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Abstract: Advances in financial technology (FinTech) have revolutionized various product offerings 
in the financial services industry. One area of particular interest for this technology is the production 
of investment recommendations. Our study provides the first comprehensive analysis of the 
properties of investment recommendations generated by “Robo-Analysts,” which are human-analyst-
assisted computer programs conducting automated research analysis. Our results indicate that Robo-
Analyst recommendations differ from those produced by traditional “human” research analysts across 
several dimensions. First, Robo-Analysts collectively produce a more balanced distribution of buy, 
hold, and sell recommendations than do human analysts, consistent with them being less subject to 
behavioral biases and conflicts of interest. Second, consistent with automation facilitating a greater 
scale of research production, Robo-Analysts revise their recommendations more frequently than 
human analysts and also adopt different production processes. Their recommendation revisions rely 
less on earnings announcements, and more on the large volumes of data released in firms’ annual 
reports. Third, Robo-Analysts’ recommendation revisions exhibit weaker short-window return 
reactions, suggesting that investors do not trade on their signals. Importantly, portfolios formed based 
on the buy recommendations of Robo-Analysts appear to outperform those of human analysts, 
suggesting that their buy calls are more profitable. Overall, our results suggest that Robo-Analysts are 
a valuable, alternative information intermediary to traditional sell-side analysts for investment advice. 
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1. Introduction 

The importance of a robo-analyst to enhance the quality of investment advice shouldn’t be underestimated… 
By shining an analytical light in the dark corners of financial filings, robo-analyst technology can identify many 
critical data points overlooked by most research analysts today. – Forbes (July 19, 2017) 
 
Advancements in financial technology (FinTech) are revolutionizing product offerings across 

the financial services industry.1 As of 2018, more than $50 billion has been invested in 2,500 companies 

that are redefining the way in which individuals participate in financial markets (Accenture, 2018). 

Innovations in FinTech also appear to benefit end users, with recent evidence indicating that FinTech 

is enhancing lending and brokerage activities (D’Acunto et al., 2019; Fuster et al., 2019; Tang, 2019; 

Vallee and Zeng, 2019). Despite its growing importance and relevance, our understanding of how 

FinTech affects the production of investment information and the role of information intermediaries 

remains relatively unexplored. This represents an important gap in the literature specifically with 

regard to sell-side research as the combination of constrained research budgets coupled with the 

challenges associated with analyzing increasingly massive amounts of complex disclosure suggest that 

the traditional research model is ripe for disruption. 

In this study, we provide the first large-scale empirical investigation of how the properties of 

the investment recommendations produced by “Robo-Analysts,” which are human-analyst-assisted 

computer programs conducting automated research analysis, differ from those of traditional analysts.2 

Robo-Analysts represent an important innovation in the research industry as they can potentially 

analyze large amounts of financial data and generate more objective stock recommendations than 

human analysts. Our unique dataset tracks the activity, recommendation revision patterns, and 

investment value associated with approximately 75,000 reports issued by seven prominent Robo-

Analyst firms over the past fifteen years.  

From an individual investors’ perspective, Robo-Analysts provide a straightforward value 

proposition: they provide research reports that are purportedly more comprehensive and less 

conflicted (New Constructs, 2019). Robo-Analysts collect and parse large volumes of financial reports 

and integrate details into their models more rapidly and completely than traditional analysts, who face 

cognitive constraints such as limited attention, fatigue, and other biases (e.g., De Bondt and Thaler, 

1990; Kahneman and Lovallo 1993; Driskill et al., 2018; deHaan et al., 2017; Hirshleifer et al., 2018). 

                                                           
1 See Goldstein et al. (2019) for a recent discussion of the emerging literature on FinTech.  
2 We focus our analyses exclusively on recommendations because they are the most common output produced by Robo-
analysts and provide direct investment advice to retail investors.  
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In addition, since Robo-Analysts are programmed to follow a strict set of rules with more limited 

human review, their models and recommendations should be more consistent, less susceptible to 

behavioral biases and random error, and suffer less from conflicts of interest (e.g., Libby, 1981). In 

particular, Robo-Analyst recommendations should be significantly less subject to optimism bias 

stemming from investment banking business, trading commissions, and the need to curry favor with 

companies’ management (e.g., Michaely and Womack, 1999; Matsumoto, 2002; Bradshaw et al., 2006; 

Cowen et al., 2006; Ke and Yu, 2006; Corwin et al., 2017).  

While the above arguments suggest that Robo-Analysts can potentially provide more objective 

investment recommendations than traditional analysts, automating the research task is not costless. 

Robo-Analysts are likely less able to incorporate non-financial or subjective information into their 

analysis (i.e., “soft information”), such as information gleaned from conference calls or discussions 

with management and do not have access to potential private information sources (Mayew et al., 2013). 

In addition, Robo-Analysts cannot easily replace the boutique services that institutional investors 

increasingly value and place emphasis on, which include facilitating access to management and 

organizing specialized investor conferences (e.g., Green et al., 2014; Pacelli, 2019; Drake et al., 2019). 

The objective of our study is to assess the objectivity and research production process of Robo-

Analyst recommendations and whether this process provides value to individual investors that do not 

have access to a traditional analyst’s more customized product offerings.   

Specifically, we test and evaluate three distinct empirical predictions regarding differences 

between Robo-Analyst and traditional analyst recommendations. First, we assess whether automating 

the research process reduces the cognitive and economic incentive-driven biases purportedly present 

in traditional research analysis. If so, we expect Robo-Analysts to produce, on average, less optimistic 

recommendations than do traditional analysts. Second, we examine how automation changes the 

research production process. We expect an automated research process to facilitate the production of 

more frequent recommendation revisions, as traditional analysts are prone to maintaining “sticky” or 

outdated recommendations, especially for outstanding buy and hold recommendations (O’Brien et al., 

2005; Conrad et al., 2006).3 In addition, we expect automation to allow Robo-Analysts to incorporate 

information contained in large, voluminous corporate disclosures as opposed to piggy-backing on 

earnings announcements (e.g., Altinkilic and Hansen, 2009). Third, and perhaps most importantly, we 

assess the investment value of Robo-Analyst recommendations. To the extent that Robo-Analysts are 

                                                           
3 Revision stickiness tends to be focused on downward revisions. For example, Conrad et al. (2006) document “sticky” 
downside recommendation revisions and O’Brien et al. (2005) show that affiliated analysts are slow to downgrade.  
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able to provide more objective and comprehensive research, we expect their recommendations to 

ultimately be more profitable for investors.4   

We begin our analyses by manually collecting 76,568 Robo-Analyst reports issued between 

2003 and 2018 available on ThomsonOne with overlapping coverage with traditional analysts. While 

this selection limits our understanding of the potential role of Robo-Analysts in covering small or 

distressed firms, it is necessary to facilitate recommendation comparisons. We classify broker firms as 

Robo-Analysts by analyzing the report style and stated business model listed on the broker’s website. 

For example, Robo-Analyst firms generally advertise sophisticated technologies such as “Natural 

Language Processing,” “Machine Learning,” and “Artificial Intelligence” on their corporate websites 

and produce reports that rely more on technical analysis than on subjective insights. Our sample 

contains seven prominent Robo-Analyst firms, including New Constructs, a firm that has received 

heightened attention recently due to its innovative research platform (Wang and Thomas, 2018).5  

Our first set of analyses focuses on how recommendation optimism differs across Robo-

Analysts and traditional analysts. Given that one stated benefit of Robo-Analyst research is that it is 

unconflicted, we expect Robo-Analyst recommendations to be less skewed towards buy 

recommendations. We thus examine the recommendation distributions of Robo-Analysts and 

traditional analysts and find that buy (sell) recommendations account for 32% (24%) of total Robo-

Analyst year-end outstanding recommendations whereas they account for 47% (6%) of traditional 

analysts’ outstanding recommendations.  

We further examine Robo-Analyst recommendation optimism in a regression framework that 

explicitly controls for differences across firm-years and isolates variation across brokerage houses. To 

do so, we construct a broker-firm-year panel containing all annual outstanding recommendations from 

each of the broker-firm-year pairs in our sample. We then regress the level of outstanding 

recommendation on an indicator variable for whether the broker is a Robo-Analyst firm or traditional 

analyst firm, controlling for firm-year interactive fixed effects (i.e., how do Robo-Analysts’ 

recommendations differ from those of traditional analysts holding constant all firm-year 

                                                           
4 We also assess the short-run market reactions to Robo-Analyst reports. We do not necessarily expect to observe short-
run market reactions to Robo-Analysts’ recommendation revisions as Robo-Analysts may be less prominent than 
traditional analysts. In addition, investors may suffer from a bias known as “algorithm aversion” (e.g., Onkal et al., 2009). 
We discuss this issue in more detail below. 
5 The firms in our sample were independently classified by two researchers. Please see Appendix A for excerpts of the 
business models for each of the Robot-Analyst firms in our sample. In untabulated robustness tests, we also assess the 
sensitivity of our results to benchmarking human analyst recommendations against only those provided New Constructs 
(an established “Robo-Analyst” firm that has received significant attention in the press (Wang and Thomas, 2018) and 
generate similar inferences).  
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characteristics). Our results continue to indicate that Robo-Analyst firms issue recommendations that 

are substantially more negative than traditional analysts’ recommendations. For a given stock, Robo-

Analyst firms are 14% less likely to have an outstanding buy recommendation and 16% more likely to 

have an outstanding sell recommendation than are traditional analysts.  

Differences in recommendation optimism between Robo-Analysts and human analysts likely 

relate to the economic incentives of their respective research firms (e.g., investment banking and 

access to management) and human’s susceptibility to cognitive biases. To shed further light on our 

results, we attempt to control for differences in economic incentives by partitioning our traditional 

analyst sample on brokerage size and explicitly compare Robo-Analyst reports to those from smaller 

research firms. We expect smaller firms to be more likely to be independent research firms, as opposed 

to full-service investment banks, and have economic incentives that are likely similar to Robo-Analysts 

in that they also sell their reports directly to their clients and lack conflicts of interest related to 

investment banking or brokerage services (Cowen et al., 2006).6 Our results indicate that Robo-Analyst 

recommendations remain less optimistic than smaller research shops in this sub-sample. This result 

suggests that the observed differences in optimism across Robo-Analysts and human analysts are not 

purely explained by differences in business models related to investment banking or trading activities 

and support the premise that Robo-Analysts may face fewer cognitive biases than traditional analysts.  

Having established differences in the recommendation outputs of Robo-Analysts and 

traditional analysts, we next examine how Robo-Analysts differ with respect to their recommendation 

production processes. We focus first on the revision frequency of both sets of analysts, as we expect 

that automated research allows for more frequent recommendation revisions. In these analyses, we 

measure the number of revisions produced each year for a covered firm by both Robo-Analysts and 

traditional analysts on I/B/E/S. We then examine regressions of revision volume on an indicator for 

whether the broker of interest is a Robo-Analyst firm or traditional analyst, after controlling for 

important characteristics of the covered firm through the inclusion of firm-year interactive fixed 

effects. Our results indicate that Robo-Analysts produce significantly more revisions per firm-year. In 

terms of economic magnitude, they produce just under one additional recommendation revision per 

covered firm per year than traditional analysts, which in light of the relative “stickiness” of 

recommendations (Conrad et al., 2006; Bernhardt et al., 2016) represents approximately a 187% 

increase relative to the unconditional sample mean. This finding suggests that Robo-Analysts’ ability 

                                                           
6 Despite facing fewer conflicts of interest, Cowen et al. (2006) and Clarke et al. (2011) find that independent research 
shops issue more biased reports. 
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to automate the research process facilitates a greater volume of revision activity in a given year, which 

is a factor that could also mitigate the optimism bias related to recommendation staleness.7    

 We also expect Robo-Analysts’ production processes to differ with respect to how they 

incorporate public information into their recommendation revisions. Prior research argues that the 

vast majority of traditional analysts rely on corporate news announcements in generating their 

recommendation revisions, thus leading to revisions that cluster around earnings announcements and 

may be uninformative (Altinkilic and Hansen, 2009; Loh and Stulz, 2011; Altinkilic et al., 2013; Bradley 

et al., 2014). This is in contrast to Robo-Analysts, who purportedly rely on more complex public 

disclosures, such as periodic SEC filings, that contain large quantities of qualitative and quantitative 

financial information to generate their recommendations. We thus expect that Robo-Analyst revisions 

are relatively less likely to be associated with corporate earnings announcements (EA windows) and 

more likely to occur following periodic SEC filings (10-Ks and 10-Qs), as Robo-Analysts are not as 

reliant on earnings announcements and are less resource-constrained than traditional analysts. To test 

this prediction, we examine whether the percentage of a year’s revision reports issued during the five-

day window following an earnings announcement (periodic filing) is lower (higher) for Robo-Analysts 

versus traditional analysts. Our results indicate that Robo-Analysts are 37% less likely to revise a report 

during an EA window and 38% more likely to revise during a periodic filing window relative to the 

unconditional sample means. These results are consistent with the notion that Robo-Analyst 

recommendations rely more on large complex disclosures.   

 Our results thus far document that Robo-Analysts likely employ a different research process 

that results in recommendations that are less optimistic, revised more frequently, and more likely to 

incorporate complex information disclosures. Our final set of analyses assesses whether these 

differences produce recommendations that generate investment value for individual investors. We 

begin by examining the short-window return reactions to Robo-Analyst recommendation revisions. 

We partition our sample into upward (i.e., upgrades to buys or holds) and downward revisions (i.e., 

downgrades to holds or sells) and examine short-window market reactions to Robo-Analyst reports 

relative to human analyst reports. Our results indicate that Robo-Analysts’ upward (downward) 

revisions exhibit less positive (less negative) market reactions than human analysts’ upward 

(downward) revisions in the short-horizon. In other words, investors do not appear to incorporate 

and trade on the signals provided by Robo-Analysts’ recommendation revisions. This finding is 

                                                           
7 For example, O’Brien et al. (2005) finds that affiliated analysts are slow to downgrade stocks with buy or hold 
recommendations. 
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consistent with a few possible explanations: Robo-Analyst recommendations may have lower 

investment value, Robo-Analyst research firms are less high-profile and investors have limited 

awareness or aversion (i.e., algorithm aversion) towards Robo-Analyst reports (Onkal et al., 2009), or 

Robo-Analyst reports are more closely followed by retail traders (who have less market impact) as 

opposed to more sophisticated institutional investors.  

 To assess these explanations, we conduct an implementable trading strategy that forms daily 

portfolios based on the overall buy and sell recommendations issued by Robo-Analysts and traditional 

analysts beginning the day after a recommendation is publically released, following the methodology 

of prior studies that examine the investment value of analyst recommendations across analyst groups 

(e.g., Barber et al., 2007). We then compare the returns to the buy and sell portfolios across each 

contributor type (i.e., Robo-Analysts versus traditional analysts).  

Our portfolio analyses indicate several striking trends. First, the portfolios formed following 

the buy recommendations of Robo-Analysts earn abnormal returns that are statistically and 

economically significant (annualized abnormal returns range between 6.4%-6.9%). In contrast, the 

returns following portfolios formed based on human analyst buy recommendations earn abnormal 

returns that are weaker in terms of statistical and economic significance (annualized abnormal returns 

range between 1.2%-1.7%). The incremental difference between alphas yielded from Robo-Analysts’ 

buy portfolios relative to traditional analysts’ buy portfolios is also statistically significant. One 

potential explanation for why traditional analyst buy recommendations could be less predictive of 

future returns over longer horizons is that traditional analysts may be slower to downgrade their buy 

recommendations. This explanation is consistent with our evidence on differences in recommendation 

optimism and process between Robo-Analysts and traditional analysts.   

For sell recommendations, however, we find no evidence to indicate that Robo-Analysts’ 

recommendations are incrementally more profitable than human analysts. If anything, our results 

indicate that portfolios based on Robo-Analysts’ sell recommendations generate positive, instead of 

negative, abnormal returns. This result is consistent with Robo-Analysts’ focus on providing a more 

balanced distribution of recommendations potentially leading them to over-correct traditional 

analysts’ bias by over-issuing sell-recommendations or failing to incorporate soft information about 

management’s plans to improve their companies weak fundamentals. Alternatively, Robo-Analysts’ 

may simply invest fewer resources in generating profitable sell calls, given that their client base for 

these recommendations (i.e., individual/retail investors) is less likely to take short positions. 
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Regardless, our evidence suggests that individual investors can benefit from following Robo-Analysts’ 

buy recommendations, which is likely the most relevant signal for this class of investors.  

 Overall, our evidence paints a textured picture of the role of Robo-Analysts in modern capital 

markets. On the one hand, their reports appear to offer some value to traditional investors, as they 

are less optimistic and revised more frequently. In addition, our portfolio analyses suggest their buy 

recommendations are valuable. On the other hand, their sell recommendations do not appear to be 

profitable. In addition, we expect that traditional analysts still likely add significant value through their 

softer product offerings, which are generally unavailable to common investors, and through their 

support of investment banking deals. In sum, automation appears to lead to an improvement in the 

aggregate quality of investment recommendations available to individual investors, but it is unlikely 

that this approach to research can meet all of the objectives of traditional brokerage house services. 

 Our results offer several contributions to the literature. First, our findings complement a 

nascent literature examining the benefits of FinTech (D’Acunto et al., 2019; Fuster et al., 2019; Tang, 

2019; Vallee and Zeng, 2019). We extend this literature by examining how one important innovation 

related to FinTech in the research industry is impacting investors. More broadly, our study also 

complements a broader literature in economics examining the adoption of new technologies and how 

such technologies contribute to economic growth (e.g., Romer, 1990; Aghion and Howitt, 1992). Our 

results suggest that automating equity research can potentially provide more objective and reliable 

investment advice for individual investors, but not completely replace traditional human analysts.   

Second, our study also relates to the literature examining the relevance of alternative sources 

of investment predictions. For example, prior studies have begun to examine the value of crowd-

sourced forecasts provided through Estimize and Twitter (Jame et al., 2016; Bartov et al., 2017).8 These 

forecasts are ultimately provided by other human analysts, who likely have limited resources and may 

suffer from similar cognitive biases as traditional analysts. Our study extends this literature by 

examining how an automated research product compares to the reports provided by human analysts.  

 Finally, our study has implications for the relevance of financial analysts in modern financial 

markets. Constrained budgets, new regulations such as MiFiD II, and increasingly complex financial 

disclosure are potentially changing the value proposition of analysts’ research (Drake et al., 2019; Fang 

et al., 2019; Lang et al., 2019). Our findings suggest that automation can replace at least part of the 

research task and generate value for individual investors at potentially lower costs. 

                                                           
8 In a concurrent study, Rouen et al. (2020) use data from New Constructs (one of the Robo-Analyst firms in our sample) 
to demonstrate the frequency and persistence of disclosures of non-operating and income-statement items over time.  
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2. Background & Related Literature 

2.1 Robo-Analyst Recommendations: Background 

The objective of our study is to examine the value of Robo-Analyst recommendations, which 

represent an important innovation in the sell-side research industry. We define a Robo-Analyst 

recommendation as a stock recommendation that relies heavily on the assistance of a computer 

program that can perform large-scale data collection and systematically apply this data to valuation 

models to form investment recommendations. Robo-Analyst recommendations utilize state of the art 

technologies such as natural language processing (NLP) to identify and analyze financial filings and 

machine learning to train their algorithms.  

While some companies provide limited information on their methodologies, Robo-Analyst 

technology often implements the following sequence of steps. First, an automated server monitors 

the SEC (and other sources) for new information, including new 10-K and 10-Q filings. Second, 

unstructured data is identified, tagged, and parsed from the financial filings and used to build a detailed 

forecasting model and generate an investment recommendation. The machines scraping the data are 

trained on a larger database of human-verified filings spanning a long time-series. In the final step, 

Robo-Analysts generally employ a quality control procedure in which humans (often, expert analysts) 

validate the model and check unusual disclosures. Robo-Analysts also update their algorithms over 

time using machine learning.9  

Robo-Analyst technology can potentially offer clients several benefits. First, automation allows 

Robo-Analyst firms to analyze a more comprehensive set of information and incorporate adjustments 

to financial statements in a consistent manner that avoids the potential for random human error (e.g., 

Libby, 1981). This feature is important given that financial statement disclosures are increasing in 

complexity (e.g., Li, 2008; Cazier and Pfeiffer, 2015; Dyer et al., 2017) and human analysts face 

cognitive constraints that may limit their ability to process large volumes of information (e.g., Lehavy 

et al., 2011) and make appropriate financial statement adjustments. Robo-Analysts can also potentially 

produce more timely recommendations as their recommendations can be quickly updated using 

established algorithms following the release of public information (such as a 10-K or press release). 

Third, and perhaps most importantly, Robo-Analysts are likely to be more objective than human 

analysts, as they are not subject to the same behavioral biases (De Bondt and Thaler, 1990), particularly 

                                                           
9 This is a general summary of the steps followed by the Robo-Analysts, as described on several of their websites and in 
other related documentation (e.g., Wang and Thomas, 2018). We cannot guarantee that all Robo-Analysts follow this exact 
framework, but based on our analysis of each Robo-Analyst’s business model description (summarized in Appendix A), 
we believe this to be generally accurate.  
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optimism bias. They also operate as independent research entities, and are thus less likely to be subject 

to economic conflicts of interest that stem from investment banking and/or trading activities (e.g., 

Michaely and Womack, 1999; Jackson, 2005; Cowen et al., 2006), which have been shown to lead to 

more optimistic recommendations.  

While automating the research task can offer benefits, Robo-Analysts also have limitations. 

For example, Robo-Analysts are less suited for analyzing financial statements or scenarios in which 

they cannot recognize a well-defined pattern. While many Robo-Analyst firms employ human analysts 

to monitor the process, it is still possible that the Robo-Analyst models do not adequately account for 

subjective information regarding a firm’s prospects, which can include an assessment of the 

competitive environment, management’s character or integrity, or a firm’s business strategy (e.g., 

Berger and Udell, 2004; Liberti and Petersen, 2018). This information is likely important given that 

sell-side analysts’ expertise and value is closely related to their industry knowledge (Brown et al., 2016; 

Merkley et al., 2017). Incorporating such “soft information” into financial models likely represents a 

limitation for Robo-Analysts.  

In addition, Robo-Analysts do not benefit from the same access to management as traditional 

analysts. Such access is highly valued by research analysts’ clients (Soltes, 2014; Pacelli, 2019) and can 

potentially provide a valuable input in their investment recommendations. Perhaps, not surprisingly, 

Robo-Analysts rely heavily on retail investor revenue, with some estimates indicating that 25% of fees 

are earned from retail clients, and such clients comprise 70% of total customers (Wang and Thomas, 

2018). Finally, Robo-Analyst reports may not be well received by the investing public due to a 

phenomenon termed “algorithm aversion” in which individuals discount information produced by 

computer algorithms (e.g., Onkal et al., 2009; Dietvorst, Simmons, and Massey, 2015 ). That is, even 

if Robo-Analyst reports overcome many of the limitations of traditional analyst research, they may 

not be well received by investors and other capital market participants.   

 

2.2 Related Literature on Research Industry  

Our focus on automation in the sell-side research industry is relevant as recent evidence 

suggests that this industry is ripe for disruption and can potentially benefit from technological 

innovations. Over the past two decades, the sell-side analyst industry has been affected by numerous 

regulatory, technological, and market structure changes that have reduced the quality of analysts’ 

research. For example, regulatory changes surrounding Global Settlement have led analysts to cut 

costs and slash budgets as profits could no longer be subsidized by investment banking activities 
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(Merkley et al., 2017). Research departments have subsequently been increasing the quantity of their 

reports to remain relevant, but the overall quality appears to have declined (Drake et al., 2019). In 

addition, analysts are frequently pressured to cater their products to a select group of institutional 

clients, which has resulted in lower quality reports (Pacelli, 2019). New regulatory developments such 

as MiFiD II also have implications for research quality because unbundling research and trading fees 

leads clients to question the value of paying for research (Fang et al., 2019; Lang et al., 2019).  

In general, technological developments have increased the vulnerability of the traditional sell-

side research model. For example, alternative information intermediaries such as crowdsourced 

forecasts (Farrell et al., 2018) often provide investors with more valuable investment information. Our 

study assesses the value of one potentially important innovation in the research industry by exploring 

the profitability of Robo-Analysts’ recommendations.  

 

3. Data & Sample Selection 

We obtain Robo-Analyst reports available from ThomsonOne. To classify Robo-Analyst 

recommendations, we first identify research reports provided by non-broker sources and then gather 

information about the business models of the firms that produce this research.10 We classify Robo-

Analysts as those research firms that focus on the use of technology to mass-produce 

recommendations with limited human involvement. We initially identified nine such firms, but 

dropped two from our sample because their reports did not provide clear recommendations that could 

be compared with traditional research reports. One firm did not provide a form of recommendation 

that could be consistently mapped into traditional buy, hold, and sell categories and the other firm 

explicitly stated that their reports do not constitute a recommendation.  

Appendix A provides summaries of the business descriptions of the seven firms we classify as 

providing Robo-Analyst reports and Appendix B provides examples of reports. Firms in our sample 

typically advertise sophisticated valuation methodologies and advanced technology. For example, 

Minkabu discusses how their “proprietary FinTech, which integrates financial, economic, and 

corporate data” can deliver better results. New Constructs advertises its natural language processing, 

machine learning, and artificial intelligence technologies. Validea discusses the qualifications of its 

founder, John Reese, who has experience in “computer science and artificial intelligence.” 

                                                           
10 It is important to note that ThomsonOne maintains contracts and arrangements with various brokerage firms that 
determines what coverage can be provided on the platform. Thus, a missing report on ThomsonOne does not necessarily 
indicate that the Robo-Analyst firm does not cover a firm. Instead, ThomsonOne may simply not have the rights to 
provide this report.   

Electronic copy available at: https://ssrn.com/abstract=3514879



11 

 

To conduct our analyses, we examine Robo-Analyst and traditional analyst stock 

recommendations issued between 2003 and 2018, as Robo-Analyst recommendations were generally 

sparse prior to 2003. We focus exclusively on recommendations because they are the most commonly 

reported output across Robo-Analyst firms, and also represent the output that retail investors focus 

most on (Mikhail et al., 2007; Malmendier and Shanthikumar, 2007). In order to compare 

recommendations between Robo-Analysts and traditional analysts, we focus on a common set of 

covered firms. We begin with a sample of all firms on I/B/E/S during our sample period that are 

covered by at least three analysts and have at least five years of coverage. In order to make data 

collection manageable, we randomly select 1,500 of these firms that meet the screening criteria and 

collect Robo-Analyst reports for these firms from ThomsonOne. These procedures result in a total 

of 76,568 reports from Robo-Analyst research firms. We then match these reports to the I/B/E/S 

sample to obtain a final sample of 134,781 reports for 1,002 firms that have overlapping coverage 

between Robo-Analysts and traditional analysts.   

Table 1, Panel A provides descriptive statistics of the covered firms in our sample. Panel B 

provide descriptive statistics for the dependent variables employed in our analyses, which are 

introduced later. We compare the mean and median values of covered firms’ market value of equity 

(MVE), return-on-assets (ROA), and book-to-market (BTM) for firms in our sample to the respective 

mean and median values of firms in the I/B/E/S universe over the same sample period. Firms in our 

sample are slightly larger than the average (median) firm on I/B/E/S and also have lower book-to-

market ratios, but exhibit similar profitability ratios. The difference in market value of equity and 

book-to-market is expected given that we require our sample firms to have at least three analysts 

covering them. Our sample selection also likely limits our ability to document some of the advantages 

of Robo-Analysts, which could include a broader set of coverage (of smaller or distressed firms). At 

the same time, our sample selection has the important benefit of allowing us to explicitly compare 

differences in Robo-Analysts’ and traditional analysts’ reports while holding both the covered firm 

and the year constant. Overall, the statistics in Table 1, Panel A suggest that our inferences are likely 

generalizable to the general I/B/E/S universe as the firms are generally similar in terms of profitability 

and book-to-market ratios.  
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4. Analyses Examining the Properties of Robo-Analyst Research  

4.1 Stock Recommendation Optimism 

Our first set of analyses examines the recommendation distributions of Robo-Analysts. A long 

line of academic research indicates that sell-side equity analysts exhibit incentive or behavioral-based 

biases that lead to overoptimistic research (e.g., De Bondt and Thaler, 1990; Michaely and Womack, 

1999; Mehran and Stulz, 2007). Robo-Analysts can potentially provide a valuable service if they are 

less susceptible to such biases. In fact, many Robo-Analyst research firms specifically advertise this 

feature and state that their research is “uncompromised” (New Constructs, 2019). We thus begin our 

empirical analyses by examining differences in stock recommendation optimism between Robo-

Analysts and traditional analyst recommendations.  

Table 2 reports information about the distribution of recommendations for our sample. We 

identify the outstanding recommendations for each analyst-firm observation at the end of each year 

and report the percentage of outstanding buy, hold, and sell recommendations for both Robo-Analysts 

and traditional analysts. Consistent with Robo-Analyst reports being less subject to behavioral biases 

and less compromised by incentives (e.g., investment banking or trading), we find that the distribution 

of outstanding Robo-Analyst recommendations among our sample firms tends to be more balanced. 

Among the outstanding recommendations issued by Robo-Analysts, we find that the percentages of 

buy, hold, and sell recommendations are 32%, 44%, and 24%, respectively. This distribution is in stark 

contrast to the outstanding recommendations provided by traditional analysts, who have outstanding 

buys, holds, and sells accounting for 47%, 46%, and 6% of their portfolios, respectively. These 

estimates suggest that Robo-Analysts issue four times as many sells as traditional analysts for the 

overlapping sample of coverage in terms of relative proportions (24%/6%). Overall, the differences 

in these distributions are consistent with Robo-Analysts having less incentive-driven conflicts and 

facing fewer behavioral biases than traditional analysts.  

We next examine these differences in a regression framework that allows us to make stronger 

statistical inferences, while holding constant characteristics of the covered firm and year.  Specifically, 

we estimate the following regression model: 

 

Recit = α + β1RoboAnalystit + β2Sizeit + β3Profitabilityit + β4BTMit + ∑βjFirmj  
+ ∑βtYeart + εit,               (1) 

 

where Rec is coded 1, 2, or 3 for sell, hold, and buy recommendations respectively, Size is the natural 

log of the market value of equity, Profitability is the firm’s return on assets, and BTM is the book-to-
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market ratio of the covered firm. These variables capture characteristics that are commonly associated 

with analyst recommendations (Jegadeesh et al., 2004). We include fixed effects for the covered firm 

and year of each outstanding recommendation. We also consider a Firm x Year fixed effects structure, 

which allows us to explore differences between outstanding Robo-Analysts and traditional analyst 

recommendations within a firm-year. This latter fixed effect structure is particularly strict and focuses 

on within firm-year variation, effectively holding constant the characteristics of the covered firm for 

a given year and making firm-level controls redundant. 

Table 3, Panel A reports the results of this analysis. Column (1) reports the results from the 

univariate analyses without control variables. Column (2) reports results with controls for time-varying 

firm characteristics. Column (3) includes time-varying controls as well as firm and year fixed effects. 

Finally, Column (4) tests our most stringent specification, which includes Firm x Year fixed effects in 

place of the covered firm characteristics. In each specification, the coefficient on RoboAnalyst loads 

negatively and significantly. The effect magnitudes are also very similar across regressions. This 

suggests that firm characteristics do not easily explain the association between RoboAnalyst and Bias, 

which is likely due to our sample focusing on a common set of firms with overlap in both their 

traditional and Robo-Analyst research coverage. The results ultimately indicate that Robo-Analysts 

provide less optimistic forecasts on average. In terms of economic significance, the coefficients on 

RoboAnalyst range from -0.305 to -0.327, which represents about a 13% decrease in recommendation 

optimism relative to the unconditional sample mean of 2.36 for Rec (Table 1, Panel B). 

To provide additional context on the economic effects of these results, we also re-estimate 

equation (1) separately for buys and sells. Panels B and C report the likelihood that an outstanding 

recommendation represents a buy or a sell recommendation, respectively. These regressions follow 

the same approach as in Panel A, but replace the dependent variable with an indicator for whether the 

outstanding recommendation is a buy (Panel A) or sell (Panel B). The results in Panel B suggest that 

Robo-Analysts are about 14% less likely to have an outstanding buy recommendation. The results in 

Panel C suggest Robo-Analysts are about 16% more likely to have an outstanding sell 

recommendation. Overall, these results are consistent with our predictions that Robo-Analysts are less 

likely to have incentives to produce optimistic recommendations due to fewer investment banking or 

trading incentives and fewer cognitive/behavioral biases. 

While prior studies suggest that human analysts have the potential to be overly optimistic for 

cognitive reasons (Kahneman and Lovallo, 1993), prior research also show that there is variation in 

optimism based on conflicts of interests related to economic incentives such as obtaining investment-
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banking business or currying favor with management (e.g., Michaely and Womack, 1999; Cowen et 

al., 2006; Corwin et al., 2017). From a business model perspective, the incentives of Robo-Analysts 

are more likely to be comparable to those of independent brokerage houses that do not participate in 

investment banking activities but instead sell their research directly to investors. Thus, we repeat our 

analyses in Table 3 using a subsample of I/B/E/S analysts that we deem less likely to have investment 

banking or trading incentives based on brokerage house size. Specifically, we compare analyst 

recommendation optimism between Robo-Analysts and traditional analysts from brokerages with ten 

analysts or fewer.   

Table 4 reports the results from this analysis. Panel A of Table 4 reports differences in the 

distribution of outstanding recommendations between Robo-Analysts and Small Brokerages. Similar 

to the results reported in Table 2, the Robo-Analyst recommendation distribution is significantly more 

balanced and contains significantly more sell recommendations. Panel B represents the multivariate 

regression results using the same approach employed in Table 3. Consistent with the previous results, 

we find that Robo-Analysts provide less optimistic recommendations and are significantly less (more) 

likely to provide buy (sell) recommendations. This analysis suggests that our results are likely to be 

explained by optimism that extends beyond conflicts of interest related to investment banking or 

trading incentives.     

 

4.2 Stock Recommendation Production and Timing Processes 

Having provided evidence on how recommendations differ between Robo-Analysts and 

traditional analysts, we next turn our attention to examining how the production processes vary across 

analyst groups. We expect automation to impact both the volume of research production and the 

reliance on different types of public information (i.e., earnings announcement versus 10-ks).  

We first consider the amount of recommendation revision activity provided annually as we 

expect that an automated research process facilitates a greater volume of research. Prior studies suggest 

that recommendations tend to be very persistent, which is consistent with the notion that 

recommendations become stale over time (Conrad et al., 2006; Bernhardt et al., 2016). Optimistic bias 

may also delay the speed in which analysts revise their recommendations downward, further 

contributing to stale recommendations (O’Brien et al., 2005). We expect that Robo-Analysts’ 

automated approach will help overcome these limitations. To test this prediction, we estimate the 

number of recommendation revisions provided for each stock within a year for each broker-firm pair.  

We then estimate the following model: 
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Revisionsit = α + β1RoboAnalystit + β2Sizeit + β3Profitabilityit + β4BTMit + ∑βjFirmj  
+ ∑βtYeart + εit,                  (2) 
 

where Revisions captures the number of recommendation revisions during the year for a particular firm 

from a specific brokerage. The rest of the variables are calculate as described previously. 

Table 5 reports the results of this analysis. As in Table 3, we report regressions with various 

levels of controls and fixed effects structures. Across the regressions, the coefficient on RoboAnalyst is 

significantly positive and of comparable magnitude. The coefficient on RoboAnalyst suggests that 

Robo-Analysts produce about 0.802 revisions more year than traditional analysts, which due to the 

relative “stickiness” of recommendations represents an approximate increase of about 187% in terms 

of activity relative to the unconditional mean of 0.430 revisions per firm-year (Table 1, Panel B). 

Results are similar using a logarithmic transformation of the dependent variable as well as after 

removing observations with no revision activity. Overall, the results from this analysis suggest that 

Robo-Analysts produce significantly more recommendation revisions than do traditional analysts. 

We next consider differences in the apparent information sources motivating recommendation 

revisions. Prior studies suggest that traditional analysts often respond to corporate news releases such 

as earnings announcements when generating recommendation revisions (Altinkilic and Hansen 2009; 

Altinkilic et al., 2013; Bradley et al., 2014). There is also some evidence to suggest that analysts respond 

less and at a lower rate to information in periodic SEC filings such as 10-K and 10-Q filings due to 

the volume and complexity of the information they contain (Lehavy et al., 2011). Given the different 

approaches between how Robo-Analysts and traditional analysts approach research, we expect that 

Robo-Analysts are less likely to revise their reports following corporate earnings windows (EA 

windows) and more likely to revise their recommendations following periodic SEC filings (10-Ks and 

10-Qs). In other words, we expect Robo-Analysts to be less reliant on earnings announcements, and 

to have better resources available to incorporate the complex information released in periodic SEC 

filings.    

To test these predictions, we first calculate the percentage of revisions occurring on earnings 

announcements (%EA Revisions) and periodic SEC filings (%SEC Revisions), respectively, for each firm-

year combination for both types of research firms. Given that earnings announcements and periodic 

SEC filings are sometimes released concurrently (Schroeder, 2015; Arif et al., 2018), we remove from 

the numerator of these ratios the number of revisions with concurrent activity as we cannot correctly 

classify these revisions as related to either earnings announcements or SEC filings. We also remove 

Electronic copy available at: https://ssrn.com/abstract=3514879



16 

 

observations with no revision activity. We then estimate a regression similar to our prior analyses to 

consider whether Robo-Analysts perform differently on these measures. Specifically, we estimate the 

following model: 

 

Timingit = α + β1RoboAnalystit + β2Sizeit + β3Profitabilityit + β4BTMit + ∑βjFirmj  
      + ∑βtYeart + εit               (3), 
 

where Timing is either the %EA Revisions or %SEC Revisions variable and the control variables are 

constructed as previously described.  

 Panel A of Table 6 reports the results examining earnings announcement revision activity.  

The coefficients on RoboAnalyst are significantly negative and of similar economic magnitude across 

all four columns. The coefficients suggest that Robo-Analysts revise their recommendations following 

earnings announcements about 7% less than traditional analysts. This represents about a 37% decrease 

relative to the unconditional sample mean of 0.19 revisions following earnings announcements (Table 

1, Panel B). This result is consistent with traditional analysts being more likely to focus on corporate 

new releases that provide more salient information that is easier to process and interpret.  

Panel B of Table 6 reports the results examining revision activity following periodic SEC 

filings. The coefficients on RoboAnalyst are significantly positive and suggest that Robo-Analysts are 

1.2% to 1.8% more likely to revise their recommendation in connection with SEC filings. This 

represents about a 38% increase relative to the unconditional sample mean of 4.0% revisions following 

SEC filings (Table 1, Panel B). This suggests that Robo-Analysts rely on technology to parse large 

amounts of information contained in complex filings, ultimately leading to greater revision activity.  

 Overall the results from Tables 5 and 6 suggest that Robot-Analysts conduct their work 

differently than traditional analysts. Specifically, Robo-Analysts revise their reports more frequently 

and are less likely to revise recommendations following earnings announcements. Moreover, they are 

more likely to revise recommendations following SEC filings, which contain larger quantities of 

information, consistent with their automated processes being able to incorporate large amounts of 

data. 

 

5. Stock Recommendation Returns 

Our findings thus far suggest important differences in recommendation optimism and the 

research processes used by Robo-Analysts and traditional analysts. However, these results do not 

address whether these differences ultimately result in differences in the investment value of these 

Electronic copy available at: https://ssrn.com/abstract=3514879



17 

 

recommendations. Our final set of analyses examine the stock returns associated with both Robo-

Analyst and traditional analyst reports. Prior studies suggest that traditional reports have investment 

value because they are associated with changes in stock price (e.g., Frankel et al., 2006). We evaluate 

the relative investment value of Robo-Analyst and traditional analyst reports using a short-window 

event analysis that considers the immediate market response to a recommendation and a portfolio 

analysis that considers the investment return on a trading strategy that follows analyst 

recommendations.   

 

5.1 Event Window Returns 

We first examine short-window returns around the event of an analyst providing a 

recommendation revision. Prior research documents that traditional analyst recommendation 

revisions are associated with short-window changes in stock prices and that these returns are stronger 

for more influential analysts (Loh and Stulz, 2011).  It is less clear whether we should observe similar 

results for Robo-Analyst revisions as their reports likely receive considerably less attention from capital 

market participants around their release, are less visible, and are likely aimed more at retail investors 

that are less likely to move market prices. In addition, Robo-Analyst reports may not be well received 

by the investing public due to a phenomenon termed “algorithm aversion” in which individuals 

discount information produced by computer algorithms (e.g., Onkal et al., 2009; Dietvorst et al., 2015).  

In our analysis of short-term returns, we consider three event windows: (0,1), (0,4) and (0,9), 

where 0 represents the event date. We compute buy and hold abnormal returns by subtracting from 

each firm’s raw return the benchmark portfolio return based on a firm’s quintile rank of market cap, 

book-to-market, and momentum (Daniel et al., 1997). Following prior research, we separate 

recommendation revisions into upgrades and downgrades for this analysis. Table 7 reports the results 

for each group of analysts.   

Table 7, Panel A reports results for upgrade recommendations. Consistent with prior studies 

(e.g., Womack, 1996; Loh and Stulz, 2011) our results suggest that traditional analyst recommendation 

upgrades are associated with positive abnormal returns that amount to approximately 3%, regardless 

of the window used. The results for Robo-Analyst recommendation upgrades are significantly weaker. 

In the best case scenario, Robo-Analyst recommendation upgrades only represent roughly 10% of the 

size of the returns associated with traditional analyst recommendation upgrades. These findings 

suggest that, while Robo-Analyst reports might provide investment value, in the short-run the market 
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does not respond to the reports.11 These findings could be explained by Robo-Analyst upgrades having 

lower investment value, but could also be driven by limited attention from market participants and a 

focus on retail investors.12 To better address differences in investment value, we conduct a portfolio 

trading strategy analysis in the next section.  

Table 7, Panel B reports results for downgrade recommendations. Again, similar to prior 

studies we find that traditional analyst downgrades are associated with negative stock market returns 

in the event windows surrounding their release. However, we fail to find evidence of negative reactions 

associated with Robo-Analyst downgrades and in fact find evidence of a positive signed, albeit 

insignificant, reaction. These results suggest that Robo-Analyst downgrades have little investment 

value, except perhaps in taking a contrarian strategy.  

 

5.2 Portfolio Analysis 

 To better understand the investment value of Robo-Analyst recommendations, we conduct a 

portfolio trading strategy analysis. To do so, we form daily portfolios based on whether there are 

outstanding buy or sell recommendations issued by Robo-Analysts and traditional analysts. We 

rebalance the portfolios daily, and for those firms that have analyst recommendation announcements 

on a given day, we add these stocks to the relevant portfolio at the close of the following day’s trading, 

following the methodology of prior research that examines the investment value of the 

recommendations across different analyst groups (Barber et al., 2007). Doing so ensures investors 

(especially retail investors) are likely aware of the recommendation prior to trading, allowing for an 

implementable trading strategy. We then examine the daily abnormal returns for the buy and sell 

portfolios consisting of stocks recommended by each contributor class (i.e., Robo-Analysts and 

traditional analysts). We require that both Robo-Analysts and traditional analysts have active portfolios 

for the same days. We then calculate each portfolio’s daily raw return by closely following Barber et 

al. (2007) in which we weight a given stock’s gross return for a given portfolio day by the compounded 

daily return of the stock from the close of trading on the day of recommendation through day t-1. We 

then calculate the portfolios’ abnormal returns by regressing each daily portfolio’s raw return in excess 

                                                           
11 These findings are similar when removing recommendation revisions issued concurrently with earnings announcements 
(i.e., recommendations that potentially “piggyback” on earnings announcement information). 
12 This interpretation is consistent with the findings of Blankespoor, deHann, and Zhu (2018) who find that robo-
journalism articles have little immediate pricing impact because the principal users of this information are likely to be retail 
traders. 
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of the risk-free rate on the Fama-French three and five-factor model returns for the same day.13 Thus, 

the alpha coefficient represents each portfolio’s daily average abnormal return, adjusted for the risk 

characteristics of the underlying securities. In our analyses, we multiply the alpha coefficient by 100 to 

reflect a daily abnormal percentage return.  

Table 8, Panel A reports these results for buy recommendations. Interestingly, we find that 

portfolios formed on Robo-Analyst “buy” recommendations generate economically and statistically 

significant positive abnormal returns (i.e., alpha), whereas abnormal returns to portfolios formed on 

traditional analysts’ recommendations are significantly different from zero but are smaller in terms of 

economic significance. Specifically, the portfolios formed based on the buy recommendations of 

Robo-Analysts earn abnormal returns that range between 6.4%-6.9% while the abnormal returns 

following portfolios formed based on human analyst buy recommendations range between 1.2%-

1.7%. These results are robust to using both the Fama-French three and Fama-French five factor 

model daily abnormal return adjustments. Further, we find that the buy portfolio return differences 

are significant across the Robo-Analyst and traditional analyst portfolios when estimating a fully-

interacted regression model that nests the two portfolios’ daily returns to confirm that the differences 

we document in Panel A are statistically significant. One potential explanation for why traditional 

analyst buy recommendations could be less predictive of future returns over longer horizons is that 

traditional analysts may be slower to downgrade their buy recommendations. This explanation is 

consistent with our evidence on differences in recommendation optimism and process between Robo-

Analysts and traditional analysts and with the findings of prior studies that traditional analysts are 

prone to maintaining “sticky” or outdated recommendations (O’Brien et al., 2005; Conrad et al., 2006).   

We next consider sell recommendations in Panel B. While Robo-Analysts’ buy 

recommendations generate significantly greater positive abnormal returns compared to traditional 

analysts, the abnormal return results for the sell portfolios are generally positive, but insignificantly 

different from zero. This result is consistent with Robo-Analysts’ focus on providing a more balanced 

distribution of recommendations potentially leading them to over-correct traditional analysts’ bias by 

over-issuing sell-recommendations or failing to incorporate soft information about management’s plans 

to improve their companies weak fundamentals. Alternatively, Robo-Analysts’ may simply invest 

                                                           
13 We obtain the three and five factor models’ market return data from Ken French’s website. 
https://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html. 
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fewer resources in generating profitable sell calls, given that their client base for these 

recommendations (i.e., individual/retail investors) is less likely to take short positions. 

Taken together, our returns analyses paint a textured picture of the value of Robo-Analysts’ 

recommendations. In the short-run, the market responds weakly to their revisions. In the long-run, 

portfolios formed on buys generate significant abnormal returns, but those formed on sell revisions 

are generally not valuable. Individual investors relying on Robo-Analysts can potentially benefit from 

incorporating their buy signals. 

 

6. Conclusion 

Advances in financial technology are quickly revolutionizing various product offerings in the 

financial services industry. Our study provides the first compressive analysis on the processes 

employed by Robo-Analysts and the value associated with their recommendations. Our findings 

indicate that Robo-Analysts conduct research differently than traditional analysts. Consistent with 

Robo-Analysts having less cognitive bias and lower economic incentives for optimistic reports, we 

find that Robo-Analysts issue a more balanced set of recommendations (less optimistic), revise more 

frequently, and rely more on large volumes of disclosure in forming their recommendations. While 

the market does not react immediately to their revisions, portfolios formed on Robo-Analysts’ buy 

recommendations can generate substantial returns for individual investors.  

Our results ultimately suggest that Robo-Analysts are a valuable, alternative information 

intermediary to traditional sell-side analysts. These findings are important in light of both technological 

developments in the financial services industry as well as changes to the traditional sell-side research 

paradigm. Our findings complement emerging literature on the benefits of Fintech (D’Acunto et al., 

2019; Fuster et al., 2019; Tang, 2019; Vallee and Zeng, 2019) and the broader literature on economic 

changes and the adoption of new technologies (e.g., Romer, 1990; Aghion and Howitt, 1992). Our 

study also has implications for the on-going debate about the role and creation of investment research. 

Constrained budgets, new regulations such as MiFiD II, and increasingly complex financial disclosure 

are potentially changing the value proposition of analysts’ research (Drake et al., 2019; Fang et al., 

2019; Lang et al., 2019). Our findings suggest that automation can replace at least part of the research 

task and generate value for individual investors at potentially lower costs.  
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Appendix A: Robo Analyst Business Model Descriptions 
 

Contributor Business Model Description 

Minkabu We live mainly to provide financial information to individuals and 
corporations through the Internet. However, it is not the generation of 
information that uses human-sea tactics that conventional financial 
information has provided, but the collective intelligence collected on the 
net media for investors and its collection know-how (= CROWD) and 
covering 100 countries in the world High-quality financial information in 
real time using proprietary FinTech, which integrates financial, economic, 
and corporate data (= DATA) by quantitative analysis and automatic 
generation (= AI) using advanced computing technology, and it realizes to 
deliver efficiently. The generation of financial information using this 
technology is mainly for individuals, financial information media targeted 
for individuals, news and content feeds targeted for both individuals and 
corporations, securities without limitation of countries / regions or 
provision formats. We offer information tools, etc. for trading screens 
aimed at corporations, mainly in a company, in multiple languages. Our 
unique approach of combining CROWD, DATA, and AI achieves 
simultaneous flashiness and wide area simultaneously, solves the problem 
in financial information distribution that utilizes human-sea tactics such as 
stock analysts and editors so far, and the world we are highly evaluated by 
individuals and corporations in each country. 

New Constructs New Constructs provides unrivaled insights into the fundamentals and 
valuation of private & public businesses. Combining human expertise with 
NLP/ML/AI technologies, the firm’s research shines a light in the dark 
corners (e.g. footnotes) of hundreds of thousands of financial filings to 
unearth critical details that drive uniquely comprehensive and independent 
debt and equity investment ratings, valuation models and research tools. 
our client testimonials. Leading media outlets regularly feature our 
research. Elite money managers, advisors and institutions have relied on us 
to lower risk and improve performance since 2004. See Partnerships with 
TD Ameritrade, E*TRADE, Refinitiv/Thomson Reuters, Interactive 
Brokers, Ernst & Young and more enable us to deliver our investment 
ratings & research on over 10,000 stocks, ETFs and mutual funds to 
millions of self-directed investors, financial advisors and corporate 
executives. 
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Price Target PriceTarget Research (PTR) is a publisher of independent equity research 
combining fundamental and technical research to rate almost 6,000 
companies and 100 market sectors on a weekly basis. PriceTarget Research 
was developed by principals of Lafferty & Lahey Partners LLC who are 
former institutional investors with combined experience of over fifty years 
in investment research and portfolio management. PTR has been 
distributed through FirstCall, Multex/Reuters, Factset, Investext, 
Schaeffer’s Investment Research, Yahoo Finance, CBS MarketWatch, 
Capital IQ, and Recognia. PTR became a leading provider of research 
under the Independent Research settlement fund established by the SEC in 
2004 to provide “independent research” as a complement to research 
provided by investment banking firms, PTR served five investment 
banking clients: UBS, Credit Suisse, Lehman Brothers, Merrill Lynch, and 
Deutsche Bank. At the heart of PTR’s research is a proprietary company 
database focused on historical and projected fundamental and investment 
performance of all North American exchange, publicly traded securities 
with greater than U.S. $10 million in market value updated weekly. The 
assessment of a stock’s overall attractiveness starts with detailed 5-year 
earnings models updated weekly with changes in consensus forecasts, 
actual quarterly and annual operating results. These models are used to 
derive free cash flow forecasts that are developed into Price Targets using 
discounted cash flow analysis (CFROI-based). 

Rapid Ratings RapidRatings is transforming the way the world’s leading companies 
manage enterprise and financial risk. RapidRatings provides the most 
sophisticated analysis of the financial health of public and private 
companies in the world. Our platform provides predictive insights for 
third-party partners, suppliers, vendors, customers and securities issuers. 
We challenge the leading industrial and financial service firms around the 
world to improve business relationships by managing enterprise risk and 
embrace their interdependence with public and private business partners. 
Every business conversation becomes more productive, transparent and 
efficient with RapidRatings. Businesses operate in an increasingly complex 
world. Determining which companies in your third-party ecosystem are 
healthy and which are at risk is difficult. To keep up, you need to anticipate 
risk across your entire enterprise. Few analytical tools help enterprises fully 
grasp the strengths, weaknesses, and trends of your key business 
relationships. RapidRatings makes it simple. Financial health is woven into 
every fiber of our interconnected world. It brings transparency to your 
business relationships, giving insight into the business integrity of all of 
your third-party partners, suppliers, vendors, customers and securities 
issuers. Every decision is better informed when you have a clear picture of 
financial health to guide you. 
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Thestreet.com TheStreet, Inc. is a leading digital financial media company. We provide 
our readers and advertisers with a variety of subscription-based and 
advertising-supported content and tools through a range of online 
platforms, including web sites, mobile devices, email services, widgets, 
blogs, podcasts and online video channels. Our goal is to be the primary 
independent source of reliable and actionable investing ideas, news and 
analysis, financial data and analytical tools for a growing audience of self-
directed investors, as well as to assist advertisers desiring to connect with 
our passionate, affluent audience. Since its inception in 1996, TheStreet's 
free, award-winning Web site, thestreet.com, has distinguished itself from 
other financial Web sites with its journalistic excellence and unbiased 
coverage of the financial markets, economic and industry trends, and 
investment and financial planning.TheStreet Ratings is a leading provider 
of stock reports and in-depth market analysis reporting. We provide our 
members with the latest in mutual fund report overviews, up-to-the-minute 
stock reports on ETFs, Currencies, Commodities, Energy, Options, IPOs 
and much more. The summaries of the financial market conditions we 
deliver are derived from synthesized data. 

Validea Validea founder John Reese, like many investors, had always been actively 
involved in managing his own money. But after growing frustrated with 
underperforming fund managers and pundits who offered more hyperbole 
than help, John began conducting his own extensive research into 
quantitative investment strategies some 20 years ago. The goal of his 
research was to find strategies that had consistently outperformed the 
market over the long term, and which the average investor could use in a 
practical way. What John found was that a number of history's greatest 
investors, including Peter Lynch, Warren Buffett, and Benjamin Graham, 
had made their fortunes by using approaches that were mostly, if not 
completely, quantitative. After studying the works of these and other stock 
market greats, John used his background in computer science and artificial 
intelligence to develop the sophisticated yet easy-to-use guru-inspired 
models offered on Validea. John's ultimate goal for Validea.com is two-
fold: to help make the strategies of the most successful pros usable and 
understandable for the individual investor, and to offer investors a 
systematic investment framework that helps them overcome the emotions 
and biases that often eat away at long-term performance.Every day, those 
of us who work at Validea work hard not to lose sight of John's original 
goal -- to make successful investing easier and more understandable for the 
average person and to give investors access to an investing system that 
gives them a good chance at generating long term outperformance over the 
market using the strategies of great investors. 
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ValuEngine ValuEngine.com (VE) is a stock valuation and forecasting service founded 
by Ivy League finance academics. VE utilizes the most advanced 
quantitative techniques and analysis available. Our research team continues 
to develop, test, and improve the VE Stock Valuation Models and 
econometric models for forecasting stock price movement. ValuEngine 
employs many proprietary models based on the most innovative concepts 
in financial theory from academia and Wall Street. ValuEngine's Stock 
Valuation, Stock Forecast, Portfolio Forecast, and Portfolio Builder models 
utilize state-of-the-art valuation, forecasting, and advisory technologie. VE 
models are more sophisticated than traditional valuation models and 
outperform their peers. VE employs a three-factor approach to stock 
valuation using fundamental variables--the company's trailing 12-month 
Earnings-Per-Share (EPS), the analyst consensus estimate of the company's 
forecasted 12-month EPS, and the 30-year Treasury yield--to create a 
highly accurate reflection of a company's fair value. Armed with these 
framework features, the ValuEngine Stock Valuation Model then calculates 
the ValuEngine proprietary "fair market valuation" for the stock. 
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Appendix B: Robo Analyst Example Reports 
 

 
 
 

Electronic copy available at: https://ssrn.com/abstract=3514879



31 

 

 
 
 
 
 

Electronic copy available at: https://ssrn.com/abstract=3514879



32 

 

Appendix C: Variable Definitions 
 

Variable Definition 
Alpha The intercept from regressing excess daily portfolio returns over the risk-free rate on 

the Fama-French factors, as a percentage (i.e., multiplied by 100). 

Buy An indicator variable set equal to one for outstanding buy recommendations, zero 
otherwise.  

CMA The average return on the two conservative investment portfolios minus the average 
return on the two aggressive investment portfolios. 

BTM Book to market ratio of the covered firm as of the most recently reported quarter. 

HML The average return on the two value portfolios minus the average return on the two 
growth portfolios.  

Mkt_RF The excess of the daily market return over the risk-free rate. 

DailyRet The excess of the daily portfolio return over the risk-free rate. 

Profitability The firm's return on assets as of the most recently reported quarter. 

Rec Equal to 1, 2, or 3 for year-end outstanding sell, hold, and buy recommendations, 
respectively. Outstanding recommendations are those recommendations that were 
issued or reviewed within 180 days of year-end and that do not have a "stop" notice. 

Revisions The number of recommendation revisions issued by a specific broker/research firm 
during the year for a given covered firm. Where revisions are calculated as the current 
outstanding recommendation minus the prior recommendation, excluding stale 
recommendations (i.e., those recommendations that have not been reviewed for 180 
days). 

RMW The average return on the two robust operating profitability portfolios minus the 
average return on the two weak operating profitability portfolios. 

RoboAnalyst An indicator variable set equal to one for a recommendations issued by a robo-analyst 
contributor, zero otherwise.  

Sell An indicator variable set equal to one for outstanding sell recommendations, zero 
otherwise.  

Size The natural log of the market value of equity as of the most recently reported quarter. 

SMB For the 3 factor model: the average return on the three small portfolios minus the 
average return on the three big portfolios for the 5 factor model: the average return 
on the nine small stock portfolios minus the average return on the nine big stock 
portfolios. 

%EA Revisions The percentage of recommendation revisions issued within five days of a covered 
firm's earnings announcement for a given broker/research firm, calculated at the 
covered firm-year level. Recommendations issued around concurrent earnings 
announcements are removed from the numerator of the equation. Where concurrent 
earnings announcements are those announcements in which a periodic SEC filing is 
filed the day of or day after the earnings announcement. 

%SEC Revisions The percentage of recommendation revisions issued within five days of a covered 
firm's periodic filing (10-Q or 10-K) for a given broker/research firm, calculated at 
the covered firm-year level. Recommendations issued around concurrent earnings 
announcements are removed from the numerator of the equation. Where concurrent 
earnings announcements are those announcements in which a periodic SEC filing is 
filed the day of or day after the earnings announcement. 
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Table 1 
Descriptive Statistics 

 
Panel A provides descriptive statistics for the covered firms (i.e., firms covered by both IBES and the sample of Robo-Analysts) in this study 
compared to the IBES universe of covered firms. Unlogged values of the variables are reported for ease of interpretation. Panel B provides 
descriptive statistics for the dependent variables of interest. Variable definitions are provided in the appendix. 

 
 

Panel A – Descriptive Statistics on Covered Firms 

Variable Mean (This Study) Mean (IBES Universe) Median (This Study) Median (IBES Universe) 

Size 6,640 5,946 1,425 896 

Profitability 0.01 -0.01 0.01 0.01 

BTM 0.41 0.57 0.36 0.47 

          
 
 

Panel B – Descriptive Statistics for Dependent Variables 

  Mean Std. Dev 25th  Median 75th 

Rec 2.36 0.64 2.00 2.00 3.00 

Buy 0.45 0.50 0.00 0.00 1.00 

Sell 0.09 0.29 0.00 0.00 0.00 

Revisions 0.43 0.86 0.00 0.00 1.00 

%EA Revisions 0.19 0.37 0.00 0.00 0.00 

%SEC Revisions 0.04 0.18 0.00 0.00 0.00 

DailyRet (%) 0.05 1.39 -0.57 0.10 0.70 
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Table 2 
Distribution of Outstanding Recommendations 

 
This table provides descriptive statistics on the distribution of year-end outstanding recommendations for both Robo-Analysts and traditional 
analysts. Variable definitions are provided in the appendix. 

 
  

Contributor Type # of Outstanding Recs % Buys Outstanding % Holds Outstanding % Sells Outstanding 

Robo-Analysts 12,250 32% 44% 24% 

Traditional Analysts 70,842 47% 46% 6% 
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Table 3 
Outstanding Recommendations 

This table presents results from estimating regressions of recommendation levels on an indicator for 
whether an analyst is employed by a Robo-Analyst firm, using the overall outstanding 
recommendation for each analyst-firm-year as the dependent variable. Panel A presents the results 
using the level of recommendation. Panels B and C repeat this analysis after replacing the dependent 
variable with indicator variables for whether a recommendation is a buy or sell recommendation, 
respectively. Variable definitions are provided in the appendix. Standard errors are reported in 
parentheses and are clustered by firm. All p-values are two-tailed. *, **, and *** indicate statistical 
significance at the 10%, 5%, and 1% levels, respectively. 

 
Panel A – Overall Outstanding Recommendations 

Dep. Var.: Rec (1) (2) (3) (4) 

          

RoboAnalyst -0.327*** -0.320*** -0.311*** -0.305*** 

  (0.012) (0.011) (0.012) (0.012) 

Size   0.008* -0.017   

    (0.005) (0.013)   

Profitability   -0.059 0.803***   

    (0.179) (0.196)   

MTB   -0.066*** -0.121***   

    (0.017) (0.024)   

Firm FE No No Yes No 

Year FE No No Yes No 

Firm-Year FE No No No Yes 

          

Observations 83,092 83,092 83,092 83,092 

R-Squared 0.03 0.04 0.12 0.16 
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Panel B – Outstanding Buy Recommendations 

Dep. Var.: Buy (0,1) (1) (2) (3) (4) 

          

RoboAnalyst -0.150*** -0.147*** -0.143*** -0.141*** 

  (0.008) (0.008) (0.008) (0.008) 

Size   0.005 -0.028***   

    (0.004) (0.011)   

Profitability   -0.365** 0.463***   

    (0.145) (0.166)   

MTB   -0.051*** -0.083***   

    (0.013) (0.019)   

Firm FE No No Yes No 

Year FE No No Yes No 

Firm-Year FE No No No Yes 

          

Observations 83,092 83,092 83,092 83,092 

R-Squared 0.01 0.01 0.09 0.14 

 
 

Panel C – Outstanding Sell Recommendations 

Dep. Var.: Sell (0,1) (1) (2) (3) (4) 

          

RoboAnalyst 0.177*** 0.173*** 0.168*** 0.164*** 

  (0.006) (0.006) (0.006) (0.006) 

Size   -0.003*** -0.011***   

    (0.001) (0.004)   

Profitability   -0.305*** -0.340***   

    (0.054) (0.066)   

MTB   0.015*** 0.037***   

    (0.006) (0.008)   

Firm FE No No Yes No 

Year FE No No Yes No 

Firm-Year FE No No No Yes 

          

Observations 83,092 83,092 83,092 83,092 

R-Squared 0.05 0.05 0.09 0.11 
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Table 4 
Robo-Analysts vs. Small Brokerages 

This table provides analysis of analyst recommendation optimism by comparing Robo-Analysts and traditional analysts from brokerages with 
ten analysts or fewer. Panel A reports descriptive statistics on the distribution of year-end outstanding recommendations for both groups.  
Panel B reports results from estimating regressions of recommendation levels on an indicator for whether an analyst is employed by a Robot-
Analyst firm, using the overall outstanding recommendation for each analyst-firm-year as the dependent variable. Panels C and D repeat this 
analysis after replacing the dependent variable with indicator variables for whether a recommendation is a buy or sell recommendation, 
respectively. Standard errors are reported in parentheses and are clustered by firm. All p-values are two-tailed. *, **, and *** indicate statistical 
significance at the 10%, 5%, and 1% levels, respectively. Variable definitions are provided in the appendix. 

 
 
 

Panel A – Distribution of Outstanding Recommendations 

Contributor Type 
# of Outstanding 

Recs % Buys Outstanding 
% Holds 

Outstanding % Sells Outstanding 

Robo-Analysts 12,250 32% 44% 24% 

Traditional Analysts (Small Brokerages) 6,996 56% 38% 6% 
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Panel B – Overall Outstanding Recommendations 

Dep. Var.: Rec (1) (2) (3) (4) 

          

RoboAnalyst -0.417*** -0.411*** -0.418*** -0.404*** 

  (0.016) (0.016) (0.017) (0.018) 

Size   0.014*** 0.038**   

    (0.004) (0.016)   

Profitability   1.677*** 2.150***   

    (0.182) (0.258)   

MTB   -0.028 -0.093***   

    (0.018) (0.030)   

Firm FE No No Yes No 

Year FE No No Yes No 

Firm-Year FE No No No Yes 

          

Observations 19,246 19,246 19,246 19,246 

R-Squared 0.08 0.08 0.13 0.08 

 
 
 

Panel C – Outstanding Buy Recommendations 

Dep. Var.: Buy (0,1) (1) (2) (3) (4) 

          

RoboAnalyst -0.236*** -0.235*** -0.235*** -0.229*** 

  (0.011) (0.011) (0.012) (0.013) 

Size   -0.001 0.003   

    (0.003) (0.011)   

Profitability   0.494*** 1.074***   

    (0.125) (0.178)   

MTB   -0.018 -0.064***   

    (0.013) (0.019)   

Firm FE No No Yes No 

Year FE No No Yes No 

Firm-Year FE No No No Yes 

          

Observations 19,246 19,246 19,246 19,246 

R-Squared 0.05 0.05 0.10 0.05 
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Panel D – Outstanding Sell Recommendations 

Dep. Var.: Sell (0,1) (1) (2) (3) (4) 

          

RoboAnalyst 0.181*** 0.176*** 0.183*** 0.175*** 

  (0.007) (0.007) (0.008) (0.009) 

Size   -0.014*** -0.036***   

    (0.002) (0.008)   

Profitability   -1.183*** -1.076***   

    (0.091) (0.148)   

MTB   0.010 0.029*   

    (0.009) (0.016)   

Firm FE No No Yes No 

Year FE No No Yes No 

Firm-Year FE No No No Yes 

          

Observations 19,246 19,246 19,246 19,246 

R-Squared 0.05 0.07 0.12 0.08 
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Table 5 
Analyst Recommendation Revision Activity 

 
This table presents results from estimating regressions of the number of recommendation revisions 
on an indicator for whether an analyst is employed by a Robo-Analyst firm. Variable definitions are 
provided in the appendix. Standard errors are reported in parentheses and are clustered by firm. All 
p-values are two-tailed. *, **, and *** indicate statistical significance at the 10%, 5%, and 1% levels, 
respectively. 

 

Dep. Var.: Revisions (1) (2) (3) (4) 

          

RoboAnalyst 0.802*** 0.792*** 0.837*** 0.842*** 

  (0.015) (0.014) (0.015) (0.015) 

Size   -0.013*** 0.089***   

    (0.003) (0.010)   

Profitability   0.340*** -0.821***   

    (0.130) (0.159)   

MTB   0.073*** 0.149***   

    (0.012) (0.020)   

Firm FE No No Yes No 

Year FE No No Yes No 

Firm-Year FE No No No Yes 

          

Observations 83,092 83,092 83,092 83,092 

R-Squared 0.11 0.11 0.16 0.18 
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Table 6 
Analyst Recommendation Revision Timing 

 
This table presents results from estimating regressions of the percentage of annual revisions occurring 
during earnings announcement or SEC filing windows on an indicator for whether an analyst is 
employed by a Robo-Analyst firm. Panels A and B report results using the percentage of 
recommendations revisions for each analyst-firm-year that occur concurrently with earnings 
announcements (% EA Revisions) and periodic SEC filings (% SEC Revisions), respectively. Variable 
definitions are provided in the appendix. Standard errors are reported in parentheses and are clustered 
by firm. All p-values are two-tailed. *, **, and *** indicate statistical significance at the 10%, 5%, and 
1% levels, respectively. 

 
Panel A – Earning Announcement Activity 

Dep. Var.: %EA Revisions (1) (2) (3) (4) 

          

RoboAnalyst -0.070*** -0.075*** -0.076*** -0.073*** 

  (0.006) (0.006) (0.007) (0.007) 

Size   -0.009*** -0.004   

    (0.003) (0.008)   

Profitability   0.370*** -0.038   

    (0.092) (0.127)   

MTB   -0.004 -0.002   

    (0.009) (0.013)   

Firm FE No No Yes No 

Year FE No No Yes No 

Firm-Year FE No No No Yes 

          

Observations 26,682 26,682 26,682 26,682 

R-Squared 0.01 0.01 0.09 0.13 
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Panel B – SEC Periodic Filing Activity 

Dep. Var.: %SEC Revisions (1) (2) (3) (4) 

          

RoboAnalyst 0.012*** 0.012*** 0.017*** 0.018*** 

  (0.003) (0.003) (0.003) (0.003) 

Size   0.000 -0.004   

    (0.001) (0.003)   

Profitability   0.066** -0.014   

    (0.033) (0.052)   

MTB   0.006** 0.002   

    (0.003) (0.005)   

Firm FE No No Yes No 

Year FE No No Yes No 

Firm-Year FE No No No Yes 

          

Observations 26,682 26,682 26,682 26,682 

R-Squared 0.00 0.00 0.02 0.04 
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Table 7 
Event Window Returns to Recommendation Revisions 

This table presents the mean short-window abnormal returns following upward (Panel A) and 
downward (Panel B) revisions. The first column (0,1) in each panel presents the mean abnormal 
returns on the day of the revision through day t+1. Column two (0,4) presents the mean abnormal 
returns on the day of the revision through day t+4. Column three (0,9) presents the mean abnormal 
returns on the day of the revision through day t+9. The “Difference” row tests the differences across 
Traditional Analyst and Robo-Analyst short-window returns for each window. Each return is 
characteristic adjusted using the return from the matching quintile portfolio of firms based on market 
capitalization, book-to-market, and momentum. All p-values are two-tailed. *, **, and *** indicate 
statistical significance at the 10%, 5%, and 1% levels, respectively. 

 
Panel A – Upward Revisions (Short-Window) 

    Window 

Mean Returns   (0,1)   (0,4)   (0,9) 

Traditional Analyst        0.0289***   0.0301***   0.0308*** 

RoboAnalyst        0.0008*       0.0013*   0.0023*** 

Difference        0.0281***   0.0288***   0.0285*** 

 
 
 
 

Panel B – Downward Revisions (Short-Window) 

    Window 

Mean Returns   (0,1)   (0,4)   (0,9) 

Traditional Analyst       (0.0329)***      (0.0333)***       (0.0337)*** 

RoboAnalyst        0.0003       0.0010        0.0013 

Difference       (0.0332)***      (0.0343)***       (0.0350)*** 
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Table 8 
Portfolio Analysis 

This table presents results from conducting a portfolio analysis on analysts’ buy (Panel A) and sell (Panel B) recommendations. For each 
panel, portfolios are rebalanced daily and are based on Robo-Analyst (Columns 1 and 3) and Traditional Analyst recommendations (Columns 
2 and 4). The Alpha variable is presented as a percentage. Column 3 (6) tests the differences in coefficients across columns 1 and 2 (4 and 5). 
Variable definitions are provided in the appendix. Standard errors are reported in parentheses. All p-values are two-tailed. *, **, and *** 
indicate statistical significance at the 10%, 5%, and 1% levels, respectively. 
 

Panel A – Daily Portfolio Results for Buy Recs 

 Dep. Var.: DailyRet (1) (2) (3) (4) (5) (6) 

Estimator Type: RoboAnalysts Traditional Analysts Difference RoboAnalyst Traditional Analysts Difference 

              

Alpha 0.027*** 0.005* 0.022** 0.025** 0.007** 0.018* 

  (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

Mkt_RF 0.991*** 1.053***   0.986*** 1.033***   

  (0.009) (0.003)   (0.010) (0.003)   

SMB 0.518*** 0.423***   0.549*** 0.414***   

  (0.018) (0.005)   (0.019) (0.005)   

HML 0.196*** 0.016***   0.144*** -0.063***   

  (0.017) (0.005)   (0.018) (0.005)   

RMW       0.111*** -0.137***   

        (0.031) (0.009)   

CMA       -0.072** -0.060***   

        (0.035) (0.010)   

              

FF 3 Factor Yes Yes   No No   

FF 5 Factor No No   Yes Yes   

              

Observations 3,576 3,576   3,576 3,576   

R-Squared 0.83 0.98   0.83 0.98   
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Panel B – Daily Portfolio Results for Sell Recs 

 Dep. Var.: DailyRet (1) (2) (3) (4) (5) (6) 

Estimator Type: RoboAnalyst Traditional Analysts Difference RoboAnalyst Traditional Analysts Difference 

              

Alpha 0.005 -0.003 0.008 0.007 -0.004 0.011 

  (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

Mkt_RF 0.998*** 1.044***   0.970*** 1.032***   

  (0.011) (0.006)   (0.012) (0.006)   

SMB 0.700*** 0.438***   0.701*** 0.467***   

  (0.021) (0.012)   (0.022) (0.012)   

HML 0.282*** 0.397***   0.162*** 0.344***   

  (0.020) (0.011)   (0.021) (0.012)   

RMW       -0.148*** 0.02   

        (0.036) (0.020)   

CMA       -0.093** -0.077***   

        (0.041) (0.023)   

              

FF 3 Factor Yes Yes   No No   

FF 5 Factor No No   Yes Yes   

              

Observations 3,699 3,699   3,699 3,699   

R-Squared 0.79 0.92   0.79 0.93   
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