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Abstract

This paper develops and implements a new test to investigate whether sell-side analysts herd around the consensus when they make stock recommendations. The empirical results support the herding hypothesis. Stock price reactions following recommendation revisions are stronger when the new recommendation is away from the consensus than when it is closer to it, indicating that the market recognizes such herding. We find that analysts from larger brokerages and analysts following stocks with smaller dispersion across recommendations are more likely to herd.  


Imitation or Information-Driven Herding? An Analysis of Analysts’ Recommendations and Market Reactions


Media accounts and academic studies often attribute many market ills such as excess market volatility, the internet bubble and the emerging market meltdown in the nineties the phenomenon of herding. The term ``herding’’ refers broadly to the tendency of many different agents, who make their own individual decisions, to take similar actions at roughly the same time. Portfolio managers, stock analysts, individual investors, and corporate managers are among the many who have been portrayed as having been afflicted by herding instincts. 

Why do individuals herd? The theoretical and empirical literature in economics and finance offer many reasons.
 One reason why individuals may herd is because they act based on similar information. Their information may be similar either because they all independently acquired signals that happen to be correlated, or they may have rationally extracted other agents’ information from their actions. Alternatively, individuals may herd because they derive utility from imitating others, either because of an inherent desire to conform or because their financial incentive structure rewards conformity.   

For instance, during the latter half of the nineties, often referred to as the internet bubble period, mutual funds as a group invested an increasing portion of their assets in technology stocks. Even funds that traditionally invested in value stocks moved progressively towards investing in new economy stocks. One explanation for this herd behavior is that it is information driven. Funds may have optimally utilized the information available at that point in time (which includes others’ actions), and rationally anticipated unprecedented growth for internet stocks. Although in hindsight we know that such expectations were overly optimistic, it is hard to rule out the possibility that the internet stock prices were rational based on the information available to investors ex ante. Alternatively, it is possible that many funds moved into internet stocks merely because of a desire to imitate their cohorts, although they truly believed that internet stocks were overvalued based on all available information. 

Generally, it is hard to empirically differentiate between imitation and information-driven herding because we only observe the actions, but not the motives behind those actions or the information available to the actors. Nevertheless, the potential consequences of herding, and how observers should interpret others’ actions depends on that underlying driving force. For instance, if herding is information-driven, then herding behavior would not have the destabilizing effect on prices that is often attributed to it. Moreover, investors should rationally update their priors based on others’ actions if they do indeed contain new information. 

On the other hand, if herding is driven largely by a desire to imitate the actions of others, then herding forces may move prices away from fundamentals. Trueman (1994) presents an example where analysts herd to imitate other analysts. In Trueman’s model, analysts’ compensation depends on their abilities as perceived by their clients. Trueman shows that analysts with low abilities issue forecasts that are close to those announced by other analysts in order to mimic high ability analysts and get a bigger compensation. Specifically, in Truman’s model,  “analysts exhibit herding behavior, whereby they release forecasts similar to those previously announced by other analysts, even when this is not justified by their information” (p. 97).  

Herding for the sake of imitation could potentially introduce noise in prices, which in effect may contribute to excess volatility that many view as undesirable. However, here again herding per se would not lead to excess volatility if the users of the information are aware of the herding incentives, and take those incentives into account in their trading decisions. For instance, in Trueman (1994), each earnings forecast, which on average is biased, brings new information to the market. The bias would mislead an investor about the value of the stock only if he takes the forecast at face value. But, if the investor correctly adjusts for the herding bias in earnings forecasts, then this bias would not translate into pricing errors. Therefore, to understand the broader consequences of any herding behavior, it is important to not only understand the underlying driving force, but also to determine whether the market recognizes the herding phenomenon, and acts accordingly. 

This paper examines whether sell-side analysts herd when they make stock recommendations.  We develop a simple model that allows us to specifically examine whether any herding behavior is driven by a desire to imitate. In addition, our model also allows us to draw inferences about whether the market recognizes analysts’ tendencies to deviate or conform at the time they make recommendation revisions. It is important to examine these issues so that we not only understand the behavior of analysts, but also understand whether analysts’ herding tendencies would likely move prices away from fundamentals.

 
Welch (2000) also examines whether analysts’ herd when they make investment recommendations.
 He develops a statistical model to investigate herding, and he finds that analysts are more likely to revise their recommendations towards, rather than away from, prior consensus recommendations. However, as he notes, ``Lacking access to the underlying information flow, I [Welch] cannot discern if the influence of recent revisions is either a similar response by multiple analysts to the same underlying information or is caused by direct mutual imitation’’ [Welch (2000), p. 393].  In contrast, our paper empirically differentiates between imitation and information-based herding. Moreover, we also examine whether the market price reactions to analysts recommendation revisions account for analysts’ tendency to herd.

Empirically differentiating between herding due to imitation and herding due to common information is generally difficult because they are both observationally similar in many respects. This difficulty is amply illustrated by the empirical literature that examines whether analysts herd towards the consensus when they issue forecasts. Early papers by Hong, Kubik and Solomon (2000), Lamont (2002), Gallo, Granger and Jeon (2002) and Clement and Tse (2005) examine the clustering of earnings or macroeconomic forecasts around consensus forecasts, and draw the conclusion that analysts herd towards the consensus, consistent with the model of Trueman (1994), Scharfstein and Stein (1990) and others.  De Bondt and Forbes (1999) find similar results using UK data.  However, these papers do not adequately account for the fact that analysts may cluster around the consensus because both the consensus and the individual analyst’s forecast reflect similar information, and because analysts may attempt to extract and use information from the forecasts of others when they update their own forecasts.

Subsequent papers by Zitzewtiz (2001), Bernhardt, Campello and Kutsoati (2006), and Chen and Jiang (2006) investigate herding behavior using methodologies that specifically account for such information effects. In marked contrast with earlier studies, these papers conclude that analysts ``anti-herd,’’ or that they issue forecasts that are away from the consensus relative to a forecast conditional on analysts’ information set at the time of the forecast. For instance, Bernhardt et al. report that if an analyst’s revised forecast is above the consensus then it is more likely that the forecast would overshoot actual earnings than it would fall short of it, and the opposite is true when an analyst’s revised forecast is below the consensus.

The rest of this paper is organized as follows. Section I presents the model that lays the foundation for our empirical tests. Section II describes the data and Section III presents the empirical tests. Section IV concludes the paper. 


I. Model

The intuition behind our empirical tests is best understood in the context of a model where an analyst who announces a target price, and the market reacts to this announcement. The intuition from this model and the main results generalize to a model that explicitly considers analyst recommendations rather than target prices, and a future version of this paper would present the model based on recommendations. 

A sell-side analyst observes a noisy signal about future price. Specifically, he observes   
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where, 
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. The precision of the signal depends on the analyst’s skill, which is inversely related to 
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First, consider a situation where there is no incentive for herding. The analyst is compensated based on his perceived skill. Since an analyst’s skill is unobservable, his compensation 
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is specified as a function of the ex-post accuracy of his stock price target as follows:   

 
[image: image10.wmf](

)

2

0

,(2)

tgt

t

CPP

ab

=--


where 
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are positive constants. 

The analyst decides on the target price that he would announce by maximizing his expected compensation, conditional on the signal. Formally, the analyst’s problem is:
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This problem can be solved in a fairly straightforward. The analyst optimally announces a target price 
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.  Therefore, in this setting the analyst truthfully discloses his signal.

Now consider the case where the analyst has either an incentive or a disincentive to herd. Then, we can specify his compensation function as:
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where 
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 is the consensus target price just prior to the time that the analyst announces his target price. 

The compensation function (4) is a reduced form characterization of the incentives to herd or to exaggerate differences, and it is similar to the objective function proposed by Zitzewitz (2001) in the context of analysts’ earnings forecasts. Trueman (1994), Ehrbeck and Waldmann (1996), Prendegrast and Stole (1996) and others present formal models where such incentive arise endogenously.  Trueman’s (1994) model suggests that analysts have an incentive to herd with others to pretend to be more skilled than they actually are. Ehrbeck and Waldmann (1996) present a similar argument.  It is also possible that analysts herd because they perceive it to be a safe course of action. After all, their predictions turn out to be wrong when they are with the herd then cohorts would be wrong as well. Regardless of the underlying reason, if there are incentives to herding, then announcing a price target close to the consensus per se would add to the analyst’s compensation, and  
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Prendergast and Stole (1996) present a model where the opposite incentives are present. In their model, agents who have not yet established a reputation for themselves, or the ``newcomers’’ overemphasize their own information and exaggerate their differences with others to appear talented. Similarly, Ottaviani and Sorensen (2006) show that when analyst view the task of forecasting earnings as a winner-take-all contest the forecasts are excessively differentiated relative to the corresponding conditional expectations. When analysts were faced with incentives to deviate from the crowd 
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Analysts announce the target price 
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 that maximizes their expected compensation. Therefore, the target price the analyst announces is the solution to the following problem:  
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The first order condition for this maximization problem implies that the analyst would solve the following equation to determine the target price:  
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Note that the target price would not equal the signal if there were incentives or disincentives to herd (i.e. 
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). When the market interprets the analyst’s announcement of target price, it would rationally account for the herding bias. Therefore, the post-announcement price, say 
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Intuitively, if the analyst has an incentive to herd (i.e. 
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), then the market would rationally anticipate that the target price he announces is shaded towards the consensus. Therefore, if the target price is above the consensus then the post-announcement price would be greater than the target price, but it would be less than the target price otherwise. The opposite would be true when there is an incentive to exaggerate.

Since some theoretical models predict herding (e.g. Trueman, 1994), while others predict exaggeration (e.g. Prendergast and Stole, 1996), whether analysts do indeed herd or exaggerate is an empirical issue. 

The model here predicts that the price change after the announcement of the new price target is:
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Therefore, the price change following a target price announcement would be related to the deviation between the target price and the consensus if there are incentives to herding or exaggeration. The price reaction would be positively related to the deviation from consensus if there were incentives to herding, and negatively related if there were disincentives. On the other hand, if the analyst has no incentive or disincentive to herd, then his target price is set entirely based on his private information, and the deviation from consensus would not be related to stock price reaction on the announcement date.

II. Data and Sample

We obtain the stock recommendations data from the IBES detailed US recommendations file; earnings announcement dates from the IBES actual earnings file; and stock returns and index returns from daily CRSP. The sample period is from November 1993 to December 2005. 

Our sample comprises all stocks that satisfy the following criteria:

(a) At least two analysts have active recommendations for the stock, and at least one of them revises these recommendations within the sample period;

(b) The analyst code should be available on IBES;  

(c) The stock return data on the recommendation revision date should be available on CRSP; and

(d) The stock price should be at least $1 on the day before the recommendation revision date. 
Table 1 presents the descriptive statistics for the sample. The number of firms in the sample ranges from a low of 228 in 1993 to a high 1968 in 2002. The sample size is relatively small in 1993 largely because IBES coverage is incomplete in its first year. The median number of analysts following a firm over the entire sample period is five. The number of brokerages in database increases from 49 in 1993 to 233 in 2004 before decreasing to 223 in 2005. The brokerages in the sample range from large brokerages like Merrill Lynch and Morgan Stanley to small ones that have only one analyst on IBES. The median number of analysts in a brokerage is three. 

III. Empirical Tests 


Our first set of tests examines stock price changes following recommendation upgrades and downgrades over various horizons. We use the results from our model to investigate whether stock price reactions to analysts’ recommendation revisions indicate herding behavior.  We then examine the cross-sectional relation between experience, reputation and other variables and the tendency to herd. Finally, we examine the robustness of our results to alternate test specifications.     

A. Price Reaction to Recommendation Revisions
This subsection examines how stock prices react to recommendation revisions. We characterize each revision as an upgrade or a downgrade by comparing the revised recommendation with the previous active recommendation for the stock by the revising analyst. After a recommendation revision for stock i on date t, we compute H-day buy-and-hold abnormal returns
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where, 
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are the return on stock i and the value-weighted index return, respectively.

Table 2 presents abnormal stock returns over various horizons following recommendation revisions. Day 0 is the revision date and the other days in the column headings are the number of trading days from the revision date. For instance the entries under the column heading ``21’’ presents cumulative abnormal returns over 21 trading days, or roughly one calendar month, after the revision.
The average abnormal return on the revision date is 2.03% for upgrades and 
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 for downgrades. The abnormal return gradually increases to 4.98% by the end of the sixth months after upgrades and decreases to –4.39% for downgrades. Therefore, a large part of stock price response occur on the day of the revision although the market prices take about six months to fully reflect the information in recommendation revisions. These results are consistent with the results in the literature that examines analysts’ recommendations.
 


Table 2 also presents the abnormal returns when analysts upgrade stocks to strong buys or from sell or strong sell, and when they downgrade to sell or strong sell, or downgrade from strong buy. The abnormal returns are about equal within the upgrade and downgrade categories. For example, Day 0 abnormal returns are 2.03%, 2.13% and 1.63% for all upgrades, upgrades to strong buy and upgrade from sell/strong sell, respectively. The corresponding Day 126 abnormal returns are 4.98%, 4.50% and 5.08%. The returns are not statistically different across the upgrade or downgrade categories. Therefore, the information in analysts’ revision is contained in whether they upgrade or downgrade a stock rather, than the starting or ending level of the recommendation. 
B. Herding Regressions

We use the following regression specification to investigate whether analysts herd:
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The indicator variable I takes the sign of expected abnormal returns conditional on an upgrade or a downgrade. We use this indicator variable so that we can pool upgrades and downgrades in the same regression. 

The variable 
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is the recommendation level after the revision if there is only one revision on day t. If there are multiple revisions on any day t for stock i, then 
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 is the average of the recommendation levels across the analysts who revise their recommendations. We consider a multiple revisions to be an upgrade if the average revision is positive (where 5 corresponds to strong buy and 1 corresponds to strong sell), and we consider it a downgrade if the average is negative. We exclude the revision is the average is zero. 
The variable 
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 is the consensus recommendation the day before the revision. The consensus recommendation on any given day for a particular stock is the equal- weighted average of all active recommendations that are outstanding on that day for that stock. We consider a recommendation to be active for up to 180 days after it is issued or until IBES stopped file records that the analyst has stopped issuing recommendations for that stock. We impose the 180-day criterion to screen out stale recommendations. 
This regression specification is based on the results of our model given in Equation (8). As Equation (8) indicates, if analysts were either herding or exaggerating their differences, then the stock return on the revision date would not only depend on the information in the revision per se, but also on whether the new recommendation is closer to or away from the consensus recommendation. As we discuss in Section I, stock price reaction would be positively related to deviation from consensus if analysts herd, and would be negatively related if they exaggerate. Therefore, our alternate hypotheses are:

A1. Herding: Analysts herd close to the consensus when they make recommendation revisions. Therefore, 
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A2. Exaggeration: Analysts exaggerate their differences with the consensus when they make recommendation revisions. Therefore, 
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We fit Regression (10) for holding periods ranging from one day to about six-months. By allowing for holding period longer than just the day of revision, we can examine whether market reaction recognizes any herding incentives on the revision date or with some delay. For instance, if analysts tend to herd, but the immediate market reaction does not take herding into account, then the coefficient c would be zero on the revision date but it would be positive over longer horizons as the information in deviation from consensus gets reflected in market prices. However, if coefficient c is not different from zero over any holding period, then we would not be able to reject the null hypothesis of no herding.          

Table 3 presents the estimates of Regression (10) using the Fama-MacBeth approach. Specifically, we estimate a separate regression using all revision data within each calendar quarter. The regression estimates are the time-series averages of the corresponding quarterly regression coefficients. We compute serial-correlation consistent Hansen and Hodrick standard error estimates allowing for non-zero serial correlation for up to two quarters to take into account that the return measurement intervals overlap across quarters. 

There are a total of 71,555 revisions in our sample. The slope coefficient on the revision indicator on day 0 is 2.04, indicating that the average stock return is 2.04% in the direction of recommendation revision. This slope coefficient increases gradually with the holding period, reflecting the delay in market price reactions to recommendation revisions.

The slope coefficient on deviation from consensus is .74, which is significantly positive. Therefore, in addition to the direction of recommendation revision, the deviation from consensus also conveys information to the market. The stock return is more positive when the new recommendation is farther from the consensus than when it is closer to the consensus. As we discussed earlier, the positive coefficient supports the hypothesis that analysts herd towards the consensus.

The point estimate of the slope coefficients on deviation from consensus are .91 and .87 for two- and six-month holding periods, respectively. Although these point estimates are larger than the corresponding slope coefficient in the revision day return regression, the differences are not statistically significant. Therefore, the market price fully incorporates the information in the deviation from consensus on the revision date.       
C. Cross-Sectional Determinants of Herding
* Variables used in Cross Sectional Analysis (table IV)

1. Analyst Experience: log of calendar days since first appearance in the database

                                     (min: 0, max: 8.398)

2. Broker Size: inverse of broker rank based on number of analysts per broker per year

                        (min: 0.003, max: 1)

3. Firm Size: NYSE size decile as of the end of the previous year of the revision

                    (min: 1, max: 10)

4. Pre-Revision Dispersion: standard deviation of the consensus recommendation level the day

                                             before the revision (min: 0, max: 2.828)

D. Robustness Check

* Variables used in Alternative Definition (table VI)

Deviation = new recommendation – most recent recommendation by a different analyst  

IV. Conclusions

.
This paper develops and implements a new test to investigate whether sell-side analysts herd around the consensus when they make stock recommendations. The empirical results support the herding hypothesis. Stock price reactions following recommendation revisions are stronger when the new recommendation is away from the consensus than when it is closer to it, indicating that the market recognizes such herding. We find that analysts from larger brokerages and analysts following stocks with smaller dispersion across recommendations are more likely to herd.  
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Table I

Sample Descriptive Statistics

This table presents the descriptive statistics for the sample. The sample includes all firms that have at least two active recommendations in the IBES Detailed US Recommendations database with at least one being revised during the sample period. The sample excludes all stocks priced lower than $1 on the day before the recommendation revision date. Finally, a brokerage house enters into the sample in a given year if it employs at least one analyst who entered the sample. For each calendar year covered by the sample, the table shows the number of firms followed by analysts, number of analysts, and the number of brokerage firms. The remaining columns of the table present the mean and median numbers of analysts per brokerage firm and the number of analysts following each firm, respectively. The sample period is from November 1993 to December 2005. 

	Year

	Number of
Firms Followed
	Number 

of
Analysts
	Number 

of
Brokerages
	Number of Analysts
per Brokerage
	Number of Analysts 

Following each Firm

	
	
	
	
	Mean
	Median
	Mean
	Median

	
	
	
	
	
	
	
	

	1993
	228
	210
	49
	4.31
	3
	6.20
	5

	1994
	1,604
	1,208
	116
	10.73
	5.5
	7.83
	6

	1995
	1,432
	1,228
	119
	10.57
	5
	5.73
	5

	1996
	1,476
	1,322
	141
	9.65
	4
	5.04
	4

	1997
	1,486
	1,373
	156
	9.01
	4
	4.79
	4

	1998
	1,773
	1,729
	173
	10.26
	4
	5.29
	4

	1999
	1,792
	1,867
	161
	12.00
	6
	5.85
	5

	2000
	1,597
	1,681
	153
	11.39
	6
	5.74
	5

	2001
	1,555
	1,697
	140
	12.44
	6
	6.71
	5

	2002
	1,968
	2,114
	159
	13.53
	7
	7.72
	6.5

	2003
	1,964
	2,142
	196
	11.19
	4
	7.67
	6

	2004
	1,788
	1,936
	233
	8.52
	3
	6.62
	5

	2005
	1,707
	1,844
	223
	8.46
	3
	5.70
	5

	
	
	
	
	
	
	
	

	All Years
	5,562
	6,397
	436
	10.35
	4
	6.41
	5


Table II

Cumulative Market-Adjusted Returns following Analysts’ Recommendation Revisions
This table presents the cumulative abnormal returns (in %) following recommendation revisions. We characterize each revision as an upgrade or a downgrade by comparing the revised recommendation with the previous active recommendation for the stock by the revising analyst.  We further classify upgrades and downgrades into revisions to and from strong buy and from and to sell or strong sell. The abnormal return is the raw return minus the CRSP value-weighted index return.  Day 0 is the revision date and the other days in the column headings are the number of trading days from the revision date. The average returns reported in bold face are statistically significant at least at the five percent level (absolute value of t-statistics greater than 1.96). We use heteroskedasticity and serial correlation consistent standard errors to compute the t-statistics. The sample period is November 1993 to December 2005.

	 
	 
	 
	Number of Trading Days after the Revision Date

	Recommendation Revision
	
	0
	1
	2
	21
	42
	126

	
	
	
	
	
	
	
	
	

	Upgrades
	All 
	
	2.03
	2.39
	2.49
	3.46
	3.83
	4.98

	
	
	
	
	
	
	
	
	

	
	to strong buy
	
	2.13
	2.54
	2.67
	3.64
	3.86
	4.50

	
	
	
	
	
	
	
	
	

	
	From sell/strong sell
	
	1.63
	1.87
	1.90
	2.65
	3.26
	5.08

	
	
	
	
	
	
	
	
	

	
	
	
	 
	 
	 
	 
	 
	 

	Downgrades
	All 
	
	-3.19
	-3.42
	-3.52
	-4.04
	-4.29
	-4.39

	
	
	
	
	
	
	
	
	

	
	to sell/strong sell
	
	-3.54
	-3.89
	-4.02
	-4.77
	-4.55
	-2.70

	
	
	
	
	
	
	
	
	

	
	From strong buy
	
	-2.86
	-3.06
	-3.15
	-3.72
	-4.14
	-4.70

	
	
	
	
	
	
	
	
	


Table III

Regressions Testing for Herding 

This table reports the estimates of the following regression:
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 where t is the forecast revision data,
[image: image38.wmf](,)

i

ABRttH

+

is the H-period abnormal return following the revision date, I indicator variable for upgrades
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 is the revised individual recommendation on date t and 
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 is the consensus recommendation the day before the revision. We estimate the regression coefficients and the standard errors using quarterly Fama-MacBeth regressions. The sample period is November 1993 to December 2005.

	Dependent Variable:
	
	 
	Explanatory Variables
	 

	Cumulative Return
	
	N
	I (=1 if up, -1 if down)
	deviation from consensus
	constant
	R2

	Days since Revision
	
	 
	coeff. (%)
	t-stat
	coeff. (%)
	t-stat
	coeff. (%)
	t-stat
	 

	
	
	
	
	
	
	
	
	
	

	0
	
	    71,555 
	2.04
	14.670
	0.74
	8.788
	-0.55
	-6.490
	0.106

	1
	
	    71,551 
	2.29
	14.703
	0.73
	9.855
	-0.49
	-5.578
	0.103

	2
	
	    71,540 
	2.37
	14.658
	0.73
	10.050
	-0.49
	-5.149
	0.098

	21
	
	    71,091 
	2.99
	14.357
	0.80
	7.765
	-0.20
	-0.741
	0.054

	42
	
	    70,380 
	3.16
	14.244
	0.91
	6.320
	-0.11
	-0.284
	0.036

	126
	 
	    66,843 
	3.64
	8.339
	0.87
	1.920
	0.36
	0.386
	0.021


Table IV

Cross Sectional Variation in Herding

This table estimates cross sectional variations in herding or exaggerating behavior.  In each panel, deviation from consensus as well as the indicator variable I is interacted with variables designed to capture differences in characteristics; i.e., analyst’s experience proxied by log of calendar days since first appearance in the database (panel A), broker size proxied by the inverse of broker rank based on number of analysts per broker per year(panel B), firm size proxied by NYSE size decile as of the end of the previous year (panel C), and pre-revision dispersion proxied by the standard deviation of the consensus recommendation prior to the revision (panel D).  All specifications are based on quarterly Fama-MacBeth regressions where the coefficient and t-stats are based on time-series averages and standard errors and require at least two analysts with active recommendations before the revision.  The sample period is November 1993 to December 2005.

	Panel A: Analyst Experience (min: 0, max: 8.398)

	Dependent Variable:
	
	 
	Explanatory Variables
	

	Cumulative Return
	
	N
	    I (=1 if up, 

         -1 if down)
	deviation from consensus
	deviation

*experience 
	I*experience
	constant
	R2

	Days since Revision
	
	 
	coeff. (%)
	t-stat
	coeff. (%)
	t-stat
	coeff. (%)
	t-stat
	coeff. (%)
	t-stat
	coeff. (%)
	t-stat
	

	
	
	
	
	
	
	
	
	
	
	
	
	
	

	0
	
	71,555
	1.87
	4.477
	1.36
	3.128
	-0.10
	-1.557
	0.04
	0.649
	-0.55
	-6.513
	0.110

	1
	
	71,551
	2.30
	5.409
	1.30
	2.871
	-0.10
	-1.389
	0.01
	0.240
	-0.49
	-5.590
	0.106

	2
	
	71,540
	2.37
	5.258
	1.00
	2.204
	-0.06
	-0.761
	0.01
	0.176
	-0.49
	-5.144
	0.101

	21
	
	71,091
	3.35
	4.163
	1.17
	1.433
	-0.08
	-0.582
	-0.03
	-0.291
	-0.20
	-0.732
	0.056

	42
	
	70,380
	3.70
	3.586
	1.22
	1.357
	-0.08
	-0.516
	-0.04
	-0.307
	-0.11
	-0.279
	0.038

	126
	 
	66,843
	1.66
	0.853
	3.86
	1.713
	-0.44
	-1.197
	0.31
	1.104
	0.45
	0.467
	0.024


Table IV ( Continued
	

	Panel B: Broker Size (min: 0.003, max: 1)

	Dependent Variable:
	
	 
	Explanatory Variables
	

	Cumulative Return
	
	N
	    I (=1 if up, 

         -1 if down)
	deviation from consensus
	deviation

*broker size 
	I*broker size
	constant
	R2

	Days since Revision
	
	 
	coeff. (%)
	t-stat
	coeff. (%)
	t-stat
	coeff. (%)
	t-stat
	coeff. (%)
	t-stat
	coeff. (%)
	t-stat
	

	
	
	
	
	
	
	
	
	
	
	
	
	
	

	0
	
	71,555
	1.85
	13.453
	0.64
	7.801
	0.99
	4.314
	1.32
	6.554
	-0.56
	-6.601
	0.113

	1
	
	71,551
	2.13
	13.666
	0.61
	8.609
	1.17
	4.196
	1.15
	4.973
	-0.50
	-5.671
	0.109

	2
	
	71,540
	2.20
	13.667
	0.61
	8.331
	1.20
	3.997
	1.19
	4.500
	-0.50
	-5.204
	0.103

	21
	
	71,091
	2.79
	12.983
	0.65
	5.981
	1.48
	3.229
	1.27
	3.388
	-0.21
	-0.762
	0.056

	42
	
	70,380
	3.02
	13.465
	0.73
	4.590
	1.73
	3.250
	0.94
	1.783
	-0.12
	-0.297
	0.039

	126
	 
	66,843
	2.85
	4.404
	1.23
	3.316
	-4.45
	-0.686
	6.33
	1.060
	0.36
	0.383
	0.028


	Panel C: Firm Size (min: 1, max: 10)



	Dependent Variable:
	
	 
	Explanatory Variables
	

	Cumulative Return
	
	N
	    I (=1 if up, 

         -1 if down)
	deviation from consensus
	deviation

*firm size 
	I*firm size
	constant
	R2

	Days since Revision
	
	 
	coeff. (%)
	t-stat
	coeff. (%)
	t-stat
	coeff. (%)
	t-stat
	coeff. (%)
	t-stat
	coeff. (%)
	t-stat
	

	
	
	
	
	
	
	
	
	
	
	
	
	
	

	0
	
	70,367
	3.05
	15.372
	1.25
	7.903
	-0.09
	-4.279
	-0.16
	-9.414
	-0.53
	-6.186
	0.116

	1
	
	70,363
	3.55
	14.998
	1.18
	6.982
	-0.08
	-3.481
	-0.20
	-9.825
	-0.47
	-5.312
	0.113

	2
	
	70,352
	3.79
	14.988
	1.13
	7.018
	-0.07
	-3.340
	-0.22
	-10.651
	-0.46
	-4.877
	0.108

	21
	
	69,904
	5.21
	13.903
	1.13
	4.373
	-0.06
	-1.633
	-0.34
	-10.293
	-0.19
	-0.702
	0.061

	42
	
	69,197
	5.64
	12.576
	1.43
	4.589
	-0.09
	-2.060
	-0.39
	-9.008
	-0.09
	-0.230
	0.042

	126
	 
	65,676
	6.50
	6.965
	2.54
	3.307
	-0.32
	-1.969
	-0.42
	-3.359
	0.36
	0.401
	0.028

	

	Panel D: Pre-Revision Dispersion (min: 0, max: 2.828)



	Dependent Variable:
	
	 
	Explanatory Variables
	

	Cumulative Return
	
	N
	    I (=1 if up, 

         -1 if down)
	deviation from consensus
	deviation*

pre-revision

dispersion 
	I*pre- revision

dispersion
	constant
	R2

	Days since Revision
	
	 
	coeff. (%)
	t-stat
	coeff. (%)
	t-stat
	coeff. (%)
	t-stat
	coeff. (%)
	t-stat
	coeff. (%)
	t-stat
	

	
	
	
	
	
	
	
	
	
	
	
	
	
	

	0
	
	69,891
	2.16
	12.203
	0.99
	8.191
	-0.35
	-2.632
	-0.19
	-1.551
	-0.55
	-6.433
	0.110

	1
	
	69,888
	2.51
	12.125
	1.00
	7.710
	-0.38
	-2.539
	-0.32
	-2.127
	-0.49
	-5.510
	0.107

	2
	
	69,877
	2.61
	12.259
	1.01
	7.621
	-0.39
	-2.568
	-0.34
	-2.189
	-0.49
	-5.062
	0.102

	21
	
	69,439
	3.47
	10.669
	1.07
	4.677
	-0.41
	-1.629
	-0.67
	-2.634
	-0.21
	-0.780
	0.056

	42
	
	68,747
	3.29
	7.856
	1.51
	4.797
	-0.86
	-2.760
	-0.18
	-0.430
	-0.12
	-0.294
	0.039

	126
	 
	65,307
	3.27
	5.174
	2.48
	4.553
	-2.88
	-2.116
	0.89
	0.973
	0.20
	0.224
	0.029


Table V

Robustness Checks

This table estimates average herding across multiple recommendation revisions for various sub-samples.  Panel A excludes all revisions made within 3 days of earnings announcement dates, panel B excludes revisions made on days on which there are more than one revision issued by more than one analyst, and panel C includes only those revisions that are made at least five days after the most recent revision made by a different analyst.  All specifications are based on quarterly Fama-MacBeth regressions where the coefficient and t-stats are based on time-series averages and standard errors and require at least two analysts with active recommendations before the revision.  The sample period is November 1993 to December 2005.

	Panel A:  Exclude revisions made within 3 days of earnings announcement dates

	Dependent Variable:
	
	 
	Explanatory Variables
	 

	Cumulative Return
	
	N
	    I (=1 if up, 

         -1 if down)
	deviation from consensus
	constant
	R2

	Days since Revision
	
	 
	coeff. (%)
	t-stat
	coeff. (%)
	t-stat
	coeff. (%)
	t-stat
	 

	
	
	
	
	
	
	
	
	
	

	0
	
	    52,676 
	1.82
	14.434
	0.73
	8.447
	-0.56
	-6.134
	0.097

	1
	
	    52,672 
	2.05
	14.159
	0.73
	9.353
	-0.49
	-5.223
	0.094

	2
	
	    52,661 
	2.15
	14.002
	0.72
	9.540
	-0.49
	-4.990
	0.091

	21
	
	    52,256 
	2.74
	13.511
	0.79
	6.936
	-0.33
	-1.308
	0.048

	42
	
	    51,723 
	2.83
	12.334
	0.91
	5.186
	-0.01
	-0.038
	0.033

	126
	 
	    49,215 
	3.00
	6.598
	1.16
	3.591
	0.24
	0.282
	0.022

	

	Panel B: Exclude multiple revisions made on the same day

	Days since Revision
	
	N
	coeff. (%)
	t-stat
	coeff. (%)
	t-stat
	coeff. (%)
	t-stat
	R2

	
	
	
	
	
	
	
	
	
	

	0
	
	    58,251 
	1.48
	16.154
	0.34
	8.325
	0.00
	-0.019
	0.096

	1
	
	    58,247 
	1.75
	15.884
	0.33
	9.017
	0.05
	1.114
	0.090

	2
	
	    58,236 
	1.84
	15.409
	0.32
	8.113
	0.05
	0.830
	0.082

	21
	
	    57,881 
	2.46
	14.210
	0.42
	4.546
	0.33
	1.353
	0.039

	42
	
	    57,332 
	2.60
	13.081
	0.55
	4.244
	0.44
	1.134
	0.026

	126
	 
	    54,592 
	2.90
	7.391
	0.55
	1.314
	0.89
	0.974
	0.015


	Panel C: Revisions made at least five days after the most recent revision by a different analyst

	Days since Revision
	
	N
	coeff. (%)
	t-stat
	coeff. (%)
	t-stat
	coeff. (%)
	t-stat
	R2

	
	
	
	
	
	
	
	
	
	

	0
	
	    49,750 
	2.10
	14.890
	0.68
	7.202
	-0.59
	-5.986
	0.112

	1
	
	    49,747 
	2.35
	14.893
	0.68
	7.501
	-0.53
	-5.300
	0.111

	2
	
	    49,741 
	2.43
	15.067
	0.68
	7.519
	-0.54
	-5.100
	0.105

	21
	
	    49,445 
	3.04
	13.875
	0.79
	6.269
	-0.15
	-0.530
	0.056

	42
	
	    48,953 
	3.16
	13.640
	0.79
	4.083
	0.00
	-0.002
	0.037

	126
	 
	    46,472 
	3.49
	7.468
	0.75
	1.520
	0.53
	0.555
	0.021


Table VI

Herding or Exaggerating: Alternative Definition of Deviation from Consensus

This table estimates average herding using an alternative definition of deviation.  In panel A, deviation takes value of 1 if the most recent revision was a downgrade and is followed by an upgrade. Similarly, deviation equals -1 if previous revision was an upgrade and is followed by a downgrade.  Deviation equals zero if previous and following revisions are both upgrades or both downgrades.  In panel B, deviation is defined as the difference between the new recommendation level and the most recent recommendation made by a different analyst.  Panels A-1 and B-1 require at least five trading days since the most recent revision whereas panels A-2 and B-2 require ten trading days.  All specifications are based on quarterly Fama-MacBeth regressions where the coefficient and t-stats are based on time-series averages and standard errors. The sample period is November 1993 to December 2005.
	Deviation = new recommendation – most recent recommendation by a different analyst  (at least 5 trading days in between) 



	Dependent Variable:
	
	 
	Explanatory Variables
	 

	Cumulative Return
	
	N
	I (=1 if up, -1 if down)
	deviation from consensus
	constant
	R2

	Days since Revision
	
	 
	coeff. (%)
	t-stat
	coeff. (%)
	t-stat
	coeff. (%)
	t-stat
	 

	
	
	
	
	
	
	
	
	
	

	0
	
	    54,274 
	2.36
	14.746
	0.32
	6.969
	-0.61
	-6.235
	0.111

	1
	
	    54,270 
	2.63
	14.877
	0.34
	7.786
	-0.55
	-5.614
	0.109

	2
	
	    54,263 
	2.71
	15.220
	0.34
	7.010
	-0.56
	-5.441
	0.104

	21
	
	    53,932 
	3.43
	14.753
	0.36
	5.645
	-0.25
	-0.844
	0.057

	42
	
	    53,378 
	3.60
	16.004
	0.36
	3.490
	-0.13
	-0.289
	0.038

	126
	 
	    50,583 
	4.16
	10.322
	0.12
	0.335
	0.39
	0.394
	0.025


* Narasimhan Jegadeesh is the Dean's Distinguished Professor at the Goizueta Business School, Emory University, and Woojin Kim is an assistant professor at the KDI School of Public Policy and Management, Seoul 130-868, South Korea. 


Contact information: Narasimhan Jegadeesh, email: � HYPERLINK "mailto:Narasimhan.Jegadeesh@bus.emory.edu" ��Narasimhan_Jegadeesh@bus.emory.edu�, Ph: (404) 727-4821; Woojin Kim,  email: � HYPERLINK "mailto:wjkim@kdischool.ac.kr" ��wjkim@kdischool.ac.kr�








� See Bikhchandani and Sharma (2001), Hirshleifer and Teoh (2003), and  Devenow and Welch (1996) for detailed surveys of the herding literature.    


� Other papers that whether analysts or newsletters herd when they make recommendations include Graham (1999), Jaffe and Mahoney (1999) and Desai et al. (2000). 


� For example, Womack (1993), Jegadeesh, Kim, Krische and Lee (2004) and Jegadeesh and Kim (2006).
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