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Abstract 

 
Analysts’ 12-month price targets and recommendations contradict stock return 
anomaly variables, which predict returns across stocks covered by analysts. Using 
an index based on 125 anomalies, we find that analysts’ one-year return forecasts 
are higher for anomaly-shorts than for anomaly-longs. This is driven be excessive 
optimism for anomaly-shorts, which have 12-month return forecasts that exceed 
realized returns by 35.8%, on average. Recommendations are overall more 
favorable for anomaly-shorts, although this result varies across different types of 
anomalies. Anomalies forecast the forecasters: anomaly-longs subsequently have 
increases in price targets and recommendations, while anomaly-shorts have 
decreases. Yet even after such updates, price targets and recommendations still 
contradict anomaly variables. 
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Financial firms spend more than $4 billion annually on sell-side analyst 

research.1 The information produced includes earnings and revenue forecasts, buy 

and sell recommendations, and future stock price targets. Revenue and earnings 

forecasts communicate a firm’s financial prospects, and the brunt of academic 

research on analysts focuses on such financial forecasts (see for example, Bradshaw, 

2011, and Kothari, So, and Verdi, 2016). Unlike financial forecasts, 

recommendations and price targets provide direct, actionable information for 

investors. Recommendations, described by Schipper (1991), as the “ultimate analyst 

judgement” explicitly guide investors to either buy, hold, or sell a stock. Target 

prices scaled by the current market prices provide investors with an estimate of 

future stock returns. 

While price targets and recommendations reflect analysts’ views on future 

stock returns, there is considerable evidence that many cross-sectional variables 

predict stock returns. This research goes back to at least Ball and Brown (1968) and 

Blume and Husic (1973), and shows that simple cross-sectional sorts based on easy-

to-observe characteristics such as earnings surprises (Foster, Olsen, and Shevlin, 

1984), sales growth (Lakonishok, Shleifer, and Vishny, 1994), share issues 

(Loughran and Ritter, 1995), and recent past returns (Jegadeesh and Titman, 1993) 

forecast stock returns.  

In this paper, we ask whether price targets and recommendations reflect the 

information in anomaly variables. Our investigation builds on Jegadeesh, Kim, 

Krische, and Lee (2004), who study 12 anomalies, and find that recommendations 

                                                      
1 This was during the year 2014, according to the article “Banks Forced to Shake Up Analyst 

Research Business”, Wall Street Journal, February 9, 2015.  
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reflect momentum and earnings growth anomalies, but contradict value anomalies. 

We expand the list of anomalies to 125 documented in accounting, economics, and 

finance journals over the past 40 years, and consider the relations between anomaly 

variables and both recommendations and the implied returns in analysts’ price 

targets. 

Ex-ante is not clear what the relation between anomaly variables and analyst 

actionables should be. McLean and Pontiff (2016) and Engelberg, McLean, and 

Pontiff (2017) provide evidence that the anomaly return predictability reflects 

mispricing. Analysts’ recommendations and price targets are also supposed to 

reflect mispricing. Analysts could uncover mispricing either by conducting firm-

level security analysis, or by conditioning on anomaly variables. In both cases, we 

would expect analysts’ actionables to predict returns in the same direction as 

anomaly variables. 

Alternatively, it could be that analysts make the same mistakes that other 

investors do with respect to anomalies. A number of papers argue that biased 

expectations can explain stock return anomalies (e.g., Basu (1977), DeBondt and 

Thaler (1985), and La Porta, Lakonishok, Shleifer, and Vishny (1997), and 

Engelberg, McLean, and Pontiff (2017)). The biased expectations framework posits 

that investors are overly optimistic about some stocks and pessimistic about others, 

and that the anomaly variables are correlated with these biases. Consistent with this 

idea, several papers show that anomaly variables predict earnings forecast errors 

(e.g., La Porta (1996), Dechow and Sloan (1997), Bradshaw, Richardson and Sloan 

(2006), and Engelberg, McLean, and Pontiff (2017)), as earnings forecasts are too 



 3 

high for anomaly-shorts and too low for the longs. Bradshaw, Richardson, and Sloan 

(2006) also show that price target-return forecasts contradict external finance 

anomalies. Our paper further this to virtually the entire universe of published 

anomalies.  

Our findings can be summarized as follows. Anomaly variables predict 

returns across stocks covered by analysts, however analysts’ actionables tend to 

conflict with anomaly variables. Return forecasts based on the median 12-month 

price target predict returns in the opposite direction as the anomaly variables. Stocks 

in the bottom quintile of the anomaly index (anomaly-sells) have a mean one-year 

return forecast of 46%, while stocks in the top quintile (anomaly-buys) have a mean 

one-year return forecast of 32%. The return forecast error, which is equal to the 

return forecast minus the actual stock return, averages 35.8% for the anomaly-

shorts, and decreases monotonically across the anomaly portfolios, down to 15.7%, 

for the anomaly-longs Hence, like earlier studies, we find that return forecasts based 

on 12-month price targets are biased upwards, however we further show that this 

bias increases monotonically with anomalies, and is more than twice as large for 

anomaly-shorts as compared to anomaly-longs. These findings persist when we 

focus on Institutional Investor “all-star” analysts, firms with large increases in 

analyst coverage, firms with recent changes in median price targets, and firms that 

did not embark on investment banking activity in the previous or subsequent year.  

We then turn to recommendations, which is the focus of Jegadeesh et al. 

(2004).  In our sample of 125 anomalies we find that overall, stocks for which 

anomaly signals predict higher returns have less favorable recommendations as 
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compared to stocks for which anomaly signals forecast lower returns, although 

economically the effect is small, and is significant in regressions but not in simple 

portfolio sorts. The mean recommendation in our sample is 3.77, while the standard 

deviation is 0.67, so the variation in recommendations is muted to begin with. 

We then ask whether our findings vary across different anomaly types. We 

follow Jegadeesh et al. (2004), and assign stocks to either Momentum or Contrarian 

groups. Jegadeesh et al. assign 11 of their 12 anomalies to these two groups. We 

closely follow their assignment criteria, and assign 33 of our 125 anomalies to these 

two categories. Like Jegadeesh et al., we find that recommendations reflect 

Momentum anomalies, but contradict Contrarian anomalies. With respect to return 

forecasts, which are not studied in Jegadeesh et al., we find that for both Contrarian 

and Momentum anomalies, return forecasts are higher for anomaly-shorts than for 

anomaly-longs. The differences are large. For Momentum anomalies, the return 

forecast error is 46.5% for the shorts, and 11.1% for the longs. For Contrarian 

anomalies, the forecast error is 34.7% for the shorts, and 11.1% for the longs. 

We find that anomalies forecast the forecasters: the anomaly index predicts 

changes in analysts’ price targets and recommendations. Stocks for which the 

anomaly-index forecasts higher (lower) returns subsequently have increases 

(decreases) in price targets and recommendations. These results are also robust 

across all anomaly groups. We find this effect for lags of up to 18 months, i.e., the 

anomaly index today can predict increases in price targets over the next month and 

continuing on for the next 18 months. This suggests that some of the mistakes 

analysts make today by being at odds with anomaly variables are corrected over the 
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following year and a half. Yet even after the updating, price targets and 

recommendations still contradict anomaly variables.  

Over time, many anomaly variables have become widely known, and we find 

that analysts have incorporated more of this information into their price targets, but 

not their recommendations. However, even during the later years of our sample, we 

still find a negative relation between the anomaly index and return forecasts. Thus, 

analysts today are still overlooking a good deal of valuable, anomaly-related 

information. 

It may be the case that analysts do uncover information that is unrelated to 

anomaly variables, but still related to mispricing. Several papers find that newly 

initiated price targets and recommendations and changes in price targets and 

recommendations predict returns in the direction intended by the analyst. Papers 

linking analyst actionable analyst information to stock returns include Elton, 

Gruber, and Grossman (1986), Cowles (1993), Stickel (1995), Womack (1996), 

Barber, Lehavy, McNichols, and Trueman (2001), Brav and Lehavy (2003), Asquith, 

Mikhail, and Au (2005), Jegadeesh et al. (2004), Da and Schaumburg (2011), and 

Bradshaw, Huang, and Tan. (2014). Alternatively, Altinkilinc and Hansen (2009) and 

Altinkilinc, Balashov, and Hansen (2013) provide evidence that most changes in 

recommendations are simply responses to public news, which is what explains the 

stock price reaction, rather than the analyst uncovering some new information 
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about the firm.2  Our findings show that even after changes in targets and 

recommendations, the new levels still contradict anomaly variables. 

Our paper is related to several other studies linking analysts to anomalies. As 

we mention above, papers by La Porta (1996), Dechow and Sloan (1997), Bradshaw, 

Richardson and Sloan (2006), and Engelberg, McLean, and Pontiff (2017) show that 

anomaly variables predict earnings forecast errors. Unlike earnings forecasts, 

analyst “actionables” (recommendations and price targets) provide a clear message 

of how investors should act, as it is not clear how an investor should act based on an 

earnings forecast. Our paper shows that relation between anomaly variables and 

analysts’ actionables is not a manifestation of an earnings forecast effect, as we 

control for earnings forecasts in our main tests.  

Our paper is also related to a literature that studies how sophisticated 

investors use anomaly strategies. McLean and Pontiff (2016) find that short sellers 

tend to target stocks in anomaly-short portfolios, and that this effect increases after 

a paper has been published. Lewellen (2011) finds that institutional investors fail to 

take advantage of anomalies when forming their portfolios. Edelen, Ince, and Kadlec 

(2016) suggest that institutions may contribute to anomalies, as they find that in the 

year prior to portfolio formation institutional demand is typically on the wrong side 

of anomaly portfolios. Calluzzo, Moneta, and Topaloglu (2017) find that institutions, 

                                                      
2 Engelberg, McLean, and Pontiff (2017) find that anomaly returns mainly occur on days when their 
firm-specific news. In this paper, we find that anomaly variables predict changes in 
recommendations and price targets. It may very well be that anomaly variables predict changes in 
recommendations and price targets because these variables predict stock price reactions to news, 

and analysts react to this news. 
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especially hedge funds, do follow anomaly strategies, but only after an anomaly is 

highlighted in an academic publication.  

 

1. Sample, Data, and Descriptive Statistics 

1.1 Sample 

 Our analyst data are obtained from IBES.  Our anomaly variables use data 

from data from CRSP, Compustat, and the Insiders and 13F databases from 

Thompson Reuters. We exclude stocks stocks with prices less than $1, and stocks for 

which we do not have stock price value in CRSP.3 The IBES price target data begin in 

1999 and end in 2017, while the recommendations begin 1994 and end in 2017. The 

return forecast sample consists of 670,177 firm-month observations, while the 

recommendation sample consists of 929,862 observations. 

 

1.2. Analyst Variables 

 We estimate the median 12-month price target using the IBES Details 

database. For each observation we build a price target sample that includes the 

most recent 12-month price target issued by each analyst during the last 12-months. 

The median value from this sample is our 12-month price target estimate. This 

procedure produces median price targets that closely match the medians provided 

in the IBES Summary database.  

                                                      
3 In a previous version of the paper we also excluded stocks with prices less than $5. Excluding such 
stocks lowers the mean of our main variable – analysts’ target based return – considerably because 
analysts forecast particularly large returns for extremely low-priced stocks. Our main results hold 
both with and without this price filter. 
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 It is not clear to us whether a long or short look back horizon is optimal. On 

the one hand, analysts may not update because they believe the current target price 

is meaningful. On the other hand, inertia may cause stale price targets to be less 

accurate. According to Brav and Lehavy (2003) the median time to update a price 

targets is 59 days, so inertia is typically not an issue, and it seems to us that 

updating is relatively easy if the situation warrants it. For robustness, we estimate 

median price targets using targets issued either over the last quarter or the last 

month. We obtain similar results with these shorter horizons, so only report results 

with the 12-month horizon, which has a larger samples of targets. 

 We estimate the 12-month return forecast by scaling the 12-month price 

target by the current stock price, and subtracting 1 from this ratio. We drop return 

forecasts that are more than 5 standard deviations above the mean, and then 

winsorize at the 1st and 99th percentiles. The mean return forecast is 0.37, while the 

standard deviation is 0.56. Similarly, Bradshaw (2002) reports a mean return 

forecast of 38%, while Brav and Lehavy (2003) report mean return forecast of 33%. 

Table 1 further shows that among firms that have price targets the average number 

of targets issued is 7.13. Fifteen percent of firms with price targets have only a 

single analyst issuing a target.  

 Like Jegadeesh et al. (2004), we estimate the mean recommendation by 

looking back 12 months, and including the most recent recommendation from each 

analyst. Recommendations can take on one of five values: strong sell, sell, hold, buy, 

and strong buy. We assign numerical values ranging from 1 (strong sell) to 5 (strong 

buy).  
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 Table 1 shows that the mean recommendation value is 3.77, while the 

standard deviation is 0.67. It is well known that analyst recommendations are 

biased towards buy and strong buy. Jegadeesh et al. (2004) report a mean 

recommendation of 3.67, which is close to our value. The average firm with a 

recommendation has 5.25 analysts issuing recommendations, and 20% of firms with 

recommendations have only a single analyst issuing a recommendation. 

 

1.3. Anomaly Variables 

 Our sample of anomalies contains 125 different variables that have been 

shown to predict the cross-section of stock returns. The anomalies are drawn from 

studies published in peer-reviewed finance, accounting, and economics journals. We 

do not include anomalies that are based on analysts. The 125 anomalies include the 

97 anomalies that are studied in McLean and Pontiff (2016) and McLean, Pontiff, 

and Engelberg (2017), although we exclude one of their variables that uses analyst 

data. The 125 anomalies are described in the paper’s appendix. 

 To create the anomaly variables, stocks are sorted each month on each of the 

anomaly-characteristics. We define the long and short side of each anomaly strategy 

as the extreme quintiles produced by the sorts. Some of our anomalies are indicator 

variables (e.g, credit rating downgrades). For these cases, there is only a long or 

short side, based on the binary value of the indicator. We remake the anomaly 

portfolios each month. We begin our anomaly variables in 1994, the first year for 

which we have recommendation data. 
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Like McLean, Pontiff, and Engelberg (2017), crate an anomaly index Net; it is 

the difference between the number of long and short anomaly portfolios that a stock 

belongs to in given month. As an example, a Net value of 10 in month t means that a 

stock belongs to 10 more anomaly-long portfolios than anomaly-short portfolios in 

month t. Table 1 shows that among stocks with analyst recommendations, Net has a 

mean value of -2.15, and minimum and maximum values of -49 and 36 respectively.  

We construct two groups that are similar in spirit to the groupings of 

Jegadeesh et al. (2004): Momentum and Contrarian. Jegadeesh et al. place 11 of their 

12 anomalies into these two groups. Closely following their criteria, we place 33 of 

our 125 anomalies into the two groups. We have 10 Momentum anomalies and 23 

Contrarian anomalies. The Momentum anomalies include past 6-month returns, past 

returns from month t-7 to 2-12, industry momentum, and momentum conditional 

on trading volume. The Contrarian anomalies include price-to-book, price-to-

earnings, accruals, and asset growth. We provide a complete list of both groups in 

the paper’s appendix. 

 

2. Univariate Tests 

2.1. Do Analysts’ Actionable Agree with Anomaly Variables? Evidence from Portfolio 

Sorts 

 In this section of the paper we present our main findings. Table 2 presents 

results based on monthly sorts of the anomaly variable Net, and anomaly variables 

based on Momentum and Contrarian anomalies.  With respect to Net, Table 2 shows 

that forecasts annual returns, which are 18.1% for the longs and 9.3% for the shorts. 
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The returns decrease monotonically across the quintiles. Most of the anomaly 

literature documents monthly return-predictability, but we see here that anomalies 

are relevant for the annual horizon, which is the period that price targets and 

recommendations forecast. 

Return forecasts contradict Net. Return forecasts are 46.4% for the shorts 

and 32.2% for the longs. Moreover, the forecasts decline monotonically across the 

quintiles, so the return forecast pattern across the Net quintiles is the mirror 

opposite of the realized return pattern. The forecast error, which is the return 

forecast minus the realized return, is 46% for the shorts, and 32.2% for the longs. 

Hence, like earlier studies we find that return forecasts are too high, and that this 

effect increases monotonically with anomaly variables. These relations are 

displayed in Figure 1. 

Recommendations also contradict Net, although the effect is economically 

small and not statistically significant. In the subsequent tables that present 

regressions with controls, we report a negative, statistically significant relation. In 

Table 2 however, the average recommendation for the longs is 3.74, and for the 

shorts it is 3.75, and the difference, -0.01, is neither statistically significant nor 

economically meaningful. As we mention above, longs have higher realized returns 

than shorts, so analysts a re making a mistake by giving the two groups similar 

recommendations. This effect is also displayed in Figure 2. 

 The next two panels report results for the Momentum and Contrarian 

anomaly groups. With respect to the Momentum anomalies, the return forecasts and 

forecast errors are both largest for the shorts, smallest for the longs, and decline 
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monotonically across the quintiles. The return forecast for the shorts is an 

incredible 65%, while the forecast for the longs is 22%. The difference is statistically 

significant. Similarly the forecast error is 46.5% for the shorts, and 11% for the 

longs. As with Net, we see that analysts are overly optimistic across the momentum 

quintiles, and that this optimism is most exacerbated with the shorts. 

 Like Jegadeesh et al. (2004) we find that recommendations are consistent 

with momentum anomalies. The average recommendation for the longs is 3.863, 

whereas for the shorts it is 3.556. The difference, 0.307, is statistically significant 

and economically meaningful. The difference shows that recommendations are on 

average 8.6% higher for longs than for shorts. It is puzzling that recommendations 

are positively correlated with anomaly forecasts, whereas price targets are 

negatively correlated. It seems as if analysts fail to be internally consistent with 

their advice. 

 In the final Panel we see that Contrarian anomalies contradict anomaly 

variables with both return forecasts and recommendations.  Return forecast 

averages 47% for the shorts, and 30.6% for the long. The return forecast error 

averages 46.5% for the shorts and 11.1% for the longs. Both the forecast and the 

forecast error decrease monotonically across the anomaly quintiles from the shorts 

to the longs.  

 Our recommendation results are consistent with Jegadeesh et al. (2004), who 

also find that recommendations conflict with contrarian anomalies. 

Recommendations average 3.80 for the shorts, 3.67 for the longs, and decrease 

monotonically from shorts to longs. The difference, -0.129, is statistically significant. 
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Analysts therefore get both price targets and recommendations wrong with respect 

to Contrarian anomalies, just as they do for anomalies overall. 

 

3. Regression Evidence 

3.1 Creating Various Subsamples. 

 Table 3 reports regression evidence of whether analyst return forecasts and 

recommendations incorporate the information in anomaly variables. We report 

results using Net, Momentum, and Contrarian anomalies, as well as 4 different 

subsamples, which we describe below.  

Median Price Target or Mean Recommendations Changes. Our return forecast 

is based on the median price target, which is computed using the most recent price 

target issued by each analyst over the last 12 months. As we mention earlier, 

analysts on average update their price targets every two months, and we have 

experimented with return forecasts that only use targets issued over the last month 

or quarter, and obtained similar findings. For robustness, we report results here 

where we only use firms that had a change in the median price target over the last 

month. This excludes 61% of the sample. The remaining sample reflects firms with a 

good deal of recent analyst price target activity. We conduct the same exercise for 

recommendations, excluding firms that did not have a change in mean 

recommendation over the past month. This eliminates about 60% of the sample. 

Coverage Increases. Lee and So (2017) argue that analysts are constrained, 

and so the decision to initiate coverage on a stock is associated with an increase of 

resources devoted to analyzing the firm. We therefore report results for limit a 
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limited sample that consists only of firms that are in the top decile for percentage 

change in the number of analysts issuing price targets (Panel A) or 

recommendations (Panel B).  

All Star Analysts. Perhaps highly acclaimed analysts are more likely to do a 

better job utilizing information from anomaly variables. For example, Clarke, 

Khorana, Patel, and Rau (2007) argue that analysts determined by Institutional 

Investor magazine to be “All-Stars” might be more adept than the typical analysts. In 

regression 2, we limit the sample to price targets issued by these analysts. An All-

Star analyst is defined as an analyst who was denoted by the magazine as being an 

All-Star or a runner-up to being an All-Star in the previous November’s issue of the 

magazine or in a November issue before last November. 

Investment Banking Activity. It could be the case that analysts have worse 

incentives to provide accurate actionables when faced with potential investment 

banking business. For example, Lin and McNichols (1998) find that analysts that are 

affiliated with the firm’s investment bank make more positive recommendations. 

Other research questions how accurate affiliation with investment banks can be 

assigned (see, for example, Bradshaw, Ertimur, and O’Brien, 2017). We therefore 

create a limited sample of firms which, in both the previous and the subsequent 

year, did not do any of the following: (i) make it into the top quintile for use of 

external finance, according to the measure of Bradshaw, Richardson, and Sloan 

(2006); (ii) acquire another firm; (iii) spin off a firm.  

 

3.2. Regression Results for Return Forecasts and Recommendations 
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The results in Panel A of Table 3 mirror the univariate findings in Table 2. 

The regressions include time fixed effects, the number of analysts offering targets, 

whether there is only a single price target, and the standard deviation of the price 

targets scaled by the mean price target. We also use the forecasted earnings-to-price 

ratio, i.e., the forecasted earnings over the subsequent year scaled by current price, 

as a control variable. We include this because it is known that anomalies are related 

to biases in earnings forecasts (see McLean, Pontiff, and Engelberg, 2017). Standard 

errors are clustered at on both firm and time. 

In the first column, the Net coefficient is -0.005 and statistically significant. 

What this shows is that a stock with a Net value of -5 has a return forecast that is 

higher by about 10% than a stock with a Net value of 5, which is sizeable difference. 

If price targets reflected the information in anomaly variables, then the Net 

coefficient would be positive. 

Looking across the columns in Panel A, we see that analyst return forecasts 

are in the wrong direction for all four of the subcategories that we describe above, 

as well as for Momentum and Contrarian anomalies. For all cases, the coefficient for 

the anomaly variables is negative and statistically significant, showing that the 

negative relation between anomaly variables and return forecasts is very robust. 

Hence, analysts’ return forecasts contradict anomalies even when there are recent 

changes in the median price target, a large increase in the number of analysts 

covering the firm, and weaker potential banking conflicts. All Star analysts’ return 

forecasts also contradict anomaly variables. The negative relation between return 

forecasts and anomaly variables is therefore very robust. 
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 With respect to the control variables, return forecasts are lower for stocks 

with fewer analysts issuing price targets, but higher for stocks with only a single 

analyst offering a target. The price target standard deviation coefficient is positive 

and significant, showing that return forecasts are higher for stocks with greater 

variance in price targets. Surprisingly, stocks with higher forecasted earnings tend 

to have lower forecasted stock returns.  

Panel B reports the results for mean recommendations. In the first column, 

the Net coefficient is -0.003 and statistically significant. Thus, a stock with a Net 

value of -5 has a mean recommendation that is higher by 0.030 than a stock with a 

Net value of 5. The mean recommendation is 3.77, so like those in Panel C of Table 2, 

this difference is not large economically, however it is in the wrong direction. This 

further confirms the idea that analysts do not incorporate the information reflected 

in anomalies when issuing actionables.  

 The recommendations are in the wrong direction across all of the groups, 

with the exception of Momentum anomalies, which is consistent with what we 

reported Table 2. Hence, regardless if there is large change in the number of 

analysts issuing recommendations, a change in the mean recommendation, all star 

analysts, or weaker banking incentives, it is still the case that recommendations 

conflict with anomaly variables. Analysts’ recommendations also conflict with 

Contrarian anomalies, but agree with Momentum anomalies, which is consistent 

with what is reported in Jegadeesh et al. (2004).   

 The coefficients for the number of recommendations, the standard deviation 

of the recommendations, and whether there is only a single analyst offering a 
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recommendation are all negative and statistically significant. Hence, firms with 

more analyst coverage, firms with more dispersion in recommendations, and firms 

that only have a single analyst offering a recommendation tend to have less 

favorable recommendations. The coefficient for the forecasted earnings-to-price 

ratio is positive and significant, showing that stocks with higher earnings forecasts 

have more favorable recommendations. 

  

3.3. Return Forecast Error 

 In Table 4, we estimate the same six regressions estimate in Table 3, 

however we use the return forecast error as the dependent variable. Recall that the 

forecast error is equal to the 12-month return forecast minus the realized yearly 

return: 

Forecast Error = Return Forecast – Return Realized 

 The portfolio sorts reported in Table 2 show that return forecast errors are 

significantly higher for shorts than longs, and decrease monotonically across 

anomaly quintiles from shorts to longs. The results in Table 4 confirm these results, 

and further show that Net has a negative relation with return forecasts across all of 

the anomaly subsamples described above and used in Table 3. 

 In regression 1, the Net slope coefficient is -0.010 (t-statistic = 13.32). This 

result is economically meaningful. For example, a firm with a Net value of 10 has a 

forecast error that is 20% lower than firm with a Net value of -10. Hence, like Table 

3, we see here that analysts issue absurdly high price targets for anomaly shorts.  

 The results reported across the next six columns are largely the same. 
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Anomaly-shorts, an indeed all stocks with negative values of Net, have significantly 

higher return forecast errors. The smallest Net coefficient is -0.005 in regression 2, 

which is for the sample of firms that recently had changes in the median price 

target. Yet even here, the difference in return forecast between firms with Net 

values of 10 and -10 is 10%. The largest Net coefficient is -0.017 in the Contrarian 

anomalies regression. This reflects a difference in forecast error of 34% between 

stocks with Contrarian values of -10 and 10. 

 The results also show that return forecast errors are higher for stocks with 

higher mean recommendations and increases in mean recommendations over the 

last year. This means that price targets are typically too high for stocks with more 

favorable recommendations. This makes sense, and suggests that if analysts are 

overly optimistic when they issue price targets, then the same bias is present with 

recommendations. The single target dummy and the standard deviation of price 

targets both forecast higher values of forecast errors as well, so price targets are too 

high for firms with only 1 analyst issuing a target, and for firms that have more 

disagreement among the analysts that follow it. The number of analysts issuing 

price targets is associated with lower forecast errors, i.e., a larger number of 

analysts leads to a more reasonable (or less unreasonable) forecast  

 

3.4. Can Anomalies Predict Changes in Price Targets and Recommendations? 

 In the previous sections, we show that analysts tend to be at odds with the 

information in anomaly variables. Anomalies predict stock returns, so one could 

argue that it’s a mistake for analysts to overlook or be in disagreement with the 
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public information that anomaly variables are based on. In this section of the paper 

we ask whether anomaly variables can predict changes in analyst price targets and 

recommendations. If anomaly variables do predict changes in price targets and 

recommendations, then this shows that analysts initially overlook the information 

captured in anomalies, but then subsequently and predictably update. Table 3 

however shows that even if this is the case the updating is still not enough, as even 

stocks with recent changes in price targets and recommendations still have return 

forecasts and recommendations that contradict anomaly variables.  

 We report the results from these tests in Tables 5 and 6. We use Net to 

predict monthly changes in price targets in Table 5, and monthly changes in 

recommendations in Table 6. In both cases, we use the percentage change, and 

multiply this number by 100 for readability. Summary statistics for these variables 

are repotted in Table 1. We include the same control variables as were used in Table 

5, along with the median price target (Table 6) and mean recommendation (Table 

7). Net is lagged at 1, 3, 6, 12, and 18 months to forecast the changes. Like the 

previous tables, our standard errors are clustered on firm and time and we include 

time fixed effects.  

 The dependent variable in Panel A is the change in log price target (log target 

(t+1) – log target (t)) multiplied by 100. In the first regression reported in Panel A of 

Table 6, Net is lagged one month. The coefficient for Net is 0.056 and is statistically 

significant. This means if a firm has a Net value of 10, then its median price target 

increases by about 0.56% in the next month. Table 1 shows that the mean monthly 

change in price target is 0.09%, so this is a meaningful effect. Regressions 2-5 repeat 
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these tests using Net lagged from 3, 6, 12, and 18 months. All of the coefficients are 

positive and statistically significant, so even after 18 months analysts are still 

responding to the public information that is reflected in anomaly variables. The 

coefficients are also monotonically decreasing as the number of lags increase. With 

respect to the control variables, we see that price targets tend to subsequently 

increase when the initial price target is higher, and decrease when there is a single 

target, and when the standard deviation of targets is greater.  

 Panel B reports the results across the various subsamples. In all 

specifications, the anomaly variable is lagged on month, and in all specifications, the 

anomaly variable predicts increases in the price target. The coefficient is smallest 

for stocks that recently had increase n the median price target. In this specification, 

regression 2, the coefficient is 0.031, slightly more than half of the coefficient 

reported in the overall specification (0.056). The specification with the largest 

coefficient is for the Momentum anomalies. The coefficient is 0.488, showing that a 

one standard deviation increase in the Momentum anomaly index yields an increase 

in the price target of 1.06%, which is large compared to the mean target change of 

0.09% 

 Table 6 reports the results for recommendations. Panel A reports the results 

for Net and Net at various lags. Like the results with price targets, the Net coefficient 

is positive and significant across all specifications, except for the 18-month lag, 

where Net is negative and insignificant. In regression 1, the Net coefficient is 0.009. 

Net has a standard deviation of 8.76, so a one standard deviation increase in Net 

leads to a 0.79% increase in recommendation. Table 1 shows that the mean change 
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in recommendation is -0.06%, so 0.79% is a sizeable effect. The net coefficient 

decays as the lags increase, but is significant for up to one year. 

 In Panel B, we explore the effects across the six groups. The effects are 

positive and significant across all groups, with the exception of Contrarian 

anomalies, which have a negative and significant coefficient.  As with price targets, 

the largest coefficient is for the Momentum anomalies. A one standard deviation 

increase in the Momentum anomaly index yields an increase in the price target of 

0.29%. Tables 2 and 3 show that recommendations tend to reflect Momentum 

anomalies, i.e., they are higher for the longs than the shorts. The results here show 

that analysts still update in the direction if momentum anomalies, and therefore 

overlook some of the information reflected in these variables. 

 

3.5. Analysts and Anomalies over Time 

 In this section of the paper we ask whether analyst price targets and 

recommendations have improved over time with respect to anomalies. We estimate 

time effects via the same regression framework as that used in Table 3, only we 

interact the anomaly variables with Time, which is equal to 1/100 during the first 

month of our sample, increases by 1/100 each month. The regressions include 

month fixed effects, so we do not include Time in the regressions.  

 In Table 7, regressions 1 through 3 report the results for return forecasts, 

while regressions 4-6 report results for recommendations. We report results for the 

total sample of anomalies and the Momentum and Contrarian anomaly groups. 
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In regression 1 the interaction between Time and Net is positive and 

significant, showing that analysts have improved over time with respect to making 

expected return forecasts that are not at odds with Net. The coefficient for Net is -

0.009 and the interaction coefficient if 0.002. Time ranges from 0.62 to 2.88 in this 

specification, so during the first month of our sample the overall Net coefficient (Net 

+ Net * Time) is about -0.008 during the first month, and -0.003 during the final 

month, which is closer to neutral, but still negative.  

Regressions 2 and 3 show that there are similar time trends for the 

Momentum and Contrarian anomalies. The effects are especially strong for the 

Contrarian anomalies. The coefficients show that the overall Contrarian index 

coefficient is -0.106 during the first month and -0.002 during the last month, which 

is a large improvement. 

The recommendation results reported in columns 4 to 6 tell a different story. 

Overall, the results show that recommendations do not become more in line with 

Net over time. In regression 1, the Net x Time interaction is negative and 

insignificant, showing that analysts do not improve over time with respect to having 

recommendations reflect Net.  

The Momentum and Contrarian anomalies tell completely different stories. 

Analysts have improved over time with respect to Contrarian anomalies, but gotten 

worse over time with respect to Momentum anomalies. As with the other 

recommendation results, the effects here are economically small. We can conclude 

that over our sample period recommendations have not become more in line with 

anomaly variables, while price targets have. 
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3. Conclusion 

In this paper, we study several relations between analyst price targets and 

recommendations and stock return anomalies. We find that anomaly-shorts have, 

on average, higher return forecasts, and higher return forecast errors than anomaly-

longs. We find that anomaly-shorts also have more favorable recommendations than 

anomaly-longs, although there is some variation in the recommendation result 

across anomalies. These findings continue to hold when we focus on Institutional 

Investor “all-star” analysts, firms with large increases in analyst coverage, firms with 

recent changes in their median price target, and firms that do not embark on 

investment banking activity in the previous or subsequent year.  

Consistent with the idea that analysts overlook the public information 

captured by anomaly variables, anomaly variables predict changes in price targets; 

anomaly-longs subsequently have increases in price targets whereas anomaly-

shorts have decreases. This predictability is robust and significant at lags up to 18 

months. Yet even with this updating, it is still the case that stocks with recent 

changes in the median targets and mean recommendations have return forecasts 

and recommendations that contradict anomaly variables. 

Our findings are consistent with the idea that analysts make the same 

mistakes that other investors do with respect to anomalies. An old but still growing 

literature provides evidence that biased expectations can explain stock return 

anomalies (e.g., Basu (1977), DeBondt and Thaler (1985), and La Porta, Lakonishok, 

Shleifer, and Vishny (1997), and Engelberg, McLean, and Pontiff (2017)). In this 
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framework, excessive optimism or pessimism on the part of investors are correlated 

with anomaly variables. When news comes up the biases are revealed, prices 

update, thereby creating the anomaly returns. Our paper suggests that analysts may 

share these biases, especially with anomaly-shorts, which have an average annual 

return forecast error of 35.8% 
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Figure 1: Stock Returns, Return Forecasts, and Return Forecast Errors Across 
Anomaly Quintiles 

 
In this figure, we report the results from monthly portfolio sorts based on the comprehensive 
anomaly variable, Net. We report average values, within each Net quintile, of the 1-year return 
forecast, the annual stock return, and the return forecast error, which is equal to the return forecast 
minus the annual stock return. The 1-year return forecast is based on the median 12-month price 
target. 
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Figure 2: Stock Returns and Recommendations Across Anomaly Quintiles 

 
In this figure, we report the results from monthly portfolio sorts based on the comprehensive 
anomaly variable, Net. We report average values, within each Net quintile, for the buy/sell 
recommendation and the annual stock return. 
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Table 1: Summary Statistics 
 

This table reports summary statistics for the main variables used in this study. For. Ret. is the 12-month return forecast based on the median 12-month 
price forecast. We take the median based on forecasts issued over the last 12 months, using only the most recent forecast for each analyst. Num. Target 
is the number of analysts providing a price target. Std. Dev. Target is the standard deviation of the price targets scaled by the median price target. Std. 
Dev. Target is equal to 0 for firms with only 1 price target. Single Target is a dummy equal to 1 if the firm only has a single analyst making issuing a 
target, and 0 if there are multiple analysts issuing targets. Target Chg. is the monthly percentage change in price target, multiplied by 100. Mean Rec. is 
the mean analyst recommendation. We construct the Mean Rec. variable such that 5 reflects a strong buy and 1 reflects a strong sell. Rec. Change is the 
monthly percentage change in the mean recommendation, multiplied by 100. Num. Recs is the number of analysts offering recommendations. Std. Dev. 
Recs. is the standard deviation of the analysts’ recommendations. Std. Dev. Recs. is equal to zero for firms with only one recommendation. E/P Ratio is 
the average annual earnings forecast divided by the current stock price. Net is the difference between the number of long and short anomaly portfolios 
(based on quintiles) that a stock is in for month t. We use 125 anomalies, which builds on the 97 anomaly-sample in McLean and Pontiff (2016). We 
classify 33 of our anomalies as either Momentum (10 anomalies) or Contrarian (23 anomalies). These categories are based on those defined in 
Jegadeesh et al. (2004). Our recommendation data begin in 1994 and our price target data begin in 1999. Both datasets end in 2017. 
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Table 1: (Continued) 
 

Variable  Observations Mean Std. Dev. Min Max 

For. Ret.  670,177 0.37 0.56 -0.27 3.28 

Num. Target  673,219 7.13 6.61 1.00 59.00 

Std. Dev. Target  673,210 0.16 0.17 0.00 1.00 

Single Target  673,219 0.15 0.36 0.00 1.00 

Trgt. Chng. (%)  663,499 0.09 8.25 -34.17 33.33 
Mean Rec.  929,862 3.77 0.67 1.00 5.00 

Num. Rec  929,862 5.25 4.75 1.00 54.00 

Std. Dev. Rec.  929,862 0.59 0.45 0.00 2.83 

Single Rec.  929,862 0.20 0.40 0.00 1.00 

Rec. Chng. (%)  913,778 -0.06 5.80 -22.22 25.00 

E/P Ratio  933,666 0.02 0.12 -0.63 0.19 

Net  971,242 -2.15 8.76 -49.00 36.00 

Momentum  971,242 0.10 2.17 -9.00 9.00 

Contrarian  971,242 -1.00 4.08 -20.00 16.00 
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Table 2: Return forecasts and Recommendations Across Anomaly Quintiles 
 

In this table, we sort firms on our anomaly variables into quintiles each month. We then report averages for each quintile of the following variables: 
annual returns, 12-month return forecasts, the return forecast error, which is the return forecast minus the annual realized return, and the 
recommendations. The 2-month return forecast based on the median 12-month price target. The anomaly variable Net is the difference between the 
number of long and short anomaly portfolios that a stock is in for month t. We use 125 different anomalies. We also perform sorts on anomaly variables 
that are limited to specific anomaly types. We classify 33 of our anomalies as either Momentum (10 anomalies) or Contrarian (23 anomalies).  These 
definitions build on the groups in Jegadeesh et al. (2004). The standard errors are computed using the method of Newey and West (1987) with 12 lags.  
 

 

  

 All Anomalies (Net)  Momentum Anomalies  Contrarian Anomalies 

Anomaly 
Quintile 

Annual 
Return 

Return 
Forecast 

Return 
Forecast 

Error 
Rec.  Return 

Forecast 

Return 
Forecast 

Error 
Rec.  Return 

Forecast 

Return 
Forecast 

Error 
Rec. 

1 (Short) 0.093 0.464 0.358 3.751  0.650 0.465 3.556  0.457 0.347 3.800 
2 0.125 0.375 0.245 3.742  0.389 0.255 3.718  0.401 0.268 3.778 
3 0.138 0.343 0.202 3.745  0.318 0.194 3.778  0.353 0.214 3.761 

4 0.153 0.323 0.172 3.745  0.269 0.151 3.806  0.309 0.167 3.707 

5 (Long) 0.181 0.322 0.157 3.740  0.221 0.111 3.863  0.306 0.137 3.671 
          

   
L-S 0.088 -0.142 -0.201 -0.010  -0.429 -0.354 0.307  -0.151 -0.210 -0.129 

t-stat. (3.37) (4.03) (3.35) (0.59)  (6.58) (12.98) (5.00)  (4.70) (3.79) (8.03) 
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Table 3. Return Forecasts, Recommendations, and Anomaly Variables: Regression Evidence 
 

This table reports the results from a regression of return forecasts (Panel A) and recommendations (Panel B) on anomaly variables and controls. Net is 
the difference between the number of long and short anomaly portfolios that a stock is in for month t. We use 125 different anomalies to create Net. In 
Panel A we include the number of analysts forecasting price targets, whether the firm only has one analyst forecasting its price target, the standard 
deviation of price targets, and the forecasted earnings to current price ratio as control variables. In Panel B we include the number of analysts making 
recommendations, whether the firm only has a single analyst making a recommendation, the forecasted earnings to current price ratio, and the 
standard deviation of the recommendations as control variables. The regressions have time fixed effects and the standard errors are clustered on firm 
and time. *, **, and *** stars denote statistical significance at the 10%, 5%, and 1% level. The regressions are estimated in different samples. Regression 
1 includes the full sample. Regression 2 includes observations that had a change in the median target (Panel A) or mean recommendation (Panel B).  
Regression 3 includes observations, which are in the top decile for percentage increase in the number of analysts issuing price targets (Panel A) and 
recommendations (Panel B). In regression 4, we limit the sample to forecasts and recommendations issued by All-Star analysts. In regression 5, we limit 
the sample to observations that during the previous year and over the subsequent year did not do any of the following: (i) end up in the top quintile for 
net external finance; (ii) acquire another firm; (iii) spin off a firm; i.e. these are firms that did not engage in banking business in the previous or 
subsequent year.  Regressions 6 and 7 use Net variables created with Momentum and Contrarian anomalies only. 
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Table 3: (Continued) 

  

Panel A: Return Forecasts 

        (1) (2) (3) (4) (5) (6) (7) 

 
Full 

Sample 
Median Target 

Change 
Coverage 
Increase 

All Star 
Analysts 

No Investment 
Banking 

Momentum Contrarian 

Net  -0.005 -0.004 -0.006 -0.005 -0.005 -0.044 -0.010 

 (13.77)*** (11.42)*** (9.61)*** (10.44)*** (12.44)*** (16.97)*** (14.36)*** 

Number of Targets -0.010 -0.006 -0.019 -0.003 -0.009 -0.008 -0.009 

 (18.75)*** (16.38)*** (13.41)*** (3.82)*** (17.16)*** (17.88)*** (18.78)*** 

Single Target 0.176 0.143  0.250 0.172 0.131 0.175 

 (16.04)*** (11.98)***  (6.82)*** (14.25)*** (14.05)*** (16.14)*** 

Std. Dev. Target 0.422 0.416 0.670 0.702 0.409 0.296 0.426 

 (12.12)*** (10.72)*** (12.10)*** (12.43)*** (10.62)*** (10.07)*** (11.99)*** 

Et+1/Pt Ratio -1.523 -1.253 -1.964 -0.868 -1.790 -1.487 -1.533 
 (27.33)*** (21.94)*** (24.21)*** (8.88)*** (32.24)*** (27.28)*** (27.35)*** 

        

Observations 651,245 272,322 64,924 194,090 472,084 651,245 651,245 
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Table 3: (Continued) 
 

 
 

  

Panel B: Recommendations 

       (1) (2) (3) (4) (5) (6) (7) 

 
Full 

Sample 
Mean Rec. 
Changes 

Coverage 
Increase 

All Star 
Analysts 

No Investment 
Banking 

Momentum Contrarian 

Net  -0.003 -0.003 -0.003 -0.005 -0.003 0.053 -0.017 

 (8.58)*** (9.92)*** (5.55)*** (8.43)*** (9.25)*** (38.69)*** (23.63)*** 

Number of Targets -0.012 -0.009 -0.011 0.003 -0.012 -0.010 -0.013 

 (16.48)*** (13.52)*** (8.55)*** (2.75)*** (14.96)*** (14.34)*** (18.57)*** 

Single Target -0.048 -0.127  -0.165 -0.063 -0.049 -0.036 

 (3.46)*** (7.81)***  (5.26)*** (4.41)*** (3.61)*** (2.64)*** 

Std. Dev. Target -0.086 -0.118 -0.130 -0.179 -0.099 -0.084 -0.087 

 (7.48)*** (10.57)*** (7.99)*** (9.71)*** (8.33)*** (7.44)*** (7.64)*** 

Et+1/Pt Ratio 0.223 0.236 0.056 0.425 0.115 -0.021 0.290 
 (6.34)*** (6.20)*** (1.12) (6.55)*** (3.08)*** (0.60) (8.29)*** 

        

Observations 897,092 365,202 122,708 268,316 662,798 897,092 897,092 
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Table 4: Return Forecast Error and Stock Return Anomalies 
 

The dependent variable in these regressions is the analysts’ return forecast error, which is the return forecast minus the annual realized return. The 
forecast error is regressed on lagged variables that are measured at time t. Net, is the difference between the number of long and short anomaly 
portfolios that a stock is in for month t. We use 125 different anomalies. We include the number of analysts issuing price targets, whether the firm only 
has a single analyst issuing a target, the standard deviation of the price targets, the mean recommendation, and the change in mean recommendation as 
control variables. The regressions have time fixed effects and standard errors are clustered on the time and firm. *, **, and *** stars denote statistical 
significance at the 10%, 5%, and 1% level. he regressions are estimated in different samples. Regression 1 includes the full sample. Regression 2 
includes observations that had a change in the median target.  Regression 3 includes observations, which are in the top decile for percentage increase in 
the number of analysts issuing price targets. In regression 4, we limit the sample to forecasts and recommendations issued by All-Star analysts. In 
regression 5, we limit the sample to observations that during the previous year and over the subsequent year did not do any of the following: (i) end up 
in the top quintile for net external finance; (ii) acquire another firm; (iii) spin off a firm; i.e. these are firms that did not engage in banking business in 
the previous or subsequent year.  Regressions 6 and 7 use Net variables created with Momentum and Contrarian anomalies only. 
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Table 4 (Continued)

 (1) (2) (3) (4) (5) (6) (7) 

 Full Sample 
Median Target 

Change 
Coverage 
Increase 

All Star 
Analysts 

No Investment 
Banking 

Momentum Contrarian 

Net Group -0.010 -0.005 -0.015 -0.009 -0.010 -0.050 -0.017 
 (13.32)*** (8.45)*** (12.02)*** (9.35)*** (13.52)*** (15.81)*** (12.29)*** 
Mean Rec. 0.174 0.132 0.186 0.164 0.186 0.203 0.168 
 (23.16)*** (18.13)*** (13.72)*** (10.61)*** (22.17)*** (25.14)*** (22.61)*** 

Change in Rec. 0.001 0.003 0.002 -0.001 0.002 0.002 0.001 

 (3.43)*** (7.68)*** (2.27)** (1.73)* (4.66)*** (5.23)*** (2.77)*** 
Number of Targets -0.011 -0.005 -0.016 -0.002 -0.012 -0.007 -0.010 
 (16.49)*** (8.87)*** (8.09)*** (2.00)** (16.38)*** (12.94)*** (15.36)*** 
Single Target 0.234 0.183  0.253 0.259 0.182 0.230 

 (13.07)*** (7.43)***  (4.28)*** (13.32)*** (11.20)*** (13.01)*** 
Std. Dev. Target 0.789 0.377 1.205 0.758 0.897 0.686 0.799 
 (11.92)*** (5.80)*** (16.43)*** (6.73)*** (13.61)*** (10.75)*** (11.91)*** 
        
Observations 547,621 128,513 57,789 182,530 426,406 547,621 547,621 
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Table 5: Can Anomalies Predict Changes in Analysts’ Price Targets? 
 

In this table the dependent variable is the monthly change in price target. It is regressed on lagged values of Net. We use lags of 1, 3, 6, 12, and 18 
months. Net is the difference between the number of long and short anomaly portfolios that a stock is in for month t. We use 125 different anomalies. 
We include the median price target, the number of analysts forecasting price targets, whether the firm only has one analyst forecasting its price target, 
and the standard deviation of price targets as control variables. The regressions have time fixed effects and standard errors are clustered on the firm 
and time. *, **, and *** stars denote statistical significance at the 10%, 5%, and 1% level. In Panel B, Regression 1 includes the full sample. Regression 2 
includes observations that had a change in the median target.  Regression 3 includes observations, which are in the top decile for percentage increase in 
the number of analysts issuing price targets. In regression 4, we limit the sample to forecasts and recommendations issued by All-Star analysts. In 
regression 5, we limit the sample to observations that during the previous year and over the subsequent year did not do any of the following: (i) end up 
in the top quintile for net external finance; (ii) acquire another firm; (iii) spin off a firm; i.e. these are firms that did not engage in banking business in 
the previous or subsequent year.  Regressions 6 and 7 use Net variables created with Momentum and Contrarian anomalies only. 
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Panel A: Net at various Lags 

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

Median Target 0.000 0.000 0.000 0.000 0.000 

 (23.70)*** (20.32)*** (15.47)*** (7.23)*** (4.30)*** 

Number of Targets 0.003 0.000 -0.004 -0.012 -0.017 

 (0.55) (0.05) (0.84) (2.43)** (3.34)*** 

Single Target -0.474 -0.460 -0.438 -0.392 -0.361 

 (8.56)*** (8.30)*** (7.79)*** (6.97)*** (6.47)*** 

Std. Dev. Target -2.999 -3.095 -3.246 -3.351 -3.205 

 (9.43)*** (9.59)*** (9.95)*** (9.97)*** (9.55)*** 

Net_1 0.056     

 (16.77)***     

Net_3  0.048    

  (14.31)***    

Net_6   0.034   

   (10.74)***   

Net_12    0.015  

    (5.07)***  

Net_18     0.005 

     (2.02)** 

Observations 660,817 655,572 646,659 628,335 610,382 
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Table 5: (Continued) 
 
 

Panel B: Predicting Price Target Changes with Different Specifications

 (1) (2) (3) (4) (5) (6) (7) 

 Full Sample 
Median 
Target 
Change 

Coverage 
Increase 

All Star Analysts 
No Investment 

Banking 
Momentum Contrarian 

Net Group _1 0.056 0.031 0.080 0.045 0.057 0.488 0.064 

 (16.77)*** (8.09)*** (12.23)*** (10.50)*** (15.63)*** (28.31)*** (8.79)*** 

Median Target 0.000 -0.000 0.000 0.000 0.000 -0.000 0.000 

 (23.70)*** (4.46)*** (5.65)*** (16.28)*** (8.71)*** (0.74) (6.72)*** 

Number of Targets 0.003 0.019 -0.021 -0.010 0.001 -0.020 -0.009 

 (0.55) (4.69)*** (1.29) (1.82) (0.25) (4.22)*** (1.91) 

Single Target -0.474 -0.231  -0.956 -0.526 0.041 -0.432 

 (8.56)*** (2.27)**  (5.79)*** (8.76)*** (0.86) (7.77)*** 

Std. Dev. Targets -2.999 5.582 -3.226 -2.965 -3.233 -1.539 -3.223 
 (9.43)*** (12.90)*** (7.42)*** (7.78)*** (9.75)*** (5.10)*** (9.96)*** 

Observations 660,817 149,446 65,172 190,619 517,523 660,817 660,817 
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Table 6: Can Anomalies Predict Changes in Recommendations? 
 

In this table the dependent variable is the monthly change in mean recommendation. It is regressed on lagged values of Net. We use lags of 1, 3, 6, 12, 
and 18 months. Net is the difference between the number of long and short anomaly portfolios that a stock is in for month t. We use 125 different 
anomalies. We also conduct regressions with anomaly variables based on specific anomaly types in Panel B. We include the mean recommendation, 
number of recommendations, whether the firm only has a single analyst making a recommendation, and the standard deviation of the 
recommendations as control variables. The regressions have time fixed effects and standard errors are clustered on the firm. *, **, and *** stars denote 
statistical significance at the 10%, 5%, and 1% level. Regression 1 includes the full sample. Regression 2 includes observations that had a change in the 
mean recommendation (Panel B).  Regression 3 includes observations, which are in the top decile for percentage increase in the number of analysts 
issuing recommendations. In regression 4, we limit the sample to forecasts and recommendations issued by All-Star analysts. In regression 5, we limit 
the sample to observations that during the previous year and over the subsequent year did not do any of the following: (i) end up in the top quintile for 
net external finance; (ii) acquire another firm; (iii) spin off a firm; i.e. these are firms that did not engage in banking business in the previous or 
subsequent year.  Regressions 6 and 7 use Net variables created with Momentum and Contrarian anomalies only. 
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Table 6: (Continued)  
 

 
 

Panel A: Net at various lags 

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

Mean Rec. 0.009     

 (9.33)***     

Number of Recs. -1.644 -1.646 -1.656 -1.677 -1.677 

 (69.11)*** (68.81)*** (68.52)*** (67.88)*** (66.86)*** 

Single Rec. -0.019 -0.018 -0.019 -0.020 -0.022 

 (8.73)*** (8.59)*** (8.79)*** (9.24)*** (10.12)*** 

Std. Dev. Rec. 0.095 0.103 0.122 0.142 0.151 

 (3.70)*** (3.98)*** (4.62)*** (5.25)*** (5.45)*** 

Net_1 -0.207 -0.200 -0.195 -0.184 -0.157 

 (7.35)*** (7.05)*** (6.82)*** (6.29)**8 (5.26)*** 

Net_3  0.008    

  (8.26)***    

Net_6   0.005   

   (5.81)***   

Net_12    0.002  

    (1.85)*  

Net_18     0.000 

     (0.28) 

Observations 913,778 904,662 888,524 854,014 820,826 
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Table 6: (Continued) 
 

Panel B: Different Anomaly Types 

 (1) (2) (3) (4) (5) (6) (7) 

 Full Sample 
Mean Rec. 
Changes 

Coverage 
Increase 

All Star Analysts 
No Investment 

Banking 
Momentum Contrarian 

Net Group_1 0.009 0.006 0.013 0.005 0.009 0.134 -0.002 

 (9.33)*** (3.25)** (4.83)** (3.03)*** (8.10)*** (26.52)*** (1.02) 

Mean Rec. -1.644 -1.819 -1.604 -0.945 -1.634 -1.728 -1.649 

 (69.11)*** (43.09)** (29.03)** (28.01)*** (66.72)*** (71.08)*** (69.17)*** 

Number of Recs. -0.019 -0.021 -0.028 0.001 -0.017 -0.023 -0.023 

 (8.73)*** (6.60)** (3.45)** (0.30) (7.66)*** (10.99)*** (10.48)*** 

Single Rec. 0.095 -0.042 -0.188 -0.092 0.092 0.128 0.120 

 (3.70)*** (0.56) (2.08)* (1.13) (3.39)*** (4.94)*** (4.63)*** 

Std. Dev. Rec. -0.207 -0.054 -0.212 0.232 -0.226 -0.218 -0.210 

 (7.35)*** (0.87) (2.65)** (4.70)*** (7.32)*** (7.78)*** (7.44)*** 

Observations 913,778 144,262 63,725 260,100 727,130 913,778 913,778 
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Table 7: Analysts and Anomalies over Time 
 

This table reports the results from a regression of target-based Return forecasts (regressions 1-3) and mean recommendations (regressions 4-6) on 
Net, Net interacted with time, and controls. Net is the difference between the number of long and short anomaly portfolios that a stock is in for month t. 
We interact Net with Time, which is equal to 1/100 during the first month of our sample and increases by 1/100 each month. In regressions 1-3 we 
include the number of analysts forecasting price targets, whether the firm only has one analyst forecasting its price target, the standard deviation of 
targets, and forward-looking earnings-to-price ratio as control variables. In Panel B we include the number of analysts making recommendations, 
whether the firm only has a single analyst making a recommendation, the standard deviation of the recommendations, and the forward-looking 
earnings-to-price ratio as control variables. The regressions have time fixed effects and standard errors are clustered on firm and time. *, **, and *** 
stars denote statistical significance at the 10%, 5%, and 1% level.   

 Return Forecasts Recommendations 

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

 Net Momentum Contrarian Net Momentum Contrarian 

Net Group -0.009 -0.018 -0.106 -0.003 -0.021 0.077 

 (7.02)*** (7.11)*** (11.25)*** (5.35)*** (17.44)*** (36.67)*** 

Time * Net Group 0.002 0.005 0.036 0.000 0.003 -0.018 
 (3.67)*** (3.81)*** (7.80)*** (0.47) (3.97)*** (14.16)*** 

Num. of Targets or Recs. -0.009 -0.009 -0.008 -0.012 -0.013 -0.010 

 (18.88)*** (18.89)*** (18.14)*** (16.48)*** (18.64)*** (14.46)*** 

Single Target or Rec. 0.177 0.175 0.127 -0.047 -0.035 -0.049 

 (15.91)*** (16.10)*** (14.39)*** (3.46)*** (2.61)*** (3.61)*** 

Std. Dev. Targets or Rec. 0.418 0.422 0.285 -0.086 -0.087 -0.083 

 (12.36)*** (12.17)*** (10.61)*** (7.48)*** (7.63)*** (7.33)*** 

Et+1/Pt Ratio -1.525 -1.535 -1.507 0.223 0.290 -0.006 
 (27.34)*** (27.33)*** (27.43)*** (6.33)*** (8.27)*** (0.17) 

Observations 651,245 651,245 651,245 897,092 897,092 897,092 
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