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Abstract 

We examine the consequences of the introduction of quantitative ratings on the Seeking Alpha (SA) 
platform. We find that SA quantitative ratings strongly predict future returns. Following the 
introduction of quant ratings, we observe a 20-fold increase in the percentage of SA reports 
mentioning “quant” or other quant-related words (Quant Reports), and we document that SA report 
recommendations become more closely aligned with quant ratings, particularly among Quant Reports. 
Finally, Quant Reports issued in the post-period are significantly more informative than other reports. 
We conclude that increased access to quantitative analysis both influences and enhances social media 
research. 
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1. Introduction 

Individuals increasingly rely on social media for investment research. For example, a 2021 

survey by CNBC finds that among younger investors (18-34 years old), social media is the most 

popular source of investment research, well ahead of conversations with friends and family, TV news, 

newspapers, and discussions with brokers and financial advisors.1 The recent trading frenzies in 

Gamestop and other meme stocks, fueled by social media platforms, further highlights the potential 

impact that social media can have on retail trading and financial markets.  

While the popular press frequently treats social media as a homogenous information source, 

social media sites differ meaningfully along several dimensions including the contributor and 

consumer base, the length and style of research, the degree of anonymity, the level of moderation, and 

the platform design. Recent work suggests that these differences can have meaningful implications. 

For example, Cookson, Lu, Mullins, and Niessner (2023) find social media sentiment exhibits very 

minimal correlation across three prominent social media sites (Twitter, StockTwits, and Seeking 

Alpha), and Bradley, Hanousek Jr., Jame, and Xiao (2023), find that the Gamestop trading frenzy had 

very different implications for the informativeness of research on Wallstreetbets and Seeking Alpha. 

While this work suggests that differences across social media platforms are important, relatively little 

is known about what specific features contribute to more informative social media research. 

In this paper, we explore whether access to quantitative research is one feature that can 

enhance the informativeness of social media research. Academic research shows that hundreds of 

different firm characteristics predict stock returns, and recent work suggests that the return 

predictability is unlikely to be entirely attributable to data mining (McLean and Pontiff, 2016; Chen, 

2021; Jensen, Kelly, and Pedersen, 2022). These findings point to the possibility that quantitative 

analysis may continue to contain useful information about future stock returns. Further, existing 

 
1 See: https://www.surveymonkey.com/curiosity/cnbc-invest-in-you-august-2021/  

https://www.surveymonkey.com/curiosity/cnbc-invest-in-you-august-2021/
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evidence suggests that retail investors, who tend to be the dominant users of social media (Farrell, 

Green, Jame, and Markov, 2022), are generally not incorporating quantitative signals. For example, 

McLean, Pontiff, and Reilly (2022) find retail investors systematically trade against market anomalies, 

which suggests that they may benefit the most from greater access to quantitative research. 

Our empirical analysis exploits the introduction of quantitative ratings on the Seeking Alpha 

(SA) platform.  In June of 2019 the SA product team announced the addition of quantitative ratings 

to their website. While the exact formula for their ratings is proprietary, their ratings incorporate 

factors that have been shown to predict stock returns including valuation ratios (Fama and French, 

1992), past returns (Jegadeesh and Titman, 1993), and profitability (Novy-Marx, 2013). Importantly, 

SA also disclosed several years of historical quantitative ratings, which allows us to explore how SA 

report recommendations correlate with quantitative ratings both before (2016-2018) and after (2020-

2022) the ratings were made available on the platform.   

Our first test explores how SA quantitative ratings (hereafter Quant Ratings) correlate with 

academic anomalies.  We construct 118 different anomalies studied in Jensen, Kelly, and Pedersen 

(2022).2  We define Net Anomaly as the number of times the stock is in the anomaly long leg less the 

number of times the stock is in the anomaly short leg. We find that a one-standard deviation increase 

in Net Anomaly is associated with a 0.28 standard deviation increase in Quant Ratings (t-stat = 28). While 

the two measures are clearly related, their correlation is only 28%, suggesting that Quant Ratings are 

distinct from Net Anomaly. The modest correlation is at least partially attributable to the fact that Quant 

Ratings tend to over-weight certain academic anomalies. For example, decomposing Net Anomaly into 

13 distinct factor clusters reveals that Quant Ratings are most strongly correlated with Momentum, Value, 

Profit Growth, and Quality factor clusters, whereas they are negatively related to Size and Reversals.3 

 
2 The data provided by Jensen, Kelly, and Pedersen (2022) include 153 factors. We limit the sample to the 118 factors 
that were found to be significant in the original paper.  
3 The link between each anomaly and the factor clusters are reported in table J.1 of Jensen, Kelly, and Pedersen (2022). 
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We next turn to the important question of whether Quant Ratings predict returns. Our analysis 

uncovers a statistically and economically significant relation between Quant Ratings and stock returns. 

For example, a strategy that goes long stocks with Quant Ratings that correspond to a Strong Buy 

recommendation (roughly the top decile) and short stocks with Quant Ratings that correspond to a 

Strong Sell recommendation (roughly the bottom decile) earns an equal-weighted CAPM alpha of 

1.98% per month and a six-factor alpha of 1.38% per month, both of which are statistically significant 

at a 1% level. The corresponding estimates for value-weighted portfolios are 1.98% and 1.21%, 

respectively, which indicates that the return predictability of Quant Ratings is present even in larger and 

more liquid stocks.  The return predictability is similar in both the pre-period (2016-2018) and post-

period (2020-2022) indicating that Quang Ratings remained valuable even after they were publicly 

disclosed on the platform. 

The return results suggest that Quant Ratings contain value-relevant information, but they do 

not offer any insight into whether SA contributors incorporate this information into their reports. As 

a first test, we simply count the number of SA reports that mention words commonly associated with 

quantitative analysis in their written reports (hereafter Quant Reports). In the three years prior to the 

introduction of the Quant Ratings, we find a total of 71 Quant Reports (0.15% of all reports), whereas 

this number increases to 1,583 Quang Reports (3.15%) in the post period.  It is also possible that reports 

are influenced by quantitative ratings even if they do not explicitly mention quant-related words.  As 

a broader test of the influence of quant ratings on SA research, we examine how Quant Ratings correlate 

with the SA reports recommendations (i.e., Buy, Hold, or Sell) in the pre versus post period. We find 

that SA report recommendations are uncorrelated with Quant Ratings in the pre-period but become 

strongly correlated with Quant Ratings in the post-period. For example, among reports in the post-

period that do not explicitly mention quant (Non-Quant Reports), we find that a one-unit increase in 

Quant Ratings (e.g., moving form a Hold to a Buy) is associated with a 4.6 percentage point increase 
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(roughly 9%) in the probability that the SA report recommends buying the stock. This estimate 

increases to 14.6 percentage points (or a 29% increase) for Quant Reports.  

Our final set of tests explore whether SA research is more informative after the introduction 

of Quant Ratings. We find no evidence that Non-Quant Reports issued in the post-period are more 

informative than SA reports issued in the pre-period. However, Quant Reports issued in the post-period 

are significantly more informative, relative to both pre-period reports and Non-Quant Reports. In 

particular, we find that a one-unit increase in report recommendations (i.e., moving from a hold to a 

buy) for Quant Reports is associated with a return increase of 1.88% over the one-month horizon and 

a 3.17% increase over a three-month horizon. We decompose the outperformance into two 

components: Quant Style Returns, defined as the average return across all stocks in the same Quant Rating 

percentile and Quant-Adjusted Returns, defined as the difference between the return on the stock and 

the Quant Style Return. For the three-month horizon, we find that roughly two-thirds of the 

outperformance (2.09% out of 3.17%) is attributable to the Quant Style Return. Further, the 2.09% 

estimate is highly significant, which suggests that the superior performance is at least partially 

attributable to the fact that these reports recommend stocks with quantitative attributes that perform 

well.  We also find consistently positive estimates on Quant-Adjusted Returns, and the estimates are 

reliably different from zero at shorter horizons, which suggests that Quant Reports are also able to 

identify better performing stocks within a given Quant Rating.   

Our findings contribute to the literature on the informativeness of social media research. 

Existing research provides mixed evidence. For example, prior work finds that investment research 

on Seeking Alpha, Estimize, and SumZero are informative (Chen et al., 2014; Jame, Johnston, Markov, 

and Wolfe, 2016; Crawford, Gray, Johnson, and Price, 2018). In contrast, studies that examine online 

message boards, Twitter, and Stocktwits find no evidence of informativeness (Tumarkin and 

Whitelaw, 2001; Chawla, Da, Xu, and Ye, 2022; Giannini, Irvine, and Shu, 2018). These contrasting 
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results suggest that differences across social media sites are important, but they are unbale to isolate 

any specific factors that drive the differences. More closely related to our work, Cookson et al. (2023) 

show that increasing the message character limit on StockTwits is associated with StockTwit sentiment 

becoming more predictive of one-day ahead stock returns. We highlight another important change to 

platform design, the introduction of Quant Ratings on Seeking Alpha, and we show that this change 

has economically large implications for report predictability over much longer horizons.  

Our study also adds to the literature of market anomalies. One strand of literature examines 

how different market participants contribute to anomalies. Edelen, Ince, and Kadlec (2016) find that 

institutions typically trade on the wrong-side of anomalies, and Engelberg, Mclean, and Pontiff (2020) 

and Guo, Li, and Wei (2020) find that sell-side analyst research is also in the wrong direction, which 

suggests that both institutional investors and sell-side analysts exacerbate anomaly mispricing. A 

second strand of literature examine factors that help market participants better trade on anomalies, 

and potentially correct mispricing, including the academic publication of the anomaly (Pontiff and 

Mclean, 2016; and Calluzo, Moneta, and Topaluglu, 2019) and access to quantitative analysts (Birru, 

Gokkaya, Liu, and Markov, 2022). Our findings suggest that the introduction of Quant Ratings is 

another factor that helped a subset of market participants, contributors on the SA platform, issue 

research more aligned with anomaly mispricing. Thus, to the extent that SA research influences trading 

and prices (Farrell et al., 2022), SA research may now be a force that attenuates anomaly mispricing. 

 

2. Data and Descriptive Statistics 

2.1 The Seeking Alpha Sample 

Seeking Alpha (SA) is one of the largest investment-related social media websites. As of 2021, 

roughly 17million different people visit Seeking Alpha each month, the site has more than 10 million 
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registered users, and more than 16,000 individuals contributes at least one SA report.4 These reports 

are intended to provide new investment research, rather than to simply break news, and each report 

is subject to significant editorial review. Prior work finds that these reports contain value-relevant 

information that predicts returns (Chen et al., 2014) and facilitates more informative retail trading 

(Farrell et al., 2022). 

In January of 2019, Seeking Alpha announced on its website that it had acquired CressCap 

Investment Research and hired the founder/CEO Steven Cress as head of Quant Strategies to oversee 

the quantitative modeling, and on June 3rd of 2019, the SA Product Team announced that they added 

3 new measures to their platform: quant ratings and recommendations, factor grades, and detailed 

comparison data. Appendix A provides an example of the information available in each of these 

metrics for TSLA. We see that TLSA has a quant rating of 3.43, which corresponds to a quant 

recommendation of Hold. More generally, quant ratings are mapped to quant recommendations using 

the following scale: Strong Sell (Quant Rating < 1.5), Sell (1.5<=Quant Rating<2.5), Hold (2.5 <=Quant 

Rating <3.5), Buy (3.5<=Quant Rating <4.5), and Strong Buy (Quant Rating >=4.5). Users are also able 

to observe the factor grades for the five primary factors that are considered in the quantitative model: 

Valuation, Growth, Profitability, Momentum, and Earnings Revisions. We note that the Growth 

factor constructed by SA is not intended to measure the academic definition of growth stocks (e.g., 

high market-to-book) but rather to capture growth in profitability (e.g., revenue growth, growth in 

ROA, etc.).  Users can also click on specific factor grades to better understand their inputs and examine 

how TLSA ranks on each input relative to other firms in the same sector. For example, with respect 

to profitability, TSLA had a relatively low grade on Gross Profit Margin but performed well on many 

other metrics.   

 
4 Additional statistics are available here: 
https://static.seekingalpha.com/uploads/pdf_income/sa_media_kit_01.06.21.pdf  

https://static.seekingalpha.com/uploads/pdf_income/sa_media_kit_01.06.21.pdf
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SA does not provide the exact formula used to compute the quantitative ratings. They note 

that the five factor grades influence the overall quant rating, but they acknowledge that factors outside 

of the factor grades including firm size and measures of risk also influence the quant score.5  They 

also emphasize that all ratings are relative to the current sector at a given point in that time. Thus, the 

measures are designed to identify better performing stocks within a sector but should not be used to 

pick better performing sectors or for market timing. All quantitative measures are updated at a daily 

frequency.  

Importantly, the quantitative measures are only available to paid subscribers (i.e., premium or 

pro members).6 Seeking Alpha reports that roughly 70,000 of its 10 million members are premium or 

pro subscribers.  However, SA also notes that active contributors, defined as contributors who publish 

at least six reports in one year, receive free access to premium tools, including the quant ratings. Thus, 

while the casual SA member is unlikely to have access to SA’s quantitative research, regular SA 

contributors will have the ability to incorporate quantitative research into their reports.  

We collect SA quant ratings, quant recommendations, and factor grades for all stocks from 

January 2015 through December 2022 from Seeking Alpha.7 We also obtain all research reports 

published on the Seeking Alpha website over the same window. For each report, we collect the 

following information: a report ID assigned by Seeking Alpha, report title, main text, date and time of 

the article publication, author name, the ticker (or tickers) assigned to each report, and the analyst’s 

rating at publication. The analyst’s rating at publication includes the following categories: Strong Sell, 

Sell, Hold, Buy, and Strong Buy. The Strong Sell and Strong Buy labels are infrequent, and they were not 

 
5 For additional information, see: https://seekingalpha.com/article/4263303-quant-ratings-and-factor-grades-faq  
6 Seeking Alpha offers three main subscription plans to users: Basic, Premium, and Pro. The basic plan is free and includes 
access to news updates, email alerts, and allows users to read up to five research reports per month. The premium version 
is $30 per month (or $240 per year), and it includes all the benefits of the basic model plus unlimited access to research 
reports and additional features including access to the quant ratings. The pro-model is $300 per month (or $2400 per year) 
and includes all the features of the premium model, plus access to exclusive research ideas and additional VIP services. 
7 Seeking Alpha currently provides historical ratings through August of 2019. However, when we began collect the data, 
we were able to collect “back-filled” quantitative ratings beginning in January 2015.  

https://seekingalpha.com/article/4263303-quant-ratings-and-factor-grades-faq
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used prior to December of 2018. Accordingly, we convert the analyst rating into a 3-point 

recommendation system by combining Strong Sell and Sell (hereafter: Sell) and combining Strong Buy 

and Buy (hereafter: Buy). 

Following Chen et al. (2014) we limit the sample to reports that are associated with one ticker. 

We also find that Seeking Alpha updates old reports with current tickers. For example, reports written 

about LinkedIn prior to the Microsoft merger are still assigned Microsoft’s ticker. We therefore further 

limit the sample to reports that explicitly mention the company’s ticker or the company’s name within 

the text.8 Finally, we also require that the report is for a common stock (CRSP share code 10 and 11) 

with available data in the CRSP database. 

2.2 Descriptive Statistics 

Table 1 provides year-by-year descriptive statistics for the sample. Here, and throughout the 

paper, we limit the sample to the 2016-2022 sample period which results in a three-year period prior 

to the introduction of the quant ratings (2016-2018), the event year (2019), and a three-year period 

after the introduction of quant ratings (2020-2022).  In an average year, the sample includes roughly 

4,200 common stocks in the CRSP universe. Roughly 65% (2,750) of the stocks have a quantitative 

rating on the Seeking Alpha platform (Quant Rating), and the Quant Rating coverage has steadily 

improved over time. In an average year, our sample consists of 18,716 SA reports, of which close to 

85% (15,710) cover stocks with an available quantitative rating. On average, about 54% of all SA 

reports issue a buy recommendation, 9% of SA reports issue a sell recommendation, and the remaining 

37% issue a hold recommendation.   

Panel B of Table 1 also reports the distribution of quant ratings and quant recommendations. 

The average quant rating is 2.95 with a standard deviation of 0.89. 64% of stocks are rated as Hold, 

 
8 This filter eliminates roughly 7% of all observations. Since it is possible that this filter also eliminates some correct articles 
that may use an abbreviation for the company name, we have repeated all these tests without this filter. The results are 
very similar.  
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while the remaining 36% of stocks are roughly evenly distributed across the remaining four categories 

(i.e., Strong Sell, Sell. Buy, and Strong Buy). The distribution of quant ratings and quant recommendations 

is stable over time, which is consistent with SA’s claim that their quant ratings are based on relative 

metrics. 

2.3 SA Quant Ratings Versus Academic Anomalies 

Academic research has identified hundreds of firm attributes that predict returns. Naturally, 

we anticipate that quant ratings will relate to these existing return predictors. In this section, we explore 

the extent to which Quant Ratings correlate with anomalies studied in academic literature.  

We follow Jensen, Kelly, and Pedersen (2022) [hereafter JKP] and construct 153 firm 

characteristics based on various market data from CRSP and accounting data from Compustat.9   The 

full list of the firm characteristics are available in Table J.1 of JKP (2022). We limit the sample to 118 

firm characteristics that were significant predictors of returns in the original sample (as defined in 

JKP). In some tests, we group the 118 anomaly variables into 13 distinct clusters. We list the 118 firm 

characteristics used in this study, and the corresponding factor cluster, in Table IA.1 of the Internet 

Appendix. 

To create the anomaly portfolios, each month we sort stocks into quintiles, based on NYSE 

breakpoints, for each anomaly characteristic. We form long-short portfolios based on the extreme 

quintiles where the long side is the side with the higher expected return as documented in the original 

publication.  We compute Net Anomaly as the number of times the stock appears in the long leg of the 

anomaly portfolio less the number of times the stock appears in the short leg. 

We next estimate the following panel regression: 

𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑖𝑖𝑖𝑖 =  𝛼𝛼 + 𝛽𝛽1𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑖𝑖𝑖𝑖 + 𝐹𝐹𝐹𝐹𝑖𝑖𝑖𝑖 + 𝜀𝜀𝑖𝑖𝑖𝑖. (1) 

 
9 We thank the authors for providing detailed code and documentation needed to construct the variables. Interested 
readers can find more information at https://github.com/bkelly-lab/ReplicationCrisis. 
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Quant Rating and Net Anomaly are the quantitative rating provided by Seeking Alpha and the net 

anomaly measure, as of the end of month t, and FE denotes industry × calendar-month fixed-effects. 

We classify industry using the Fama-French (1992) 10 industry classification which aligns closely with 

Seeking Alpha’s 11 sectors classification.  We standardize Quant Rating and Net Anomaly to have mean 

zero and unit variance, and we cluster standard errors by firm and time.  

Table 2 reports the results. As expected, we find a strong positive relation between Net Anomaly 

and Quant Rating. The point estimate indicates that a one-standard deviation increase in Net Anomaly 

is associated with a 0.28% standard deviation increase in Quant Rating. The estimate is also highly 

statistically significant (t-stat = 28.48). We note, however, that the r-squared from the model is only 

8%, indicating that the overwhelming majority of the variation in Quant Ratings is unexplained by the 

Net Anomaly measure. 

One potential explanation for the relatively low r-squared is that Quant Ratings overweight 

certain anomalies and underweight (or even contradict) other anomalies. To explore this possibility, 

Specification 2 reports the results from regressing Quant Rating on the Net Anomaly score for 13 

different factor clusters. We observe significant heterogeneity in the estimates across factor clusters. 

For example, Quant Rating is strongly related to Momentum, Value, Low Risk, Profit Growth, and Quality. 

The large loadings align well with the metrics that Seeking Alpha reportedly emphasizes. For example, 

Momentum, Value and Profit Growth are explicitly mentioned in the factor grades and many of the metrics 

that drive the profitability factor score (e.g., return on assets) are included in the Quality factor cluster. 

At the same time, Quant Ratings exhibit negative correlations with a few factors, including  Size and 

Reversal. The negative loading on the Size cluster (i.e., recommending larger stocks) and the positive 

loading on Low Risk is consistent with SA claims that Quant Ratings also consider size and risk. The 

negative loading on Reversals, which includes one-month return reversals (Jegadeesh, 1990), is likely 
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driven by the fact that the momentum strategies considered by SA do not follow the common 

academic convention of skipping the most recent one-month return.   

 

3. Quant Ratings and the Cross-Section of Stock Returns 

In this section, we examine whether Quant Ratings contain useful information for predicting 

stock returns. At the end of each month, from December 2015 through November 2022, we form 

five portfolios by sorting stocks based on their Quant Recommendation. We also consider a long-short 

portfolio that goes long stocks with a Strong Buy recommendation and short stocks with a Strong Sell 

recommendation. For each portfolio, we report the average monthly return in the month following 

portfolios formation (i.e., January 2016 through December 2022). We report raw-returns and alphas 

from the following factor models:  1) the market model (CAPM Alpha), the Fama-French (1993) three-

factor model (3-factor alpha), the Carhart (1997) four-factor model (4-Factor Alpha), the Fama-

French (2015) five-factor model (5-factor alpha), and the Fama-French (2015) five-factor model 

augmented to include the Carhart (1997) momentum factor (6-factor Alpha).  

Panels A and B of Table 3 report the equal-weighted and value-weighted portfolio returns. 

Across all the return measure considered, we find that average portfolio returns increase with the 

quantitative recommendation. For example, the equal-weighted CAPM alpha increases from -1.17% 

for the strong sell portfolio to 0.81% for the strong buy portfolio, and the difference between the long 

and short portfolio of 1.99% is economically large and statistically significant. Including additional 

factors tends to attenuate the magnitudes. For example, the six-factor alpha falls to 1.38%, but the 

estimate remains highly significant. The long-short portfolio return estimates are very similar for the 

value-weighted portfolios, which suggests that the return predictability of quant ratings is present in 

larger and more liquid stocks. This finding is particularly important given the evidence that SA 

coverage exhibits a strong tilt towards larger companies (Farrell et al., 2022).  
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Figure 1 also reports the factor-loadings from the value-weighted six-factor model. Consistent 

with the estimates in Table 2, we find that the long-short portfolios load heavily on value stocks, 

momentum stocks, stocks with high profitability, and larger stocks.  A comparison of the 6-factor 

alpha (1.21%) and the CAPM alpha (1.98%) suggests that passive factor loadings contributed roughly 

0.75% to monthly returns.10  

Figure 2 reports the value-weighted monthly CAPM alpha for each year in the sample. We see 

that the estimates are positive in six of the seven years considered. We also note that the alphas were 

statistically significant in both the three-year pre-event window (2016-2018) and the three-year post-

event window (2020-2022). The latter finding is particularly important since it suggests that investors 

could potentially benefit from Quant Ratings even after they were made publicly available on the 

Seeking Alpha platform.  

 

4. Do SA Contributors Use Quant Ratings? 

The results from the prior section suggest that Quant Ratings contain useful information that 

can potentially enhance the informativeness of SA research reports. In this section we explore whether 

SA contributors do, in fact, incorporate Quant Ratings into their analysis. 

4.1 The Frequency of “Quant” Reports 

We begin by counting the number of SA reports that mention words commonly associated 

with SA’s new quantitative ratings (hereafter Quant Reports). Specifically, we search all SA reports for 

any of the following expressions: ‘quant’, factor grade', 'value grade', 'growth grade', 'profitability 

 
10 There is considerable debate over whether the returns attributable to factor loadings are compensation for risk or 
mispricing. We do not take a stance on this issue. However, we note that studies that rely on the revealed preferences of 
retail investors using mutual fund flows conclude that investors treat returns attributable to non-market factor loadings as 
alpha (see, e.g., Berk and van Binsbergen, 2016, Barber, Huang, and Odean, 2016, and Clifford, Fulkerson, Jame, and 
Jordan, 2021).  
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grade’, ‘momentum grade', or 'revisions grade'.11  Appendix B provides excerpts from a bullish and 

bearish Quant Report.  While anecdotal, these excerpts do indicate that SA quant ratings are directly 

incorporated in at least some SA reports. 

To provide more systematic evidence, Figure 3 plots the total number of Quant Reports over 

each year in the sample period. We see that the total number of quant reports in the three years prior 

to the introduction of quant ratings is small ranging from 10 reports in 2016 to 48 reports in 2018. In 

sum, of the 46,798 reports issued in the three-year pre period, 71 reports (0.15%) are classified as 

Quant Reports.  In contrast, in the three-year post period 1,583 reports (3.15%) are classified as Quant 

Reports. Although the 3.15% estimate is not particularly large in absolute terms, it does reflect a more 

than 20-fold increase relative to the pre-period estimate.  Further, the estimates have been steadily 

increasing over time, which points to the possibility that quant ratings may become more prevalent in 

the future. Lastly, we note that quant ratings may influence SA contributors reports even when SA 

contributors do not explicitly cite Seeking Alpha’s quant ratings or factor grades.  We further explore 

this possibility in Section 4.3.  

4.2  SA Report Recommendations and Quantitative Ratings 

Our second test examines whether SA report recommendations (i.e., Buy, Hold, or Sell) become 

more correlated with Quant Ratings after they are made available on the platform. We estimate the 

following panel regression: 

𝑆𝑆𝑆𝑆 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑎𝑎𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑖𝑖𝑖𝑖 =  𝛼𝛼 + 𝛽𝛽1𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑖𝑖𝑖𝑖 + 𝛽𝛽1𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑖𝑖𝑖𝑖 ×

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑡𝑡 +  𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑡𝑡 + 𝜀𝜀𝑖𝑖𝑖𝑖.  

(2) 

 

The dependent variable, SA Report Recommendation, is either Report Rating, Buy, or Sell. Report Rating 

equals one for SA reports making a buy recommendation, negative one for SA reports making a sell 

 
11 We also allow for minor variants of each expression such as ‘grade for value’ instead of ‘value grade’.  
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recommendation, and zero for all other reports; Buy is an indicator equal to one if the SA Report is 

making a buy recommendation and zero otherwise, and Sell is an indicator equal to one if the SA 

Report is making a sell recommendation and zero otherwise. Quant Rating is the quantitative rating 

and Post is an indicator equal to one if the report was written in the post-period (2020-2022) and zero 

if the report was written in the pre-period (2016-2018).12  Time denotes calendar-day fixed effects, 

and standard errors are clustered by both firm and date.  

 Specifications 1 of Table 4 reports the results where the dependent variable is Report Rating. 

We find that the coefficient on Quant Rating is insignificant suggesting that Report Rating was unrelated 

to Quant Ratings prior to the introduction of quant ratings. In contrast, the coefficient on Quant Rating 

× Post is positive and significant. The point estimate indicates that a one-unit increase in the quant 

rating (e.g., moving from a Hold to a Buy) is associated with a roughly five percentage point increase 

in Report Rating. This estimate corresponds to an increase of roughly 12% relative to the mean of Report 

Rating (0.42). Specifications 2 and 3 replace Report Rating with the Buy and Sell indicators, respectively. 

We find that increases in the quant rating strongly increase the likelihood of issuing a buy 

recommendation (Specification 2), but they do not decrease the likelihood of issuing a sell 

recommendation.  

Quant Ratings are primarily designed to identify better performing stocks among the cross-

section of stocks. Nevertheless, stocks do exhibit significant time-series variation in their quant ratings 

(e.g., momentum scores frequently change), and it is interesting to explore whether investors are more 

likely to recommend a given stock when its quant rating is high relative to its typical quant rating. 

Accordingly, Specifications 4-6 augment Equation (2) by adding firm fixed effects. We find that the 

estimates, while slightly smaller in magnitude, are qualitatively similar. 

 
12 Our main analysis excludes 2019, the year of the event. However, we include 2019 in the event-time analysis reported 
in Figure 5.  
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 We next repeat the analysis in Specifications 1-3 after replacing Quant Rating with indicators 

for the different quantitative recommendations: Strong Buy, Buy, Sell, and Strong Sell (where Hold is the 

omitted group). Figure 4 plots the coefficient estimates on each of the quantitative recommendation 

indicators interacted with Post. We observe a monotonic pattern. We also find that the effects are 

particularly strong for the Strong Sell category. For example, the increase in the probability of an SA 

report issuing a buy recommendation in the post-period is 6.46 percentage for stocks with a Quant 

Recommendation of Strong Buy compared to a 17.44 percentage point decline for stocks with a Strong 

Sell recommendation. We also find that a quant recommendation of Strong Sell is associated with a 

roughly 14 percentage point reduction in the likelihood of issuing a report with a buy recommendation 

(a 28% decrease relative to the mean of Buy) and a 3.3 percentage point increase in the likelihood of 

issuing a report with sell recommendation (a 43% increase relative to the mean of Sell). 

One concern is that the increased correlation between SA report recommendation and Quant 

Ratings could reflect a shift of SA contributors towards more quantitative methods (e.g., machine 

learning models) that is independent of the introduction of quantitative ratings on the SA platform. If 

so, we might expect a gradual increase in the correlation between SA report recommendations and 

Quant Ratings over time. To explore this possibility, we repeat Specification 1 of Table 4 after replacing 

Quant Rating and Quant Rating× Post with Quant Rating interacted with indicators for each year of the 

sample (2016-2022). Figure 5 reports the results. There is no obvious time-series trend in the pre-

period (2016-2018). In particular, the estimates on Quant Rating are statistically insignificant in all three 

years, and the estimate is largest in the first year of the sample, which is inconsistent with pre-trends 

driving the results. We find significant increases in each year of the post-period. The largest estimate 

is in 2022 which also corresponds to the year with the largest increase in the number of Quant Reports 

(see Figure 3).   

4.3 SA Report Recommendations and Quantitative Ratings – Quant Reports versus Non-Quant Reports 
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The results from the prior section suggest that after Quant Ratings were made available on the 

SA platform, SA report recommendations became more correlated with Quant Ratings. Intuitively, we 

would expect this effect to be particularly strong in reports that explicitly mention some sort of 

quantitative analysis (Quant Reports). However, we also conjecture that Quant Ratings may help align SA 

report recommendations with quantitative metrics even when the research report does not explicitly 

mention quant (Non-Quant Reports). For example, a user who was planning on writing a bullish report 

may chose not to write the report after observing very poor quantitative ratings. In other words, quant 

ratings may not only increase the probability of issuing report recommendations that align with 

quantitative metrics, but they may also reduce the probability of issuing report recommendations that 

are inconsistent with quant ratings. This reduction of misaligned reports is consistent with the findings 

in Figure 4 that highlight a strong reduction in the probability of writing bullish articles for stocks with 

a strong sell quant recommendation.  

We separately examine the impact of Quant Reports and Non-Quant Reports by repeating the tests 

in Table 4 after partitioning Quant Rating × Post into Quant Rating × Post × Non-Quant Report and Quant 

Rating × Post × Quant Report, and we also include a Post ×Quant Report indicator.13 Table 5 reports the 

results.  We find that the coefficient on Quant Rating × Post × Non-Quant Report remains statistically 

significant. Further, the point estimate, 4.50%, is about 90% of the baseline estimate (5.02%). This 

finding is consistent with our prediction that Quant Ratings help align SA report recommendations with 

quantitative measures even when the report does not explicitly mention quantitative words. 

The coefficient on Quant Rating × Post × Quant Report is highly significant, both statistically 

and economically. The point estimate is 17.01, which represents a roughly 40% increase relative to the 

sample mean.  We observe similarly lager estimates on Quant Rating × Post × Quant Report when we 

 
13 We do not conduct an analogous partition for pre-period reports because the sample of pre-period Quant Reports is 
very small (see Figure 3). 
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replace Report Rating with separate Buy and Sell indicators (Specifications 2 and 3), or when we add firm 

fixed effects (Specifications 4-6).  We also confirm that the 17.01% estimate for Quant Rating × Post × 

Quant Report is significantly greater than the 4.50% estimate for Quant Rating × Post × Non-Quant Report 

in all six specifications. Thus, as expected, reports that explicitly mention quantitative metrics issue 

report recommendations that are more closely aligned with quant ratings.   

 

5. Quant Ratings and the Informativeness of SA Research 

The findings from Section 4 indicate that SA report recommendations became more correlated 

with quant ratings after quantitative ratings were made available on the SA platform.  Further, Section 

3 documents that quant ratings are strongly predictive of future returns. Taken together, these findings 

point to the possibility that SA report recommendations became more predictive of future returns 

(i.e., more informative) following the release of the quant ratings. We investigate this possibility next. 

5.1 Quant Ratings and the Informativeness of SA Research – Baseline Results 

We explore changes in report informativeness following the release of the quant ratings using 

the following regression: 

𝑅𝑅𝑅𝑅𝑅𝑅𝑖𝑖𝑖𝑖+1,𝑡𝑡+𝑥𝑥 =  𝛼𝛼 + 𝛽𝛽1𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 × 𝑃𝑃𝑃𝑃𝑃𝑃𝑡𝑡 + 𝛽𝛽2𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑖𝑖𝑖𝑖 × 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑡𝑡 × 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑖𝑖𝑖𝑖
+ 𝛽𝛽3𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑖𝑖𝑖𝑖 × 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑡𝑡 × 𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑖𝑖𝑖𝑖 + 𝛽𝛽4𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑡𝑡 × 𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑖𝑖𝑖𝑖 + 𝐹𝐹𝐹𝐹 + 𝜀𝜀𝑖𝑖𝑖𝑖. 

  

(3) 

The dependent variable, 𝑅𝑅𝑅𝑅𝑅𝑅𝑖𝑖𝑖𝑖+1,𝑡𝑡+𝑥𝑥, is the market-adjusted stock return measures over the 

subsequent week (i.e., x = 5 trading days), the subsequent month (x=21), or the subsequent quarter 

(x=63).  For SA reports that occur outside of trading hours, we define day [0] as the date on which an 

investor could have first traded on the report. For example, if a report was issued at 5 pm on Tuesday, 

August 1, we classify the date of the report as Wednesday, August 2, and we define the [1,5] day return 

as the return from Thursday, August 3 through Wednesday, August, 9.  We exclude the Day [0] return 

to reduce the impact of potentially confounding news that could influence both the report and the 
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Day [0] return.14   Report Rating equals one for SA reports making a buy recommendation, negative one 

for SA reports making a sell recommendation, and zero for all other reports. Pre is an indicator equal 

to one for SA reports issued over the 2016-2018 period and zero otherwise, and Post is an indicator 

for reports issued over the 2020-2022 period and zero otherwise.  Non-Quant and Quant are indicators 

for non-quant reports and quant reports, respectively. FE denote calendar year fixed effects, and 

standard errors are clustered by firm and date.  

Table 6 reports the results. We find that Report Rating × Pre is generally insignificant which suggests 

that SA report recommendations were not informative over the 2016-2018 sample period. We also do 

not observe a robust relation between future returns and SA report recommendations of non-

quantitative reports in the post-period. However, the coefficient on Report Rating × Post × Quant is 

highly significant across all return horizons. The point estimates indicate that for Quant Reports issued 

in the post period, a one-unit increase in SA report recommendations (i.e., moving from a hold to a 

buy) is associated with 0.86% higher returns over the subsequent week, 1.88% higher returns over the 

subsequent month, and 3.17% higher returns over the subsequent quarter. These estimates are all 

statistically significant. Further, the estimates on Report Rating × Post × Quant are also significantly 

larger than the estimates on Report Rating × Pre and Report Rating × Post ×Non- Quant, indicating that 

Quant Reports are more informative than SA reports issued in the pre-period and more informative 

than Non-Quant Reports issued in the post-period.  

5.2 Quant Ratings and the Informativeness of SA Research – Return Decomposition 

The superior performance of Quant Reports could stem from two factors. First, Quant Reports 

may simply benefit from tilting their recommendations towards stocks with high quant ratings, which 

 
14 Chen et al. (2014) adopt a similar methodology, but they skip two days (i.e., days 0 and 1). We have repeated our tests 
using this approach, and we find very similar results.    
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tend to earn higher future returns (Table 3). Second, Quant Reports may be able to identify better 

performing stocks event among stocks with very similar quant ratings.  

  To estimate the relative importance of these two mechanisms, each day we sort stocks into 

100 portfolios based on the quant rating (Quant Portfolio). The typical Quant Portfolio contains 25 stocks, 

and the median spread between the maximum and minimum quant rating within a Quant Portfolio is 

0.01.  We define Quant Style Return as the average return across all stocks in the Quant Portfolio, and we 

define the Quant Adjusted Return as the difference between the stock return and the Quant Style Return. 

Thus, the Quant Style Returns capture the average returns attributable to recommending a stock with a 

specific Quant Rating while Quant Adjusted Return captures stock-picking ability holding the Quant Rating 

(essentially) constant.  

Specifications 1-3 and 4-6 of Table 7 repeat the analysis in Table 6 after replacing market-

adjusted returns with Quant Style Return and Quant Adjusted Returns, respectively. We find that Report 

Rating × Post × Quant is significantly related to Quant Style Return over both a one-month and one-

quarter horizon. The one-quarter result suggests that Quant Reports tendency to recommend stocks 

with higher quant ratings results in 2.09% higher returns, which accounts for roughly two-thirds of 

the total return predictability documented in Table 6. We also find that Report Rating × Post × Quant is 

positively related to Quant-Adjusted Returns, although the estimate loses statistical significance at the 

one-quarter horizon. Nevertheless, the shorter horizon results are consistent with Quant Reports having 

some ability to identify better performing stocks within a quant rating.  

5.3 Quant Ratings and the Informativeness of SA Research – Robustness 

In this section, we examine whether the findings from Tables 6 and 7 are robust to different 

research design choices. In the interest of brevity, we focus on the 63-day return horizon, and we only 

report the coefficients testing whether Quant Reports are more informative than pre-period reports (Post 
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× Quant - Pre) and more informative than post-period Non-Quant Reports (Post × Quant - Post × Non-

Quant).  For reference, Row 1 of Table 8 reports the baseline results from Tables 6 and 7.  

The year-by-year results reported in Figures 3 and 5 suggest that quant ratings began 

influencing SA reports immediately in 2019. Accordingly, in Row 2, we expand the definition of Post 

to include 2019.  We find the results are qualitatively unchanged. One concern is that our results are 

being driven by a few meme stocks that generated very extreme returns during the post-period. To 

explore this concern, we follow Bradley et al. (2023) and repeat the analyses after excluding GME and 

AMC (Row 3). As a more general way to explore the influence of extreme returns, we also repeat the 

tests after winsorizing returns at the 1st and 99th percentile (Row 4). Using either approach, we find 

that the results are very similar, which alleviates the concern that our results are being driven by a 

small subset of meme stocks or a few outliers. Finally, in Rows 5 and 6, we replace the Report Rating 

measure with the Buy and Sell indicators, respectively. Due to the relatively small sample of sell 

recommendations, the standard errors for Sell are much larger, and the estimates for market-adjusted 

returns are no longer reliably different from zero.  However, the point estimates for both the Buy and 

Sell are very similar to each other (in absolute terms), suggesting that the informativeness of Quant 

Reports is similar for both buy and sell recommendations.  

 

6. Conclusion 

The last two decades have witnessed a sharp increase in the importance of social media as an 

information source. While a growing literature studies the informativeness of specific social media 

sites, relatively little is known about how specific features of social media influence information 

production by contributors. This paper explores whether access to quantitative research can influence 

and enhance social media research. Our empirical strategy exploits the introduction of quantitative 

ratings on the Seeking Alpha platform as a shock to the availability of quantitative research.  
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We first confirm that the quantitative ratings are useful. In particular, the quant ratings 

provided by SA are related to common academic measures of mispricing, and they strongly predict 

future returns.  After the introduction of quant ratings, we observe a 20-fold increase in the proportion 

of SA reports mentioning “quant” or other quant-related words (Quant Reports). In addition, SA report 

recommendations become more correlated with quant ratings, particularly among Quant Reports. 

Lastly, we find evidence that Quant Report recommendations outperform both in absolute terms, and 

relative to both pre-period reports and post-period Non-Quant Reports. A performance decomposition 

indicates that the superior performance of Quant Reports is at least partially attributable to the fact 

Quant Reports systematically recommend stocks with high quant ratings, which exhibit higher average 

returns.  

Overall, we conclude that Quant Ratings have contributed to more informative research on the 

SA platform. This finding has meaningful implications for contributors, consumers, and designers of 

social media sites. For contributors, we note that the percentage of Quant Reports, while rapidly 

growing, is still a relatively small fraction of total reports. Thus, our evidence suggests that contributors 

would benefit from more regularly incorporating quantitative research into their analysis. Similarly, 

consumers of SA research should, all else equal, gravitate towards reports that include some 

quantitative analysis, and other social media platforms may potentially benefit by providing their own 

versions of quantitative ratings.15 Even SA may be able to further enhance the informativeness of their 

site by making platform design changes that increase the salience of quant ratings. For example, SA 

could offer prompts for contributors to review quantitative ratings before submitting research reports 

or issue warning notifications to contributors when they submit a research report with a 

recommendation that is inconsistent with the quant ratings. 

 
15 Starting in September of 2021, TipRanks introduced “Smart Score Stocks”, their own version of a proprietary 
quantitative scoring system: (https://www.tipranks.com/screener/top-smart-score-stocks).  

https://www.tipranks.com/screener/top-smart-score-stocks


  

22 
 

 

References 
 
Barber, B., Huang, X., Odean, T., 2016. Which factors matter to investors? Evidence from mutual 

fund flows. Review of Financial Studies 29, 2600-2642. 

Berk, J., and van Binsbergen, J., 2016. Assessing asset pricing models using revealed preferences. 
Journal of Financial Economics 119, 1-23. 

Birru, J., Gokkaya, S., Liu, X., and Markov, S., 2022. Quants and market anomalies. Working paper.  

Bradley, D., Hanousek Jr., J., Jame, R., and Ziao, Z., 2023. Place your bets? The market consequences 
of investment research on Reddit’s Wallstreetbets. Working paper. 

Calluzo, P., Moneta, F., and Topaloglu, S., 2019. When anomalies are publicized broadly, do 
institutions trade accordingly? Management Science 65, 4555-4574. 

Carhart, M., 1997. On persistence in mutual fund performance. Journal of Finance 52, 57-82.  

Chawla, N., Da, Z., Xu, J., and Ye, M., 2022. Information diffusion on social media: Does it affect 
trading, returns and liquidity? Working paper.  

Chen, A., 2021. The limits of p-Hacking: Some thought experiments.  Journal of Finance 76, 2447-2480.  

Chen, H., De, P., Hu, J., and Hwang, B.H., 2014. Wisdom of the crowds: The value of stock opinions 
transmitted through social media. Review of Financial Studies 27 (5), 1367-1403. 

Clifford, C., Fulkerson, J., Jame, R., and Jordan, B., 2021. Salience and mutual fund investor demand 
for idiosyncratic volatility. Management Science 67, 5234-5254. 

Cookson, J.A., Lu, R., Mullins, W., and Niessner, M., 2023. The social signal. Working paper. 

Crawford, S., Gray, W., Johnson, B., and Price, R., 2018. What motivates buy-side analysts to share 
recommendations online? Management Science 64 (6), 2473-2972.  

Edelen, R., Ince, O., and Kadlec, G., 20216. Institutional investors and stock return anomalies. Journal 
of Financial Economics 119, 472-488. 

Engelberg, J., McClean, D., and Pontiff, J., 2020. Analysts and anomalies. Journal of Accounting and 
Economics 69, 1-13. 

Fama, E., and French, K., 1992. The Cross-Section of Expected Stock Returns. Journal of Finance 47, 
427-465 

Fama, E., and French, K., 1993. Common risk factors in the returns on stocks and bonds. Journal of 
Financial Economics 33, 3-56. 

Fama, E., and French, K., 2015. A five-factor asset pricing model. Journal of Financial Economics 116, 1-
22. 



  

23 
 

Farrell, M., Green, T.C., Jame, R. and Markov, S., 2022. The democratization of investment research 
and the informativeness of retail investor trading. Journal of Financial Economics 145(2), 614-641. 

Giannini, R., Irvine, P., and Shu, T., 2018. Nonlocal disadvantage. An examination of social media 
sentiment. Review of Asset Pricing Studies 8(2), 293-336. 

Guo, L., Li, F.W., and Wei, K.C., 2020. Security analysts and capital market anomalies. Journal of 
Financial Economics 137, 204-230.  

Jame, R., Johnston, R., Markov, S., and Wolfe, M., 2016. The value of crowdsourced earnings 
forecasts. Journal of Accounting Research 54(4), 1077-1110. 

Jegadeesh, N., 1990. Evidence of predictable behavior of security returns. Journal of Finance 45, 881-
898. 

Jegadeesh, N., and Titman, S., 1993. Returns to buying winners and selling losers: Implications for 
market efficiency.  Journal of Finance 48, 65-91. 

Jensen, T., Kelly, B., and Pedersen, L, 2022. Is there a replication crisis in finance? Journal of Finance, 
forthcoming. 

McClean, D., and Pontiff, J., 2016. Does academic research destroy stock return predictability? Journal 
of Finance 71, 5-31. 

McClean, D., Pontiff, J., and Reilly, C., 2022. Taking sides on return predictability. Working paper. 

Novy-Marx, R., 2013. The other side of value: The gross profitability premium. Journal of Financial 
Economics 108, 1-28. 

Tumarkin, R. and Whitelaw, R.F., 2001. News or noise? Internet postings and stock price, Financial 
Analyst Journal 57, 41-51. 

 



  

24 
 

Appendix A: Example of Quant Ratings, Factor Grades, and Sector Comparison Data 
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Appendix B: Examples of Quant Reports: 

Bullish Article Example: Assertio Holdings: Acquiring Good Products Is The Key To Success 

Assertio has grown through its cost-saving ability and above all through targeted and strategic 
acquisitions of products on the market. The last two acquisitions made in 2021 and 2022 are called 
OTREXUP and Sympazan and represent new assets that have rightfully entered Assertio's 
technological sales funnel. There seems to be no shortage of results and with strong growth in 
turnover (exceeding expectations) and an EBIT Margin of 29.9%, we can state that the corporate 
strategies have worked well at the moment…Last but not least the share price evaluation seems to be 
particularly advantageous, and my rating is buy… 

To compare ASRT with similar companies in terms of market capitalization in the Pharmaceuticals 
industry I have defined the following peers: 

• Xeris Biopharma Holdings, Inc. (XERS) 
• ProPhase Labs, Inc. (PRPH) 
• CorMedix Inc. (CRMD) 
• Citius Pharmaceuticals, Inc. (CTXR) 

Using Seeking Alpha's Quant Ratings we have a ‘Strong Buy’ verdict related to the ‘Hold’ or ‘Strong 
Buy’ rating of the others company. 

 

 

Under the Quant Factor Grades point of view, we can see how Assertio is really outstanding in 
every area from Valuation to Growth, Profitability, and Momentum. Only in EPS Revision the grade 
is not outstanding but is a respectable ‘A’. This comparison allows us to understand how at this 
moment Assertio is experiencing an astral alignment of all the positive ratios in his favor and that his 
peers are unable to reach this rating.

https://seekingalpha.com/symbol/XERS?hasComeFromMpArticle=false&source=content_type%253Areact%257Csection%253Amain_content%257Cbutton%253Abody_link
https://seekingalpha.com/symbol/PRPH?hasComeFromMpArticle=false&source=content_type%253Areact%257Csection%253Amain_content%257Cbutton%253Abody_link
https://seekingalpha.com/symbol/CRMD?hasComeFromMpArticle=false&source=content_type%253Areact%257Csection%253Amain_content%257Cbutton%253Abody_link
https://seekingalpha.com/symbol/CTXR?hasComeFromMpArticle=false&source=content_type%253Areact%257Csection%253Amain_content%257Cbutton%253Abody_link
https://static.seekingalpha.com/uploads/2022/12/20/55903862-16715721463111024_origin.png
https://static.seekingalpha.com/uploads/2022/12/20/55903862-16715721464358454_origin.png
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Bearish Article Example: “Nordstrom: Department Store Retail Is A Tough Business”: 

I shorted Nordstrom (NYSE:JWN) again this week after posting my momentum sort results on 
struggling Midcap S&P 400 picks. After mentioning the stock in a bearish article in early May, 
Nordstrom has continued to slide in price and underlying value… 

To illustrate just how rotten business has been for Nordstrom, and the difficult investment headwinds 
for the stock, I have pictured some Seeking Alpha data points to consider below. The Quant, computer-
driven score for the company is one of the worst in the SA database during 2020. The current 1.48 
score is rated as Very Bearish. The company holds the last place position for underlying business 
strength in the Department Store group and ranks 405 out of 441 in the Retail universe followed. It lands 
in the bottom 10% of all 3932 stocks sorted by SA. The SA Quant rating system includes the 
company’s financial results, the stock’s trading history, and sell-side analyst estimates of future revenue 
and earnings, among other data. 

 

 

 

https://seekingalpha.com/symbol/JWN?hasComeFromMpArticle=false&source=content_type%253Areact%257Csection%253Amain_content%257Cbutton%253Abody_link
https://seekingalpha.com/article/4376049-midcap-s-and-p-400-avoid-sell-and-short-candidates?hasComeFromMpArticle=false&source=content_type%253Areact%257Csection%253Amain_content%257Cbutton%253Abody_link
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Appendix C: Variable Definitions 

• Quant Rating: a proprietary quantitative rating constructed by Seeking Alpha. These ratings 
were disclosed on Seeking Alpha beginning in June of 2019. We collect backfilled quantitative 
ratings beginning in 2015.  

• Quant Recommendation: quantitative recommendations constructed by Seeking Alpha. Seeking 
Alpha converts quantitative ratings into quantitative recommendations using the following 
scale: Strong Sells (Quant Rating < 1.5), Sells (1.5 <=Quant Rating <2.5), Hold (2.5 <=Quant 
Rating <3.5), Buys (3.5 <=Quant Rating <4.5), and Strong Buys (Quant Rating >=4.5).  

o Strong Buy – an indicator equal to one the quantitative recommendation is Strong Buy 
and zero otherwise. Buy, Hold, Sell, and Strong Sell are defined analogously.  

• Buy Report: an indicator equal to one if the SA report recommends a “Buy” or a “Strong Buy”.   
• Sell Report: an indicator equal to one if the SA report recommends a “Sell” or a “Strong Sell”.  
• Report Rating:  a measure of the sentiment of the SA report. Report Rating equals +1 for Buy 

Reports, -1 for Sell Reports, and zero for all other reports. 
• Net Anomaly: the number of times the stock appears in the long leg of an anomaly portfolio 

less the number of times the stock appears in the short leg. This measure is computed over 
118 different anomalies that were found to be significant predictors of returns in Jensen, Kelly, 
and Pedersen (2022).  We list the 118 firm characteristics in Table IA.1 of the Internet 
Appendix.  

• Net Factor Cluster: the number of times the stock appears in the long leg of an anomaly less the 
number of times the stock appears in the short leg for the subset of anomalies that belong to 
a specific factor cluster. We consider 13 different factor clusters studied in Jensen, Kelly, and 
Pedersen (2022): Value, Profitability, Profit Growth, Momentum, Quality, Accruals, Debt Issuance, 
Investment, Low Leverage, Low Risk, Seasonality, Size, and Reversal. The link between specific 
anomalies and factor clusters is provided in Table IA.1 of the Internet Appendix.  

• Post: an indicator equal to one for the three-year period following the introduction of quant 
ratings (2020-2022) and zero for the three-year period prior to the introduction of quant 
ratings (2016-2018).     

• Quant Report: an SA report that mentions at least one of the following words in the report: 
‘quant’, factor grade', 'value grade', 'growth grade', 'profitability grade’, ‘momentum grade', or 
'revisions grade or minor variants of each expression (e.g., ‘grade for value’).  

• Reti,t+x: the buy and hold return starting on day t+1 and ending on t+x, where we set x equal 
to five days, 21 days, or 63 days, and day t  is the day where an investor could first trade on 
the report. We consider three different return measures: 

o Market-Adjusted Return: the difference between the raw return and the value-weighted 
market return 

o Quant Style Return: the average return across all stocks in the same Quant Percentile as the 
stock 

o Quant Adjusted Return: the difference between the raw return and the Quant Style Return.  
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Figure 1: Factor Loading of Long-Short Portfolio Sorted on SA Quantitative Ratings 
This figure plots the factor-loadings from time series regressions where the dependent variable is the monthly return on 
the Strong Buy – Strong Sell portfolio analyzed in the last column of Table 3 and the independent variables are the monthly 
returns on the Fama-French (2015) five factors plus the Carhart (1997) momentum factor. The blue bars report the factor 
loadings for equal-weighted portfolios (Panel A of Table 3), and the orange bars report the loadings for value-weighted 
portfolios (Panel B of Table 3). Standard errors are computed from the time-series standard deviation, and the error bars 
report the 95% confidence intervals. 
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Figure 2: Returns to Long-Short Portfolios sorted on SA Quantitative Ratings by Year  
This figure plots the value-weighted monthly CAPM Alpha of the Strong Buy – Strong Sell portfolio, analyzed in the last 
column of Table 3, year by year. We also report the estimates over a pre-period (2016-2018) and a post-period (2020-
2022).  Standard errors are computed from the time-series standard deviation, and the error bars report the 95% confidence 
intervals.

-6.00%

-4.00%

-2.00%

0.00%

2.00%

4.00%

6.00%

8.00%

2016 2017 2018 2019 2020 2021 2022 Pre Post

M
on

th
ly

 C
A

PM
 A

lp
ha



  

30 
 

 
Figure 3: Frequency of Quant Reports by Year 
This figure plots the total number of Quant Reports for each year in the sample. We identify a report as a Quant Report if the 
report mentions at least one of the following quant words in the report: ‘quant’, factor grade', 'value grade', 'growth grade', 
'profitability grade’, ‘momentum grade', or 'revisions grade or minor variants of each expression (e.g., ‘grade for value’),  
The red lines separate the period prior to the introduction of SA quantitative ratings (2016-2018) and the period  after the 
introduction of the quantitative ratings (2020-2022).  
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Figure 4: SA Report Recommendations and Quantitative Recommendations 
This figure repeats the analysis in Specifications 1-3 of Table 4 after replacing Quant Rating with indicators for the different 
quantitative recommendations: Strong Buy, Buy, Sell, and Strong Sell (where Hold is the omitted group). The figure plots the 
coefficient estimates on the quant recommendation indicators interacted with Post when the dependent variable is either 
Report Rating (Specification 1), Buy (Specification 2), or Sell (Specification 3). Standard errors are clustered by firm and date, 
and the error bars report 95% confidence intervals.
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Figure 5: SA Report Recommendations and Quantitative Ratings by Year 
This figure repeats the analysis in Specification 1 of Table 4 after replacing Quant Rating and Quant Rating× Post with Quant 
Rating interacted with indicators for each year of the sample (2016-2022). The figure plots the estimates on the Quant Rating 
interacted with each of the year indicators.  Standard errors are clustered by firm and date, and the error bars report 95% 
confidence intervals.
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 Table 1: Descriptive Statistics 
This table reports summary statistics by year. CRSP Sample is the number of common stocks (share codes 10 and 11) in the CRSP database, Quant Rating Sample is the 
number of stocks in the CRSP Sample that also have a quantitative rating on Seeking Alpha (SA). SA Report Sample is the number of stocks in the CRSP Sample with at 
least one Seeking Alpha research report during the calendar year. SA Reports is the total number of SA reports across all stocks in the CRSP Sample, and Reports & 
Quant Rating is the total number of SA reports across all stocks in the Quant Rating Sample. Buy Reports and Sell Reports report the percentage of SA reports recommending 
a buy and sell recommendation, respectively.  We classify an SA report as a buy recommendation if the author rating is either “Buy” or Strong Buy”, and we classify 
an SA report as a sell recommendation if the author rating is either “Sell” or “Strong Sell”.  Panel B reports summary statistics for the distribution of SA’s quantitative 
rating, which range from 1 to 5. We report the mean and standard deviation of the quant ratings. We also report the fraction of all stocks that are rated as Strong Sells 
(Quant Rating < 1.5), Sells (1.5 <=Quant Rating <2.5), Hold (2.5 <=Quant Rating <3.5), Buys (3.5 <=Quant Rating <4.5), and Strong Buys (Quant Rating >=4.5). 
Panel A: Sample Size and SA Report Tone 

Year  CRSP Sample Quant Rating Sample SA Report Sample  SA Reports  Reports & Quant Rating Buy Reports Sell Reports 
2016 4,020 2,099 2,267 21,117 16,178 41% 7% 
2017 3,943 2,244 2,144 20,878 16,851 41% 5% 
2018 3,950 2,461 2,172 17,268 13,769 50% 5% 
2019 3,952 2,968 2,206 15,587 12,947 61% 15% 
2020 4,083 2,872 2,515 16,629 15,036 58% 12% 
2021 4,774 3,061 3,011 17,362 14,362 64% 8% 
2022 4,742 3,543 3,078 22,172 20,824 59% 9% 

Average 4,209 2,750 2,646 18,716 15,710 54% 9% 
        

Panel B: Distribution of Quantitative Ratings and Recommendations 
Year Average Quant Rating Std Dev. Quant Rating Pct. Strong Sell Pct. Sell Pct. Hold Pct. Buy Pct. Strong Buy 
2016 2.95 0.88 8% 8% 65% 10% 9% 
2017 2.92 0.88 7% 8% 64% 11% 10% 
2018 2.93 0.88 8% 7% 65% 10% 10% 
2019 2.92 0.89 7% 8% 63% 11% 10% 
2020 2.96 0.87 7% 8% 65% 10% 9% 
2021 2.99 0.91 9% 10% 62% 10% 9 % 
2022 2.96 0.92 9% 10% 61% 10% 10% 

Average 2.95 0.89 8% 8% 64% 10% 9% 
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Table 2: Determinants of SA Quantitative Ratings  
This table reports estimates from the following regression: 

𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑖𝑖𝑖𝑖 =  𝛼𝛼 + 𝛽𝛽1𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑖𝑖𝑖𝑖 + 𝐹𝐹𝐹𝐹𝑖𝑖𝑖𝑖 + 𝜀𝜀𝑖𝑖𝑖𝑖. 
Quant Rating is the quantitative rating provided by Seeking Alpha, measured at the end of month t. In Specification 1, 
Net Anomaly is the number of times the stock is in the long leg of the anomaly portfolio less the number of times the 
stock is in the short leg, computed across 118 different anomalies that were found to be significant predictors of returns 
in Jensen, Kelly, and Pedersen (2022). Specification 2 decomposes Net Anomaly into an analogous Net Anomaly measure 
for 13 different factor clusters. The list of the 118 anomalies and how each anomaly maps into a factor cluster is available 
in Table IA.1 of the Internet Appendix. FE denote industry × month fixed effects, where the industries are constructed 
used the Fama-French 10-industry classification. All variables are standardized to have mean zero and unit variance. 
Standard errors are clustered by firm and month, and t-statistics are reported in parentheses. 
  [1] [2] 
Net Anomaly (All) 0.28   

 (28.48)  
Net Momentum  0.51 

  (75.71) 
Net Value  0.12 

  (10.06) 
Net Low Risk  0.05 

  (6.08) 
Net Profit Growth  0.05 

  (11.61) 
Net Quality  0.05 

  (5.08) 
Net Debt Issuance  0.03 

  (4.44) 
Net Investment  -0.01 

   (-0.86) 
Net Profitability  -0.01 

   (-1.10) 
Net Low Leverage  -0.02 

   (-1.89) 
Net Accruals  -0.02 

   (-3.42) 
Net Seasonality  -0.02 

   (-4.32) 
Net Size  -0.11 

   (-12.64) 
Net Reversal  -0.20 

   (-37.01) 
Fixed Effects Month × Industry Month × Industry 
Observations 151,900 151,900 
Within R-squared 7.99% 38.54% 
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Table 3: Returns for Stocks sorted on SA Quantitative Ratings  
At the end of each month, from December 2015 through November 2022, we form five portfolios by sorting stocks 
based on their SA quantitative recommendation. This table reports the average monthly return to each portfolio in the 
month following portfolio formation (i.e., January 2016 through December 2022). Panels A and B report the equal-
weighted and value-weighted average portfolio returns, respectively. We report the raw returns and alphas from the 
market model (CAPM Alpha), the Fama-French 1993 three-factor model (3-Factor Alpha), the Carhart (1997) four-factor 
model (Four-Factor Alpha), and the alpha from a model that includes the five Fama-French factors (2015) and the Carhart 
(1997) momentum factor (Six-Factor Alpha). The last column reports the returns to a strategy that goes long stocks that 
in Strong Buy portfolio and short stocks in the Strong Sell portfolio. Standard errors are computed from the time-series 
standard deviation, and t-statistics are reported in parentheses.  
Panel A: Equal-Weighted Portfolio Returns 
  Strong Buy Buy Hold Sell Strong Sell Strong Buy - Strong Sell 
Raw Return 1.92% 1.06% 1.01% 0.78% 0.38% 1.54% 

 (2.88) (1.61) (1.45) (0.96) (0.34) (2.05) 
CAPM Alpha 0.81% -0.05% -0.18% -0.55% -1.17% 1.99% 

 (2.46)  (-0.15)  (-0.59)  (-1.52)  (-1.75) (2.86) 
3-Factor Alpha 0.93% 0.11% 0.00% -0.37% -0.81% 1.74% 

 (4.40) (0.69)  (-0.01)  (-2.03)  (-1.63) (2.96) 
Four-Factor Alpha 0.81% 0.09% 0.01% -0.26% -0.67% 1.48% 

 (4.40) (0.61) (0.12)  (-1.58)  (-1.41) (2.77) 
Six-Factor Alpha 0.88% 0.16% 0.07% -0.17% -0.48% 1.38% 

 (4.54) (1.09) (0.65)  (-1.24)  (-1.25) (3.10) 
       

Panel B: Value-Weighted Portfolio Returns 
  Strong Buy Buy Hold Sell Strong Sell Strong Buy - Strong Sell 
Raw Return 1.48% 0.90% 0.90% 0.51% 0.04% 1.45% 

 (2.56) (1.65) (1.70) (0.69) (0.04) (2.07) 
CAPM Alpha 0.56% 0.02% -0.02% -0.67% -1.42% 1.98% 

 (2.56) (0.01)  (-0.41)  (-2.21)  (-2.87) (3.30) 
FF 3-Factor Alpha 0.52% 0.02% -0.02% -0.56% -1.19% 1.71% 

 (2.36) (0.11)  (-0.42)  (-2.31)  (-2.99) (3.51) 
Four-Factor Alpha 0.46% 0.02% -0.01% -0.41% -0.97% 1.42% 

 (2.10) (0.11)  (-0.24)  (-2.00)  (-2.60) (3.20) 
Six-Factor Alpha 0.41% 0.03% -0.01% -0.38% -0.79% 1.21% 

 (2.15) (0.02)  (-0.24)  (-1.86)  (-2.35) (2.97) 
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Table 4: SA Report Recommendations and Quantitative Ratings 
This table reports estimates from the following panel regression: 

𝑆𝑆𝑆𝑆 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑖𝑖𝑖𝑖 =  𝛼𝛼 + 𝛽𝛽1𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑖𝑖𝑖𝑖 + 𝛽𝛽2𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑖𝑖𝑖𝑖 × 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑡𝑡 + 𝐹𝐹𝐹𝐹 + 𝜀𝜀𝑖𝑖𝑖𝑖. 
The dependent variable, SA Report Rating, is either Report Rating, Buy Report, or Sell Report. Report Rating equals one for 
SA reports making a buy recommendation, negative one for SA reports making a sell recommendation, and zero for all 
other reports; Buy Report is an indicator equal to one if the SA report is making a buy recommendation and zero 
otherwise, and Sell Report is an indicator equal to one if the SA report is making a sell recommendation and zero 
otherwise. Quant Rating is Seeking Alpha’s quantitative rating and Post is an indicator equal to one if the report was 
written in the post-period (2020-2022) and zero if the report was written in the pre-period (2016-2018). All regressions 
include calendar-day fixed effects and Specifications 4-6 also include firm fixed effects. Standard errors are clustered by 
firm and date, and t-statistics are reported in parentheses.   

  Report Rating Buy Report  Sell Report  Report Rating Buy Report  Sell Report  
  [1] [2] [3] [4] [5] [6] 

Quant Rating 1.61% -0.47% -2.07% -0.06% -0.64% -0.58% 
 (1.07)  (-0.53)  (-2.46)  (-0.08)  (-1.01)  (-1.95) 

Quant Rating × Post 5.02% 4.96% -0.06% 3.52% 3.59% 0.06% 
 (2.56) (4.29)  (-0.06) (3.23) (4.09) (0.15) 

Observations 97,020 97,020 97,020 97,020 97,020 97,020 
Date FE Yes Yes Yes Yes Yes Yes 
Firm FE No No No Yes Yes Yes 
Mean Dep Variable 42.48% 50.19% 7.71% 42.48% 50.19% 7.71% 
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Table 5: SA Report Recommendations and Quantitative Ratings – Quant versus Non-Quant Reports 
This table repeats the analysis in Table 4 after partitioning Quant Rating × Post into Quant Rating × Post × Non-Quant Report and Quant Rating × Post × Quant Report, 
where Quant Report is an indicator equal to one if the report mentions at least one of the following quant words in the report: ‘quant’, factor grade', 'value grade', 
'growth grade', 'profitability grade’, ‘momentum grade', or 'revisions grade’ or minor variants of each expression (e.g., ‘grade for value’), and zero otherwise, and Non- 
Quant Report is an indicator equal to one for reports not classified as Quant Reports and zero otherwise. Below the regression estimates we test whether the coefficient 
on Quant Rating × Post × Quant Report is significantly different from the coefficient on Quant Rating × Post × No Quant Report (Quant Report – Non-Quant Report). Standard 
errors are clustered by firm and date, and t-statistics are reported in parentheses.   

  Report Rating Buy Report  Sell Report  Report Rating Buy Report  Sell Report  
  [1] [2] [3] [4] [5] [6] 

Quant Rating 1.61% -0.47% -2.07% -0.06% -0.64% -0.58% 
 (1.07)  (-0.53)  (-2.46)  (-0.08)  (-1.01)  (-1.95) 

Quant Rating × Post × Non- Quant Report 4.50% 4.55% 0.05% 3.12% 3.27% 0.15% 
 (2.27) (3.89) (0.04) (2.83) (3.70) (0.36) 

Quant Rating × Post × Quant Report 17.01% 14.63% -2.37% 13.58% 11.70% -1.89% 
 (7.46) (10.05)  (-1.89) (7.69) (8.24)  (-2.23) 

Post × Quant Report -39.23% -32.71% 6.52% -32.60% -27.46% 5.15% 
  (-6.17)  (-7.29) (1.98)  (-5.41)  (-6.04) (1.67) 

Quant Report ─ Non-Quant Report 12.51% 10.08% -2.42% 10.46% 8.43% -2.04% 
 (7.09) (8.05)  (-2.73) (6.30) (6.62)  (-2.49) 

Observations 97,020 97,020 97,020 97,020 97,020 97,020 
Date FE Yes Yes Yes Yes Yes Yes 
Firm FE No No No Yes Yes Yes 
Mean Dep Variable 42.48% 50.19% 7.71% 42.48% 50.19% 7.71% 
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Table 6: SA Report Informativeness 
This table reports estimates from the following regression: 

𝑅𝑅𝑅𝑅𝑅𝑅𝑖𝑖𝑖𝑖+1,𝑡𝑡+𝑥𝑥 =  𝛼𝛼 + 𝛽𝛽1𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑖𝑖𝑖𝑖 × 𝑃𝑃𝑃𝑃𝑃𝑃𝑡𝑡 + 𝛽𝛽2𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑖𝑖𝑖𝑖 × 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑡𝑡 × 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑖𝑖𝑖𝑖
+ 𝛽𝛽3𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑖𝑖𝑖𝑖 × 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑡𝑡 × 𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑖𝑖𝑖𝑖 + 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑡𝑡 × 𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄 + 𝐹𝐹𝐹𝐹 + 𝜀𝜀𝑖𝑖𝑖𝑖. 

The dependent variable, 𝑅𝑅𝑅𝑅𝑅𝑅𝑖𝑖𝑖𝑖+1,𝑡𝑡+𝑥𝑥, is the market-adjusted stock return measured over the subsequent week (i.e., x = 
5 trading days), the subsequent month (x=21), or the subsequent quarter (x=63).  Report Rating equals one for SA reports 
making a buy recommendation, negative one for SA reports making a sell recommendation, and zero for all other 
reports. Pre is an indicator equal to one for SA reports issued over the 2016-2018 period and zero otherwise, and Post 
is an indicator for reports issued over the 2020-2022 period.  Quant Report is an indicator equal to one if the report 
mentions quant words (as defined in Table 5), and zero otherwise, and Non-Quant Report is an indicator equal to one if 
the report does not mention quant words and zero otherwise. Below the regression estimates we also test for whether 
1) Non-Quant Reports issued in the post-period are more informative than reports issued in the pre period (Post × Non-
Quant ─ Pre), 2) Quant Reports issued in the post-period are more informative than reports issued in the pre period 
(Post ×Quant ─ Pre), and 3) Quant Reports issued in the post-period are more informative than Non-Quant reports 
issued in the post period (Post × Quant ─ Post × Non-Quant).  All return measures are expressed as percentages. Standard 
errors are clustered by firm and date, and t-statistics are reported in parentheses. 
  Market-Adjusted Returns 

 Ret 5 Ret21 Ret63 
  [1] [2] [3] 
Report Rating × Pre 0.09 0.09 -0.09 

 (1.68) (0.77) (-0.37) 
Report Rating × Post × Non-Quant Report 0.22 0.11 -0.67 

 (2.28) (0.52) (-1.30) 
Report Rating × Post × Quant Report 0.86 1.88 3.17 

 (2.53) (3.37) (2.68) 
Post × Quant Report -0.62 -1.90 -3.77 

 (-2.19) (-3.98) (-3.35) 
Post × Nom-Quant ─ Pre 0.14 0.02 -0.58 

 (1.40) (0.08) (-1.12) 
Post × Quant ─ Pre 0.74 1.79 3.26 

 (2.24) (3.06) (2.65) 
Post × Quant ─ Post × Non-Quant 0.60 1.77 3.84 
  (1.76) (2.91) (2.85) 
Observations 95,137 95,137 95,137 
Fixed Effects Year Year Year 
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Table 7: SA Report Informativeness - Return Decomposition 
This table repeats the analysis in Table 6 after decomposing market-adjusted returns into Quant Style Returns 
(Specifications 1-3) and Quant Adjusted Returns (Specifications 4-6).  For each firm-day, we sort all stocks into 100 groups 
(Quant Percentiles) based on the quant rating. Quant Style Return is the average return across all stocks in the same Quant 
Percentile as the stock, and Quant Adjusted Return is the difference between the return on the stock and the Quant Style 
Return. All return measures are expressed as percentages. Standard errors are clustered by firm and date, and t-statistics 
are reported in parentheses.   
  Quant Style Returns   Quant Adjusted Returns 

 Ret 5 Ret21 Ret63  Ret 5 Ret21 Ret63 
  [1] [2] [3]   [4] [5] [6] 
Report Rating × Pre 0.01 -0.01 -0.01  0.08 0.10 -0.08 

 (0.38) (-0.19) (-0.12)  (1.64) (0.80) (-0.33) 
Report Rating × Post × Non-Quant Report 0.01 0.08 0.07  0.21 0.03 -0.74 

 (0.49) (1.15) (0.50)  (2.28) (0.14) (-1.64) 
Report Rating × Post × Quant Report 0.05 0.52 2.09  0.78 1.36 1.07 

 (0.46) (2.51) (5.13)  (2.47) (2.42) (0.92) 
Post × Quant Report -0.03 0.23 -0.07  -0.59 -1.93 -3.70 

 (-0.32) (0.13) (-0.19)  (-2.19) (-3.98) (-3.47) 
Post × Nom-Quant ─ Pre 0.01 0.09 0.08   0.13 -0.07 -0.66 

 (0.24) (0.97) (0.44)  (1.36) (-0.36) (-1.43) 
Post × Quant ─ Pre 0.04 0.53 2.10  0.70 1.26 1.15 

 (0.40) (2.57) (5.11)  (2.20) (2.16) (0.95) 
Post × Quant ─ Post × Non-Quant 0.03 0.44 2.02  0.57 1.33 1.81 
  (0.33) (1.94) (4.67)   (1.73) (2.24) (1.39) 
Observations 95,137 95,137 95,137  95,137 95,137 95,137 
Fixed Effects Year Year Year  Year Year Year 
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Table 8: SA Report Informativeness – Robustness 
This table examines the sensitivity of the informativeness estimates from Tables 6 and 7. This analysis is limited to the 63-day return horizon.  Specifications 1 and 4 
reports Market-Adjusted Returns (as in Table 6), Specifications 2 and 5 report Quant Style Returns (as in Specifications 1-3 of Table 7), and Specifications 3 and 6 report 
Quant Adjusted Returns (as in Specifications 4-6 of Table 7). We report estimates for whether 1) Quant Reports issued in the post-period are more informative than reports 
issued in the pre period (Post ×Quant ─ Pre), and 2) Quant Reports issued in the post-period are more informative than Non-Quant Reports issued in the post period (Post 
× Quant ─ Post × Non-Quant). For reference, the first row reports the baseline estimates (also reported in Tables 6 and 7). In Row 2, we expand the “Post” window 
to include all SA reports issued in 2019. In Row 3, we exclude all reports issued on GME/AMC. In Row 4, we report the estimates after winsorizing returns at the 
99th percentile. In Rows 5 and 6, we replace Report Rating with Buy and Sell indicators (as defined in Table 4), respectively. Standard errors are clustered by firm and 
date, and t-statistics are reported in parentheses.   
  Post × Quant ─ Pre   Post × Quant ─ Post × No Quant 

 Market-Adjusted Quant Style Quant Adjusted  Market-Adjusted Quant Style Quant Adjusted 
  [1] [2] [3]   [4] [5] [6] 
1. Baseline 3.26 2.10 1.15  3.84 2.02 1.81 

 (2.65) (5.11) (0.95)  (2.85) (4.67) (1.39) 
2. Include 2019 in Post 3.47 2.06 1.41  4.05 1.97 2.07 

 (3.08) (5.32) (1.28)  (3.24) (4.48) (1.73) 
3. Exclude GME/AMC 2.92 2.10 0.82  3.03 2.01 1.03 

 (2.39) (5.05) (0.68)  (2.42) (4.58) (0.85) 
4. Winsorize Returns 3.53 1.49 1.54  3.17 1.66 1.39 

 (3.55) (4.86) (1.55)  (3.17) (4.28) (1.42) 
5. Long Indicator 4.09 2.67 1.41  4.58 2.51 2.07 

 (2.98) (5.20) (1.02)  (3.16) (4.67) (1.44) 
6. Short Indicator  -4.35 -2.54 -1.81  -5.56 -2.70 -2.87 

  (-1.26)  (-2.45)  (-0.56)   (-1.52)  (-2.56)  (-0.83) 
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Table IA.1 Anomaly Descriptions 
This table lists the 118 anomalies used to compute the Net Anomaly measure. Description provides a short description of the variable.  More detailed variable definitions 
are provided in Jensen, Kelly, and Pedersen (2022) and the code to construct the variables is available here: https://github.com/bkelly-lab/ReplicationCrisis. Citation 
references the original paper creating the variable and Pubyear denotes the year in which the original paper was published. Sign equals one if the original study 
documented a position relation between the variable and future returns and -1 if the relation was negative. Factor Cluster denotes one of 13 characteristic groups as 
constructed and described in Jensen, Kelly, and Pedersen, (2022).      
Variable Description Citation Pubyear Sign Factor Cluster 
age Firm age Jiang, Lee, and Zhang (2005) 2005 -1 Low Leverage 
ami_126d Amihud Measure Amihud (2002) 2002 1 Size 
at_gr1 Asset Growth Cooper, Gulen, and Schill (2008) 2008 -1 Investment 
be_gr1 Change in common equity Richardson et al. (2005) 2005 -1 Investment 
be_me Book-to-market equity Rosenberg, Reid, and Lanstein (1985) 1985 1 Value 
beta_60m Market Beta Fama and MacBeth (1973) 1973 -1 Low Risk 
betabab_1260d Frazzini-Pedersen market beta Frazzini and Pedersen (2014) 2014 -1 Low Risk 
betadown_252d Downside beta Ang, Chen, and Xing (2006) 2006 -1 Low Risk 
bev_mev Book-to-market enterprise value Penman et al. (2007) 2007 1 Value 
bidaskhl_21d The high-low bid-ask spread Corwin and Schultz (2012) 2012 1 Low Leverage 
capex_abn Abnormal corporate investment Titman, Wei, and Xie (2004) 2004 -1 Debt Issuance 
capx_gr2 CAPEX growth (2 years) Anderson and Garcia-Feijoo (2006) 2006 -1 Investment 
capx_gr3 CAPEX growth (3 years) Anderson and Garcia-Feijoo (2006) 2006 -1 Investment 
chcsho_12m Net stock issues Pontiff and Woodgate (2008) 2008 -1 Value 
coa_gr1a Change in current operating assets Richardson et al. (2005) 2005 -1 Investment 
col_gr1a Change in current operating liabilities Richardson et al. (2005) 2005 -1 Investment 

cop_atl1 Cash-based operating profits-tolagged book assets 
Ball, Gerakos, Linnainmaa, and Nikolaev 
(2016) 2016 1 Quality 

corr_1260d Market correlation 
C. Asness, Frazzini, Gormsen, and Pedersen 
(2020) 2020 -1 Seasonality 

coskew_21d Coskewness Harvey and Siddique (2000) 2000 -1 Seasonality 
cowc_gr1a Change in current operating working capital Richardson, Sloan, Soliman, and Tuna (2005) 2005 -1 Accruals 
dbnetis_at Net debt issuance Bradshaw et al. (2006) 2006 -1 Seasonality 
debt_gr3 Growth in book debt (3 years) Lyandres, Sun, and Zhang (2008) 2008 -1 Debt Issuance 
debt_me Debt-to-market Bhandari (1988) 1988 1 Value 
div12m_me Dividend yield Litzenberger and Ramaswamy (1979) 1979 1 Value 
dolvol_126d Dollar trading volume Brennan, Chordia, and Subrahmanyam (1998) 1998 -1 Profitability 

dolvol_var_126d Coefficient of variation for dollar trading volume 
Chordia, Subrahmanyam, and Anshuman 
(2001) 2001 -1 Size 

dsale_dinv Change sales minus change Inventory Abarbanell and Bushee (1998) 1998 1 Profit Growth 
ebit_bev Return on net operating assets Soliman (2008) 2008 1 Profitability 
ebit_sale Profit margin Soliman (2008) 2008 1 Profitability 
ebitda_mev Ebitda-to-market enterprise value Loughran and Wellman (2011) 2011 1 Value 
emp_gr1 Hiring rate Belo, Lin, and Bazdresch (2014) 2014 -1 Investment 

https://github.com/bkelly-lab/ReplicationCrisis
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eq_dur Equity duration Dechow, Sloan, and Soliman (2004) 2004 -1 Value 
eqnetis_at Net equity issuance Bradshaw, Richardson, and Sloan (2006) 2006 -1 Value 
eqnpo_12m Equity net payout Daniel and Titman (2006) 2006 1 Value 

eqnpo_me Net payout yield 
Boudoukh, Michaely, Richardson, and 
Roberts (2007) 2007 1 Value 

eqpo_me Payout yield Boudoukh et al. (2007) 2007 1 Value 
f_score Pitroski F-score Piotroski (2000) 2000 1 Profitability 
fcf_me Free cash flow-to-price Lakonishok et al. (1994) 1994 1 Value 
fnl_gr1a Change in financial liabilities Richardson et al. (2005) 2005 -1 Debt Issuance 
gp_at Gross profits-to-assets Novy-Marx (2013) 2013 1 Quality 
inv_gr1 Inventory growth Belo and Lin (2012) 2012 -1 Investment 
inv_gr1a Inventory change J. K. Thomas and Zhang (2002) 2002 -1 Investment 

iskew_ff3_21d 
Idiosyncratic skewness from the Fama-French 3-
factor model Bali, Engle, and Murray (2016) 2016 -1 Reversal 

ivol_capm_252d Idiosyncratic volatility from the CAPM (252 days) Ali, Hwang, and Trombley (2003) 2003 -1 Low Risk 

ivol_ff3_21d 
Idiosyncratic volatility from the Fama-French 3-
factor model Ang, Hodrick, Xing, and Zhang (2006) 2006 -1 Low Risk 

kz_index Kaplan-Zingales index Lamont, Polk, and SaaÂ´a-Requejo (2001) 2001 1 Seasonality 
lnoa_gr1a Change in long-term net operating assets Fairfield, Whisenant, and Yohn (2003) 2003 -1 Investment 
lti_gr1a Change in long-term investments Richardson et al. (2005) 2005 -1 Seasonality 
market_equity Market Equity Banz (1981) 1981 -1 Size 
mispricing_mgmt Mispricing factor: Management Stambaugh and Yuan (2017) 2017 1 Investment 
mispricing_perf Mispricing factor: Performance Stambaugh and Yuan (2017) 2017 1 Quality 
ncoa_gr1a Change in noncurrent operating assets Richardson et al. (2005) 2005 -1 Investment 
netdebt_me Net debt-to-price Penman, Richardson, and Tuna (2007) 2007 -1 Low Leverage 
netis_at Net total issuance Bradshaw et al. (2006) 2006 -1 Value 
nfna_gr1a Change in net financial assets Richardson et al. (2005) 2005 1 Debt Issuance 
ni_be Return on equity Haugen and Baker (1996) 1996 1 Profitability 
ni_me Earnings-to-price Basu (1983) 1983 1 Value 
niq_at Quarterly return on assets Balakrishnan, Bartov, and Faurel (2010) 2010 1 Quality 
niq_be Quarterly return on equity Hou, Xue, and Zhang (2015) 2015 1 Profitability 
niq_su Standardized earnings surprise Foster, Olsen, and Shevlin (1984) 1984 1 Profit Growth 
nncoa_gr1a Change in net noncurrent operating assets Richardson et al. (2005) 2005 -1 Investment 
noa_at Net operating assets Hirshleifer, Hou, Teoh, and Zhang (2004) 2004 -1 Debt Issuance 
noa_gr1a Change in net operating assets Hirshleifer et al. (2004) 2004 -1 Investment 
o_score Ohlson O-score Dichev (1998) 1998 -1 Profitability 
oaccruals_at Operating accruals Sloan (1996) 1996 -1 Accruals 

oaccruals_ni Percent operating accruals 
Hafzalla, Lundholm, and Matthew Van 
Winkle (2011) 2011 -1 Accruals 

ocf_at Operating cash flow to assets Bouchaud et al. (2019) 2019 1 Profitability 
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ocf_at_chg1 Change in operating cash flow to assets 
Bouchaud, Krueger, Landier, and Thesmar 
(2019) 2019 1 Profit Growth 

ocf_me Operating cash flow-to-market Desai, Rajgopal, and Venkatachalam (2004) 2004 1 Value 
ocfq_saleq_std Cash flow volatility Huang (2009) 2009 -1 Low Risk 

op_at Operating profits-to-book assets 
Ball, Gerakos, Linnainmaa, and Nikolaev 
(2015) 2015 1 Quality 

ope_be Operating profits-to-book equity Fama and French (2015) 2015 1 Profitability 
opex_at Operating leverage Novy-Marx (2011) 2011 1 Quality 
pi_nix Taxable income-to-book income Lev and Nissim (2004) 2004 1 Seasonality 
ppeinv_gr1a Change PPE and Inventory Lyandres et al. (2008) 2008 -1 Investment 
prc Price per share Miller and Scholes (1982) 1982 -1 Size 
prc_highprc_252d Current price to high price over last year George and Hwang (2004) 2004 1 Momentum 
qmj Quality minus Junk: Composite C. S. Asness et al. (2019) 2019 1 Quality 
qmj_growth Quality minus Junk: Growth C. S. Asness et al. (2019) 2019 1 Quality 
qmj_prof Quality minus Junk: Profitability C. S. Asness et al. (2019) 2019 1 Quality 
qmj_safety Quality minus Junk: Safety C. S. Asness, Frazzini, and Pedersen (2019) 2019 1 Quality 
rd_me R&D-to-market Chan et al. (2001) 2001 1 Size 
resff3_12_1 Residual momentum t-12 to t-1 Blitz, Huij, and Martens (2011) 2011 1 Momentum 
resff3_6_1 Residual momentum t-6 to t-1 Blitz et al. (2011) 2011 1 Momentum 
ret_12_1 Price momentum t-12 to t-1 Fama and French (1996) 1996 1 Momentum 
ret_12_7 Price momentum t-12 to t-7 Novy-Marx (2012) 2012 1 Profit Growth 
ret_1_0 Short-term reversal Jegadeesh (1990) 1990 -1 Reversal 
ret_3_1 Price momentum t-3 to t-1 Jegadeesh and Titman (1993) 1993 1 Momentum 
ret_60_12 Long-term reversal De Bondt and Thaler (1985) 1985 -1 Investment 
ret_6_1 Price momentum t-6 to t-1 Jegadeesh and Titman (1993) 1993 1 Momentum 
ret_9_1 Price momentum t-9 to t-1 Jegadeesh and Titman (1993) 1993 1 Momentum 
rmax1_21d Maximum daily return Bali, Cakici, and Whitelaw (2011) 2011 -1 Low Risk 
rmax5_21d Highest 5 days of return Bali, Brown, and Tang (2017) 2017 -1 Low Risk 
rmax5_rvol_21d Highest 5 days of return scaled by volatility C. Asness et al. (2020) 2020 -1 Reversal 
rskew_21d Total skewness Bali et al. (2016) 2016 -1 Reversal 
rvol_21d Return volatility Ang, Hodrick, et al. (2006) 2006 -1 Low Risk 
sale_bev Assets turnover Soliman (2008) 2008 1 Quality 
sale_gr1 Sales Growth (1 year) Lakonishok, Shleifer, and Vishny (1994) 1994 -1 Investment 
sale_gr3 Sales Growth (3 years) Lakonishok et al. (1994) 1994 -1 Investment 
sale_me Sales-to-market Barbee Jr, Mukherji, and Raines (1996) 1996 1 Value 
saleq_su Standardized Revenue surprise Jegadeesh and Livnat (2006) 2006 1 Profit Growth 
seas_11_15an Years 11-15 lagged returns, annual Heston and Sadka (2008) 2008 1 Seasonality 
seas_16_20an Years 16-20 lagged returns, annual Heston and Sadka (2008) 2008 1 Seasonality 
seas_16_20na Years 16-20 lagged returns, nonannual Heston and Sadka (2008) 2008 -1 Accruals 
seas_1_1an Year 1-lagged return, annual Heston and Sadka (2008) 2008 1 Profit Growth 
seas_1_1na Year 1-lagged return, nonannual Heston and Sadka (2008) 2008 1  
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seas_2_5an Years 2-5 lagged returns, annual Heston and Sadka (2008) 2008 1 Seasonality 
seas_2_5na Years 2-5 lagged returns, nonannual Heston and Sadka (2008) 2008 -1  
seas_6_10an Years 6-10 lagged returns, annual Heston and Sadka (2008) 2008 1 Seasonality 
seas_6_10na Years 6-10 lagged returns, nonannual Heston and Sadka (2008) 2008 -1 Low Risk 
taccruals_at Total accruals Richardson et al. (2005) 2005 -1 Accruals 
taccruals_ni Percent total accruals Hafzalla et al. (2011) 2011 -1 Accruals 
tax_gr1a Tax expense surprise J. Thomas and Zhang (2011) 2011 1 Profit Growth 
turnover_126d Share turnover Datar, Naik, and Radcliffe (1998) 1998 -1 Low Risk 
turnover_var_126
d Coefficient of variation for share turnover Chordia et al. (2001) 2001 -1 Profitability 
z_score Altman Z-score Dichev (1998) 1998 1 Low Leverage 

zero_trades_126d 
Number of zero trades with turnover as tiebreaker (6 
months) Liu (2006) 2006 1 Low Risk 

zero_trades_252d 
Number of zero trades with turnover as tiebreaker 
(12 months) Liu (2006) 2006 1 Low Risk 
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