 0.0204 (<0.0001)
a
 

 (0.0127) (0.0133) (0.0126) (<0.0001)
b
 

Forecast revision -0.1047 -0.1061 -0.1044 (0.3956)
a
 

 (-0.0345) (-0.0351) (-0.0342) (0.1711)
b
 

Predecessor-based surprise -0.0173 -0.0247 -0.0156 (<0.0001)
a
 

 (0) (0) (0) (<0.0001)
b
 

Consensus-based surprise -0.0490 -0.0556 -0.0474 (<0.0001)
a
 

 (-0.0071) (-0.0083) (-0.0069) (<0.0001)
b
 

Absolute predecessor-based surprise 0.1275 0.1344 0.1258 (<0.0001)
a
 

 (0.0526) (0.0556) (0.0513) (<0.0001)
b
 

Absolute consensus-based surprise 0.1240 0.1310 0.1224 (<0.0001)
a
 

 (0.0526) (0.0565) (0.0521) (<0.0001)
b
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TABLE 2 continued… 

 

Panel B: Variables at the analyst and firm-analyst levels 

 

          

Variables Overall Lead Follower (p-value) 

   Analysts Analysts  

          

         

Brokerage size 65.93  71.41  64.49  (<0.0001)
a
 

 (48.0) (53.0) (46.0) (<0.0001)
b
 

General experience 5.50  5.67  5.46  (<0.0001)
a
 

 (5.0) (5.0) (5.0) (<0.0001)
b
 

Firm-specific experience 4.05  4.10  4.03  (<0.0001)
a
 

 (3.0) (3.0) (3.0) (<0.0001)
b
 

Number of one-quarter-ahead forecasts  3.95  3.94  3.96  (0.2309)
a
 

   issued by a firm-analyst  (4.0) (4.0) (4.0) (0.0933)
b
 

Number of dimensions forecasted by  2.18  2.32  2.15  (<0.0001)
a
 

   a firm-analyst (1.0) (1.0) (1.0) (<0.0001)
b
 

Number of EPS horizons forecasted by 5.73  5.88  5.69  (<0.0001)
a
 

   a firm-analyst (6.0) (6.0) (6.0) (<0.0001)
b
 

          

 

Notes: 

 

Variables are defined in the Appendix. 

a
Two-tailed t-test of difference in variable means for lead versus follower analysts 

b
Non-parametric Wilcoxon test of difference in distributions of variables for lead versus follower analysts 
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TABLE 3 

Timeliness of analysts’ forecasts and impact of “news” in forecasts on release-day excess returns 

 

Panel A: Price impact of forecast news of lead versus follower analysts and across timeliness quintiles 

  

  In-Sample Hold-out Sample 

Variables (N = 353,968) (N = 241,274) 

  (1) (2) (3) (4) (5) (6) 

News*L 0.0158 0.0157   0.0155 0.0155  

 (<0.001) (<0.001)   (<0.001) (<0.001)  

News*F 0.0122    0.0116   

 (<0.001)    (<0.001)   

News*F (except last)   0.0127      0.0118   

   (<0.001)     (<0.001)  

News*F (last)   0.0090      0.0099   

   (<0.001)     (<0.001)  

News*Q1 (lowest)    0.0097    0.0099 

    (<0.001)    (<0.001) 

News*Q2    0.0115    0.0110 

    (<0.001)    (<0.001) 

News*Q3    0.0133    0.0129 

    (<0.001)    (<0.001) 

News*Q4    0.0153    0.0140 

    (<0.001)    (<0.001) 

News*Q5 (highest)    0.0168    0.0156 

    (<0.001)    (<0.001) 

Adj. R
2 
(%) 1.17 1.17 1.20 1.22 1.22 1.23 

Year Fixed Effects Yes Yes Yes Yes Yes Yes 

F-test (<0.0001)a (<0.0001)b (<0.0001)c (<0.0001)a (<0.0001)b (<0.0001)c 
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TABLE 3 continued…. 

 

Panel B: Price impact of forecast news of lead versus follower analysts across brokerage size and experience groups 

 

  Brokerage Size General Experience Firm-specific Experience 

Variables Small Large Low High Low High 

  (1) (2) (3) (4) (5) (6) 

N 80,375 246,189 211,323 142,645 150,575 203,393 

News*L 0.0123 0.0166 0.0155 0.0166 0.0160 0.0159 

 (<0.001) (<0.001) (<0.001) (<0.001) (<0.001) (<0.001) 

News*F 0.0095 0.0133 0.0115 0.0132 0.0123 0.0122 

 (<0.001) (<0.001) (<0.001) (<0.001) (<0.001) (<0.001) 

Adj. R
2 
(%) 0.76 1.34 1.01 1.28 0.97 1.27 

Year Fixed Effects Yes Yes Yes Yes Yes Yes 

F-test
a
 (0.0097) (<0.0001) (<0.0001) (<0.0001) (<0.0001) (<0.0001) 

              

 

Notes: 

 

The table presents results of the following regressions  

ERijt = 0 + 1 L + 2 L*Newsijt + 3 F*Newsijt + ijt                                                                                                (2) 

ERijt = ’0 + ’1 LagL + ’2 lagL*Newsijt + ’3 lagF*Newsijt + ’ijt                                                                   (3) 

 

In panel A, results of regression (2) are presented in columns 1-3 and of regression (3) in columns 4-6. L and F are (0, 1) 

indicator variables representing lead and follower analysts. For the hold-out sample results in columns 4-6, LagL and 

LagF are (0, 1) indicator variables representing lead and follower analysts classified in the previous year. L*News and 

F*News equal Newsijt interacted with (0, 1) indicator variables for lead (L) and follower analysts (F). News*F (except 

last) equals news interacted with a (0, 1) indicator variable that equals one for all followers except the last (lowest LFR) 

for each firm-year, and zero otherwise. News*F (last) equals news interacted with a (0, 1) indicator variable that equals 

one if the analyst is the last follower (lowest LFR) for that firm-year, and zero otherwise. Q1 to Q5 are quintiles formed 

by ranking analysts on the basis of the 2-year LFR for each firm-year. Q1 includes analysts with the lowest LFR.  

News*Q1 equals News interacted with a (0, 1) indicator variable that equals one if the analyst belongs to quintile 1, and 

zero otherwise. Panel B reports results of regression (2) for brokerage size and experience groups. Other variables are 
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defined in the Appendix. T-statistics are corrected for clustering of standard errors by firm and by analyst. Main effects of 

interacted variables are included in regressions but not reported in the table. Two-tailed p-values are reported in 

parentheses. 

 

a
Test of difference in coefficients on forecast news of lead versus follower analysts.  

b
Test of difference in coefficients on forecast news of the last follower analyst and other follower analysts. 

c
Test of difference in coefficients on forecast news of quintile 1 versus quintile 5. 
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TABLE 4 

Price impact of forecast revisions of lead analysts and follower analysts with (i) zero versus non-zero deviation from 

predecessor/consensus forecasts, and (ii) high versus low innovation forecasts 

 

                Variables  Predecessor- Consensus- Innovation 

 based surprise based surprise   

  (1) (2) (3) 

Revision*L 0.0139 0.0123 0.0127 

 (<0.001) (<0.001) (<0.001) 

Revision*F (non-zero surprise) 0.0099 0.0090   

 (<0.001) (<0.001)   

Revision*F (zero surprise) 0.0009 0.0016   

 (0.286) (0.522)   

Revision*F (High Innovation)    0.0112 

    (<0.001) 

Revision*F (Low Innovation)    0.0023 

    (<0.001) 

Adj. R
2 
(%) 1.43 1.13 1.36 

Year Fixed Effects Yes Yes Yes 

N 257,030 239,734 239,022 

F-test
a
 (<0.0001) (<0.0001) (0.0021) 

F-test
b
 - - (<0.0001) 

        
 

Notes: 

 

The dependent variable is release-day excess returns. F(zero surprise) is a (0,1) indicator variable that equals one if the 

forecast “surprise” for a follower equals zero, and zero otherwise. Surprise equals the current forecast minus (i) the 

forecast of the predecessor analyst (column 1) and (ii) the 30-day consensus forecast (column 2). F(non-zero surprise) is a 

(0, 1) indicator variable that equals one if the forecast-surprise for a follower is non-zero, and zero otherwise. High (low) 

innovation forecast equals one if the forecast revision and the consensus-based surprise have the same (opposite) sign, 

consistent with Gleason and Lee 2003. Other variables are defined in the Appendix. T-statistics are corrected for 

clustering of standard errors by firm and by analyst. Main effects of interacted variables are included in regressions but 

not reported in the table. Two-tailed p-values are reported in parentheses. 
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a
Test of difference in coefficients on forecast revisions of lead analysts versus (i) follower analysts with non-zero surprise 

(columns 1 and 2) and (ii) follower analysts with high innovation forecasts (column 3). 

b
Test of difference in coefficients on forecast revisions of follower analysts with high versus low innovation forecasts. 
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TABLE 5  

Determinants of forecast revisions and their impact on release day excess returns 

 

Panel A: Results of the regression of forecast revisions on prior returns and predecessor-based surprise in the 

immediately preceding forecast 

  

  N (Pred-surprise (Pred-surprise Prior returns Adj. R
2
 F-test

a
 

   *PredF) *PredL)  (%)  

              

        

Lead Analysts 28,254 0.0001 0.0005 0.5581 6.30 (0.944) 

    (<0.001) (0.956) (<0.001)   

Follower Analysts 122,598 0.0587 0.0906 0.5819 8.67 (<0.001) 

    (<0.001) (<0.001) (<0.001)   
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TABLE 5 continued… 

Panel B: Impact of predictable (public information) versus unpredictable (private information) components of forecast revisions of follower analysts on release day 

excess returns 

 

Variables Lead Analysts Follower Analysts 

  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) 

Predicted Revision (PredFR) 0.0422  0.0426   0.0180  0.0179   

  (<0.001)   (<0.001)   (<0.001)   (<0.001)   

Residual   0.0141 0.0141 0.0130    0.0099 0.0098 0.0098  

   (<0.001) (<0.001) (<0.001)    (<0.001) (<0.001) (<0.001)  

Predicted Revision * Conflict      0.0304 0.0303     0.0044 0.0041 

     (0.001) (0.001)     (0.309) (0.338) 

Predicted Revision * Confirm     0.0406 0.0405     0.0192 0.0189 

     (<0.001) (<0.001)     (<0.001) (0.001) 

Residual * Conflict      0.0114      0.0063 

      (<0.001)        (<0.001) 

Residual * Confirm      0.0140        0.0106 

      (<0.001)      (<0.001) 

Adj. R
2
 0.76 1.66 2.22 2.02 2.03 0.22 0.99 1.14 1.08 1.13 

Year Fixed Effets Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

N 28,238 28,238 28,238 21,229 21,229 122,529 122,529 122,529 94,705 94,705 

 
Notes: 

 

Panel A presents results of the following regression: 

  

FRijt =  γ0 + γ1 Pred-surprisejt*PredF + γ2 Pred-surprisejt*PredL + γ3 PriorRetjt + ψijt                                                                                                              (4) 

The dependent variable is forecast revision. Pred-surprise*PredL equals the predecessor-based surprise in the immediately preceding forecast interacted with an 
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indicator variable (PredL) that equals one if the immediately preceding forecast is from a lead analyst,  zero otherwise. 

Panel B presents results of the following regression: 

 

ERijt = λ0 + λ1 PredFRijt + λ2 Residualijt + ηijt                                                                                                                                                                                      (5) 

 
The dependent variable is release-day excess returns. PredFR and Residual are the predicted value (Y-hat) and the residual from the first-stage regression (4) reported 

in Panel A. Other variables are defined in the Appendix. Two-tailed p-values are reported in parentheses. Main effects of interacted variables are included in regressions 

but not reported. T-statistics are corrected for clustering of standard errors by firm and by analyst. 

 
a
Test of difference in coefficients on (Surprise of Predecessor)*F and (Surprise of Predecessor)*L.  
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TABLE 6 

Forecast accuracy of lead and follower analysts 

 

Panel A: Forecast errors and forecast bias in one-quarter-ahead forecasts of lead and follower analysts 

 

  Raw Variable Rank Variable 

 Lead Follower  Lead Follower  

  Analysts Analysts (p-value) Analysts Analysts (p-value) 

N 32,654 120,284  32,654 120,284  

%Abserror         

Mean 0.3785 0.3707 (0.0336)
a
 2.0516 1.9860 (0.0001)

a
 

Median 0.2043 0.1982 (0.0001)
b
 2.0000 2.0000 (0.0001)

b
 

%Bias         

Mean 0.0802 0.0819 (0.6155)
a
 2.0020 1.9993 (0.7572)

a
 

Median -0.0133 -0.0126 (0.1917)
b
 2.0000 2.0000 (0.7575)

b
 

 

Panel B:  Effect of established accuracy on impact of forecast news on release-day excess returns 

 

Variables  Revision Consensus-based 

   Surprise 

  (1) (2) 

News*L 0.0127 0.0157 

 (<0.001) (<0.001) 

News*F 0.0090 0.0131 

 (<0.001) (<0.001) 

News*L*Accuracy 0.0003 0.0006 

 (0.652) (0.482) 

News*F*Accuracy 0.0009 0.0011 

 (0.005) (0.010) 

Adj. R
2
 (%) 1.34 1.34 

Year Fixed Effects Yes Yes 

N 126,691 164,161 

 

Notes: 

 

Variables are defined in the Appendix. In Panel B, the dependent variable is release-day excess returns. News equals 

forecast revision in column (1) and consensus-based surprise in column (2). Main effects of interacted variables are 

included in regressions but not reported. T-statistics are corrected for clustering of standard errors by firm and by analyst. 

Two-tailed p-values are reported in parentheses. 
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a
T-test of difference in means of variables for lead versus follower analysts. 

b
Non-parametric Wilcoxon test of difference in distributions of variables for lead versus follower analysts. 
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TABLE 7 

Timeliness of forecasts and price impact in pre and post Reg-FD periods 

 

Panel A: Price impact of forecast news of lead and follower analysts pre and post FD 

       

Variables Pre FD Post FD All All 

  (1) (2) (3) (4) 

News*L 0.0112 0.0169 0.0139 0.0112 

 (<0.001) (<0.001) (<0.001) (<0.001) 

News*F 0.0079 0.0143 0.0108 0.0079 

 (<0.001) (<0.001) (<0.001) (<0.001) 

News*L*Post FD     0.0057  

     (0.008) 

News*F*Post FD       0.0063  

       (<0.001) 

Adj. R
2 
(%) 0.56 1.73 1.00 1.07 

N 171,393 131,486 302,879 302,879 

F-test
a
 (<0.001) (<0.001) (<0.001) - 

 

Panel B: Pre and post FD impact of forecast news of lead and follower analysts by brokerage size 

 

Variables  Overall (N = 279,172) Small (N = 70,813)  Large (N = 208,359) 

 Pre FD Post FD Pre FD Post FD Pre FD Post FD 

  (1) (2) (3) (4) (5) (6) 

News *Small 0.0059 0.0147       

 (<0.001) (<0.001)       

News * Large 0.0097 0.0152       

 (<0.001) (<0.001)        

News*L    0.0069 0.0198 0.0126 0.0180 

    (<0.001) (<0.001) (<0.001) (<0.001) 

News*F    0.0057 0.0134 0.0090 0.0149 

    (<0.001) (<0.001) (<0.001) (<0.001) 

Adj. R
2 
(%) 0.60 1.79 0.27 1.64 0.71 1.89 

F-test (<0.001)
a
 (0.553)

a
 (<0.001)

b
 (<0.001)

b
 (<0.001)

b
 (0.001)

b
 

 

Notes: 

 

Variables are defined in the Appendix. The dependent variable is release-day excess returns in both panels. Pre FD (Post 

FD) includes observations for sample years 1994-99 (2002-07). “All” includes the combined pre and post FD samples. 
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Two-tailed p-values are reported in parentheses. Main effects of interacted variables are included in regressions but not 

reported. T-statistics are corrected for clustering of standard errors by firm and by analyst. 

 

a
Test of difference in coefficients on forecast news of analysts belonging to small versus large brokerage firms.  

b
Test of difference in coefficients on forecast news of lead versus follower analysts. 

  


