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ABSTRACT 

 

I explore whether participation on Estimize.com, a crowdsourced earnings-

forecasting platform aimed primarily at novices, improves professional analysts’ forecast 

accuracy and career outcomes. Estimize provides its contributors with frequent and 

timely feedback on their forecast performance and offers them a new channel for 

disseminating their forecasts to a wider public, features that could help analysts improve 

their forecast accuracy and raise their online visibility. Using proprietary data obtained 

from Estimize and a difference-in-differences research design, I find that IBES analysts 

who are active on Estimize improve their EPS forecast accuracy by 13% relative to the 

sample-mean forecast error, as well as reduce forecast bias. These improvements in 

performance vary predictably in ways consistent with learning through feedback. 

Additionally, I find increased market reaction to the positive earnings-forecasts revisions 

issued by analysts who are active on Estimize. I also find that analysts active on Estimize 

enjoy incremental positive career outcomes after controlling for forecast accuracy. My 

results suggest that professional analysts can learn to become better forecasters through 

online feedback and consequently garner more attention from the market. My results also 

suggest analysts can improve their career outcomes by gaining additional online 

visibility.  
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CHAPTER 1 

INTRODUCTION 
 

I examine how professional sell-side analysts’ participation on Estimize.com, an 

online forecasting platform that primarily caters to novices, impacts their forecasting 

ability and affects their career outcomes. Using proprietary data from Estimize, I show 

that analysts participating on the platform increase the accuracy of their earnings 

forecasts through feedback provided by the platform and their positive forecast revisions 

elicit a greater market reaction. I also find that analysts who participate on the platform 

enjoy positive career outcomes.   

Analysts care about their forecast accuracy and reputation (Brown et al. 2015), 

and crave recognition from star rankings (e.g., Institutional Investor All Star Analysts). 

Being recognized as a “star” provides analysts with feedback on their performance and 

helps raise their profiles. However, improving accuracy is no easy task. Forecasters may 

be beset by cognitive biases or lack relevant earnings information, making them unable to 

learn from the infrequent and vague feedback provided by star rankings. Furthermore, 

analysts from small houses may find achieving star recognition difficult because star 

rankings are dominated by large brokerage houses.   

The advent of the Estimize crowdsourcing platform (www.estimize.com) in 2012 

offers a new channel for professional analysts to receive timely feedback on their 

forecasts and raise their visibility. Estimize publicly tracks and ranks the forecast 

accuracy of all its contributors and makes all its crowdsourced earnings and revenue 
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forecasts available to the public free of charge. Although Estimize contributors primarily 

consist of novices, IBES sell-side analysts also appear on the platform as brokerage 

houses began to join Estimize in 2014 (Brown and Khavis 2018; Figure 1). Analysts who 

participate on Estimize can review their own forecast performance using their online 

profile to assess how accurate they are relative to other contributors in general or in a 

particular firm-quarter (Appendix A). Analysts can also receive additional feedback via 

email notifications that contain information on how the accuracy of each of their 

individual forecasts compares to that of the consensus forecast and how it ranks relative 

to other contributors forecasting for the same firm-quarter (Appendix B). 

Thus, IBES analysts who contribute to Estimize can get timely, frequent, and 

detailed feedback on their forecast performance. The feedback from Estimize is more 

pertinent than the extant rankings, which are sporadic and vague, and often do not include 

analysts from smaller brokerages. This feedback is likely to improve analysts’ forecast 

accuracy by reducing their cognitive biases (Hogarth 1987), facilitating deliberate 

practice (Ericsson et al. 2006; Shenk 2010), and increasing their knowledge of the 

earnings-generation process (Markov and Tamayo 2006). Therefore, I predict that 

analysts who are active on Estimize improve their forecast accuracy, and that this 

improvement will increase with the amount of feedback they receive from Estimize. I 

also expect the market to recognize this accuracy improvement; thus I test whether 

forecast revisions of analysts participating on Estimize generate a greater market reaction. 

I exploit the unique Estimize setting to examine whether frequent and timely 

feedback on forecast performance leads IBES analysts to become better forecasters. I use 
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a sample of IBES quarterly forecasts made from 2012-2017 by IBES analysts from 

brokerage houses that join Estimize. I identify analysts active on IBES within my sample 

who also become active on Estimize and use the remaining IBES analysts within my 

sample—IBES analysts from the same brokerages who are active on IBES but inactive 

on Estimize—as a control group. I use a difference-in-difference design to estimate the 

effects that a staggered introduction of feedback treatment has on analysts’ forecast 

accuracy and bias.  

I find that analysts who are active on Estimize improve their forecast accuracy by 7% 

on average relative to the mean absolute forecast error for the entire sample. In cross-

sectional tests, forecast accuracy improves only among analysts who receive detailed 

email feedback on their performance (accuracy improves by 13% relative to my sample’s 

mean absolute forecast error) and this improvement pertains to firms covered by 

Estimize, consistent with the view that feedback on recent forecast performance helps 

analysts learn from their past errors. Analysts active on Estimize also reduce their 

forecast bias, but reputational concerns may play a larger role in this reduction than 

learning through feedback does.  

In further tests, I provide additional evidence consistent with learning from 

feedback. I document that the accuracy improvement is greater for smaller firms, for 

which future earnings and revenues are harder to predict (Hwang, Jan, and Basu 1996). I 

also find that the accuracy improvement does not occur immediately but at least one year 

after feedback becomes available, consistent with learning occurring over time. I also test 

and rule out alternative explanations by showing that the accuracy improvement is not 
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likely because of effort, monitoring, or secular trends. Given that my study lacks random 

assignment of treatment, selection bias may be an issue. To mitigate this issue, I use 

propensity-score matching (PSM) and coarsened exact matching (CEM) to construct 

matched samples. I re-run my tests on PSM and CEM matched samples and draw similar 

inferences. I also find that the market recognizes analysts who participate on Estimize 

and reacts more to their positive earnings-forecast revisions. 

My dissertation brings a new perspective to the nascent literature on online media 

and crowdsourced forecasts. Most recent studies explore how investors use investment 

information provided by new online technologies (e.g., Chen, De, Hu, and Hwang 2014; 

Jame, Johnston, Markov, and Wolfe 2016; Drake, Thornock, and Twedt 2017; Lawrence, 

Ryans, and Sun 2017). In contrast, I focus on how analysts use online feedback to 

become better earnings forecasters and show that professional analysts can benefit from a 

tool designed primarily for novices. Mikhail et al. (1997; 2003) attribute predictable 

errors in earnings forecasts to cognitive biases, while Markov and Tamayo (2006) 

attribute them to a lack of information on the earnings process. My study provides 

evidence that such forecast errors can be reduced by learning through feedback.    

I also examine why brokerage houses and analysts participate on the Estimize 

platform and test whether participation on the platform results in greater visibility for the 

analysts and improves their career outcomes. Participation on Estimize can raise analysts’ 

visibility because the platform disseminates their forecasts to the general public free of 

charge and gives other Estimize users an option to “follow” specific analysts. Therefore, I 

predict that analysts active on Estimize experience positive career outcomes. 
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Preliminary analysis reveals that brokerages with less recognition from the 

Institutional Investor’s star-analyst rankings are more likely to join Estimize, after 

controlling for average forecast accuracy of the brokerage’s analysts. This suggests that 

brokerages are motivated by gaining visibility through the platform. I also find that IBES 

analysts who follow more firms covered by the Estimize platform are more likely to 

become active on Estimize. This suggests that the benefits for analysts joining the 

platform are related to their firm-level forecasting activities (e.g., visibility for their firm-

specific forecasts rather than general visibility on the platform). 

I find that analysts who are active on Estimize enjoy career benefits in the form of 

greater likelihood of switching to a larger brokerage and a lower incidence of being laid 

off, after controlling for accuracy. I also find that greater visibility on Estimize has 

incremental positive effects on analysts’ career outcomes. Finally, some career outcomes 

for analysts active on Estimize become more sensitive to changes in their forecast 

accuracy, a performance metric that is tracked by Estimize.  In sum, the increase in online 

visibility provides tangible offline benefits for analysts.  

The remaining chapters are organized as follows. Chapter 2 describes the 

Estimize setting and examines whether frequent and timely feedback on forecast 

performance leads analysts to become better forecasters and whether the market reacts to 

forecast revisions of analysts participating on Estimize. Chapter 3 examines how 

participation on Estimize affects IBES analysts’ career outcomes, and Chapter 4 

concludes.  

  



6 
 

CHAPTER 2 

ANALYST LEARNING THROUGH ONLINE FEEDBACK 

 

2.1 Background and Hypothesis Development 

 

2.1.1 Institutional Setting 

 

Estimize (www.estimize.com) is an online earnings forecasting platform launched 

in 2012. It crowdsources forecasts from a diverse group of contributors, including sell-

side analysts. Most forecasts on Estimize, however, are submitted by novices. Forecasts 

from novices (contributors who self-identify themselves as “non-financial professionals”) 

comprise nearly 60% of all Estimize forecasts. Forecasts from financial professionals 

(i.e., independent, buy-side, and sell-side forecasters) make up the rest. Forecasts from 

sell-side analysts (self-identified “sell-side brokers”) make up only about 4% of total 

forecasts on the platform (Brown and Khavis 2018). All forecasts submitted to the 

platform are tracked for accuracy, and are publicly available along with their accuracy 

score and rank (Appendix A). 

Besides growing its diverse base of individual users, Estimize has attracted 25 

IBES brokerage houses to its platform since December 2013 (Figure 1). Using 

proprietary data obtained from Estimize, I identify IBES analysts who are on Estimize, as 

most analysts provide their first and last names in their Estimize profiles and their 

usernames often contain their brokerage-house name (see Appendix A). When I peruse 

the dates when analyst accounts are created on Estimize, I find that the bulk of usernames 
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associated with a particular brokerage house are created within days of each other, 

suggesting that joining Estimize is a management-level decision.1 

Figure 1. Number of Analyst Usernames on Estimize by Brokerage   

 

This figure illustrates Active and Inactive Estimize usernames at each brokerage. Brokerages are 
sorted in chronological order (by month-year) in which they join Estimize. “Active Users” 
represents the number of usernames that issue at least one forecast on the Estimize platform. 
“Inactive Users” represents the number of usernames that do not issue a single forecast on 
Estimize.  

 

Forecasters list their desire to track accuracy and increase ranking among the top 

reasons for joining Estimize (Adebambo, Bliss, and Kumar 2016; Brown and Khavis 

2018). Contributors can create a username that is used by Estimize to track their 

forecasting performance by evaluating each submitted estimate’s accuracy and assigning 

 
1 I contacted analysts from two brokerage houses that joined Estimize who confirmed that 
joining Estimize was indeed a management decision.  
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a score. Contributors can choose to receive email notifications that provide timely 

feedback on their forecast accuracy (i.e., score notifications for each firm-quarter) and 

general notifications (e.g., general announcements, weekly updates) from the platform. 

Analysts who appear on Estimize have their forecast accuracy tracked, ranked, and made 

available in their public profile (Appendix A). The platform thus provides a cost-effective 

method for brokerages/analysts to track and get timely feedback on their temporal 

performance, and to see how their forecast accuracy compares to that of others.2 Estimize 

users can track their forecasting performance by accessing their score report online 

(Appendix A), or by receiving an email notification reporting how their forecast for a 

particular firm-quarter compared to the Wall Street and Estimize crowdsourced 

consensus and the reported actual, and how they ranked in their forecast accuracy 

compared to all other forecasters for the firm-quarter (Appendix B).  

2.1.2 Why Are Analysts Predictably Inaccurate? 

 

In their survey, Brown et al. (2015) find that more than 70% of sell-side analysts 

report that their earnings forecasts are very useful in determining their stock 

recommendations, and 24% consider forecast accuracy to be a very important 

determinant of their compensation. Accurate sell-side analysts are more likely to move up 

to larger brokerage houses and are less likely to be laid off (Mikhail et al. 1999; Hong 

 
2 When I asked Leigh Drogen, the founder of Estimize, “why do brokers join Estimize?”, 
he said that brokers expressed an interest in seeing where their forecasts are in relation to 
those of others. As per my conversation with a former analyst from a brokerage that 
joined Estimize, analysts care about where their forecasts are in relation to the consensus. 
This is consistent with findings in Brown et al. (2015). 
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and Kubik 2003), perhaps because buy-side clients find sell-side analysts' forecasts to be 

useful (Brown et al. 2016, p. 147). Although sell-side analysts have incentives to improve 

accuracy, the literature finds systematic errors in analysts’ forecasts (DeBondt and Thaler 

1990; Mendenhall 1991; Abarbanell and Bernard 1992; LaPorta 1996; Dechow and Sloan 

1997). These predictable errors may stem from reliance on heuristics (Tversky and 

Kahneman 1974) or limited knowledge about the earnings generation process (Markov 

and Tamayo 2006).3  

When faced with complex tasks, such as forecasting earnings, decision-makers 

often use quick and simple decision rules, or heuristics, to make their decisions (Tversky 

and Kahneman 1974). Although heuristics are useful in reducing a decision task’s 

complexity, they render decision making susceptible to multiple cognitive biases (ibid.).  

Heuristics often lead to systematic errors in decisions arising from overconfidence 

(Einhorn and Hogarth 1978; Griffin & Tversky, 1992), confirmation bias (Arkes 1991), 

or human-information processing (Hogarth and Einhorn 1992; Koehler 1993), causing 

analysts to issue predictably inaccurate earnings forecasts (Koonce and Mercer 2005). 

Taken together, heuristics affect how analysts process financial information, leading to 

systematic errors in their earnings forecasts. 

Mikhail, Walther and Willis (1997; 2003) ascribe predictable forecast errors to 

analysts’ cognitive biases. They present evidence that individual analysts learn from 

experience to become more accurate forecasters and interpret their results as analysts 

 
3 Deliberate strategic biases are another potential source of predictable errors. I address 
this in subsection 2.1.4. 
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reducing their cognitive bias as they “learn by doing” and acquire experience. Markov 

and Tamayo (2006), on the other hand, demonstrate that forecast-error predictability may 

not necessarily be driven by cognitive bias. They argue that predictable forecast errors 

can arise from the lack of knowledge about the quarterly earnings process; analysts may 

have limited knowledge about how quarterly earnings are generated and rely on available 

data to draw inferences about the process. Both systematic biases and noise contribute to 

errors that reduce forecast accuracy. For both sources of errors, evidence suggests that 

analysts can learn to become better forecasters and improve their forecast accuracy.  

2.1.3 Improving Analyst Accuracy by Learning through Feedback 

 

One way to improve forecast accuracy is by reducing cognitive bias. Hogarth 

(1987) lists three necessary conditions for reducing cognitive bias: (1) repetitive task, (2) 

feedback, and (3) ability to compare predictions to actual outcomes. All three conditions 

are present in the setting I examine. Forecasting quarterly earnings is a frequent and 

repetitive task; analysts on Estimize are ranked on accuracy and receive detailed feedback 

as soon as earnings are announced (see Appendix A and B); and analysts on Estimize can 

easily compare their forecasted EPS to the reported actual. Thus, they are provided with 

the necessary tools to help them recognize their cognitive biases and potentially improve 

their accuracy. 

In addition to alleviating cognitive biases, feedback from Estimize can help 

analysts reduce their forecast errors by helping them become more knowledgeable about 

the earnings-generation process over time (Markov and Tamayo 2006). Analysts can also 

develop their forecasting skills and expertise when they have access to frequent and 
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reliable feedback on how their past actions compare to actual outcomes (Kahneman and 

Klein 2009, 524). Analysts can also improve their expertise through “deliberate 

practice”— learning from repeated forecasting trials with high-quality feedback (Ericsson 

et al. 2006; Shenk 2010). Tetlock and Gardner (2016) examine the evolution of “super-

forecasters,” i.e., novices who are more accurate than experts in predicting geo-political 

events, and highlight the importance of feedback and access to information in learning 

from past errors. Thus, the frequent forecast-accuracy feedback that Estimize provides 

forecasters for every firm-quarter (in the form of email notifications/alerts), coupled with 

an accuracy record that can be accessed online at any time, provide the necessary 

conditions for learning through feedback. Therefore, I predict that IBES analysts who 

issue forecasts on Estimize (active analysts) will improve their forecasting ability more 

than IBES analysts who do not issue forecasts on Estimize (inactive analysts).4 I thus 

state my first hypothesis in alternative form as:  

H1a: Analysts who are active on Estimize improve their earnings forecast 

accuracy more than analysts who are inactive on Estimize. 

Estimize sends via email score notifications to contributors as soon as actual 

earnings are reported, providing forecasters with informative and timely feedback on 

their recent forecast performance.5 Since more informative and timelier feedback should 

 
4 I use IBES forecasts, as opposed to Estimize forecasts, so that I can observe IBES 
analysts’ forecast performance before and after their brokerage house joins Estimize. 
 
5 Sell-side analysts typically issue their forecasts for the upcoming quarter shortly after 
prior quarter’s actuals are announced (Stickel 1989; Bowen, Davis, and Matsumoto 2002; 
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have a more pronounced effect on learning, I predict that analysts receiving feedback via 

email in the form of the detailed score notification from Estimize (Appendix B) 

experience greater accuracy improvement than analysts who do not receive the email 

notifications. Therefore, I hypothesize:  

H1b: Analysts active on Estimize who receive feedback on their earnings 

forecasts via email notifications improve their earnings forecast accuracy more than 

analysts active on Estimize who do not receive email notifications. 

2.1.4 Reducing Analyst Bias 

 

Whereas accuracy is salient on Estimize, forecast bias is not. Although feedback 

may help analysts reduce their forecast errors, analysts with strategic incentives to bias 

their forecasts may simply choose to ignore feedback.  

Analysts may issue biased forecasts for various strategic reasons. Conflicts of 

interest arising from the analyst’s employer (Michaely and Womack 1999; Cowen, 

Groysberg, and Healy 2006; Agrawal and Chen 2012) may affect the earnings forecasting 

process. Analysts may intentionally trade off forecast accuracy for bias (Lim 2001; Hong 

and Kubik 2003), and bias their forecasts to please company managers (Francis and 

Philbrick 1993; Bagnoli, Beneish, and Watts 1999; Richardson, Teoh, and Wysocki 

2004). Taken together, the literature suggests that strategic biases influence the 

forecasting process.   

 
Ivković and Jegadeesh 2004). Thus, Estimize feedback is received shortly before analysts 
issue their next forecast. 
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Hence, if analysts have strategic incentives to be biased, they may not reduce their 

bias regardless of how informative or timely the feedback they receive. Yet despite bias 

not being salient on the platform, analysts who forecast on Estimize may wish to reduce 

their bias for a different reason. Having their forecasts appear on Estimize alongside 

those of novices, who are less biased than IBES analysts (Jame et al. 2016), will clearly 

reveal their strategic bias to the public which msy tarnish their reputations.  

Analysts care about their reputations, are attentive to how their forecasts compare 

to those of others (Brown et al. 2015, p. 13), and adjust their forecasting behavior 

accordingly. Gu and Xue (2008) demonstrate that sell-side analysts reduce their biases 

when faced with direct competition. Using a natural experiment, Hong and Kacperczyk 

(2010) find that analysts’ forecast bias increases in response to decreased analyst 

competition following a merger between brokerage houses. Jame, Markov, and Wolfe 

(2017) find that the consensus forecast bias declines when a less biased crowdsourced 

consensus from Estimize becomes available for a firm. Thus, the comparably less biased 

forecasts of novices on Estimize should lead analysts to reconsider strategically biasing 

their forecasts, as continuing to do so will make their strategic bias more apparent. I thus 

state my second hypothesis in alternative form as: 

H2: Analysts active on Estimize reduce their earnings forecast bias after joining 

Estimize. 
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2.2 Learning Through Online Feedback 

 

2.2.1 Data and Sample Construction 

I use the IBES detailed file to construct my sample. I begin my sample with IBES 

forecasts for quarterly earnings per share (EPS) and actual outcomes from 2012 through 

2017. My initial sample consists of 903,952 unique IBES observations with non-missing 

forecasts and actual EPS by 6,361 IBES analysts from 443 brokerage houses (Table 1, 

Panel B). 

I include only forecasts made within the [0, 120] horizon window (calendar days 

before earnings are announced). Since I use CRSP stock price as a deflator in my forecast 

bias and accuracy measures, I drop observations for which the stock price is missing. For 

my main analysis, I limit my sample to forecasts issued only by analysts whose 

brokerages eventually join Estimize–i.e., IBES brokerages that have at least one active 

analyst username on Estimize (Figure 1). I require that an analyst issues at least one IBES 

forecast before and at least one forecast after their brokerage joins Estimize, and limit my 

sample to forecasts issued within the three-year period surrounding the date that a 

brokerage joins Estimize. After dropping observations for which control variables have 

missing values, my final sample comprises 118,089 unique IBES estimates submitted by 

559 analysts from 25 brokerages that join Estimize during my sample period.  

I focus on IBES forecasts in my analyses and classify an IBES analyst as “active” 

on Estimize if the analyst issues at least one forecast on Estimize during the sample 

period. Only IBES analysts who are active on Estimize can receive feedback on their 

forecast performance from Estimize. To identify these analysts, I use proprietary 
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Estimize.com data containing user profiles of all Estimize contributors who self-identify 

as “sell-side brokers.”6 The sample construction and industry distribution is presented in 

Table 1 below. 

Forecast-Level Measures 

I compute forecast bias (BIAS) as: 

BIAS =  
��� �������� � ������ ���

�����
 * 100  (1) 

To facilitate comparability across firms and time periods, I deflate my forecast bias 

measure by prior quarter’s stock price (e.g., Ramnath, Rock, and Shane 2005; Gu and 

Xue 2008) and multiply by 100 to express my measure as a percentage. To ease 

interpretation, I construct my bias measure so that negative values denote pessimism (i.e., 

forecast is less than reported actual). I winsorize BIAS at the 1 and 99 percentiles. 

I then compute forecast accuracy as the absolute forecast error (AFE): 

AFE = |BIAS|  (2) 

 
6 Brown and Khavis (2018) find that Estimize contributors who self-identify as “sell-side 
brokers” resemble IBES analysts; sell-side-broker forecasts matched within five days of 
IBES forecasts do not differ from IBES in their forecast timing, accuracy, or bias (ibid). 
To identify IBES analysts who receive feedback from Estimize, I match IBES analysts’ 
last name, first initial, and name of brokerage, which I obtain from the IBES 
Recommendation file, with the names and account usernames, which often include the 
brokerage house name, disclosed by Estimize contributors self-identifying as “sell-side 
brokers” (see Appendix A). To validate my matches further, I find that each Estimize 
sell-side broker and IBES analyst that I initially match on name has the highest number 
of forecasts, over 70% on average, matched within 1 day and 1 cent of each other. 
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Higher AFE values denote lower forecast accuracy, and vice versa. Table 1 below 

contains all the variable definitions (Panel A), sample selection steps (Panel B), industry 

distribution (Panel C), descriptive statistics (Panel D), and the Pearson and Spearman 

correlation matrix (Panel E).   

 

Table 1. Data and Descriptive Statistics for Analyst Learning through Feedback 

Panel A. Variable Definitions  

Variable Definition 
AFE Absolute forecast error (AFE) is calculated as the absolute difference 

between the earnings-per-share (EPS) forecast and the reported IBES 
actual deflated by prior quarter’s stock price and multiplied by 100 
(winsorized at 1 and 99%).  

AFE_Rev Absolute revenue-per-share forecast error (AFE_Rev) is calculated as the 
absolute difference between the revenue forecast and the reported IBES 
actual deflated by prior quarter’s market value (stock price * shares 
outstanding) and multiplied by 100 (winsorized at 1 and 99%).  

BIAS BIAS measures forecast bias, calculated as the difference between the 
EPS forecast and the reported IBES actual deflated by prior quarter’s 
stock price and multiplied by 100 (winsorized at 1 and 99%).  

Treat  
(Active Analyst) 
 

Set to 1 if an IBES analyst issues at least one forecast on Estimize during 
the sample period, and 0 otherwise (analyst who never issues a single 
forecast on Estimize is dubbed “Inactive Analyst”). 

Email Set to 1 if an IBES analyst receives feedback on Estimize forecast 
performance via email, and 0 otherwise (See Appendix B). I obtain 
proprietary data from Estimize containing users’ email settings to 
construct this variable. 

Treat_Email  
 

Set to 1 if an IBES forecast is issued by an IBES analyst who is active on 
Estimize (Treat =1) and receives feedback on forecast performance via 
email from Estimize (Email=1), and 0 otherwise (See Appendix B). 

Treat_NoEmail  Set to 1 if an IBES forecast is issued by an analyst who is active on 
Estimize (Treat =1) and does not receive feedback on forecasting 
performance via email (Email=0), and 0 otherwise (See Appendix B).  

Post Set to 1 if the forecast date is equal to or greater than the date that the 
analyst’s brokerage joins Estimize (i.e., date the first username 
associated with a brokerage is created on Estimize), and 0 otherwise. 
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Post1 Set to 1 if the forecast is made within the first year period from the date 
that the analyst’s brokerage joins Estimize, and 0 otherwise. 

Post2 Set to 1 if the forecast is made at least one year after the date that the 
analyst’s brokerage joins Estimize, and 0 otherwise. 

Horizon Days from the forecast issue date to earnings announcement date. 

Experience The general experience of an analyst, calculated as the number of years 
an analyst appears on IBES. 

Qtrs_Covered The firm-specific experience of an analyst, calculated as the number of 
quarters an analyst has covered the firm on IBES. 

Firms_Covered The number of firms an analyst covers on IBES. 

House_Size Brokerage’s number of analysts that appear on IBES during a given year. 

AA_Star Set to 1 if an analyst makes the Institutional Investor Magazine’s All-
America Research Team rank at least once in the last three years, and 0 
otherwise. 

StarMine_EPS Set to 1 if analyst is ranked as a Top Earnings Estimator by Thomson 
Reuters’ StarMine at least once in the last three years, and 0 otherwise. 

StarMine_Pick Set to 1 if analyst is ranked as a Top Stock Picker by Thomson Reuters’ 
StarMine at least once in the last three years, and 0 otherwise. 

Followed Set to 1 if an IBES analyst who is active on Estimize is followed by at 
least one Estimize user, and 0 otherwise. Note: Estimize users can 
receive updates and notifications when a user they follow issues a 
forecast on Estimize.   

LTG Set to 1 if an analyst issues at least one long-term growth forecast for the 
firm during the past 6 months, and 0 otherwise (Jung, Shane, and Yang 
2012). 

Loss Set to 1 if the reported actual EPS is negative, and 0 otherwise.  

ESTM_Firm Set to 1 if a firm is available for coverage on the Estimize platform, and 
0 otherwise. Note: Estimize supports fewer firms than IBES and a 
forecast can only be issued on Estimize for a firm that is supported by 
the platform. 
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Panel B. Sample Selection  

 Sample Construction Step Forecasts 
Brokerage  

Houses Analysts 
Initial IBES Sample 903,952  443  6,361  
Less:       

1. Horizon outside [0, 120] (9,662) (1)  (6) 
2. Missing Stock Price (32,897) (58)  (748) 
3. Houses never on ESTM (725,683) (359)  (4,702) 
4. Forecasts 3+ years before/after   
    house joins ESTM (17,119) -    (346) 
5. Missing Control Variables (502) -   -   

Final Estimize Sample 118,089  25  559  

 

Panel C. Industry Breakdown 

Fama-French 12 Industries  N  % Total 
Business Equipment          18,379  15.6% 
Chemicals            2,933  2.5% 
Consumer Durables            1,658  1.4% 
Consumer Non-Durables            3,007  2.5% 
Energy          17,869  15.1% 
Finance          13,983  11.8% 
Healthcare          10,175  8.6% 
Manufacturing            7,521  6.4% 
Shopping          13,186  11.2% 
Telecommunications            2,845  2.4% 
Utilities            1,987  1.7% 
Other          24,546  20.8% 

Total        118,089  100.0% 

 

Panel D. Descriptive Statistics 

Variable Mean Median Q1 Q3 St. Dev. N 

AFE 0.70 0.16 0.06 0.46 1.84 118,089 

BIAS 0.01 -0.04 -0.21 0.09 1.97 118,089 

AFE_Rev 1.04 0.34 0.11 0.98 1.91 90,181 

Treat 0.64 1.00 0.00 1.00 0.48 118,089 

Email 0.16 0.00 0.00 0.00 0.37 118,089 

Followed 0.29 0.00 0.00 1.00 0.45 118,089 

LTG 0.06 0.00 0.00 0.00 0.24 118,089 

Horizon 67.63 83.00 42.00 91.00 32.18 118,089 

Experience 10.42 11.00 6.00 15.00 4.93 118,089 

Firms_Covered 19.22 19.00 14.00 23.00 7.63 118,089 

House_Size 33.66 25.00 15.00 43.00 23.95 118,089 
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Panel D. (continued) 

Variable Mean Median Q1 Q3 St. Dev. N 

AA_Star 0.03 0.00 0.00 0.00 0.18 118,089 

StarMine_EPS 0.13 0.00 0.00 0.00 0.34 118,089 

StarMine_Pick 0.15 0.00 0.00 0.00 0.36 118,089 

Qtrs_Covered 15.73 11.00 5.00 23.00 13.72 118,089 

Loss 0.20 0.00 0.00 0.00 0.40 118,089 

ESTM_Firm 0.83 1.00 1.00 1.00 0.37 118,089 

 

Panel E. Correlation Matrix 

Variable (1) (2) (3) (4) (5) (6) (7) (8) 
(1) AFE   -0.19 0.39 -0.05 -0.03 -0.03 -0.03 0.01 
(2) BIAS 0.27   -0.01 -0.04 -0.01 -0.04 0.00 0.00 
(3) AFE_Rev 0.33 0.05   -0.07 0.00 -0.05 -0.03 0.04 
(4) Treat -0.02 -0.02 -0.06   0.68 0.47 0.00 0.08 
(5) Email -0.01 0.00 -0.01 0.68   0.18 -0.02 0.00 
(6) Followed -0.02 -0.02 -0.03 0.47 0.18   0.05 0.07 
(7) LTG -0.03 0.00 -0.01 0.00 -0.02 0.05   0.01 
(8) Horizon 0.00 0.00 0.03 0.08 0.00 0.07 0.01   
(9) Experience -0.07 -0.01 -0.04 0.07 0.03 0.08 0.03 0.05 

(10) Firms_Covered 0.06 0.01 0.04 0.00 0.01 0.18 -0.04 0.01 
(11) House_Size -0.05 -0.01 -0.05 -0.13 -0.13 0.11 -0.04 0.03 
(12) AA_Star -0.02 0.00 -0.01 0.03 0.09 0.08 -0.03 0.00 
(13) StarMine_EPS -0.01 0.00 0.00 0.00 -0.02 0.02 0.03 -0.01 
(14) StarMine_Pick -0.04 -0.01 0.00 0.07 0.02 0.06 0.01 0.02 
(15) Qtrs_Covered -0.09 -0.02 -0.03 0.04 0.03 0.01 -0.01 0.04 
(16) Loss 0.34 0.18 0.15 0.04 0.00 0.03 -0.05 -0.01 
(17) Firm_on_ESTM -0.22 -0.05 -0.08 0.13 0.13 0.07 0.03 0.00 

 

Panel E. (continued) 

Variable (9) (10) (11) (12) (13) (14) (15) (16) (17) 
(1) AFE -0.07 0.07 -0.06 -0.02 -0.02 -0.04 -0.11 0.34 -0.18 
(2) BIAS -0.01 -0.01 -0.01 -0.01 0.02 0.00 -0.01 0.15 -0.04 
(3) AFE_Rev -0.04 0.02 -0.09 0.00 0.01 0.01 -0.01 0.10 -0.04 
(4) Treat 0.07 0.00 -0.10 0.03 0.00 0.07 0.03 0.04 0.13 
(5) Email 0.03 -0.03 -0.19 0.09 -0.02 0.02 0.02 0.00 0.13 
(6) Followed 0.08 0.18 0.16 0.08 0.02 0.06 0.01 0.03 0.07 
(7) LTG 0.03 -0.04 0.02 -0.03 0.03 0.01 -0.02 -0.05 0.03 
(8) Horizon 0.05 0.03 0.06 0.01 0.00 0.02 0.08 -0.03 0.02 
(9) Experience   0.20 0.05 0.07 0.02 0.12 0.45 -0.05 0.06 

(10) Firms_Covered 0.15   0.15 0.06 0.03 0.01 0.07 0.07 -0.07 
(11) House_Size 0.02 0.05   0.19 0.05 0.05 0.02 -0.04 -0.04 
(12) AA_Star 0.07 0.04 0.25   -0.04 0.00 0.05 -0.03 0.02 
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Panel E. (continued) 

Variable (9) (10) (11) (12) (13) (14) (15) (16) (17) 
(13) StarMine_EPS 0.03 0.01 0.05 -0.04   0.20 0.07 -0.02 0.03 
(14) StarMine_Pick 0.12 -0.01 0.03 0.00 0.20   0.09 -0.05 0.05 
(15) Qtrs_Covered 0.48 0.01 0.01 0.05 0.07 0.06   -0.15 0.17 
(16) Loss -0.05 0.09 -0.04 -0.03 -0.02 -0.05 -0.13   -0.17 
(17) Firm_on_ESTM 0.06 -0.06 -0.03 0.02 0.03 0.05 0.16 -0.17   

 
Pearson's correlation coefficients are shown in the lower triangle while Spearman's rank 
correlations appear above the diagonal. 

 

As expected, analysts with more general forecasting experience (Experience), 

more firm-specific forecasting experience (Qtrs_Covered), as well as those from large 

brokerages (House_Size), and those with star status (AA_Star, StarMine_EPS, 

StarMine_Pick) issue more accurate forecasts, as per the variables’ negative correlation 

with AFE. Firms_Covered, and Loss are positively correlated with AFE, indicating that 

analysts have a harder time issuing accurate forecasts when they cover more firms, and 

when firms they cover report losses, respectively. The correlations above are consistent 

with prior studies (e.g., Mikhail et al. 1997; Clement 1999; Jacob et al. 1999; Brown 

2001; Mikhail et al. 2003). 

2.2.2 Research Design 

Defining Treatment and Control Groups 

I restrict the sample to IBES forecasts from brokerages that join Estimize during 

the sample period. I use IBES forecasts throughout my analyses, and not Estimize 

forecasts, so that I can observe IBES analysts’ forecast accuracy before and after their 
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brokerage joins Estimize. After imposing this restriction, I define the treatment group 

(Treat = 1) as analysts who forecast on IBES and also issue at least one forecast on 

Estimize during the sample period (Active Analyst), and define the control group (Treat 

= 0) as IBES analysts whose brokerage joined Estimize but who do not issue a single 

forecast on the Estimize platform (Inactive Analyst).7 The definition of Treat is 

intentionally crude to avoid self-selection issues. Using a continuous measure of how 

active an analyst is on the platform (e.g., quarters active on Estimize or the number of 

forecasts issued on Estimize) could potentially introduce self-selection bias. The concern 

is self-selection among active analysts over time. If an analyst has unusually successful 

forecasts (due to the luck of the draw) the first few times that he participates on Estimize, 

he is more likely to continue participating. Conversely, an analyst who is unlucky the first 

few times that he participates on Estimize is more likely to drop out. These two analysts 

have different time-series patterns of forecast accuracy after joining Estimize, which are 

systematically correlated with continuous measures of their participation such as the 

number of Estimize forecasts. Using the dichotomous crude variable helps me avoid this 

issue. Thus, an analyst who issues a single forecast on the platform and stops forecasting 

on Estimize shortly thereafter is in my treatment group.  

In further analyses, I split the Treat variable into two mutually exclusive variables 

Treat_NoEmail and Treat_Email. Treat_NoEmail is an indicator set to 1 if an IBES 

analyst is active on Estimize (Treat = 1) and does not receive feedback from Estimize via 

 
7 Analysts from non-Estimize brokerages are not included in the control group because 
they may have inherently different characteristics, incentives, and access to resources at 
their brokerage. 
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email (Email = 0), and 0 otherwise. Treat_Email is an indicator set to 1 if an IBES 

analyst is active on Estimize (Treat = 1) and receives feedback from Estimize via email 

(Email = 1), and 0 otherwise. Estimize provides feedback to forecasters via their online 

profiles (Appendix A), which are publicly available, and via email notifications 

(Appendix B), which are not publicly available. I obtain proprietary username email 

settings data from Estimize, allowing me to identify analysts who receive score 

notifications via email. I interpret Treat_Email = 1 as the high-feedback treatment group 

and Treat_NoEmail = 1 as the low-feedback treatment group. My control group 

comprises analysts from brokerages that join Estimize who do not submit a single 

forecast to Estimize during the sample period (i.e., Treat_Email = Treat_NoEmail = 0). 

Post is a dichotomous variable set to 1 if the forecast date is greater than or equal 

to the date analyst’s brokerage first joins Estimize, and 0 otherwise. I consider the date 

the first analyst username associated with a brokerage is created on Estimize to be the 

brokerage’s join date.  

Learning through Online Feedback  

I use the final sample (Table 1, Panel B, Step 5) of IBES quarterly earnings 

forecasts issued from 2012 to 2017 by analysts from brokerage houses that join Estimize 

to test how analysts’ participation on Estimize impacts their IBES earnings forecast 

accuracy and bias. I estimate the difference-in-difference model with staggered treatment 

via OLS: 
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Dep_Var = β0 + β1Treat + β2Post + β3Treat*Post + β4Horizon + β5Loss 

+ β6Experience + β7Firms_Covered + β8House_Size + β9AA_Star  

+ β10StarMine_EPS + β11StarMine_Pick + β12Qtrs_Covered  

+ ∑(γiControlsi*Treat) + Firm_FE + Qtr_Year_FE + ε,    (3) 

where Dep_Var is either AFE or BIAS at the analyst-firm-quarter level. Treat is an 

indicator variable set to 1 for an IBES analyst who issues at least one forecast on the 

Estimize platform during the sample period (i.e., Active Analyst), and 0 for all other 

IBES analysts from the same brokerages that join Estimize (i.e., Inactive Analysts). Post 

is an indicator set to 1 if an IBES forecast is issued after the analyst’s brokerage first 

joins Estimize, and 0 otherwise. Treat*Post measures the treatment effects that 

participation on Estimize has on forecast accuracy and bias. As disussed above, I 

intentionally use a crude definition for Treat to avoid self-selection issues; an analyst 

who stops forecasting on Estimize shortly after becoming active on Estimize remains in 

the treatment group under this definition. I control for forecast horizon (Horizon) since it 

is a determinant of both accuracy and bias (e.g., Brown and Rozeff 1978; Fried and 

Givoly 1982; Kang et al. 1994; Jacob et al. 1999; Lim 2001). I control for the sign of 

reported earnings with an indicator variable (Loss) equal to 1 if earnings are negative, and 

0 otherwise, because analysts often expect firms reporting losses to report profits (Brown 

2001). I control for the number of years an analyst has appeared on IBES (Experience), 

the number of firms an analyst covers in a given quarter-year (Firms_Covered), the size 

of the analyst’s brokerage house in a given year (House_Size) as it proxies for resources 

available to the analyst, and the number of quarters for which an analyst has followed the 

firm (Qtrs_Covered) as these have been shown to be associated with forecast bias and 
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accuracy (e.g., Mikhail et al. 1997; Clement 1999; Jacob et al. 1999; Mikhail et al. 2003). 

I also control for analysts’ making the Institutional Investor rankings or receiving 

Thomson Reuters’ StarMine EPS or Stock Picker award during the past three years 

(AA_Star, StarMine_EPS, and StarMine_Pick).8 Since analysts who are active on 

Estimize may differ from inactive analysts in incentives and abilities, I interact all control 

variables with the Estimize Treat dummy (∑Controlsi* Treat). I include firm (Firm_FE) 

and quarter-year (Qtr_Year_FE) fixed effects to control for time-invariant firm 

characteristics and time-specific shocks, and cluster errors by firm. H1a predicts β3 < 0 

for AFE and H2 predicts β3 > 0 for BIAS. 

  

 
8 I thank Allen Huang for providing the Institutional Investor Awards data used in Huang 
et al. (2017). As the obtained data end in 2013, I hand-collect the remaining data from 
Institutional Investor’s magazine for the missing years. I also hand-collect Thomson 
Reuters Analyst Awards, determined based on StarMine methodology, from 
http://www.analystawards.com. 
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Figure 2. Estimize Usernames with Email Notifications 

 

This figure illustrates the percentage of Estimize usernames at each brokerage that receive 
feedback on their forecast performance via email (%Hi Notifications). Brokerages are sorted in 
chronological order (by month-year) in which they join Estimize. 

 

Since analysts who are active on Estimize can receive different levels of feedback 

from Estimize on their performance (Figure 2), I conduct a finer test of how analysts who 

are active on Estimize improve forecast performance through feedback by dichotomizing 

them into those who receive more versus less feedback.9 To test the effects of feedback 

on forecast quality, I estimate the OLS regression:  

  

 
9 Estimize users may receive different email notices. I obtain proprietary email-
notification settings for Estimize users that allows me to identify users who receive 
feedback on their forecast performance via email (Appendix B). 
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Dep_Var = γ0 + γ1Treat_NoEmail + γ2Treat_Email + γ3Post  

+ γ4Treat_NoEmail*Post  + γ5Treat_ Email*Post  

+ ∑γiControlsi + ∑(γiControlsi*Treat_ NoEmail)  

+ ∑(γiControlsi*Treat_ Email) + Firm_FE + Qtr_Year_FE + ε,    

 

 

(4) 

where Dep_Var is either AFE or BIAS. Treat_Email (Treat_NoEmail) is an indicator set 

to 1 if an IBES analyst is active on Estimize and receives (does not receive) score 

notifications via email (Appendix B). As in equation (3) above, IBES analysts who are 

not active on Estimize are assumed to receive no feedback from Estimize (i.e., 

Treat_Email = Treat_NoEmail = 0) and constitute the control group. Controls denote all 

control variables defined in equation (3) above. Since I expect analysts to learn from 

feedback and improve their forecast accuracy by learning, I predict  γ5 < γ4 ≤ 0 for the 

AFE estimation since more feedback should lead to greater improvements in accuracy 

(i.e., larger reduction in forecast errors) than less feedback, as per H1b. For the BIAS 

estimation, H2 predicts γ4 > 0 and γ5 > 0. As discussed above, I make no prediction 

regarding the relation between the level of feedback and bias reduction, given that 

analysts may initially have strategic biases. Analysts may subsequently reduce these 

biases due to reputational concerns rather than their learning through feedback.  

2.2.3 Results for Learning through Online Feedback 

 

Main Tests 

I predict that feedback from Estimize helps forecasters learn from their past errors 

and biases. In Table 2, Panel A reports that compared to Inactive Analysts’ (Treat = 0) 

forecasts, Active Analysts’ (Treat = 1) forecasts are more accurate and less optimistic. 
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Table 2. How Participation on Estimize Impacts Forecast Accuracy and Bias 

Panel A. Mean Differences for Active and Inactive Analysts 

 (1) (2) (1) - (2)   
Variable Treat=0 Treat=1 Diff.   t-stat N (1) N (2) 
AFE 0.74 0.68 0.06 *** 5.12 43,073 75,016 
BIAS 0.03 0.00 0.03 *** 2.82 43,073 75,016 
AFE_Rev 1.20 0.97 0.23 *** 17.15 28,873 61,308 
Treat_Email 0.00 0.25 0.00 *** 0.00 43,073 75,016 
Followed 0.00 0.45 0.00 *** 0.00 43,073 75,016 
LTG 0.06 0.06 0.00  -0.22 43,073 75,016 
Horizon 63.49 70.00 -6.51 *** -33.60 43,073 75,016 
Experience 10.20 10.55 -0.35 *** -11.74 43,073 75,016 
Firms_Covered 19.24 19.21 0.03  0.60 43,073 75,016 
House_Size 37.70 31.34 6.36 *** 44.30 43,073 75,016 
AA_Star 0.02 0.04 -0.02 *** -18.40 43,073 75,016 
StarMine_EPS 0.14 0.13 0.01 *** 3.98 43,073 75,016 
StarMine_Pick 0.12 0.17 -0.05 *** -22.68 43,073 75,016 
Qtrs_Covered 16.13 15.50 0.63 *** 7.63 43,073 75,016 
Loss 0.17 0.21 -0.04 *** -17.75 43,073 75,016 
ESTM_Firm 0.77 0.87 -0.10 *** -45.78 43,073 75,016 

***, ** and * denote significance at the .01, .05 and .10 levels (two-tailed), respectively. 
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Panel B. Forecast Accuracy 

   Base Model Full Model 

  (1) (2) 
  Pred. Sign AFE AFE 
Treat  0.0233 0.0597 

  (0.0154) (0.0521) 
Post  0.0111 0.0105 

  (0.0222) (0.0220) 
Treat*Post H1a (-) -0.0511** -0.0484** 

  (0.0239) (0.0240) 
Horizon (+) 0.0013*** 0.0016*** 

  (0.0001) (0.0002) 
Loss (+) 0.5635*** 0.5847*** 

  (0.0583) (0.0617) 
Firms_Covered (+)  -0.0006 

   (0.0018) 
House_Size (-)  0.0002 

   (0.0003) 
AA_Star (-)  -0.1429** 

   (0.0652) 
StarMine_EPS (-)  -0.0151 

   (0.0227) 
StarMine_Pick (-)  -0.0786*** 

   (0.0251) 
Qtrs_Covered (-)  -0.0003 

   (0.0007) 
Experience   0.0072*** 
   (0.0026) 
∑(Controls*Treat)  No Yes 
Quarter-Year F.E.  Yes Yes 
Firm F.E.  Yes Yes 
N  118,089 118,089 
Adj. R2   0.644 0.644 
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Panel C. Forecast Bias 

   Base Model Full Model 

  (1) (2) 

  Pred. Sign BIAS BIAS 

Treat  -0.0399 0.1104 

  (0.0305) (0.0812) 

Post  -0.0262 -0.0234 

  (0.0290) (0.0285) 

Treat*Post H2 (+) 0.0639* 0.0660* 

  (0.0346) (0.0349) 

Horizon (+) 0.0009*** 0.0014*** 

  (0.0002) (0.0004) 

Loss (+) 1.3076*** 1.3318*** 

  (0.1203) (0.1366) 

Firms_Covered   -0.0016 

   (0.0025) 

House_Size   0.0004 

   (0.0005) 

AA_Star   0.2523** 

   (0.1184) 

StarMine_EPS   -0.0421 

   (0.0342) 

StarMine_Pick   0.0217 

   (0.0322) 

Qtrs_Covered   0.0003 

   (0.0012) 

Experience   0.0062 

   (0.0041) 

∑(Controls*Treat)  No Yes 

Quarter-Year F.E.  Yes Yes 

Firm F.E.  Yes Yes 

N  118,089 118,089 

Adj. R2   0.168 0.168 
This table uses a sample of IBES quarterly EPS forecasts issued from 2012 to 2017 by analysts 
from brokerages that join Estimize. Treat is an indicator set to 1 if a forecast is issued by an IBES 
analyst who issues at least one forecast on Estimize during the sample period, and 0 otherwise. 
The control group comprises IBES analysts from brokerages that join Estimize issue zero 
forecasts on Estimize. Post is set to 1 if a forecast is issued after the analyst’s brokerage house 
joins Estimize. All other variables are defined in Table 1. Firm-clustered standard errors are in 
parentheses. ***, ** and * denote significance at the .01, .05 and .10 levels (two-tailed), 
respectively. 
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The remaining panels in Table 2 present evidence that IBES analysts who participate on 

Estimize improve their forecast accuracy and reduce their bias. 

In Panel B of Table 2, column 1, the negative and significant Treat*Post 

coefficient (p < 0.05) indicates that accuracy improves for IBES analysts whose forecasts 

also appear on Estimize. This result supports H1a. Given a mean stock price of $46.91, 

Active Analysts reduce their forecast error by 2.4 cents per share (−0.051 * 46.91 / 100). 

To add context to the result, given the entire sample’s average AFE of 0.70, this translates 

into a 7% reduction in forecast error (−0.051 / 0.70). In terms of standard deviation, the 

effect translates into a 3% reduction in forecast error (−0.051 / 1.84). The significant 

coefficient on Horizon is positive, consistent with accuracy being related to forecast 

horizon. The positive and highly significant Loss coefficient is consistent with results 

reported by Brown (2001).  

Panel C indicates that Active Analysts reduce their forecast pessimism after 

joining Estimize, lending support to H2. On average, Active Analysts reduce their 

pessimism by 3 cents per share (0.064 * 46.91 / 100), which translates approximately into 

a 43% pessimism reduction after controlling for loss firms (0.064 / −0.15).10 The fact that 

the bias reduction is greater than the error reduction suggests that analysts may have been 

more strategically biasing their forecasts before becoming active on Estimize.  

  

 
10 Despite the positive mean BIAS reported in Panel D of Table 1 for the full sample, the 
mean BIAS for profit firms is negative (−0.15; untabulated). Thus, after controlling for 
loss firms, the positive Treat*Post coefficient is interpreted as a reduction in pessimism. 
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More versus Less Feedback  

Next, I examine whether analysts’ accuracy improvement is consistent with 

learning through feedback. I expect analysts who receive more feedback to improve their 

forecast accuracy more than analysts who receive less feedback.  

Table 3, Panel A presents mean differences between forecasts of IBES analysts 

active on Estimize who receive email feedback versus those who do not. Active Analysts 

with email feedback are less optimistic and more accurate than Active Analysts who do 

not receive email feedback. 

 

Table 3. Effects of Online Feedback on EPS Forecast Accuracy and Bias 

Panel A. Mean Differences for Active Analysts with and without Email Notifications 

  (1) (2) (1) - (2)     

Variable 
Treat=1 & 
Email = 0 

Treat=1 & 
Email=1 Diff.   t-stat N (1) N (2) 

AFE 0.70 0.63 0.07 *** 4.63 56,082 18,934 

BIAS 0.01 -0.06 0.07 *** 4.54 56,082 18,934 

AFE_REV 1.01 0.84 0.17 *** 10.60 44,649 16,659 

Followed 0.38 0.64 -0.25 *** -62.51 56,082 18,934 

LTG 0.05 0.08 -0.02 *** -12.16 56,082 18,934 

Horizon 67.83 76.44 -8.61 *** -32.70 56,082 18,934 

Experience 10.47 10.78 -0.30 *** -7.33 56,082 18,934 

Firms_Covered 19.30 18.96 0.34 *** 5.40 56,082 18,934 

House_Size 30.46 33.92 -3.46 *** -18.38 56,082 18,934 

AA_Star 0.05 0.00 0.05 *** 32.57 56,082 18,934 

StarMine_EPS 0.12 0.15 -0.03 *** -12.45 56,082 18,934 

StarMine_Pick 0.16 0.20 -0.04 *** -12.80 56,082 18,934 

Qtrs_Covered 15.64 15.09 0.55 *** 4.99 56,082 18,934 

Loss 0.20 0.23 -0.03 *** -9.66 56,082 18,934 

ESTM_Firm 0.88 0.84 0.05 *** 16.92 56,082 18,934 
***, ** and * denote significance at the .01, .05 and .10 levels (two-tailed), respectively. 
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Panel B. EPS Forecast Accuracy – More versus Less Feedback 

     All Firms 
ESTM 
Firms 

Non-ESTM 
Firms 

  (1) (2) (3) 
  Pred. Sign AFE AFE AFE 
Treat_NoEmail  0.0514 0.0357 0.2774 

  (0.0532) (0.0604) (0.2029) 
Treat_Email  0.0793 0.1068 0.1282 

  (0.0725) (0.0795) (0.2463) 
Post  0.0134 0.0207 -0.0220 

  (0.0221) (0.0226) (0.0696) 
Treat_NoEmail*Post H1a (-) -0.0292 -0.0353 -0.0387 

  (0.0257) (0.0255) (0.1069) 
Treat_Email*Post H1b (-) -0.0940*** -0.1025*** -0.0557 

  (0.0350) (0.0342) (0.1380) 
∑Controls  Yes Yes Yes 
∑(Controls*Treat_NoEmail)  Yes Yes Yes 
∑(Controls*Treat_Email)  Yes Yes Yes 
Quarter-Year F.E.  Yes Yes Yes 
Firm F.E.  Yes Yes Yes 
N  118,089 98,480 19,609 
Adj. R2   0.644 0.579 0.675 
Coefficient Test: Treat_NoEmail*Post = Treat_Email*Post  
F-stat  3.46* 4.05** 0.01 
P-value   0.063 0.044 0.910 

 

Panel C. EPS Forecast Bias – More versus Less Feedback 

    All Firms 
ESTM 
Firms 

Non-ESTM 
Firms 

  (1) (2) (3) 
  Pred. Sign BIAS BIAS BIAS 
Treat_NoEmail  0.0982 0.1057 0.0704 

  (0.0797) (0.0809) (0.3649) 
Treat_Email  0.1668 0.1776 0.1890 

  (0.1104) (0.1121) (0.3997) 
Post  -0.0188 -0.0282 0.0355 

  (0.0287) (0.0268) (0.1238) 
Treat_NoEmail*Post H2 (+) 0.0669* 0.0812** -0.0762 

  (0.0362) (0.0346) (0.1769) 
Treat_Email*Post H2 (+) 0.0690 0.0426 0.0704 

  (0.0499) (0.0499) (0.1739) 
∑Controls  Yes Yes Yes 
∑(Controls*Treat_NoEmail)  Yes Yes Yes 
∑(Controls*Treat_Email)  Yes Yes Yes 
Quarter-Year F.E.  Yes Yes Yes 
Firm F.E.  Yes Yes Yes 
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Panel C. (continued) 

    All Firms 
ESTM 
Firms 

Non-ESTM 
Firms 

  (1) (2) (3) 
   BIAS BIAS BIAS 
     
N  118,089 98,480 19,609 
Adj. R2   0.168 0.113 0.22 
Coefficient Test: Treat_NoEmail*Post = Treat_Email*Post 
F-stat  0.00 0.89 0.47 
P-value   0.964 0.345 0.492 

Treat_NoEmail is an indicator set to 1 if an IBES forecast is issued by an analyst who is active on 
Estimize and who does not receive feedback on forecast performance via email, and 0 otherwise. 
Treat_Email is an indicator set to 1 if an IBES forecast is issued by an analyst who is active on 
Estimize and who receives feedback on forecast performance via email, and 0 otherwise. The 
control group comprises IBES analysts from brokerages that join Estimize who never issue a 
single forecast on Estimize. Post is set to 1 if a forecast is issued after the analyst’s brokerage 
house joins Estimize. All variable definitions are presented in Table 1, Panel A. In Panels B and 
C, column 1 contains IBES forecasts of all firms in the sample; column 2 contains IBES forecasts 
for firms that are covered by the Estimize platform, and thus, for which an IBES analyst issuing 
the forecast can receive feedback from Estimize (ESTM Firms); column 3 contains IBES 
forecasts for firms that are not covered by the Estimize platform (Non-ESTM Firms). Firm-
clustered standard errors are in parentheses. ***, ** and * denote significance at the .01, .05 and 
.10 levels (two-tailed), respectively. 

 

Table 3, Panel B presents estimation results for equation 4. Column 1 indicates 

that analysts who receive more feedback improve their forecast accuracy more than 

analysts who receive less feedback. As predicted, the coefficients on 

Treat_NoEmail*Post and Treat_Email*Post are negative and significantly different from 

each other. In economic terms, analysts on Estimize receiving email feedback reduce 

forecast errors by 13% relative to the mean AFE (−0.094 / 0.70), and by 5% relative to 

the standard deviation of AFE (−0.094 / 1.84).11 

 
11 Results are robust when AFE is calculated as the absolute difference between the EPS 
forecast and the reported IBES actual deflated by the absolute reported IBES actual. 
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To bolster my confidence in inferences, I sub-divide my IBES forecast sample 

into two groups: (1) forecasts made for firms that appear on the Estimize platform and 

thus have Estimize feedback available (ESTM Firms) and (2) forecasts for firms that are 

not covered by the Estimize platform and thus do not have Estimize feedback (Non-

ESTM Firms).12 If my results are indeed due to learning through feedback, I expect my 

results to hold in instances where feedback is available, and do not expect to detect 

significant incremental changes to forecast accuracy in instances where analysts cannot 

possibly receive any feedback from Estimize. To test this notion, I re-estimate equation 

(4) separately for ESTM and Non-ESTM Firms and find (columns 2 and 3 in Table 3, 

Panel B) that the accuracy results hold for forecasts for which Estimize feedback is 

available (i.e., firms covered by Estimize) but are not detected when Estimize feedback is 

unavailable (i.e., firms not covered by Estimize).13 The results are consistent with H1b 

and suggest that feedback drives the improvement in accuracy. 

 
Using this alternative definition for AFE, the economic effect translates into a 9% 
accuracy improvement relative to the mean absolute forecast error (−0.031 / 0.36), and a 
5% improvement in accuracy relative to absolute error’s standard deviation (−0.031 / 
0.67). 
  
12 Estimize covers far fewer firms than IBES (Jame et al. 2016, p. 1088).  

13 I cannot rule out that no results for Non-ESTM Firms (column 3) is due to lack of 
power given the smaller sample size. In fact, when I interact all variables from column 1 
with Non_ESTM_Firm (set to 1 if a firm is not on the Estimize platform, and 0 otherwise) 
to conduct a “Diff test,” the coefficient Treat_Email*Post*Non_ESTM_Firm is 
insignificant. However, the fact that results hold for ESTM Firms (column 2) is re-
assuring. 
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Finally, I test whether varying levels of feedback have differential effects on 

forecast bias. Table 3, Panel C indicates that this is not the case. Although coefficients on 

Treat_NoEmail*Post and Treat_Email*Post are both positive as expected, they are not 

significantly different from each other. This result suggests that Active Analysts reduce 

bias not because of feedback but because of reputational concerns, and that they may 

have initially biased their forecasts downward for strategic reasons (Richardson et al. 

2004). Having shown that changes in analyst bias is inconsistent with learning from 

feedback, I focus solely on analyst accuracy below.  

Revenue Forecasts 

 Given the accounting identity earnings = revenues – costs, an improvement in 

forecasting earnings can be attributed to an improvement in forecasting revenues and/or 

costs. Costs are arguably more difficult to forecast than revenues because costs are more 

subject to managerial decision making that occurs as part of running a business as well to 

managerial discretion allowed for by the accounting process. First, forecasting costs is 

difficult because costs do not always move in tandem with revenues (Anderson, Banker, 

and Janakiraman 2003; Banker and Byzalov 2014; Banker, Byzalov, Ciftci, and 

Mashruwala 2014). Analysts have difficulties anticipating managerial decisions to incur 

new or slash existing costs in response to changing economic conditions, and this leads to 

predictable errors in analysts’ earnings forecasts (Weiss 2010; Ciftci, Mashruwala, and 

Weiss 2016). Second, costs may be more difficult to forecast if they are matched less to 

revenues as part of the accounting process (Basu, Cready, and Paek 2016). Given the 

difficulty in forecasting costs and that Estimize tracks and provides feedback on revenue 
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forecasts (Appendix B) in addition to earnings forecasts, I expect analysts who join 

Estimize to improve their revenue forecasts. 

I re-estimate equation (4) using the absolute revenue forecast error (AFE_Rev) as 

the dependent variable and all controls except for Loss. Table 4 results indicate that IBES 

analysts who are active on Estimize and receive email feedback are the ones who 

improve their revenue forecast accuracy. In economic terms, these analysts improve their 

revenue forecast accuracy by 16% relative to the mean AFE_Rev (−0.165 / 1.04), and by 

9% relative to AFE_Rev’s standard deviation (−0.165 / 1.91). The fact that the accuracy 

improvement for revenue forecasts is greater than for earnings forecasts is consistent with 

prior studies documenting analysts having difficulties predicting costs (Weiss 2010; 

Ciftci, Mashruwala, and Weiss 2016) and suggest that revenues are easier to forecast than 

costs.    
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Table 4. Effects of Online Feedback on Revenue Forecast Accuracy 

    All Firms 
ESTM 
Firms 

Non-ESTM 
Firms 

  (1) (2) (3) 
  Pred. Sign AFE_Rev AFE_Rev AFE_Rev 
Treat_NoEmail  0.2274*** 0.2129** 0.3607 

  (0.0857) (0.0973) (0.2564) 
Treat_Email  0.3321*** 0.3554*** 0.1624 

  (0.1012) (0.1141) (0.2686) 
Post  0.0704* 0.0807* -0.0002 

  (0.0396) (0.0456) (0.0817) 
Treat_NoEmail*Post H1a (-) -0.0721 -0.0674 -0.1335 

  (0.0462) (0.0527) (0.1255) 
Treat_Email*Post H1b (-) -0.1646*** -0.1951*** 0.0427 

  (0.0555) (0.0629) (0.1113) 
∑Controls  Yes Yes Yes 
∑(Controls*Treat_NoEmail)  Yes Yes Yes 
∑(Controls*Treat_Email)  Yes Yes Yes 
Quarter-Year F.E.  Yes Yes Yes 
Firm F.E.  Yes Yes Yes 
N  90,181 76,781 13,400 
Adj. R2   0.493 0.471 0.542 
Coefficient Test: Treat_NoEmail*Post = Treat_Email*Post  
F-stat  4.70** 8.19*** 1.56 
P-value   0.030 0.004 0.212 

All variable definitions are presented in Table 1, Panel A. Firm-clustered standard errors are in 
parentheses. ***, ** and * denote significance at the .01, .05 and .10 levels (two-tailed), 
respectively. 

 

Large versus Small Firms 

Small firms are more likely to have greater earnings volatility and shorter track 

history of reporting earnings and tend to disclose less public information than large firms. 

Thus, it is more difficult to predict earnings for small firms than for large firms. Indeed, 

Hwang, Jan, and Basu (1996) show that analyst forecast errors for small firms are greater 

than for large firms, so feedback on forecasting performance is likely to be more valuable 

for analysts covering small firms. To test this notion, I split my sample by firm size and 

report re-estimated equation (4) results in Table 5.  
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Table 5. Effects of Online Feedback on Forecast Accuracy by Firm Size  

Panel A. EPS Forecasts for Large and Small Firms 

 Large Firms Small Firms 

 (1) (2) 
  AFE AFE 
Treat_NoEmail 0.0202 0.0507 

 (0.0297) (0.1002) 
Treat_Email 0.0042 0.1311 

 (0.0339) (0.1375) 
Post -0.0260 0.0638 

 (0.0158) (0.0464) 
Treat_NoEmail*Post 0.0248 -0.1086** 

 (0.0162) (0.0526) 
Treat_Email*Post -0.0010 -0.1770*** 

 (0.0255) (0.0670) 
∑Controls Yes Yes 
∑(Controls*Treat_NoEmail) Yes Yes 
∑(Controls*Treat_Email) Yes Yes 
Quarter-Year F.E. Yes Yes 
Firm F.E. Yes Yes 
N 59,272 58,817 
Adj. R2 0.484 0.635 
Diff Test: Treat_NoEmail*Post (difference between Column 1 & 2)  
T-stat -2.33**  
P-value 0.020   
Diff Test: Treat_Email*Post (difference between Column 1 & 2)  
T-stat -3.18***  
P-value 0.001   

Column 1 contains IBES forecasts for firms whose market capitalization is equal to or greater 
than that of the sample median (Large Firms). Column 2 contains IBES forecasts for firms whose 
market capitalization is less than the sample median (Small Firms). All variable definitions are 
presented in Table 1, Panel A. Firm-clustered standard errors are in parentheses. ***, ** and * 
denote significance at the .01, .05 and .10 levels (two-tailed), respectively.  
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Panel B. Revenue Forecasts for Large and Small Firms 

 Large Firms Small Firms 

 (1) (2) 
  AFE_Rev AFE_Rev 
Treat_NoEmail 0.1940* 0.2251* 

 (0.1053) (0.1183) 
Treat_Email 0.3277*** 0.2288 

 (0.1055) (0.1524) 
Post 0.0352 0.1083* 

 (0.0441) (0.0657) 
Treat_NoEmail*Post -0.0690 -0.0974 

 (0.0547) (0.0724) 
Treat_Email*Post -0.1069 -0.2220** 

 (0.0662) (0.0880) 
∑Controls Yes Yes 
∑(Controls*Treat_NoEmail) Yes Yes 
∑(Controls*Treat_Email) Yes Yes 
Quarter-Year F.E. Yes Yes 
Firm F.E. Yes Yes 
N 45,789 44,392 
Adj. R2 0.496 0.482 
Diff Test: Treat_NoEmail*Post (difference between Column 1 & 2)  
T-stat -0.69  
P-value 0.489   
Diff Test: Treat_Email*Post (difference between Column 1 & 2)  
T-stat -1.39  
P-value 0.166   

Column 1 contains IBES forecasts for firms whose market capitalization is equal to or greater 
than that of the sample median (Large Firms). Column 2 contains IBES forecasts for firms whose 
market capitalization is less than the sample median (Small Firms). All variable definitions are 
presented in Table 1, Panel A. Firm-clustered standard errors are in parentheses. ***, ** and * 
denote significance at the .01, .05 and .10 levels (two-tailed), respectively. 

 

Panel A shows that the earnings forecasts results hold for firms whose market 

capitalization is less than the sample median (Small Firms) and do not hold for larger 

firms (Large Firms). The significant difference between the Treat_Email*Post 

coefficients in column 1 and 2 (Diff test: t-stat = −3.18, p-value < 0.01) indicates that 

additional feedback has a greater impact on improving forecast accuracy for Small Firms 
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than it does for Large Firms. This suggests that analysts are more likely to learn from 

feedback where feedback is more valuable. 

Panel B presents similar but weaker results for revenue forecasts (AFE_Rev). 

Although the Treat_Email*Post coefficient in column 2 is significant (p < 0.05), the 

difference between the coefficients in column 1 and 2 is only marginally significant (Diff 

test: t-stat = −1.39, p-value < 0.10 at the one-tail level). 

Accuracy Improvement over Time 

I examine how analysts receiving feedback from Estimize improve their forecast 

accuracy over time. If Active Analysts are in fact getting better at forecasting by learning 

from feedback, then I expect analysts to improve their forecast accuracy (1) gradually, 

and (2) faster the more feedback they receive. To test this, I examine how analysts’ 

accuracy improves during the first year their brokerage joins Estimize and how it 

improves thereafter. I split the Post variable into two dummy variables (Post1 and Post2) 

to capture mutually exclusive time periods after a brokerage joins Estimize. Post1 is set 

to 1 if the forecast is made within the first year from the date that the analyst’s brokerage 

joins Estimize, and 0 otherwise. Post2 is set to 1 if the forecast is made at least one year 

after the date that the analyst’s brokerage joins Estimize, and 0 otherwise. I estimate the 

adjusted equation (4) and report results in Table 6.  
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Table 6. Temporal Effects of Online Feedback on Forecast Accuracy 

  (1) (2) 
  AFE AFE_Rev 
Treat_NoEmail 0.0508 0.2278*** 

 (0.0532) (0.0856) 
Treat_Email 0.0781 0.3290*** 

 (0.0723) (0.1009) 
Post1 (1st Year on ESTM) -0.0090 0.0390 

 (0.0234) (0.0380) 
Treat_NoEmail*Post1 0.0109 -0.0211 

 (0.0287) (0.0469) 
Treat_Email*Post1 -0.0571 -0.0974* 

 (0.0348) (0.0535) 
Post2 (After 1st Year on ESTM) 0.0387 0.0883 

 (0.0293) (0.0609) 
Treat_NoEmail*Post2 -0.1002*** -0.1620** 

 (0.0319) (0.0664) 
Treat_Email*Post2 -0.1380*** -0.2308*** 

 (0.0449) (0.0758) 
∑Controls Yes Yes 
∑(Controls*Treat_NoEmail) Yes Yes 
∑(Controls*Treat_Email) Yes Yes 
Quarter-Year F.E. Yes Yes 
Firm F.E. Yes Yes 
N 118,089 90,181 
Adj. R2 0.644 0.493 
Coefficient Test: Treat_NoEmail*Post1 = Treat_Email*Post1 
F-stat 3.88** 2.83* 
P-value 0.049 0.093 
Coefficient Test: Treat_NoEmail*Post2 = Treat_Email*Post2 
F-stat 0.92 1.74 
P-value 0.338 0.187 
Coefficient Test: Treat_NoEmail*Post1 = Treat_NoEmail*Post2 
F-stat 11.94*** 5.29** 
P-value 0.001 0.021 
Coefficient Test: Treat_Email*Post1 = Treat_Email*Post2  
F-stat 4.14** 4.46** 
P-value 0.042 0.035 

Post1 is set to 1 if a forecast is issued during the first year that the analyst’s brokerage house joins 
Estimize. Post2 is set to 1 if a forecast is issued at least one year after the analyst’s brokerage 
house joins Estimize. All other variable definitions are presented in Table 1, Panel A. Firm-
clustered standard errors are in parentheses. ***, ** and * denote significance at the .01, .05 and 
.10 levels (two-tailed), respectively.  
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Per Table 6, accuracy improves gradually for both earnings and revenue forecasts 

and analysts receiving more feedback improve their accuracy faster. In column 1, the 

negative Treat_NoEmail*Post2 coefficient is significantly lower than the 

Treat_NoEmail*Post1 coefficient (F-stat = 11.94, p-value < 0.01). The 

Treat_Email*Post2 and Treat_Email*Post1 coefficients likewise differ from each other 

(F-stat = 4.14, p-value < 0.05). Similar results for revenue forecasts are presented in 

column 2. The results indicate a gradual reduction in forecast errors and are consistent 

with analysts becoming more accurate over time. 

Additionally, in column 1 the negative Treat_Email*Post1 coefficient (p < 0.10, 

one-tail test) differs from the non-significant Treat_NoEmail*Post1 coefficient (F-stat: 

3.88, p-value < 0.05). This indicates that analysts receiving email feedback reduce their 

forecast errors sooner than those who do not get email feedback. Column 2 presents 

similar results for revenue forecasts. The results in both columns provide additional 

evidence consistent with analysts learning from timely feedback. 

Learning versus Monitoring 

If analysts on Estimize who receive feedback on their performance are simply 

becoming more aware that they are now observed by a larger audience and/or that their 

performance is now better tracked by their brokerage, the accuracy improvement 

documented above may be due to monitoring rather than learning. To evaluate this 

alternative explanation, I obtain “followers” data from Estimize for each active Estimize 

analyst in my sample. Each user on Estimize can “follow” another user and receive 

updates when the followed user issues a forecast. I construct a dichotomous variable 
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Followed, set to 1 if an analyst has at least one follower on Estimize, and 0 otherwise. I 

re-estimate equation (4) with Followed interacted with the two treatment groups 

(Treat_NoEmail and Treat_Email) as well as Treat_NoEmail*Post and 

Treat_Email*Post and report results in Table 7.14  

Table 7. Effects of Online Feedback and Followers on Forecast Accuracy 

  (1) (2) 
  AFE AFE_Rev 
Treat_NoEmail 0.0542 0.2206*** 

 (0.0537) (0.0848) 
Treat_Email 0.0909 0.3163*** 

 (0.0735) (0.1010) 
Treat_NoEmail*Followed -0.0040 -0.0694* 

 (0.0190) (0.0358) 
Treat_Email*Followed -0.0417 0.0334 

 (0.0343) (0.0388) 
Post 0.0136 0.0734* 

 (0.0220) (0.0398) 
Treat_NoEmail*Post -0.0345 -0.0729 

 (0.0304) (0.0490) 
Treat_Email*Post -0.1098** -0.1190** 

 (0.0437) (0.0561) 
Treat_NoEmail*Post*Followed 0.0133 0.0064 

 (0.0287) (0.0411) 
Treat_Email*Post*Followed 0.0275 -0.0713 

 (0.0481) (0.0520) 
∑Controls Yes Yes 
∑(Controls*Treat_NoEmail) Yes Yes 
∑(Controls*Treat_Email) Yes Yes 
Quarter-Year F.E. Yes Yes 
Firm F.E. Yes Yes 
N 118,089 90,181 
Adj. R2 0.644 0.493 
Test: Treat_NoEmail*Post = Treat_Email*Post   
F-stat 2.60 0.72 
P-value 0.107 0.395 

Firm-clustered standard errors are in parentheses. ***, ** and * denote significance at the .01, .05 
and .10 levels (two-tailed), respectively.  

 
14 The Table does not include the stand-alone Followed variable since doing so results in 
perfect multicollinearity as only an analyst on Estimize can be followed by other 
Estimize users and Followed = Treat_NoEmail*Followed + Treat_Email*Followed. 
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The insignificant coefficients on Treat_NoEmail*Post*Followed and 

Treat_Email*Post*Followed in columns 1 and 2 indicate that the improvement in 

forecast accuracy for analysts on Estimize reported above is unlikely to be due to 

increased monitoring of their performance. 

Learning versus Effort 

The improvements in forecast accuracy may also be driven by analysts exerting 

more effort into the forecasting task. Jun, Shane, and Yang (2012) find that analysts who 

issue long-term growth (LTG) forecasts signal relatively high effort and ability in the 

forecasting task. I use the LTG forecasts to proxy for analyst effort and test whether 

analysts’ exertion of additional effort is responsible for the accuracy improvement. 

 Roughly 6% of my sample contains LTG forecasts (Table 1, Panel C). I exclude 

all earnings and revenue forecasts issued by analysts who have also issued at least one 

LTG forecast in the past 6 months for the same firm and re-estimate equation (4). Table 8 

reports that the results hold for both earnings and revenue forecasts when LTG forecasts 

are excluded from the test. Thus, my results suggest that it is unlikely that the accuracy 

improvement documented above is driven by additional analyst effort. 
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Table 8. Effects of Online Feedback on non-LTG Forecaster’s Accuracy  

 (1) (2) 
  AFE AFE_Rev 
Treat_NoEmail 0.0514 0.0357 

 (0.0532) (0.0604) 
Treat_Email 0.0793 0.1068 

 (0.0725) (0.0795) 
Post 0.0134 0.0207 

 (0.0221) (0.0226) 
Treat_NoEmail*Post -0.0292 -0.0353 

 (0.0257) (0.0255) 
Treat_Email*Post -0.0940*** -0.1025*** 

 (0.0350) (0.0342) 
∑Controls Yes Yes 
∑(Controls*Treat_NoEmail) Yes Yes 
∑(Controls*Treat_Email) Yes Yes 
Quarter-Year F.E. Yes Yes 
Firm F.E. Yes Yes 
N 110,942 84,235 
Adj. R2 0.645 0.490 
Coefficient Test: Treat_NoEmail*Post = Treat_Email*Post 
F-stat 3.70* 5.57** 
P-value 0.054 0.018 

Firm-clustered standard errors are in parentheses. ***, ** and * denote significance at the .01, .05 
and .10 levels (two-tailed), respectively.  

 

Matched Sample Estimates 

Selection bias may be a problem since my treatment and control groups are not 

randomly assigned. As a robustness check, I address the selection-bias question by 

constructing a matched analyst-forecast sample using propensity-score matching (PSM). I 

first estimate a logit model by regressing Treat on forecast horizon, several analyst 

characteristics, and 2-digit SIC industry and quarter-year fixed effects to obtain the 

propensity score of a forecast being issued by an IBES analyst who is also active on 

Estimize. I then construct a balanced matched sample of forecasts using one-to-one 

matching with 0.001 caliper and no replacements.  
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Table 9, Panel A presents the summary statistics for variables used in constructing 

the propensity score and indicates that the matched sample is balanced. I then use the 

PSM sample from Panel A to re-estimate the full equation (4) and report results in Panel 

B. As expected, the PSM sample results continue to hold for AFE, but do not hold for 

BIAS. 

   

Table 9. PSM Matched Sample Estimates 

Panel A. PSM Sample – Univariate Covariate Balance 

  (1) (2) (1) - (2)   
Variable Treat=0 Treat=1 Diff. t-stat   
AFE 0.70 0.76 -0.06 -4.25 *** 
BIAS 0.03 0.03 0.00 -0.05  
Horizon 65.54 65.20 0.34 1.34  
Experience 10.26 10.31 -0.06 -1.50  
Qtrs_Covered 15.48 15.53 -0.05 -0.48  
AA_Star 0.02 0.02 0.00 1.34  
StarMine_EPS 0.13 0.13 0.00 -1.28  
N 33,939 33,939       

***, ** and * denote significance at the .01, .05 and .10 levels (two-tailed), respectively. 
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Panel B. Effects of Online Feedback on Forecast Accuracy and Bias 

  (1) (2) 

  AFE BIAS 

Treat_NoEmail -0.036 0.003 

 (0.068) (0.094) 

Treat_Email 0.083 0.224 

 (0.097) (0.163) 

Post 0.012 0.003 

 (0.027) (0.034) 

Treat_NoEmail*Post -0.032 0.041 

 (0.035) (0.054) 

Treat_Email*Post -0.125*** 0.048 

 (0.042) (0.07) 

∑Controls Yes Yes 

∑(Controls*Treat_NoEmail) Yes Yes 

∑(Controls*Treat_Email) Yes Yes 

Quarter-Year F.E. Yes Yes 

Firm F.E. Yes Yes 

Obs. 67,878 67,878 

Adj. R2 0.661 0.173 
Coefficient Test: Treat_NoEmail*Post = 
Treat_Email*Post 

F-stat 3.86* 0.01 

P-value 0.050 0.920 
Firm-clustered standard errors are in parentheses. ***, ** and * denote significance at the .01, .05 
and .10 levels (two-tailed), respectively.  

 

In Table 10, I use the CEM procedure to coarse-exact match forecasts of IBES 

analysts active on Estimize to forecasts of inactive analysts on quarter-year, Experience, 

Qtrs_Covered, and AA_Star.15 Panel A contains the post-matching univariate statistics 

for the variables used in the matching procedure. The low t-stats and L1 indicate a 

reasonable balance between treatment and control observations for the matching 

 
15 I use the CEM package for Stata to match on a coarsened range of the covariates and 
discard treated forecasts without a match (Blackwell et al., 2009). 
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variables.16 In Panel B, column 1 indicates that IBES analysts who are active on Estimize 

improve their forecast accuracy, and the marginal difference in Treat_NoEmail*Post and 

Treat_Email*Post coefficients (p < 0.10, one-tailed test) suggests that email feedback 

plays a role in accuracy improvement. As per column 2, email feedback does not 

incrementally affect bias, since the Treat_NoEmail*Post and Treat_Email*Post 

coefficients do not differ from each other. 

 

Table 10. CEM Matched Sample Estimates 

Panel A. CEM – Univariate Covariate Balance 

  (1) (2) (1) - (2)   
Variable Treat=0 Treat=1 Diff.  t-stat  L1 
AFE 0.75 0.67 0.08 *** 6.29 N/A 
BIAS 0.03 -0.01 0.03 ** 2.41 N/A 
Experience 10.14 10.13 0.01  0.21 0.01 
Qtrs_Covered 14.63 14.61 0.02  0.25 0.02 
AA_Star 0.01 0.01 0.00  0.00 N/A 
StarMine_EPS 0.13 0.13 0.00  0.76  0.00 
N 37,913 37,913       

***, ** and * denote significance at the .01, .05 and .10 levels (two-tailed), respectively. 

  

 
16 Variables used for matching are presented along with their L1 metric in Table 10, 
Panel A. The L1 metric helps evaluate the covariate balance. L1 ranges in value between 
0 and 1, with values closer to 0 indicating a better match between treatment and control 
groups. 
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Panel B. Effects of Online Feedback on Forecasts Accuracy and Bias 

  (1) (2) 
  AFE BIAS 
Treat_NoEmail 0.075 0.116 

 (0.06) (0.091) 
Treat_Email 0.060 0.092 

 (0.081) (0.158) 
Post 0.029 -0.003 

 (0.024) (0.035) 
Treat_NoEmail*Post -0.050* 0.037 

 (0.029) (0.042) 
Treat_Email*Post -0.102*** 0.090 

 (0.038) (0.06) 
Controls Yes Yes 
Firm & Time F.E. Yes Yes 
N 75,826 75,826 
Adj. R2 0.652 0.177 
Coefficient Test: Treat_NoEmail*Post = Treat_Email*Post 
F-stat 1.85 0.94 
P-value 0.174 0.332 

Firm-clustered standard errors are in parentheses. ***, ** and * denote significance at the .01, .05 
and .10 levels (two-tailed), respectively.  

 

To further corroborate that additional feedback via email contributes to greater 

forecast-accuracy improvement, I conduct a more precise test using only forecasts of 

analysts who are active on Estimize. To do so, I first restrict my sample to Active 

Analysts (Treat = 1) and then use the CEM technique to match forecasts of analysts who 

do not receive email feedback (Email = 0) to those of analysts who receive email 

notification on their forecast performance (Email = 1) and report results in Table 11.  

In Table 11, Panel A, the low t-stats for mean differences and the low L1 indicate 

that a reasonable balance between treatment and control observations for the variables 

used in the matching procedure has been achieved. I then estimate a modified equation 

(3) where Treat is substituted with Email, so that the Email*Post interaction captures the 
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changes in AFE for Active Analysts who receive notification on their performance via 

email relative to Active Analysts who do not receive email notifications. The negative 

significant Email*Post coefficient (p < 0.05) indicates that IBES analysts on Estimize 

who receive email feedback reduce their forecast errors more than IBES analysts on 

Estimize who do not receive email feedback. Collectively, the matched sample results are 

consistent with the main findings reported above. 

   

Table 11. CEM Sample for Email versus No Email Notifications 

Panel A. CEM – Univariate Covariate Balance 

  (1) (2)  (1) – (2)   

Variable Email=0 Email=1 Diff.  t-stat  L1 

AFE 0.79 0.62 0.16 *** 7.69 N/A 

BIAS 0.04 -0.05 0.09 *** 4.19 N/A 

Experience 10.71 10.71 0.00  -0.02 0.00 

Qtrs_Covered 14.68 14.66 0.02  0.18 0.02 

AA_Star 0.00 0.00 0.00  . 0.00 

N 16,453 16,453        
***, ** and * denote significance at the .01, .05 and .10 levels (two-tailed), respectively. 
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Panel B. Effects of Email Feedback on Forecasts Accuracy and Bias of Analysts Active 

on Estimize 

  (1) (2) 
  AFE BIAS 
Email 0.0863 0.0420 

 (0.0845) (0.1260) 
Post 0.0050 0.0141 

 (0.0363) (0.0604) 
Email*Post -0.0951** 0.0162 

 (0.0481) (0.0642) 
Controls Yes Yes 
Firm & Time F.E. Yes Yes 
N 32,906 32,906 
Adj. R2 0.669 0.200 

This table uses a coarsened exact matching (CEM) sample of quarterly EPS forecasts issued by 
IBES analysts who have issued at least one forecast on Estimize. Panel A reports the covariate 
balance of the variables used to construct the CEM sample. L1 is a covariate balance metric 
ranging from 0 to 1, where 0 indicates perfect balance, and 1 indicates complete separation 
between the groups (Blackwell et al., 2009). Panel B reports how email feedback on forecast 
performance affects analyst forecast accuracy and bias. Email is set to 1 if an IBES analyst 
receives feedback on Estimize forecast performance via email, and 0 otherwise (See Appendix 
B). Post is set to 1 if the forecast date is equal to or greater than the date that the analyst’s 
brokerage joins Estimize. Firm-clustered standard errors are in parentheses. ***, ** and * denote 
significance at the .01, .05 and .10 levels (two-tailed), respectively.  

 

Additional Analyses 

I ensure the internal consistency of my difference-in-difference models by 

validating the parallel trends assumption (Table 12). If the parallel trends assumption 

holds, I should not find any effects on analyst accuracy or bias in the period shortly 

before brokerages join Estimize. For each of the 25 IBES brokerage houses in my 

sample, I create a separate placebo date which I set to be one year prior to the date on 

which each brokerage actually joined Estimize. I then add a Pseudo_Post variable, an 

indicator set to 1 if the forecast date is greater than the placebo date and less than the 

actual brokerage join date, and 0 otherwise. I also interact Pseudo_Post with 
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Treat_NoEmail and Treat_Email and re-estimate equation (4). I find no effects for either 

AFE or AFE_Rev. I continue to find no effect when I set the placebo date to be 180 or 

120 days before the actual Estimize join date. The tests validate the parallel trends 

assumption by showing that Active Analysts experience neither accuracy improvement 

nor bias reduction before their forecasts appear on the crowdsourced platform. 

 

Table 12. Placebo Test 

  (1) (2) 
  AFE AFE_Rev 
Treat_NoEmail 0.0476 0.2145** 

 (0.0550) (0.0862) 
Treat_Email 0.0838 0.3297*** 

 (0.0756) (0.1044) 
Pseudo_Post -0.0001 -0.0222 

 (0.0239) (0.0380) 
Treat_NoEmail*Pseudo_Post 0.0221 0.0622 

 (0.0351) (0.0477) 
Treat_Email*Pseudo_Post -0.0111 0.0137 

 (0.0406) (0.0537) 
Post 0.0179 0.0678 

 (0.0260) (0.0440) 
Treat_NoEmail*Post -0.0200 -0.0470 

 (0.0330) (0.0530) 
Treat_Email*Post -0.0984** -0.1588** 

 (0.0432) (0.0667) 
Controls Yes Yes 
Firm & Time F.E. Yes Yes 
N 118,089 90,181 
Adj. R2 0.644 0.493 
Coeff. Test: Treat_NoEmail*Pseudo_Post = Treat_NoEmail*Post 
F-stat 2.30 4.79 
P-value 0.129 0.029** 
Coeff. Test: Treat_Email*Pseudo_Post = Treat_Email*Post 
F-stat 5.46 9.05 
P-value 0.020** 0.003*** 

Pseudo_Post is set to 1 if a forecast is issued within (-365, 0) days relative to the date that the 
brokerage joins Estimize, and 0 otherwise. Firm-clustered standard errors are in parentheses. ***, 
** and * denote significance at the .01, .05 and .10 levels (two-tailed), respectively. 
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I also conduct a falsification test (untabulated) using a sample of all IBES 

forecasts issued from 2010 to 2013 from brokerages that eventually join Estimize. I end 

my sample period in 2013, before the first brokerage joins Estimize. I construct a pseudo 

Post (Pseudo_Post) variable set to 1 for all forecasts issued in year 2012 and thereafter, 

and 0 for all forecasts issued before 2012. I find no accuracy improvement or bias 

reduction regardless of the level of feedback the analyst eventually receives from 

Estimize. Results are robust when I add brokerage-house fixed effects to equations (3) 

and (4), and when errors are double-clustered by firm and quarter-year.    

2.3 Market Reaction to Analysts on Estimize 

 

 Having provided evidence that analysts on Estimize improve their forecast 

accuracy after joining Estimize, I test whether the market recognizes these analysts and 

test below whether their forecast revisions elicit a greater market reaction post Estimize. 

2.3.1 Data and Sample Construction 

I start with the forecast sample from Table 1, Panel B to construct my forecast 

revision sample. Forecast revisions are computed as the current forecast for one-quarter-

ahead earnings minus the prior forecast for the same quarter by the same analyst. 

Following prior studies (e.g., Green, Jame, Markov, and Subasi 2014; Bradley, Gokkaya, 

and Liu 2017), I obtain additional control variables and limit my forecast sample to 

quarterly forecast revisions. I exclude revisions that fall in the five-day window around 

quarterly earnings announcement dates (obtained from IBES), management-earnings 

guidance days (as reported in IBES Guidance File), or a recommendation-issuance date 
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(obtained from IBES Recommendations File). I also exclude revisions in which multiple 

analysts issued a forecast on the same day and revisions with missing return data from 

CRSP. The resulting sample has 19,312 earnings forecast revisions.  

Table 13, Panel A contains variable definitions, and Panel B describes the sample 

of forecast revisions. Of the 19,312 revisions in my sample, 54% are issued by Active 

Analysts, IBES analysts who are active on Estimize (Treat = 1), and 15% of the revisions 

are issued by Active Analysts who receive email feedback from Estimize on their 

forecast performance (Treat =1 and Email=1). 

 

Table 13. Market Reaction Data 

Panel A. Variable Definitions 

Variable Definition 
CAR The [0,1] days market-adjusted buy-and-hold return, where 0 is the EPS 

forecast revision issue date (winsorized at 1 and 99%). 

FR_Abs Absolute value of a forecast revision. Forecast revision is the current 
EPS Forecast – previous EPS forecast divided by the stock price 
(winsorized at 1 and 99%). 

Pre_EAD Set to 1 if a forecast revision is issued during the 14-day period before an 
earnings announcement, and 0 otherwise. 

Post_EAD Set to 1 if a forecast revision is issued during the 14-day period after an 
earnings announcement, and 0 otherwise. 

Above_Consen Set to 1 if the revised forecast is above the current prevailing analyst 
consensus, and 0 otherwise. Analyst consensus is calculated using the 
latest forecast of all other analysts during the past 90 days.  

Below_Consen Set to 1 if the revised forecast is below the current prevailing analyst 
consensus, and 0 otherwise. Analyst consensus is calculated using the 
latest forecast of all other analysts during the past 90 days.  

Concur_Rec  Set to 1 if the analyst issuing an EPS forecast revision also issued a 
recommendation change for the stock in the five days surrounding the 
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forecast revision and the recommendation change was in the same 
direction as the revision, and 0 otherwise.  

Concur_Rev  Set to 1 if the analyst issuing an EPS forecast revision also issues a 
concurrent revenue forecast revision that is in the same direction as the 
EPS revision, and 0 otherwise.  

Experience The general experience of an analyst, calculated as the number of years 
an analyst appears on IBES. 

Firms_Covered The number of firms an analyst covers on IBES. 

House_Size Brokerage’s number of analysts that appear on IBES during a given year. 

AA_Star Set to 1 if an analyst makes the Institutional Investor Magazine’s All-
America Research Team rank at least once in the last three years, and 0 
otherwise. 

StarMine_EPS Set to 1 if analyst is ranked as a Top Earnings Estimator by StarMine at 
least once in the last three years, and 0 otherwise. 

StarMine_Pick Set to 1 if analyst is ranked as a Top Stock Picker by StarMine at least 
once in the last three years, and 0 otherwise. 

Qtrs_Covered The firm-specific experience of an analyst, calculated as the number of 
quarters an analyst has covered the firm on IBES. 

Size The natural log of firm’s market size. 

Momentum The firm’s cumulative daily stock returns over the past 3 months. 

Volatility The firm’s standard deviation of the stock return for the past 6 months. 

Treat 
 

Set to 1 if an IBES analyst issues at least one forecast on Estimize during 
the sample period, and 0 otherwise. 

Post Set to 1 if the forecast date is equal to or greater than the date that the 
analyst’s brokerage joins Estimize (i.e., date the first username 
associated with a brokerage is created on Estimize), and 0 otherwise. 

Email Set to 1 if an IBES analyst receives feedback on Estimize forecast 
performance via email, and 0 otherwise (See Appendix C). I obtain 
proprietary data from Estimize containing users’ email settings to 
construct this variable. 
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Panel B. Descriptive Statistics for Market Reaction Sample 

  Mean Median Q1 Q3 St. Dev. 

CAR 0.00 0.00 -0.01 0.01 0.03 

Treat 0.54 1.00 0.00 1.00 0.50 

FR_Abs 0.53 0.11 0.04 0.32 1.48 

Below_Consen 0.38 0.00 0.00 1.00 0.49 

Above_Consen 0.24 0.00 0.00 0.00 0.43 

Concur_Rec 0.00 0.00 0.00 0.00 0.02 

Concur_Rev 0.46 0.00 0.00 1.00 0.50 

Pre_EAD 0.16 0.00 0.00 0.00 0.37 

Post_EAD 0.15 0.00 0.00 0.00 0.35 

Experience 10.38 11.00 6.00 15.00 4.99 

Firms_Covered 20.16 19.00 15.00 24.00 8.49 

House_Size 34.77 26.00 15.00 43.00 25.10 

AA_Star 0.03 0.00 0.00 0.00 0.16 

StarMine_EPS 0.14 0.00 0.00 0.00 0.34 

StarMine_Pick 0.13 0.00 0.00 0.00 0.33 

Qtrs_Covered 16.99 12.00 6.00 24.00 15.35 

Size 15.07 15.10 13.79 16.37 1.87 

Momentum 0.02 0.02 -0.09 0.12 0.24 

Volatility 0.02 0.02 0.01 0.03 0.02 

Email 0.15 0.00 0.00 0.00 0.36 

N 19,312         

 

2.3.2 Research Design 

 

Following prior studies (e.g., Loh and Stulz 2011; Green et al. 2014), I examine 

the stock price reaction to the two-day event window [0,1], where 0 is the announcement 

date of the EPS forecast revision. I compute the two-day buy-and-hold cumulative 

abnormal return (CAR) following issuance of a forecast revision as  

CARi = ∏ (1 + ��� )�
��� −  ∏ (1 +  ���

����
��� ), (5) 

���  is the raw stock return i on day t, and ���
���  is the value-weighted market return on 

day t.  
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To explore the effects of Estimize participation on the market reaction to analysts’ 

forecast revisions, I use a regression framework that controls for forecast, analyst, 

brokerage, and firm characteristics and estimate the difference-in-difference model: 

CAR = γ0 + γ1Treat + γ2Post + γ3Treat *Post  +∑γiControlsi  

+ Firm_FE + Qtr_Year_FE + ε,  
(6) 

where CAR is the two-trading-day [0,1] buy-and-hold abnormal return. I winsorize CAR 

at the 1st and 99th percentiles separately for negative and positive revisions to reduce the 

effect of firm-specific news not captured by my sample filters and controls. Controls 

include control variables known to influence informativeness of analyst forecasts (see 

Table 13, Panel A for definitions). 

 

2.3.3 Results for Market Reaction Tests 

 

I begin by examining the two-day abnormal returns around negative and positive 

revisions for IBES analysts who are active and inactive on Estimize overall, and for the 

two groups of analysts after their brokerage house joins Estimize. The results are 

presented in Panels A and B of Table 14. The entire sample contains more negative 

forecast revisions (11,900) than positive revisions (7,412). This is consistent with 

analysts being less likely to revise forecasts for good news rather than bad news, and the 

documented walk-down pattern in one-quarter ahead forecasts (Richardson et al. 2004; 

Berger, Ham, and Kaplan 2019). After a house joins Estimize, the two-day abnormal 

return generated by negative forecast revisions of analysts on Estimize (-0.3%) is not 

significantly different from that of analysts who are not active on Estimize (-0.4%). 
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However, the abnormal return from positive revisions of Active Analysts (0.5%), is 

greater than those of Inactive Analysts (0.1%).   

 

Table 14. Market Reaction to Negative and Positive Revisions 

Panel A. Univariate Statistics for Negative EPS Forecast Revisions 

  Full Sample   After House Joins ESTM (Post=1) 

 (1) (2)  (3) (4) (3) - (4) 
Variable Treat=0 Treat=1   Treat=0 Treat=1 Diff.   t-stat 
CAR -0.003 -0.002  -0.004 -0.003 -0.001  -1.10 
FR_Abs 0.564 0.585  0.512 0.597 -0.085 * -1.93 
Below_Consen 0.624 0.622  0.621 0.619 0.001  0.11 
Concur_Rec 0.001 0.000  0.000 0.000 0.000  -0.86 
Concur_Rev 0.396 0.577  0.403 0.581 -0.178 *** -12.81 
Pre_EAD 0.144 0.168  0.162 0.170 -0.008  -0.81 
Post_EAD 0.145 0.153  0.128 0.149 -0.022 ** -2.22 
Experience 10.504 10.264  11.219 10.548 0.671 *** 4.64 
Firms_Covered 20.698 19.396  21.025 20.040 0.985 *** 3.83 
House_Size 40.321 29.077  40.080 27.982 12.099 *** 19.25 
AA_Star 0.010 0.038  0.000 0.000 0.000  -0.86 
StarMine_EPS 0.164 0.120  0.209 0.138 0.071 *** 6.76 
StarMine_Pick 0.097 0.162  0.094 0.163 -0.069 *** -7.28 
Qtrs_Covered 18.414 15.885  20.106 16.139 3.967 *** 8.77 
Size 15.127 14.988  15.222 14.871 0.350 *** 6.51 
Momentum -0.006 -0.010  0.000 0.007 -0.007  -1.00 
Volatility 0.022 0.025  0.023 0.028 -0.005 *** -9.94 
Email 0.000 0.272   0.000 0.259 -0.259 *** -27.60 
N 5,423 6,477   2,179 2,980       

***, ** and * denote significance at the .01, .05 and .10 levels (two-tailed), respectively. 
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Panel B. Univariate Statistics for Positive EPS Forecast Revisions 

  Full Sample   After House Joins ESTM (Post=1) 

 (1) (2)  (3) (4) (3) - (4) 
Variable Treat=0 Treat=1   Treat=0 Treat=1 Diff   t-stat 
CAR 0.002 0.005  0.001 0.005 -0.004 *** -3.03 
FR_Abs 0.375 0.523  0.339 0.558 -0.219 *** -5.30 
Above_Consen 0.603 0.644  0.574 0.647 -0.073 *** -4.15 
Concur_Rec 0.000 0.001  0.000 0.001 -0.001  -0.87 
Concur_Rev 0.354 0.463  0.373 0.448 -0.075 *** -4.18 
Pre_EAD 0.149 0.172  0.149 0.166 -0.016  -1.24 
Post_EAD 0.135 0.140  0.133 0.136 -0.003  -0.24 
Experience 10.432 10.345  11.115 10.517 0.598 *** 3.22 
Firms_Covered 20.943 19.969  21.345 21.276 0.068  0.19 
House_Size 42.625 29.578  41.604 28.757 12.848 *** 15.55 
AA_Star 0.018 0.036  0.000 0.000 0.000  . 
StarMine_EPS 0.157 0.110  0.215 0.122 0.093 *** 7.02 
StarMine_Pick 0.076 0.143  0.086 0.139 -0.052 *** -4.51 
Qtrs_Covered 18.138 15.833  19.465 16.271 3.194 *** 5.60 
Size 15.319 14.910  15.438 14.765 0.674 *** 9.53 
Momentum 0.056 0.071  0.064 0.071 -0.006  -0.66 
Volatility 0.021 0.028  0.023 0.032 -0.009 *** -12.29 
Email 0.000 0.282  0.000 0.257 -0.257 *** -21.49 
N 3,468 3,944   1,332 1,767       

***, ** and * denote significance at the .01, .05 and .10 levels (two-tailed), respectively. 

 

Table 15 presents the multiple regression results from tests of market reaction to 

negative (Panel A) and positive (Panel B) EPS forecast revisions. As per column 1 in 

Panel A, no effect is detected for negative revisions. Column 2 reports results from 

estimating an expanded equation (6) where Treat is split into two mutually exclusive 

treatment groups (i.e., Treat_NoEmail and Treat_Email), similar to equation (4). I 

continue to find no effect for the two groups of analysts who are active on Estimize.  
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Table 15. Analysts on Estimize and Market Reaction to EPS Forecast Revisions 

Panel A. Market Reaction to Negative Forecast Revisions 

    (1) (2) 
  Pred. Sign CAR CAR 
Treat  0.0008  
  (0.0013)  
Post  -0.0027* -0.0027* 

  (0.0015) (0.0016) 
Treat*Post (-) 0.0020  
  (0.0016)  
Treat_NoEmail   0.0009 

   (0.0015) 
Treat_Email   0.0006 

   (0.0016) 
Treat_NoEmail*Post (-)   0.0018 

   (0.0018) 
Treat_Email*Post (-)   0.0022 

   (0.0024) 
FR_Abs (-) -0.0011 -0.0011 

  (0.0007) (0.0007) 
Below_Consen (-) -0.0023*** -0.0023*** 

  (0.0008) (0.0008) 
Concur_Rec (-) 0.0241 0.0241 

  (0.0155) (0.0155) 
Concur_Rev (-) -0.0036*** -0.0036*** 

  (0.0009) (0.0009) 
Pre_EAD  0.0003 0.0003 

  (0.0010) (0.0010) 
Post_EAD  0.0016 0.0016 

  (0.0011) (0.0011) 
Experience  -0.0000 -0.0000 

  (0.0002) (0.0002) 
Firms_Covered  -0.0002** -0.0002** 

  (0.0001) (0.0001) 
House_Size  -0.0000 -0.0000 

  (0.0000) (0.0000) 
AA_Star  0.0010 0.0009 

  (0.0023) (0.0024) 
StarMine_EPS  -0.0013 -0.0013 

  (0.0012) (0.0012) 
StarMine_Pick  0.0003 0.0003 

  (0.0012) (0.0012) 
Qtrs_Covered  0.0000 0.0000 

  (0.0000) (0.0000) 
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Panel A. (continued) 

    (1) (2) 
   CAR CAR 
Size  -0.0018 -0.0018 

  (0.0018) (0.0018) 
Momentum  -0.0045* -0.0045* 

  (0.0025) (0.0025) 
Volatility  -0.0234 -0.0231 

  (0.0901) (0.0901) 
Quarter-Year F.E.  Yes Yes 
Firm F.E.  Yes Yes 
N  11,900 11,900 
Adj. R2   0.062 0.062 
Coeff. Test: Treat_NoEmail*Post = Treat_Email*Post 
F-stat   0.025 
P-value     0.874 

 

Panel B. Market Reaction to Positive Forecast Revisions 

    (1) (2) 
  Pred. Sign CAR CAR 

Treat  -0.0006  
  (0.0018)  
Post  -0.0028 -0.0029 

  (0.0019) (0.0019) 
Treat*Post (+) 0.0049**  
  (0.0022)  
Treat_NoEmail   0.0001 

   (0.0019) 
Treat_Email   -0.0020 

   (0.0024) 
Treat_NoEmail*Post (+)   0.0035 

   (0.0025) 
Treat_Email*Post (+)   0.0087*** 

   (0.0032) 
FR_Abs (+) -0.0002 -0.0002 

  (0.0014) (0.0014) 
Above_Consen (+) 0.0011 0.0011 

  (0.0011) (0.0011) 
Concur_Rec (+) 0.0131 0.0128 

  (0.0559) (0.0561) 
Concur_Rev (+) 0.0046*** 0.0046*** 

  (0.0012) (0.0012) 
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Panel B. (continued) 

    (1) (2) 
   CAR CAR 

Pre_EAD  -0.0006 -0.0006 

  (0.0014) (0.0014) 
Post_EAD  -0.0001 -0.0001 

  (0.0016) (0.0016) 
Experience  0.0003 0.0003 

  (0.0002) (0.0002) 
Firms_Covered  -0.0001 -0.0001 

  (0.0001) (0.0001) 
House_Size  0.0000 0.0000 

  (0.0000) (0.0000) 
AA_Star  -0.0030 -0.0035 

  (0.0033) (0.0034) 
StarMine_EPS  -0.0015 -0.0014 

  (0.0017) (0.0017) 
StarMine_Pick  0.0008 0.0008 

  (0.0018) (0.0019) 
Qtrs_Covered  0.0000 0.0000 

  (0.0001) (0.0001) 
Size  -0.0028 -0.0028 

  (0.0023) (0.0023) 
Momentum  0.0006 0.0007 

  (0.0043) (0.0043) 
Volatility  -0.0528 -0.0500 

  (0.0997) (0.0990) 
Quarter-Year F.E.  Yes Yes 
Firm F.E.  Yes Yes 
N  7,412 7,412 
Adj. R2   0.093 0.094 

Coeff. Test: Treat_NoEmail*Post = Treat_Email*Post    

F-stat   1.98 
P-value     0.160 

Firm-clustered standard errors are in parentheses. ***, ** and * denote significance at the .01, .05 
and .10 levels (two-tailed), respectively. 
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In Panel B, however, the positive and significant Treat*Post coefficient (p < 0.05) 

in column 1 presents evidence that positive revisions of analysts active on Estimize 

generate greater market reaction after their house joins the platform. Column 2 results 

provide some evidence that this greater market reaction pertains more to analysts who 

receive greater feedback on their performance from Estimize (Treat_Email*Post) than to 

those who participate on Estimize but receive no feedback via email 

(Treat_NoEmail*Post).17 This suggests that positive forecast revisions are perceived to 

be more credible than negative revisions when analysts’ track records become more 

accessible to the public after Estimize. 

      

2.4 Discussion 

 

I study how analysts’ participation on a crowdsourced forecasting platform 

(Estimize) affects their forecast accuracy and whether their forecast revisions generate a 

greater market reaction. Most analysts, especially those from small brokerages, have 

limited feedback on their forecast performance from traditional sources (e.g., Institutional 

Investor and StarMine rankings). This study shows that participation on Estimize, which 

offers analysts feedback, increases analysts’ forecast accuracy and results in a greater 

market reaction to their positive forecast revisions. 

 
17 Although Treat_NoEmail*Post coefficient is positive, it is only marginally significant 
(t-stat = 1.36; p < 0.10, one-tail test). The difference between Treat_NoEmail*Post and 
Treat_Email*Post coefficients is also marginally significant (p < 0.10, one-tail test). 
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My study is the first suggesting that analysts learn to become more accurate 

through frequent feedback on their forecasting performance. Building upon Mikhail et al. 

(2003), who suggest (but do not test) that feedback on past performance helps analysts 

improve their accuracy, I use a unique setting that allows me to test how online tracking 

of and frequent feedback on forecast performance helps analysts become better 

forecasters of one-quarter ahead revenues and earnings. I find that analysts whose 

forecasts appear on the Estimize platform improve their forecast accuracy and show that 

this increase in accuracy is associated with their receiving more feedback through the 

platform. I also find that analysts who forecast on Estimize reduce their bias. This result 

may serve as a potential channel for explaining Jame et al. (2017)’s evidence suggesting 

that competition from Estimize drives down the IBES consensus’ bias. Finally, I present 

evidence that the market appears to react more to positive EPS forecast revisions of 

analysts who join Estimize, especially those who receive feedback via email. 

Interestingly, I find no results for negative EPS forecast revisions. This “no result” 

suggests that the market recognizes a pattern in the greater frequency of negative 

revisions, as opposed to the fewer positive revisions, as a walk-down to beatable earnings 

(Richardson et al. 2004; Berger, Ham, and Kaplan 2019) and therefore does not ascribe 

additional importance to negative revisions of Estimize analysts.  

Overall, my results suggest that if analysts are willing to learn from their past 

errors, online feedback can help them become more accurate forecasters and get more 

recognition from the market for their positive earnings forecast revisions.  
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CHAPTER 3 

ONLINE VISIBILITY AND ACCURACY TRACKING, AND OFFLINE 
CAREER OUTCOMES 

 

3.1 Background and Hypothesis Development 

 

Since its launch in 2012, Estimize relies on the “crowd” to contribute to its 

crowdsourced earnings forecasting platform. In turn, it aggregates all forecasts into a 

consensus number that it then provides to the public free of charge. Although most 

contributors who participate on the platform are novice forecasters, Estimize also counts 

professional sell-side analysts among its contributors. Since 2014, earnings forecasts of 

professional sell-side analysts started appearing on the platform at an increasing rate, and 

25 brokerage houses eventually joined Estimize. I explore why brokerages join Estimize, 

what drives analysts to participate on the platform, and whether participation on the 

platform benefits analysts. 

Brokerages may join the Estimize platform for several reasons. Brokerages may 

join the platform to better cater to smaller clients.18 Brokerages may join Estimize to 

track their analysts’ forecast performance, and/or comply with regulation.19 Brokerages 

may also join Estimize to help their analysts raise their visibility.  

 
18 According to an analyst from a brokerage that joined Estimize, the brokerage 
“contributed to Estimize for the benefit of its clients.” This is consistent with analysts 
using forecast accuracy to increase credibility with clients (Brown et al. 2015, p. 4).  

19 FINRA Rule 2241 requires that brokerages establish policies that separate research 
from investment banking with respect to their analysts’ compensation. (See 
http://www.finra.org/industry/research-analyst-rules). Brokerages can argue that they 
determine compensation based on forecast performance and not on how much investment 
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Analysts, too, care about recognition from star rankings (e.g., Institutional Investors) 

as it can help raise their profile and positively impact their careers. However, analysts 

from small brokerage houses may find achieving star recognition difficult because star 

rankings are dominated by large brokerages. Thus, analysts may see Estimize as a new 

channel for raising their profile.   

Analysts gain visibility by receiving publicity in the traditional business press 

(Bonner, Hugon, and Walther 2007; Rees, Sharp, and Twedt 2015) and build their 

reputations by being recognized as “star” analysts. Analysts can achieve recognition by 

making the Institutional Investor’s (I/I) All-America Research Team list or receiving 

Thomson Reuter’s StarMine Analyst Awards (StarMine).20 Of the two, only StarMine 

uses objective performance measures to rank analysts.21 Stickel (1992) finds that I/I 

recognition is linked to forecast accuracy, but a later study by Emery and Lee (2009) 

argues that I/I rankings are determined more by brokerage-house size and past star status 

than by analyst performance (Emery and Lee 2009).22 Whereas I/I does not disclose its 

 
banking business an analyst brought in. Thus, tracking forecast performance of analysts 
may be a way to comply with the regulation, if not in substance then at least in form. 

20 Since the launch of Institutional Investor rankings in 1972, Fortune, Forbes, The Wall 
Street Journal, Bloomberg Markets, TheStreet.com, and StarMine (currently owned by 
Thomson Reuters) have issued analyst rankings at some point. Of these, only Institutional 
Investor and StarMine continue to issue rankings today. 

21 Whereas Institutional Investor rankings are determined by client votes, StarMine’s 
annual Earnings Estimators Awards are based solely on forecast accuracy 
(http://www.analystawards.com/methodology.php). 
  
22 More than 90% of institutional investors polled by Emery and Lee (2009) consider I/I 
rankings to be a popularity contest, a charge I/I does not deny (Lowengard 2017). 
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ranking methodology, StarMine ranks its analysts solely based on performance. Yet, 

StarMine has minimum criteria that analysts must meet to be considered for an award.23 

Thus, analysts who are not among the most accurate or who do not meet the minimum 

criteria for coverage will find it difficult to gain recognition through analyst awards. 

Lesser known analysts overlooked by traditional media have few opportunities to gain 

visibility. Estimize may offer these analysts a new channel to raise their profile and 

visibility.   

Rees et al. (2015) document that media coverage has a substantial effect on 

analysts’ career advancement. Even if forecast accuracy is not improved, disseminating 

forecasts via a new online channel may help analysts raise their visibility and help them 

build human capital. Therefore, I expect active participation on Estimize to provide 

tangible benefits for analysts, such as better career outcomes. I thus state my third 

hypothesis in alternative form as: 

H3: Analysts active on Estimize improve their career outcomes.  

Brokerages may use Estimize to track their analysts’ forecast accuracy. Mikhail et 

al. (1999) find that relatively less accurate analysts have higher turnover rates, and Hong 

and Kubik (2003) report that relatively more accurate analysts switch to more reputable 

brokerage houses. Although Groysberg, Healy, and Maber (2011) find no association 

between relative accuracy and compensation for analysts at a premier brokerage, they do 

 
23 StarMine only ranks the top three qualifying analysts in each industry. To be 
considered for the ranking, an analyst must meet certain minimum accuracy performance 
for all industries covered and must cover at least 5 stocks in a given industry (StarMine 
2018).  
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find that higher accuracy leads to lower turnover. In addition, Brown et al. (2015) 

document that analysts from brokerages that cater to retail clients view forecast accuracy 

as an important determinant of their compensation. The collective literature suggests that 

although accuracy may not be important to analysts from large brokerages who have 

other means of promoting themselves (e.g., Institutional Investor’s All-America Research 

Team rankings, media appearances, broker votes), analysts from smaller brokerages are 

more attuned to issuing accurate forecasts. If brokerages use Estimize to track their 

analysts’ accuracy, then analysts’ in-house career outcomes should become more 

sensitive to accuracy. Thus, my final hypothesis in alternative form is: 

H4: Career outcomes are more sensitive to accuracy for analysts active on 

Estimize than for analysts who are not active on Estimize. 

 

3.2 Data and Measures 

 

To allow for meaningful comparisons of forecast performance across analysts 

who cover different sets of firms, I rank-transform my AFE and BIAS measures. I then 

construct relative accuracy (Accuracy) and bias (Pessimism) scores for each of the 6,355 

IBES analysts in my initial IBES sample (Step 1 in Panel B of Table 1). To calculate 

Accuracy, I use all analysts’ latest quarterly forecasts and compute the absolute error for 

each forecast as  | Forecasted EPS – Actual EPS |.24 Forecasts for each firm-year-quarter 

are then ranked by increasing values, so that forecasts with smaller absolute errors are 

 
24 Since I rank analysts on their firm-quarter accuracy (bias), there is no need to deflate 
my accuracy (bias) measure by stock price. 
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assigned lower ranks. Before aggregating all ranks into a single relative performance 

score, I first normalize them using the following formula: 

100 −
�������  −  1

����
∗ 100 

 
(7) 

where Ijt is the number of analysts following firm j in year-quarter t and RANKijt is 

analyst i’s accuracy rank relative to all other analysts covering firm j in year-quarter t 

(see Hong and Kubik 2003; Ke and Yu 2006; Emily and Li 2009; Groysberg et al. 2011). 

I then average the relative scores over all companies covered by an analyst within the 

year-quarter and take the average for the entire year. I drop firm-year-quarters for which 

Ijt < 3 since relative performance is meaningless in such cases (Jacob et al. 1999; Ke and 

Yu 2006; Groysberg et al. 2011). I use the same method to rank the signed bias of the 

latest issued forecasts (Forecasted EPS – Actual EPS) to construct the relative Pessimism 

score. Thus, higher values for Accuracy and Pessimism represent analysts who issue 

forecasts that are relatively more accurate and more pessimistic, respectively, than their 

peers’ forecasts during a given year. Table 16 presents all variable definitions (Panel A) 

along with summary statistics (Panel B) and Pearson and Spearman correlations (Panel 

C). 
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Table 16. Variable Definitions and Descriptive Statistics 

Panel A. Variable Definitions 

Variable Definition 
Join_ESTM  Set to 1 if the brokerage “joins Estimize” in the following year, that 

is, if more than one username account associated with the brokerage 
is created on Estimize, and 0 otherwise. 

ESTM_House Set to 1 if the brokerage “joins Estimize,” that is, if more than one 
Estimize account is associated with the brokerage during the sample 
period, and 0 otherwise (brokerage that never joins Estimize is 
dubbed “Non-ESTM House”). 

Active_on_ESTM  Set to 1 if an IBES analyst issues at least one forecast on Estimize 
for the first time in the following year, and 0 otherwise. 

Treat Set to 1 if an IBES analyst issues at least one forecast on Estimize 
during the sample period, and 0 otherwise.  

Post Set to 1 if the year of observation is equal to or greater than the year 
that the analyst’s brokerage joins Estimize (i.e., year that the first 
username associated with a brokerage is created on Estimize), and 0 
otherwise. 

Followed Set to 1 if an IBES analyst who is active on Estimize (Treat = 1) is 
followed by at least one Estimize user, and 0 otherwise. Note: 
Estimize users can receive updates and notifications when a user 
they follow issues a forecast on Estimize.   

Firms_on_ESTM The percentage of IBES firms covered by an analyst that can be 
covered on the Estimize platform. Note: Estimize supports fewer 
firms than IBES and a forecast can only be issued on Estimize for a 
firm that is supported by the platform. 

Turnover  Set to 1 if an analyst switches brokerage houses in the following 
year, and 0 otherwise.  

Move_Up Set to 1 if an analyst switches to a brokerage with more analysts in 
the following year, and 0 otherwise.  

Move_Down  Set to 1 if an analyst switches to a brokerage with less analysts in the 
following year, and 0 otherwise.  

Fired Set to 1 if an analyst disappears from IBES in the following year, 
and 0 otherwise (e.g., Hong et al. 2000; Ke and Yu 2006). 

Accuracy Relative accuracy score. The score is calculated by taking the latest 
quarterly forecasts and computing the absolute error for each 
forecast as | Forecasted EPS – Actual EPS |. Forecasts for each firm-
year-quarter are then ranked by increasing values, so that forecasts 
with smaller absolute errors are assigned lower ranks. All ranks are 
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then aggregated into a single relative performance score using the 
following formula: 

 
 
 
where Ijt is the number of analysts following firm j in year-quarter t 
and Rankijt is analyst i’s accuracy rank relative to all other analysts 
covering firm j in year-quarter t (e.g., Hong and Kubik 2003; Ke and 
Yu 2006; Emily and Li 2009; Groysberg, Healy, and  Maber 2011). 
The relative scores are then averaged over all companies covered by 
an analyst within the year-quarter and the average for the entire year 
is taken. Firm-year-quarters for which Ijt < 3 are dropped (Jacob et 
al. 1999; Ke and Yu 2006; Groysberg et al. 2011). Higher values for 
Accuracy represent analysts that issue forecasts that are relatively 
more accurate than their peers.  

Pessimism Relative pessimism score. The score is calculated by taking the latest 
quarterly forecasts and computing the signed error for each forecast 
as (Forecasted EPS – Actual EPS). Forecasts for each firm-year-
quarter are then ranked by increasing values, so that forecasts with 
greater negative errors are assigned lower ranks. All ranks are then 
aggregated into a single relative performance score using the 
following formula: 

 
 
 
where Ijt is the number of analysts following firm j in year-quarter t 
and Rankijt is analyst i’s pessimism rank relative to all other analysts 
covering firm j in year-quarter t (Hong and Kubik 2003; Ke and Yu 
2006; Emily and Li 2009; Groysberg, Healy, and Maber 2011).  The 
relative scores are then averaged over all companies covered by an 
analyst within the year-quarter and the average for the entire year is 
taken. Firm-year-quarters for which Ijt < 3 are dropped. Higher 
values for Pessimism represent analysts that issue forecasts that are 
relatively more pessimistic (i.e. negatively biased) than their peers.  

House_Size Brokerage’s number of analysts that appear on IBES during a given 
year. 

Experience The general experience of an analyst, calculated as the number of 
years an analyst appears on IBES. 

Firms_Covered The number of firms an analyst covers on IBES. 

AA_Star Set to 1 if an analyst makes the Institutional Investor Magazine’s 
All-America Research Team rank at least once in the last three 
years, and 0 otherwise. 
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StarMine_EPS Set to 1 if analyst is ranked as a Top Earnings Estimator by 
StarMine at least once in the last three years, and 0 otherwise. 

StarMine_Pick Set to 1 if analyst is ranked as a Top Stock Picker by StarMine at 
least once in the last three years, and 0 otherwise. 

Experience_Avg The annual average of Experience for all analysts at the brokerage 
house. 

Firms_Covered_Avg The annual average of Firms_Covered for all analysts at the 
brokerage house. 

AA_Star_Avg The annual average of AA_Star for all analysts at the brokerage 
house. 

StarMine_EPS_Avg The annual average of StarMine_EPS for all analysts at the 
brokerage house. 

StarMine_Pick_Avg The annual average of StarMine_Pick for all analysts at the 
brokerage house. 

Accuracy_Avg The annual average of Accuracy for all analysts at the brokerage 
house. 

Pessimism_Avg The annual average of Pessimism for all analysts at the brokerage 
house. 

 

Panel B. Descriptive Statistics 

Variable Mean Median Q1 Q3 St. Dev. N 
Turnover 0.04 0.00 0.00 0.00 0.19 1,402a 

Move_Up 0.02 0.00 0.00 0.00 0.13 1,402a 

Move_Down 0.02 0.00 0.00 0.00 0.14 1,402a 

Fired 0.07 0.00 0.00 0.00 0.26 1,511 

Treat 0.60 1.00 0.00 1.00 0.49 1,511 
Accuracy 48.69 48.30 43.38 53.72 8.56 1,511 
Pessimism 49.35 48.99 42.87 55.49 10.41 1,511 
∆Accuracy 0.08 0.25 -4.37 4.42 8.32 1,384 
∆Pessimism -0.04 -0.04 -4.71 4.92 9.17 1,384 
Experience 9.21 9.00 4.00 14.00 5.24 1,511 
Firms_Covered 15.06 15.00 9.00 20.00 7.97 1,511 
AA_Star 0.02 0.00 0.00 0.00 0.14 1,511 
StarMine_EPS 0.11 0.00 0.00 0.00 0.31 1,511 
StarMine_Pick 0.13 0.00 0.00 0.00 0.33 1,511 

Followed 0.26 0.00 0.00 1.00 0.44 1,511 

Firms_on_ESTM 0.80 0.89 0.71 1.00 0.26 1,511 
a Turnover, Move_Up, and Move_Down variables have less observations than Fired because they 
require that an analyst be present on IBES in the following year.   
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Panel C. Correlation Table 

Variable (1) (2) (3) (4) (5) (6) (7) (8) 
(1) Turnover  0.66 0.74 0.00 0.01 -0.02 -0.02 0.04 
(2) Move_Up 0.66  -0.02 0.00 -0.01 -0.02 0.00 0.02 
(3) Move_Down 0.74 -0.02  0.00 0.03 -0.01 -0.03 0.04 
(4) Fired 0.00 0.00 0.00  -0.14 0.03 -0.01 0.01 
(5) Treat 0.01 -0.01 0.03 -0.14  -0.12 -0.11 0.01 
(6) Accuracy -0.03 -0.02 -0.02 0.03 -0.12  0.06 0.39 
(7) Pessimism -0.01 0.00 -0.02 0.00 -0.12 0.04  -0.10 
(8) ∆Accuracy 0.04 0.03 0.03 0.01 0.02 0.44 -0.12  
(9) ∆Pessimism 0.00 -0.02 0.02 -0.05 -0.01 -0.08 0.42 -0.23 

(10) Experience 0.01 0.00 0.01 -0.05 0.10 -0.19 -0.10 0.00 
(11) Firms_Covered 0.02 0.02 0.01 -0.16 0.12 -0.08 -0.01 0.02 
(12) AA_Star -0.03 -0.02 -0.02 -0.02 0.04 -0.04 0.00 -0.01 
(13) StarMine_EPS 0.00 -0.01 0.01 -0.02 0.00 0.15 -0.11 -0.02 
(14) StarMine_Pick 0.01 0.07 -0.05 -0.03 0.08 -0.09 -0.02 0.01 
(15) Followed -0.05 -0.01 -0.06 -0.11 0.47 -0.06 -0.04 -0.01 
(16) Firms_on_ESTM 0.01 0.01 0.00 0.05 0.24 -0.27 -0.25 0.02 

 

Panel C. (continued) 

Variable (9) (10) (11) (12) (13) (14) (15) (16) 
(1) Turnover 0.00 0.01 0.01 -0.03 0.00 0.01 -0.05 0.01 
(2) Move_Up 0.00 0.00 0.02 -0.02 -0.01 0.07 -0.01 0.01 
(3) Move_Down 0.00 0.01 0.00 -0.02 0.01 -0.05 -0.06 0.00 
(4) Fired -0.04 -0.05 -0.17 -0.02 -0.02 -0.03 -0.11 0.07 
(5) Treat 0.00 0.11 0.11 0.04 0.00 0.08 0.47 0.15 
(6) Accuracy -0.06 -0.19 -0.05 -0.05 0.17 -0.11 -0.06 -0.26 
(7) Pessimism 0.37 -0.08 0.04 0.01 -0.11 -0.01 -0.02 -0.25 
(8) ∆Accuracy -0.17 0.00 0.00 -0.02 -0.03 0.01 -0.02 0.01 
(9) ∆Pessimism  -0.04 0.00 0.00 -0.01 0.01 -0.02 -0.01 

(10) Experience -0.03  0.37 0.08 0.00 0.13 0.12 0.06 
(11) Firms_Covered 0.00 0.34  0.08 0.10 0.12 0.25 -0.18 
(12) AA_Star 0.00 0.08 0.09  -0.05 -0.03 0.08 -0.01 
(13) StarMine_EPS -0.01 0.00 0.09 -0.05  0.15 0.06 0.02 
(14) StarMine_Pick 0.01 0.12 0.10 -0.03 0.15  0.08 0.07 
(15) Followed -0.02 0.12 0.23 0.08 0.06 0.08  -0.01 
(16) Firms_on_ESTM -0.02 0.11 -0.06 0.01 0.04 0.11 0.09   

Pearson's correlation coefficients are shown in the lower triangle while Spearman's rank 
correlations appear above the diagonal. 
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3.3 Research Design 

 

I first examine what drives the brokerage decision to join Estimize and which 

analysts from the brokerages that join Estimize become active on Estimize. In my main 

analyses, I then test whether analysts’ participation on Estimize relates to positive career 

outcomes.  

3.3.1 Brokerage Decision to Join Estimize 

 

I use a brokerage-year sample from 2012 to 2017 of all IBES brokerage houses, 

those that eventually join Estimize (ESTM House) and those that never join Estimize 

(Non-ESTM House). I use this sample (constructed from the initial sample of all houses 

from Step 1 in Panel B of Table 1) to estimate the likelihood that a brokerage house joins 

Estimize in a particular year, conditional on not having joined Estimize previously. I use 

the following model:  

Join_ESTM = β0 + β1House_Size + β2House_Size2 + β3Experience_Avg  

+ β4Firms_Covered_Avg + β5AA_Star_Avg 

+ β6StarMine_EPS_Avg +  β7StarMine_Pick_Avg 

+ β8Accuracy_Avg + β9Pessimism_ Avg + Year_FE + ε,   (8) 

where Join_ESTM is an indicator set to 1 if a brokerage joins Estimize in the following 

year, and 0 otherwise; House_Size is the number of IBES analysts employed by the 

brokerage house in a given year; Experience_Avg is brokerage-level average of 

Experience, the number of years an analyst appears on IBES in a given year. Since 

brokerages can gain recognition and raise their profiles via analysts’ awards, I control for 

Institutional Investor and Thomson Reuters’ StarMine star-analyst rankings. I first 
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construct analyst-year indicators set to 1 if an analyst was included in Institutional 

Investor’s All-America Research Team (AA_Star), StarMine’s Top Earnings Estimator 

(StarMine_EPS), or StarMine’s Top Stock Picker (StarMine_Pick) rankings at least once 

in the last three years. I then take the brokerage-house average for each of these three 

indicators to construct annual averages for the rankings: AA_Star_Avg, 

StarMine_EPS_Avg, and StarMine_Pick_Avg. Firms_Covered_Avg is the brokerage-level 

average of Firms_Covered, the number of firms an analyst has covered on IBES during 

the year. Accuracy_Avg (Pessimism_Avg) is the brokerage-level average of Accuracy 

(Pessimism), the relative forecast accuracy (pessimism) score for each analyst over a 

given year. I include year fixed effects (Year_FE) and use robust standard errors in my 

estimation. Once a brokerage joins Estimize it remains on Estimize for the remainder of 

the sample. I therefore exclude annual observations of brokerages once they join Estimize 

because I focus on the brokerage’s decision to join rather than stay on Estimize.  

3.3.2 Analyst Decision to Forecast on Estimize 

 

Not all IBES analysts from brokerages that join Estimize issue forecasts on 

Estimize (see Figure 1). I consider IBES analysts who issue at least one forecast on 

Estimize to be active (Active Analysts), and those who do not to be inactive (Inactive 

Analysts). To examine what determines the analyst decision to be active, I use IBES 

analyst-year observations from brokerages that have joined Estimize. My sample begins 

one year before a brokerage joins Estimize and ends in 2017.25 I estimate the probability 

 
25 Because my dependent variable tracks the analyst’s future participation decision in 
year t + 1, I begin my sample one year before the brokerage joins Estimize. 
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of an analyst becoming active on Estimize for the first time, conditional on not being 

active in the past, via the model:  

Active_on_ESTM = β0 + β1Experience + β2Firms_Covered  

+ β3Firms_on_ESTM + β4AA_Star + β5StarMine_EPS 

+ β6StarMine_Pick + β7Accuracy + β8Pessimism  

+ Brokerage_FE + Year_FE + ε,  (9) 

where Active_on_ESTM is an indicator set to 1 if an analyst issues at least one forecast on 

Estimize for the first time in the following year, and 0 otherwise. Firms_on_ESTM is the 

percentage of IBES firms an analyst follows that are covered by the Estimize platform. 

All remaining variables are as defined in Panel A of Table 16. I include brokerage 

(Brokerage_FE) and year (Year_FE) fixed effects and cluster the standard errors by 

brokerage. Once an analyst becomes active on Estimize in a given year, the analyst is 

excluded from the sample going forward because I focus on the analyst’s decision to first 

become active on Estimize rather than remain active. 

3.3.3 Career Outcomes for Analysts on Estimize 

 

H3 predicts that analysts whose forecasts appear on Estimize experience positive 

career outcomes. I test this prediction using the following model: 
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Career_Outcome = γ0 +  γ1Treat  + γ2Post + γ3Treat*Post  + γ4Accuracy  

+ γ5Pessimism + γ6Experience + γ7Firms_Covered  

+ γ8AA_Star + γ9StarMine_EPS + γ10StarMine_Pick   

+ ∑(γiControlsi*Treat)  + Brokerage_FE + Year_FE +ε,   

 

(10) 

where Career_Outcome is one of four dichotomous variables indicating whether in the 

following calendar year the analyst: (1) switches brokerage houses (Turnover); (2) 

switches to a larger brokerage (Move_Up); (3) switches to a smaller brokerage 

(Move_Down); or disappears from IBES (Fired). My career outcome measures are 

consistent with prior literature (e.g., Hong, Kubik, and Solomon 2000; Ke and Yu 2006). 

I control for relative accuracy (Accuracy) and pessimism (Pessimism) as they predict 

career outcomes (Mikhail et al. 1999; Hong and Kubik 2003; Ke and Yu 2006). I include 

analyst awards (AA_Star, StarMine_EPS, Starmine_Pick) to proxy for analyst ability and 

reputation. All remaining variables are as defined above. I interact all control variables 

(Controls) with the Treat dummy to control for disparate abilities and characteristics of 

analysts who are active on Estimize and those who are not. I include brokerage 

(Brokerage_FE) and year (Year_FE) fixed effects and cluster all errors by brokerage. I 

expect increased visibility on Estimize to benefit analysts so I predict γ3 < 0 for Turnover, 

Move_Down, and Fired, and γ3 > 0 for Move_Up.   

H4 predicts that analysts’ career outcomes will become more sensitive to forecast 

accuracy if their brokerages join Estimize to better track analysts’ forecast performance. 

To test this, I estimate the model: 
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Career_Outcome = γ0  + γ1Treat  + γ2Post + γ3Treat*Post   

+ γ4Accuracy  + γ5Accuracy*Treat  

+  γ6Accuracy*Post +  γ7Accuracy*Treat*Post  

+ ∑γiControlsi + ∑(γiControlsi*Treat)  

+ Brokerage_FE + Year_FE + ε,    (11) 

I focus on γ7 and expect analysts whose accuracy improves the most to enjoy better career 

outcomes. Controls represents all remaining control variables from equation (10). 

3.4 Results 

 

3.4.1 Brokerage Decision to Join Estimize 

 

Table 17 reports the estimated likelihood that a brokerage house joins Estimize in 

a particular year, conditional on not having joined Estimize previously. Panel A presents 

the univariate statistics. Panel B reports multiple regression results indicating that mid-

size brokerages with analysts covering many firms are more likely to join Estimize. More 

importantly, brokerages with fewer analysts making the Institutional Investor rankings 

(AA_Star) are more likely to join Estimize, while forecast accuracy does not have a 

significant effect on the decision to join the platform. These results are consistent with 

brokerages deciding to join Estimize in order to raise their visibility and profile. 
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Table 17. Why Brokerage Houses Join Estimize 

 

Panel A. Mean Differences 

House-level Variable  Non-ESTM 
House  

ESTM 
House 

Diff.   t-stat 

House_Size 12.79 17.87 -5.08 ** -1.98 
Accuracy_Avg 49.54 48.69 0.85   0.62 
Pessimism_Avg 49.83 49.66 0.17   0.11 
Experience_Avg 7.03 7.68 -0.64   -1.47 
Firms_Covered_Avg 8.80 12.30 -3.50 *** -4.72 
AA_Star_Avg 0.022 0.014 0.008   0.79 
StarMine_EPS_Avg 0.059 0.071 -0.013   -0.76 
StarMine_Pick_Avg 0.084 0.082 0.002   0.11 
N 1,089 77       

Panel A reports how brokerages that join Estimize (ESTM House) differ from brokerages that 
never join Estimize (Non-ESTM House). The panel uses all IBES brokerage-year observations 
from 2012-2017 with non-missing variable values, and excludes brokerage-year observations 
following the year that a brokerage joins Estimize. Variable definitions are in Panel A of Table 
16. ***, ** and * denote significance at the .01, .05 and .10 levels (two-tailed), respectively. 

  



80 
 

Panel B. Determinants of Brokerage Decision to Join Estimize 

  Join_ESTM 
House_Size 0.0207*** 
  (0.0066) 
House_Size2 -0.0002*** 
  (0.0001) 
Accuracy_Avg -0.0001 
  (0.0001) 
Pessimism_Avg 0.0002 
  (0.0002) 
Experience_Avg 0.0001 
  (0.0008) 
Firms_Covered_Avg 0.0017** 
  (0.0007) 
AA_Star_Avg -0.0496** 
  (0.0228) 
StarMine_EPS_Avg -0.0196 
  (0.0201) 
StarMine_Pick_Avg -0.0139 

 (0.0126) 
Year F.E. Yes 
N 1,166 
Adj. R2 0.030 

Panel B uses all IBES brokerage-year observations from 2012-2017 with non-missing variable 
values and reports the estimated probability of a brokerage joining Estimize conditional on not 
having joined previously. Join_ESTM is an indicator set to 1 if a brokerage joins Estimize in the 
following year, and 0 otherwise. Brokerage-year observations following the year that a brokerage 
joins are excluded from the sample. All other variables are defined in Panel A of Table 16. 
Robust standard errors are in parentheses. ***, ** and * denote significance at the .01, .05 and 
.10 levels (two-tailed), respectively. 

 

3.4.2 Analyst Decision to Forecast on Estimize 

 

Not all IBES analysts become active on Estimize after their brokerages join the 

platform; some analysts never issue a single forecast on the Estimize platform (see Figure 

1). Table 18 uses IBES analyst-year observations from one year before a brokerage joins 

Estimize to 2017 and reports the probability of an IBES analyst becoming active on 

Estimize for the first time, conditional on not being active in the past. Panel A compares 
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the univariate year-analyst observations of Active and Inactive Analysts. Multiple 

regression results in Panel B indicate that firm coverage (Firms_Covered) and the portion 

of these IBES firms that are supported by the Estimize platform (Firms_on_ESTM) are 

the dominant factors determining whether an analyst becomes active on Estimize. These 

results suggest that analysts joining the platform value visibility for their firm-specific 

forecasts on Estimize. 

 

Table 18. Why Analysts Participate on Estimize? 

 

Panel A. Mean Differences 

Variable Treat=0 Treat=1 Diff.   t-stat 
Accuracy 49.85 48.81 1.05   1.63 
Pessimism 50.46 49.31 1.14   1.55 
Experience 7.72 9.18 -1.46 *** -4.41 
Firms_Covered 12.58 15.14 -2.57 *** -5.08 
Firms_on_ESTM 0.72 0.83 -0.11 *** -6.55 
AA_Star 0.008 0.016 -0.008   -1.25 
StarMine_EPS 0.088 0.114 -0.026   -1.44 
StarMine_Pick 0.073 0.156 -0.083 *** -4.44 
N 617 493       

Panel A reports how IBES analysts from brokerages that join Estimize differ; Active Analyst 
(Treat=1) is an IBES analyst who issues at least one forecast on Estimize during the sample 
period; Inactive Analyst (Treat=0) is an IBES analyst who never issues a forecast on Estimize. 
***, ** and * denote significance at the .01, .05 and .10 levels (two-tailed), respectively. 
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Panel B. Determinants of Analyst Participation on Estimize 

  Active_on_ESTM 
Experience 0.0028 
  (0.0043) 
Firms_Covered 0.0109** 
  (0.0044) 
Firms_on_ESTM 0.4135*** 
  (0.0460) 
AA_Star 0.1354 
  (0.1316) 
StarMine_EPS -0.0248 

 (0.0656) 
StarMine_Pick 0.0935 
  (0.0650) 
Accuracy 0.0010 
  (0.0010) 
Pessimism -0.0007 
  (0.0011) 
Brokerage F.E. Yes 
Year F.E. Yes 
N 1,110  
Adj. R2 0.189 

Panel B uses a sample of IBES analyst-year observations from one year before a brokerage joins 
Estimize to 2017 and reports the estimated probability of an IBES analyst becoming active on 
Estimize conditional on not having been active previously. Active_on_ESTM is an indicator set to 
1 if an IBES analyst issues at least one forecast for the first time on Estimize in the following 
year, and 0 otherwise. Analyst-year observations following the year that an analyst becomes 
active on Estimize are excluded from the sample. All other variables are defined in Panel A of 
Table 16. Brokerage-clustered standard errors are in parentheses. ***, ** and * denote 
significance at the .01, .05 and .10 levels (two-tailed), respectively.  
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3.4.3 Career Outcomes for Analysts on Estimize 

 

Visibility and Career Outcomes 

In Table 19, I test whether analysts whose forecasts appear on Estimize benefit 

from extra visibility by examining their career outcomes. Univariate statistics in Panel A 

indicate that relative to Inactive Analysts (Treat = 0), Active Analysts (Treat = 1) have 

lower incidence of being laid off (Fired). After controlling for analyst characteristics, 

multiple regression results presented in Panel B provide evidence that analysts who are 

active on Estimize are more likely to leave their brokerage in the following year (column 

1), and those who do leave are more likely to move up to a larger brokerage house 

(column 2). The multiple regression results confirm the univariate results that analysts 

active on Estimize are less likely to be fired (column 4).  

The positive and significant Treat*Post coefficients in columns 1 and 2 of Table 

19, Panel B suggest that analysts who are active on Estimize experience a 5.8 percentage-

point increase in turnover and are 4.7 percentage points more likely to move to a larger 

brokerage, respectively. Column 4 indicates that analysts are 18 percentage points less 

likely to be laid off after joining Estimize. These results continue to hold when the model 

also controls for annual changes in accuracy and bias (untabulated). Since accuracy is 

controlled for, these improved career outcomes are incremental to the Estimize effect on 

accuracy and suggest that analysts active on Estimize benefit from the increased online 

visibility. The results provide evidence consistent with H3. 
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Table 19. Online Visibility and Career Outcomes 

 

Panel A. Mean Differences 

  (1) (2) (1) - (2)     
Variable Treat=0 Treat=1 Diff.   t-stat N (1) N (2) 
Turnover 0.03 0.04 -0.01   -0.60      531      871  
Move_Up 0.02 0.02 0.00   0.39      531      871  
Move_Down 0.02 0.02 -0.01   -1.15      531      871  
Fired 0.12 0.04 0.08 *** 5.66      602      909  
Accuracy 49.79 47.95 1.83 *** 4.09      602      909  
Pessimism 50.40 48.66 1.74 *** 3.20      602      909  
∆Accuracy -0.01 0.14 -0.15   -0.32      536      848  
∆Pessimism -0.08 -0.01 -0.06   -0.12      536      848  
Experience 8.37 9.76 -1.39 *** -5.09      602      909  
Firms_Covered 13.38 16.17 -2.79 *** -6.75      602      909  
AA_Star 0.01 0.02 -0.01   -1.62      602      909  
StarMine_EPS 0.10 0.11 -0.01   -0.85      602      909  
StarMine_Pick 0.08 0.15 -0.07 *** -3.99      602      909  
Followed 0.00 0.43 -0.43 *** -21.16      602      909  

***, ** and * denote significance at the .01, .05 and .10 levels (two-tailed), respectively. 
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Panel B. Visibility on Estimize and Career Outcomes 

 (1) (2) (3) (4) 
  Turnover Move_Up Move_Down Fired 
Treat 0.0070 0.0308 -0.0238 -0.2095 

 (0.0920) (0.0675) (0.0561) (0.1685) 
Post 0.0081 -0.0311 0.0392** 0.2625*** 

 (0.0264) (0.0206) (0.0157) (0.0342) 
Treat*Post 0.0579** 0.0473*** 0.0106 -0.1811*** 

 (0.0237) (0.0161) (0.0137) (0.0361) 
Accuracy -0.0005 0.0002 -0.0007 -0.0008 

 (0.0009) (0.0006) (0.0005) (0.0015) 
Pessimism 0.0002 0.0005 -0.0004 -0.0025 

 (0.0007) (0.0006) (0.0004) (0.0018) 
Experience 0.0001 -0.0001 0.0003 -0.0027 

 (0.0024) (0.0018) (0.0011) (0.0037) 
Firms_Covered 0.0012 0.0009 0.0004 -0.0063*** 

 (0.0012) (0.0010) (0.0007) (0.0017) 
AA_Star -0.0413 -0.0326 -0.0086 0.1332 

 (0.0248) (0.0254) (0.0134) (0.0874) 
StarMine_EPS -0.0034 -0.0005 -0.0029 -0.0351 

 (0.0278) (0.0291) (0.0088) (0.0412) 
StarMine_Pick 0.0052 0.0287 -0.0234* -0.0575 

 (0.0439) (0.0404) (0.0122) (0.0352) 
∑(Controls*Treat) Yes Yes Yes Yes 
Brokerage F.E. Yes Yes Yes Yes 
Year F.E. Yes Yes Yes Yes 
N 1,402 1,402 1,402 1,511 
Adj. R2 0.051 0.026 0.046 0.163 

All variables are defined in Panel A of Table 16. Brokerage-clustered standard errors are in 
parentheses. ***, ** and * denote significance at the .01, .05 and .10 levels (two-tailed), 
respectively. 

 

Career Outcome Sensitivity to Visibility after Estimize 

If brokerages and analysts join Estimize to raise their visibility, then analysts may 

benefit from achieving greater exposure to the public via the Estimize platform. Thus, 

career outcomes should become more sensitive to visibility obtained from Estimize. To 

test this, I use the Followed variable, a dummy set to 1 if an analyst active on Estimize is 

followed by at least one Estimize user, and 0 otherwise. I include Followed in equation 
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(9), interact it with Treat*Post and control for changes in accuracy (∆Accuracy) and 

pessimism (∆Pessimism). I report the results in Table 20.  

Table 20. Career Outcome Sensitivity to Visibility on Estimize 

 
  (1) (2) (3) (4) 
  Turnover Move_Up Move_Down Fired 
Treat -0.0739 -0.0400 -0.0338 -0.2993 
  (0.0943) (0.0724) (0.0666) (0.2044) 
Post 0.0087 -0.0300 0.0387** 0.2519*** 

 (0.0279) (0.0213) (0.0168) (0.0362) 
Followed 0.0238 0.0153 0.0085 0.0097 

 (0.0226) (0.0115) (0.0150) (0.0114) 
Treat*Post 0.0911** 0.0578** 0.0333 -0.1378*** 

 (0.0377) (0.0229) (0.0244) (0.0427) 
Treat*Post*Followed -0.0721* -0.0172 -0.0549* -0.0820** 

 (0.0351) (0.0202) (0.0275) (0.0321) 
Accuracy -0.0019 -0.0008 -0.0011 -0.0028 

 (0.0013) (0.0007) (0.0007) (0.0022) 
Pessimism -0.0002 0.0006 -0.0007 -0.0015 

 (0.0007) (0.0008) (0.0011) (0.0020) 
∆Accuracy 0.0022 0.0016 0.0006 0.0013 

 (0.0013) (0.0010) (0.0005) (0.0019) 
∆Pessimism -0.0000 -0.0005 0.0005 -0.0012 

 (0.0005) (0.0008) (0.0010) (0.0014) 
Experience -0.0018 -0.0018 0.0000 -0.0036 

 (0.0028) (0.0019) (0.0013) (0.0040) 
Firms_Covered 0.0015 0.0012 0.0003 -0.0071*** 

 (0.0011) (0.0008) (0.0007) (0.0017) 
AA_Star -0.0397 -0.0307 -0.0091 0.1243 

 (0.0260) (0.0259) (0.0127) (0.0944) 
StarMine_EPS 0.0013 0.0045 -0.0031 -0.0316 

 (0.0295) (0.0316) (0.0096) (0.0378) 
StarMine_Pick 0.0009 0.0247 -0.0237* -0.0627 

 (0.0473) (0.0436) (0.0127) (0.0370) 
∑(Controls*Treat) Yes Yes Yes Yes 
Brokerage F.E. Yes Yes Yes Yes 
Year F.E. Yes Yes Yes Yes 
N 1,281 1,281 1,281 1,384 
Adj. R2 0.066 0.030 0.055 0.165 

All variables are defined in Panel A of Table 16. Brokerage-clustered standard errors are in 
parentheses. ***, ** and * denote significance at the .01, .05 and .10 levels (two-tailed), 
respectively. 



87 
 

The negative coefficient on the triple interaction term (Treat*Post*Followed) in 

columns 1 and 3 (significant at p < 0.10) indicates that having at least one follower on 

Estimize is associated with a lower incidence of switching brokerage houses and moving 

down to a smaller house, respectively. The significant (p < 0.05) triple interaction term in 

column 4 indicates that having one or more followers reduces the analyst’s chnaces of 

being fired. These results suggest that additional visibility positively impacts analysts’ 

career outcomes and provide additional support for H3. 

Career Outcome Sensitivity to Accuracy after Estimize 

If brokerages that join Estimize care about forecast accuracy, they may use 

Estimize to better track their analysts’ performance. H4 predicts that career outcomes 

should become more sensitive to accuracy for Active Analysts after their brokerage joins 

Estimize. I re-estimate equation (11) using annual changes in relative accuracy 

(∆Accuracy) and pessimism (∆Pessimism), mean-adjust the variables to ease 

interpretation, and report results in Table 21.26 The marginally significant coefficient on 

the triple interaction term (∆Accuracy*Treat*Post) in columns 1 and 2 suggests that 

accuracy is more salient for analysts after they join Estimize and lends support for H4.

 
26 I find no results when estimating the original equation (11) using levels of accuracy 
(Accuracy) in the interaction term. 
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Table 21. Career Outcome Sensitivity to Accuracy post Estimize 

  (1) (2) (3) (4) 
  Turnover Move_Up Move_Down Fired 
Treat -0.0159 -0.0293 0.0134 -0.0936* 

 (0.0343) (0.0204) (0.0207) (0.0492) 
Post 0.0076 -0.0300 0.0376** 0.2514*** 

 (0.0276) (0.0210) (0.0171) (0.0358) 
Treat*Post 0.0583** 0.0497*** 0.0086 -0.1741*** 

 (0.0249) (0.0162) (0.0150) (0.0364) 
∆Accuracy 0.0021 0.0021 0.0000 0.0019 

 (0.0016) (0.0014) (0.0004) (0.0012) 
∆Accuracy*Post 0.0002 -0.0019 0.0021 -0.0014 

 (0.0015) (0.0012) (0.0012) (0.0038) 
∆Accuracy*Treat*Post 0.0053* 0.0043* 0.0010 0.0011 

 (0.0030) (0.0023) (0.0019) (0.0039) 
∆Pessimism -0.0000 -0.0005 0.0005 -0.0012 

 (0.0005) (0.0008) (0.0010) (0.0014) 
Accuracy -0.0019 -0.0008 -0.0011 -0.0027 

 (0.0013) (0.0007) (0.0007) (0.0022) 
Pessimism -0.0001 0.0006 -0.0007 -0.0014 

 (0.0007) (0.0008) (0.0010) (0.0020) 
Experience -0.0018 -0.0018 0.0000 -0.0039 

 (0.0029) (0.0019) (0.0014) (0.0041) 
Firms_Covered 0.0014 0.0011 0.0004 -0.0072*** 

 (0.0011) (0.0007) (0.0007) (0.0017) 
AA_Star -0.0392 -0.0308 -0.0084 0.1261 

 (0.0259) (0.0272) (0.0141) (0.0955) 
StarMine_EPS 0.0008 0.0042 -0.0035 -0.0308 

 (0.0295) (0.0325) (0.0097) (0.0371) 
StarMine_Pick 0.0003 0.0264 -0.0261* -0.0630 

 (0.0474) (0.0434) (0.0133) (0.0375) 
∑(Controls*Treat) Yes Yes Yes Yes 
Brokerage F.E. Yes Yes Yes Yes 
Year F.E. Yes Yes Yes Yes 
N 1,281 1,281 1,281 1,384 
Adj. R2 0.066 0.033 0.053 0.160 

All variables are defined in Panel A of Table 16. Brokerage-clustered standard errors are in 
parentheses. ***, ** and * denote significance at the .01, .05 and .10 levels (two-tailed), 
respectively. 
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3.5 Robustness Tests 

 

Given that analysts may self-select to participate on Estimize, selection bias may 

pose a threat to my findings. To mitigate the selection bias issue, I re-run my main tests 

on matched samples that I construct using PSM and CEM matching techniques.27  

First, I estimate a logit model by regressing Treat on analyst characteristics and 

year fixed effects to obtain the propensity score of an analyst being active on Estimize. I 

then construct a balanced matched sample of analyst-year observations using one-to-one 

matching with 0.002 caliper and no replacements.  

Table 22, Panel A contains summary statistics for all variables used in 

constructing the propensity score and shows that the matched sample is balanced. I then 

use the PSM sample from Panel A to re-estimate equation (10) and report results in Panel 

B. The results indicate that the inferences obtained from the main career outcome results 

reported above continue to hold for the PSM matched sample.  

  

 
27 Because the Fired variable has more observations than the three other career outcome 
variables (i.e., Turnover, Move_Up, Move_Down), I construct two separate sets of 
matched samples for the PSM and for the CEM analysis below, one for Fired and one for 
the remaining career outcome tests. Covariate balance for both sets of matched samples is 
achieved (mean differences are insignificant for all matched covariates; p > 0.10). For 
brevity, I only report mean differences for the larger matched set in each analysis below. 
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Table 22. PSM Matched Sample Estimates 

 

Panel A. PSM Sample – Univariate Covariate Balance 

  Treat=0 Treat=1 Diff. t-stat 
Accuracy 48.51 48.57 -0.05 -0.10 
Pessimism 49.45 49.62 -0.16 -0.25 
Experience 9.03 8.93 0.10 0.29 
Firms_Covered 14.81 14.75 0.06 0.12 
AA_Star 0.01 0.01 0.00 0.28 
StarMine_EPS 0.11 0.11 0.00 0.20 
StarMine_Pick 0.10 0.11 -0.01 -0.41 
N 504 504     

 

Panel B. Online Visibility and Career Outcomes 

 (1) (2) (3) (4) 
  Turnover Move Up Move Down Fired 
Treat -0.081 -0.056 -0.025 -0.268* 

 (0.130) (0.082) (0.104) (0.151) 
Post 0.019 -0.033* 0.052** 0.232*** 

 (0.028) (0.019) (0.021) (0.038) 
Treat*Post 0.062** 0.045*** 0.017 -0.141*** 

 (0.025) (0.015) (0.020) (0.045) 
Accuracy -0.001 -0.000 -0.001 -0.001 

 (0.001) (0.001) (0.001) (0.002) 
Pessimism -0.000 -0.000 -0.000 -0.003* 

 (0.001) (0.001) (0.001) (0.002) 
Experience -0.001 -0.001 -0.000 -0.001 

 (0.003) (0.002) (0.001) (0.003) 
Firms_Covered 0.002 0.001 0.000 -0.005*** 

 (0.001) (0.001) (0.001) (0.001) 
AA_Star -0.037 -0.027 -0.009 0.117 

 (0.025) (0.024) (0.013) (0.094) 
StarMine_EPS -0.002 0.004 -0.005 -0.040 

 (0.032) (0.034) (0.010) (0.043) 
StarMine_Pick 0.013 0.032 -0.019 -0.052 

 (0.042) (0.041) (0.012) (0.036) 
∑(Controls*Treat) Yes Yes Yes Yes 
House F.E. Yes Yes Yes Yes 
Year F.E. Yes Yes Yes Yes 
N 908 908 908 1,008 
Adj. R2 0.036 0.028 0.058 0.140 

All variables are defined in Panel A of Table 16. Brokerage-clustered standard errors are in 
parentheses. ***, ** and * denote significance at the .01, .05 and .10 levels (two-tailed), 
respectively. 
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I also use the CEM method to construct a balanced matched sample of analyst-

year observations matched on year, Accuracy, Firms_Covered, and AA_Star. Table 23, 

Panel A contains the post-matching univariate statistics for analyst characteristics of the 

matched sample. Variables used in the matching procedure contain the L1 statistic. The 

low L1 for the covariates used in matching as well as the low t-stats for all reported 

variables indicate that a reasonable balance between treatment and control observations 

has been achieved. Results in Panel B corroborate the main findings that Estimize 

participation translates into positive career outcomes for analysts. 

   

Table 23. CEM Matched Sample Estimates 

 

Panel A. CEM – Univariate Covariate Balance 

  Treat=0 Treat=1 Diff. t-stat L1 
Accuracy 49.22 49.12 0.10 0.19 0.05 
Pessimism 49.91 49.37 0.54 0.79 N/A 
Experience 8.85 9.14 -0.28 -0.80 N/A 
Firms_Covered 14.30 14.47 -0.17 -0.36 0.09 
AA_Star 0.00 0.00 0.00 0.00 0.00 
StarMine_EPS 0.11 0.12 -0.01 -0.32 N/A 
StarMine_Pick 0.10 0.14 -0.04 -1.64 N/A 
N 442 442      

 

  



92 
 

Panel B. Online Visibility and Career Outcomes 

 (1) (2) (3) (4) 
  Turnover Move_Up Move_Down Fired 
Treat -0.073 0.030 -0.103 -0.214 

 (0.125) (0.092) (0.089) (0.191) 
Post 0.021 -0.043 0.064*** 0.250*** 

 (0.034) (0.025) (0.019) (0.036) 
Treat*Post 0.057** 0.048*** 0.009 -0.137*** 

 (0.026) (0.016) (0.017) (0.047) 
Accuracy -0.001 -0.000 -0.001 0.000 

 (0.002) (0.001) (0.001) (0.003) 
Pessimism 0.000 0.000 -0.000 -0.004 

 (0.001) (0.001) (0.001) (0.002) 
Experience -0.000 -0.001 0.000 -0.005 

 (0.002) (0.002) (0.001) (0.004) 
Firms_Covered 0.002 0.002 0.001 -0.006** 

 (0.001) (0.001) (0.001) (0.003) 
AA_Star -0.032 -0.001 -0.031* 0.056 

 (0.030) (0.018) (0.018) (0.038) 
StarMine_EPS -0.003 0.002 -0.005 -0.034 

 (0.033) (0.036) (0.012) (0.043) 
StarMine_Pick 0.002 0.033 -0.030** -0.027 

 (0.050) (0.047) (0.013) (0.039) 
∑(Controls*Treat) Yes Yes Yes Yes 
House F.E. Yes Yes Yes Yes 
Year F.E. Yes Yes Yes Yes 
N 796 796 796 884 
Adj. R2 0.117 0.034 0.097 0.141 

All variables are defined in Panel A of Table 16. Brokerage-clustered standard errors are in 
parentheses. ***, ** and * denote significance at the .01, .05 and .10 levels (two-tailed), 
respectively. 

 

Additional Robustness Checks 

The main career outcome results are robust to adding analyst fixed effects and 

results disappear in placebo tests. Inferences are qualitatively unchanged when all 

estimations with dichotomous dependent variables (e.g., equation (9), (10)) are re-

estimated via logit. 
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3.6 Discussion 

 

Most analysts, especially those from small brokerages, may have limited 

opportunities to gain visibility. This chapter provides evidence that participation on an 

online platform (i.e., Estimize), which offers a new channel to increase visibility, can 

help improve analysts’ career outcomes. 

I find that analysts participating on Estimize are more likely to move to a larger 

brokerage and have a lower incidence of getting fired. I also find that visibility mitigates 

negative career outcomes; negative career outcomes are less likely to occur for analysts 

with a “following”—those who are followed by others on Estimize. Finally, I provide 

evidence that positive career outcomes become more sensitive to annual changes in 

accuracy for analysts on Estimize. 
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CHAPTER 4 

CONCLUSION 
 

I study how analysts’ participation on a crowdsourced forecasting platform 

(Estimize) affects their forecast accuracy, whether markets react more to forecast 

revisions issued by analysts who join Estimize, and how analysts’ participation on 

Estimize impacts their career outcomes. Most analysts, especially those from small 

brokerages, have limited feedback on their forecast performance from traditional sources 

(e.g., Institutional Investor and StarMine rankings) and might struggle to achieve 

visibility in the established business media. This study shows that analysts who 

participate on Estimize, which offers analysts feedback and a new channel to increase 

visibility, increase their forecast accuracy, generate greater market reaction when issuing 

positive forecast revisions, and improves analysts’ career outcomes. 

Recent studies explore what benefits new online technologies offer investors (e.g., 

Chen et al. 2014; Adebambo et al. 2016). I take a different path and explore whether 

online technologies can help professional information intermediaries improve their 

forecasting abilities. I find evidence consistent with analysts learning from online 

feedback to become more accurate forecasters of earnings and revenues. 

My study is the first suggesting that analysts learn to become more accurate 

through frequent feedback. Mikhail et al. (2003) infer that analysts learn from experience 

and suggest (but do not test) that feedback on past performance plays a role in improving 

accuracy. I use a unique setting that allows me to examine how online tracking of and 



95 
 

frequent feedback on forecast performance helps analysts learn to become better 

forecasters. I find that analysts whose forecasts appear on the Estimize platform improve 

their forecast accuracy and show that this increase in accuracy is associated with their 

receiving more feedback. I also find that analysts who forecast on Estimize reduce their 

bias. This result may serve as a potential channel for explaining Jame et al. (2017)’s 

findings, which suggest that competition from Estimize drives down the IBES consensus’ 

bias. I also find that the market reacts more to positive, but not to negative, forecast 

revisions of analysts participating on Estimize, especially those receiving more online 

feedback. Finally, I show that analysts benefit from the visibility afforded by Estimize by 

experiencing favorable career outcomes.  
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APPENDIX A  

PUBLIC PROFILE AND TRACK RECORD 

Panel A. 

 

Panel B. 

 



103 
 

APPENDIX B 

SCORE NOTIFICATION EMAIL 

 

 

 

Estimize users who choose “Estimate Scored Notifications” in their email settings receive timely 
feedback via email notifying them how their forecast compared to the Wall-street and Estimize 
consensus forecasts, and how their forecast accuracy ranked compared to all other platform 
contributors forecasting for the same firm-quarter. 
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