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Analyzing the analysts: When do

recommendations add value?

Abstract
We show that financid anaysts from sall-sde firms generdly recommend
“glamour” (i.e., pogtive momentum, high growth, high volume, and
relaively expensve) socks. Naive adherence to these recommendations
can be costly, because the level of the consensus recommendation adds
vaue only among stocks with positive quantitetive characteristics (i.e,
high vdue and positive momentum stocks). Among stocks with negative
quantitative characteristics, higher consensus recommendations are
associated with worse subsequent returns. In contradt, the quarterly
change in the consensus recommendation is a robust return predictor that
gppears to contain information orthogonal to alarge range of other

predictive varigbles,



1. Introduction

Financia researchers and practitioners have long been interested in understanding how
the activities of financid analysts effect capitd market efficiency. Currently in the
United States, over 3,000 analysts work for more than 350 sell-side investment firms*
These analysts produce corporate earnings forecasts, write reports on individua
companies, provide industry and sector analyses, and issue stock recommendations.
Mogt prior studies have concluded that the information they produce promotes market
efficiency by helping investors to value companies assets more accurately.

Analydts gather and process a variety of information about different stocks, form their
beliefs about the intringic stock vaues relative to their current market prices, and findly
rate the investment potential of each stock. As Elton, Gruber, and Grossman (1986, page
699) observe, these recommendations represent “one of the few casesin evauding
information content where the forecaster is recommending a clear and unequivoca

course of action rather than producing an estimate of a number, the interpretation of
whichisup to theuser.” In short, these recommendations offer a unique opportunity to
study anayst judgment and preferences across large samples of stocks.

In this study, we investigate analyst preferences across stocks, and evaluate the sources of
the investment vaue provided by andyst stock recommendations and recommendation
changes. We expect this research to be of interest to both financial academics and
practitioners. From an academic perspective, the study contributes to a better
understanding of how andysts evauate stocks, and their role in the price formeation
process. From the perspective of investors, this research enhances our understanding of

the usefulness (and limitations) of andyst recommendationsin investment decisons.

! See www.bulldogresearch.com These statistics do not include “ Associates” and other junior analysts that
provide research support.
2 For reviews of this literature, see Schipper (1991) and Brown (2000).




Findly, from the perspective of sdl-sde andydts, our study provides adecison aid for

making better recommendations (in terms of improved returns prediction).®

The firgt part of the study presents a descriptive profile of the firms preferred by andysts.
This research is designed to provide insghts on andysts congstency with various stock
characteristics in developing their stock recommendations® The firm characteristics we
consider are measures that have a demongtrated ability to forecast cross-sectiond returns
inprior sudies. In the context of this study, these variables serve three purposes. Firg,
they dlow us to examine the extent to which the predictive power of sock
recommendations is due to analysts tendency to recommend stocks that appear attractive
based on other well-known pricing anomaies® Second, they help us to understand how
andys recommendations are relaed to “momentum” and “ contrarian” investment
drategies. Findly, these predictive variables alow us to evauate the extent to which

andysts incorporate concurrently avalable information in their recommendations.

Our results show that andysts generdly prefer “glamour” stocksto “vaue’ stocks.
Stocks that receive higher recommendations (as well as more favorable recommendation
revisons) tend to have positive momentum (both price and earnings) and high trading
volume (as measured by ther turnover ratio). They exhibit greater past sdes growth, and
are expected to grow their earnings faster in the future. These stocks aso tend to have
higher vauation multiples, more positive accounting accruas, and they invest a grester
proportion of their total assetsin capita expenditures.

3 This statement assumes that analysts are interested in improving the predictive power of their
recommendations. Aswe discuss later, dueto incentive issues, optimal returns prediction may not be
the primary goal of analysts.

Our approach is similar in spirit to Brunswick’ slens model analysis, common in experimental research,
in which a decision-maker assesses various information cues to predict a criterion event (e.g., see Libby
(1981) for further discussions). Examples of thisresearch related to analysts' stock recommendations
include Pankoff and Virgil (1970) and Mear and Firth (1987, 1990); see also Ebert and Kruse (1978).
Prior studies controlled for firm characteristics, such as book-to-market, firm size, and price momentum
(e.g., see Womack (1996) and Barber et al. (2001a)). We investigate amuch larger set of variables
including accounting accruals, capital expenditures, past trading volume, past growth, and forecasted
future growth.



However, we show that this preference for growth stocksis not dwaysin line with the
interests of theinvesting public. Specificdly, we find that andyst recommendationsfall

to incorporate the predictive power of most so-caled “contrarian” indicators. In the case
of seven out of eight contrarian Signals, the correlation with analysts stock
recommendationsis directionaly opposite to the variabl€ s correlation with future

returns.

The andygs penchant for growth firmsis conggtent with the economic incentives
imposed by their operating environment. Mog sdll-side analysts work for brokerage
houses whaose primary businesses are investment banking, and sales and trading. Growth
firms and firms with higher trading activity make more aitractive clients to the brokerage
firms. Theseincentives may cause anaysts to, knowingly or otherwise, tilt their attention
and stock recommendations in favor of growth and high volume stocks.

Wefind that, in spite of their generd disagreement with the other predictive variables,
stocks favorably recommended by the anaysts outperform stocks unfavorably
recommend by them. Thisresult is consstent with the evidence documented by Barber,
Lehavy, McNichols, and Trueman (20018). However, we find that the level of andyst
recommendation derives its predictive power largdly from atilt towards high momentum
gocks. After controlling for the return predictability of the other sgnds, we find that the
margind predictive ability of thelevel of andyst recommendetion is not significant.

We find that a key reason for the poor performance of the level variableis dueto
andyds falureto quickly downgrade stocks rejected by the other signals. For stocks
where the other signds predict low future returns, favorably recommended stocks
sgnificantly under perform unfavorably recommended stocks. For this subset of stocks,
perhaps favorable andyst recommendations temporarily support prices and delay the
eventud incorporation of information in the predictive sgnasinto stock prices.

However, within the subset of stocks where other signals predict high future returns,
stocks favorably recommended by analysts outperform stocks unfavorably recommended
by them.



We ds0 find that upgraded stocks outperform downgraded stocks, consistent with the
findingsin Womack (1996). The predictive power of recommendation changes
(revisons) is more robust then the predictive power of the level of andyst
recommendations. Specificaly, we find that recommendation changes add vaue to
characteristic-based investment strategies that include 12 other predictive variables.

In sum, our results show that analyst recommendations exhibit a style biasin favor of
growth over vdue. That is, they prefer positive momentum stocks with higher growth
trgectories that look expensive on most vauation metrics. In the parlance of the
behaviorad finance literature (e.g., Hong and Stein (1999)), sell-side anaysts are better
characterized as “trend chasers’ than “news watchers” We believe andysts penchant
for growth-style stocks is consstent with their job incentives. Nevertheess, this behavior

reduces the effectiveness of their recommendations as a predictor of subsequent returns.

Partly dueto thisbias, the level of andys recommendation provides little incrementa
investment vaue over the other investment sgnads. However, in spite of asmilar bias,
recent changes in recommendations provide incrementd value. Thisfinding suggests
thet ether: (1) sdl-sde andydts bring information to market through their
recommendation changes that islargely orthogond to the other sgnds, or, (2) they create
their own price momentum by virtue of their Sature as* opinion makers” Inour
concluding section, we discuss implications of these findings for academic research on
behaviord finance and financid accounting.

The remainder of the paper is organized as follows. Section 2 describes the motivation
for this study and develops our hypotheses in the context of prior studies. Section 3
presents our research methodology and sample selection procedures. Sections4 and 5
evauate the incrementd investment vaue of recommendations and changesin
recommendations. Section 6 summarizes our findings and discusses some of thelr

implications.



2. Analyst recommendations and stock characteristics

This paper provides alink between the literature on analyst recommendations and studies
on the predictability of cross-sectiond returns. The first part of the study provides a
descriptive profile of firms that recelve stronger recommendations, as well as firms that
andysts tend to upgrade (downgrade). This part of our analysisis Smilar in spirit to
recent studies by Finger and Landsman (1999) and Stickd (1999). However, given our
interest in the role of analyst recommendationsin investment decisions, our focusison
explanatory variables that have a demondtrated ability to predict future returns.  Our
main interest lies in the correaion of these variables with contemporaneous

recommendations.

The twelve predictive variables we examine are nominated by prior sudies in accounting
and finance. We evduate the predictive ability of andys recommendationsin light of
these variables. Womack (1996) and Elton et a. (1986) show that firms that receive buy
(sdll) recommendations tend to earn higher (lower) aonorma returns in the subsequent
oneto six months® Barber et a. (20018) extend the investigation to consensus
recommendations, documenting the potentia to earn higher returns by buying the most
highly recommended stocks and short selling the least favorably recommended stocks.
We investigate the extent to which this price drift phenomenon is due to andysts
tendency to issue recommendations consistent with awide set of investment Srategies.
We dso compare and contrast the predictive ability of consensus recommendation levels

and changes. To our knowledge thisisthe first study to conduct such a comparison.

2.1 Predictive Variables
We consder twelve variables that have demongtrated their ability to predict cross-
sectiond returns. The Appendix contains detailed information on how each varidble is

computed. These variables are dso summarized below.

6 Specifically, Womack (1996) examine new added-to-buy and added-to-sell recommendations, while Elton
et al. (1986) examine excess returnsin the first calendar month after brokerage recommendation changes.



2.1.1 Momentum and Trading Volume — Thefirg five explanatory variables are based on
astock’ s recent trading activities and earnings news. Jegadeesh and Titman (1993) show
that firms with higher (lower) price momentum earn higher (lower) returns over the next
12 months. We capture the price momentum effect with two varidbles RETP (RET2P)
is the cumulative market- adjusted return for each stock in months —6 through —1 (- 12

through —7) preceding the month of the recommendation.

Prior studies also show that recent earnings momentum predicts cross-sectiond returns
(e.g., Chan, Jegadeesh, Lakonishok (1996), Bernard and Thomas (1989)). Specificaly,
firmswith upward revisons in earnings and positive earnings surprises earn higher
subsequent returns. We capture the earnings momentum effect with two variables:
FREYV isthe andys earnings forecast revison computed as arolling sum of over the Sx
months prior to the month of the recommendation, scaed by price. SUE isthe
unexpected earnings for the most recent quarter, scaled by its time-series standard
deviation over the eight preceding quarters.

TURN isameasure of the average daily volume turnover for the stock in the six months
preceding the month of the recommendation. Lee and Swaminathan (2000) show that
high (low) volume stocks exhibit glamour (value) characterigtics, and earn lower (higher)
returns in subsequent months.” They argue that TURN is a contrarian signd, and that
high (low) turnover stocks are over-vaued (under-vaued) by investors.

If andlysts based their recommendations on the predictive attributes of price (and
earnings) momentum, aswell as trading volume, we would expect past winners and
lower-volume stocks (past losers and higher-volume stocks) to receive the most favorable

(least favorable) recommendations.

" Asnoted in Lee and Swaminathan (2000), trading volume for NASDAQ stocks isinflated by the
presence of inter-deal er trades, and is not comparable to the volume reported for stocks traded on the
NY SE or AMEX. To adjust for this effect, we compute a percentile rank score by exchange.



2.1.2 Vduaion Multiples— We dso consgder two vauation multiples: EP (the earnings-

to-priceratio) and BP (the book-to-priceratio). Both variables are widely used in vaue-
based investment strategies. Starting with Basu (1977), anumber of academic studies
show that high EP firms subsequently outperform low EP firms. Similarly, Fama and
French (1992), among others, show that high BP firms subsequently earn higher returns
than low BP firms. Academic opinions differ on whether these higher returns represent
contrarian profits or afair reward for risk.2 In dither case, if analysts pay attention to the
predictive attribute of these multiples, we would expect high EP (and high BP) firmsto

receive more favorable recommendations.

2.1.3 Growth Indicators — We include two growth indicators. LTG (the mean andyst
forecast of expect long-term growth in earnings) and SGI (the rate of growth in sdes
over the past year). Lakonishok, Shleifer and Vishny (1994) show that firmswith high
past growth in sales earn lower subsequent returns. They argue that high growth firms
are glamour stocks that are over-valued by the market.® In the same spirit, La Porta
(1996) shows that firms with high forecasted earnings growth (high LTG firms) dso earn

lower subsequent returns. If andysts rely on these large sample results, low SGI (and
low LTG) firms should receive more favorable recommendations.

2.1.4 Firm Size — Fama and French (1992), among others, show that smdl firms have
generdly earned higher returns than large firms. While opinions differ on the robustness
of the result and the interpretation of this variable, we include a control for firm sze.
Specificdly, we compute S ZE as the naturd log of afirm’s market capitdization at the
end of its most recent fiscal quarter.

2.1.5 Fundamental Indicators — Findly, we include two fundamentd indicators from the
accounting literature: TA (tota accruas divided by tota assets) and CAPEX (capitd

8 See, for example, the discussions in Fama and French (1992) and Lakonishok et al. (1994) for two
alternative interpretations of the evidence.

9 Lakonishok et al. (1994) use avariable that measures the change in sales over the past five years. Our
variable isthe one-year growth rate in sales, which Beneish (1999) shows is useful in detecting firms that
manipulate their earnings.



expenditures divided by total assets). TA provides ameasure of the qudity of earnings,
and could Sgndl earnings manipulation. For example, if firms excessvey capitdize
overheads into inventories, or if they fall to write off inventoriesin atimely manner, then
the inventory component of accruals will rise. Such accounting gimmicks lead to

positive accruds. Soan (1996) finds that firms with low accruds (more negative TA)
earn higher future returns than firms with high accruds.  He argues that the accrua-
component of earningsis less perastent, and that the market does not take this effect into
account in atimely fashion.

However, Chan, Chan, Jegadeesh and Lakonishok (2001) point out that firmswith large
sdes growth will experience large increases in accounts receivables and inventory,

mainly to support theincreased levels of sdes. Infact, Chan et d. (2001) find that the
decile of firms with the largest accruals experience sales growth of 22% per year over the
prior three year period compared to 7% per year sales growth for the decile of low
accrud firms. They dso find large earnings growth for high accrud firms. Therefore,
accruds may be symptoms of manageria manipulaion in some ingtances, but high
accruals are also associated with strong past operating performance.

Beneish, Lee, and Tarpley (2001) show that growth firmswith high CAPEX dso tend to
earn lower returns. Such firms are over represented in the population of extreme losers
(so called “torpedoed” stocks). They argue that high CAPEX firms are growth firms that
tend to over-extend themselves. Again, if andysts pay attention to these results, lower

TA (and lower CAPEX) firms should receive more favorable recommendations.

To summarize, al twelve variables we use have demonstrated an ability to predict cross-
sectiond returnsin prior sudies. While not an exhaustive ligt, these variables do capture
much of what is known about large-sample tendencies in expected returns.  To the extent
that analyss are ether explicitly or intuitively aware of these tendencies, these variables
may be reflected in their stock recommendations. If so, we would expect the variables to
be corrdated with analyst recommendations in the same way they are corrdlated with

future returns.



3. Sample Selection and Resear ch Design

3.1 Sample Selection

Our initid sample conggs of dl the stocks in the Zacks Investment Research
recommendations database for the period 1985 through 1998.2° Zacks collects the
recommendations from contributors and assigns standardized numerica ratings (1=strong
buy, 3=hold, 5=gtrong sdl). To dlow for a more intuitive interpretation of the
quantitative results, we code the recommendations so that more favorable
recommendations receive a higher score (e.g., 5=strong buy, 3=hold, 1=strong sdl).

For each firm, we caculate the consensus recommendation level (CONS) and the
consensus recommendation change (CHGCONYS) at the end of each calendar quarter.
The consensus recommendation level isthe mean of al outstanding recommendations for
agiven firm, issued a minimum of two days and a maximum of 12 months prior to the
caendar quarter end. We only use the most recent recommendation for a given analyd.
The consensus recommendation change is the increase (or decrease) in the consensus
recommendation level, from the end of the prior caendar quarter to the end of the current

calendar quarter.

For each observation, we require that the firm’'s market price information be available in
the CRSP database, that its earnings forecasts be available in the I/B/E/S database, and
that its accounting information be available on the merged quarterly COMPUSTAT
database. These data congraints ensure the availability of basic financid information for
eech firm in our sample. A firm-quarter observation isincluded in our find sample only
if dl twelve of the investment sgnds (previoudy discussed, and described in detall in the
Appendix) are available for that quarter.

10 Zacks obtains the recommendations from written reports provided by brokerage firms and uses the date
of the recommendation as the date of the brokerage firm report. The academic database from Zacks does
not include recommendations from several large brokerage houses, most notably Merrill Lynch,
Goldman Sachs, and Donaldson, Lufkin, and Jenrette.



Figure 1 illustrates the data collection periods for each of our empirical measures. For a
consensus recommendation level observed at the end of quarter t, we use market-related
data (past returns, and trading volume) and andyst-related data that are collected up to 12
months prior to the end of quarter t. For accounting-related data, we identify the most
recent quarter for which an earnings announcement was made a least two months prior to
the end of quarter t, and cdculate the accounting data based on the rolling-sum of this

and the three prior quarters. Subsequent return accumulation begins with the firgt trading
day of quarter t+ 1.

These procedures ensure that: (1) the latest annua financid statements are available to
the andlysts a the time of their recommendation, (2) this financia information is
reasonably fresh for dl sample firms, and (3) future returns reflect potentialy tradable
drategies.

3.2 Data Description

Our data collection procedure yielded an average of 971.4 firm-observations per quarter
over the 56 quarters. Table 1 provides descriptive statistics on the number of observations
by year (Panel A), by exchange (Panel B), and by NY SE size decile (Panel C). Pand A
shows that the average number of firm-observations has increased over time from 1985
through 1998. Pand B shows that approximately 56% (44%) of our observations conssts
of NASDAQ (NY SE'AMEX) firms. Finally, Panel C shows these observations are
evenly distributed across the NY SE size deciles, but that size varies by exchange.
Additiond analyses (not reported) show that these firms span alarge number of different
industries, with no single industry representing more than 8.1% of the tota sample.

Table 2 reports information on the distribution of the consensus recommendetion levels

and changes. Recdl that, to dlow for a more intuitive interpretation of the quantitetive
results, we code the recommendations so that more favorable recommendations receive a
higher score (e.g., 5=strong buy, 1=strong sdll). For both the consensus recommendation
levels and changes, we aso group the firm-observations into quintiles, caculated

separately for each quarter. The quintiles are labeled 0.00, 0.25, and so on to 1.00, where

10



0.00 contains the quintile of firms with the least favorable ratings and 1.00 contains the
quintile of firmswith the most favorable ratings. In the case of recommendation changes,
al “no change’ observations are included in the middle change quintile.

Panel A of table 2 reports descriptive Satistics for five consensus recommendation level

quintiles, caculated separately for each of the 56 quarters (1.00=strong buy, 0.50=hold,
0.00=grong AI). It isclear from these results that andysts rarely issue sell or strong-sdl
recommendations. The mean consensus recommendation level in the bottom consensus

level quintileis only ahold (2.76).*

Panel B reports the change in analyst recommendations, defined as the current quarter
recommendation level minus the prior quarter recommendation level. Quintiles are
caculated separately for each of the 55 quarters (1.00=strong increase, 0.50=hold,
0.00=grong decrease), but with al “no change’ observations included in the middle
quintile. In our sample, anaysts were dightly more likely to downgrade a firm than
upgrade it (mean change = - 0.01).

Panel C provides evidence on the negative correlaion between the leve of the prior
consensus recommendation, and changes in the consensus. A firm that received a
relatively high (low) prior recommendation is much more likely to be down (up) graded.
For example, 32.2% of the firms in the top quintile in terms of the prior consensus appear
in the bottom quintile in terms of changes in the consensus recommendation. Conversdly,
29.0% of the firmsin the bottom quintile of prior consensus recommendations appear in
the top changes quintile. In subsequent tests, we control for this strong negeative

correlation.

1 Commercial services that report analyst recommendations (e.g., Zacks, First Call and IBES), generally
assign alower score to more favorable recommendations (i.e., 1=strong buy, 5=strong sell). To reconcile
our score with the score reported by these services, subtract our score from 6. For example, the mean
consensus recommendation level in our sampleis equivalent to arating of 2.33 (6.00 - 3.67) in Zacks.
The mean consensus in the bottom levels quintile is equivalent to a Zacks rating of 3.24 (6.00 — 2.76).
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4. Empirical Results

4.1 Analyst Recommendations and Future Returns

Table 3 provides evidence on the predictive ability of andyst stock recommendations.

For thistable, we only report results for a six-month holding period. Pand A reportsthe
Spearman rank correlation between the two recommendation measures and market-
adjusted returns for the sx months following the month of recommendation. These
correlations are computed each quarter. Table vaues represent the mean and median
correlaions over 56 quartersfor levels and 55 quarters for changes. The Mean results are
based on two-sided T-tests with Hansen-Hodrick autocorrdation adjusted statistics; the
Median results are based on two-sided Wilcoxon sgned-rank tests. The table reports the
correlation for the continuous variables, aswell asthe categorica variables based on
quintile assgnments as defined in Table 2.

Table 3 confirms prior sudiesin that both CONS and CHGCONS are correlated with
future returns. Specificaly, firms that receive more favorable recommendations (buys or
upgrades) earn higher subsequent returns than firms that receive less favorable
recommendations (sdls/holds or downgrades). Recal that our recommendation variables
are based on month-end information. Therefore, these results likely under-estimate the
predictive power of anadyst recommendations, as much of the associated price adjustment
takes place in thefirst 2-3 weeks after the news release '

The next two pand s report the mean and median market-adjusted return in quintile
portfolios sorted each quarter by CONS, the analyst recommendation level (Panel B), and
by CHGCONS, the change in andys recommendation (Panel C). Table values represent
the mean market- adjusted returns for each quintile portfolio. For CONS, the mean
difference between top and bottom quintile is 2.3% over the next sx months. For the

12 Our results are similar in magnitude to Womack (1996), who examined individual recommendations
(specifically, he examines new buy or new sell recommendations). Compared to his study, we probably
understate total returns because our holding period does not begin until the beginning of the next
calendar month. Barber et a. (2001a) and Elton et al. (1986) test somewhat different implicit strategies,
making direct comparisons more difficult.
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CHGCONS, top and bottom groups differed on average by around 2.7% over the next six
months.

4.2 Other Investment Strategies

Table 4 reports the Spearman rank correl ation between future returns and other
investment strategies. Over our sample period, most of these variables are correlated
with future returns in the direction reported in prior studies. The two exceptions are SIZE
and BP. In the 1985-1998 period, large firms outperformed smdl firms on a market-
adjusted basis while the evidence documented by Banz (1981) indicates a negative
relation between size and returns in the pre-1980 period. Also, Famaand French (1992)
and others have found a negative positive relaion between BP and future returns. But in
our sample period, vaue firms did not outperform growth firms. In fact, there is negative
correlation between BP and future returns, dthough this correlation is not Satisticaly
sgnificant. We dso find agatisticaly insgnificant negative corrdaion between LTG

and future returns, while Lakonishok et a (1994) report significantly negative

correlation.

In generd, firms with positive price momentum (RETP and RET2P), positive earning
momentum (FREV and SUE), and low trading volume (TURN) earned higher market-
adjusted returns over the next sx months. Similarly, low SG firms, low TA and CAPEX
firms, aswdl as high EP firms, earned higher subsequent returns. Aside from firm size,
the highest absolute correlations are observed for earnings forecast revisons (FREV),
price momentum (RETP), and totdl accruas (TA). These corrdation levels range from
+0.099 (FREV) t0 -0.081 (TA).

To assess the aggregated effect of combining these Sgnds, we compute three smple
summary quantitative measures (Qscore, Momentum, and Contrarian). To construct
these variables, we first convert each of the 12 individud indicatorsinto abinary sgnd.
For varigbles that are positively (negetively) correlated with future returns, we assigned a
vaue of 1if itishigher (lower) than its median vaue in a given quarter, and O otherwise.
We compute the Qscor e for each stock by aggregating its 12 binary sgnds. This
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aggregation process gives us a measure that captures how these sgnas work together in
quantitative investment strategies. We chose this smple measure rather than conduct a
search for amore efficient return predictor because it is not our god to creste an optimal

measure to predict future returns.

We aso separately compute a Momentum score by aggregating the binary scores across
the momentum signads RETP, RET2P, FREV, and SUE. We aggregeate the remaining
scores across the remaining Signas to obtain the Contrarian score. We labd these
sgnds as contrarian because typicaly when these sgnas are associated with high future
growth in earnings or sales, they tend to be associated with low future returns.

Under the column heading “% Positive’, Table 4 reports the percent of total observations
thet received avaue of “1” for each investment sgnal. Under the column heading
“Correlation”, we report the Spearman rank correlation of these binary variableswith
future returns. As expected, correlion levels are dightly lower when we move from the
continuous varigble to this binary coding. However, the binary versions of most

variables ill exhibit gatigticaly sSgnificant correlations with future returns. The“Mean

net portfolio return” isthe mean difference in returns between the portfolio of top firms
(with binary variable equd to 1) and the portfolio of bottom firms (with binary varigble
equd to 0). Thefind column in this table indicates the percentage of the 56 quartersin
which the net portfolio return was above 0%.

Table 5 examines the correlation between three summary quantitative variables and

future returns, defined as the market-adjusted return over the next Sx months. The three
summary varigdblesare M omentum (the sum of the four momentum sgnds RETP,
RET2P, FREV, and SUE), Contrarian (the sum of the remaining eight sgnds), and
QScore (the sum of dl twelve binary Sgnas). Pand A reports the Spearman rank
correlation between each summary measure and future returns. We report results for both
a continuous messure and a quintile measure of the summary variable (see Table 2).

Panel B reports future returns grouped by QScore quintiles, Pand C reports future returns



grouped by Momentum quintiles, and Panel D reports future returns for firms grouped by
Contrarian quintiles.

Pand A showsthat dl three summary variables are positively corrdated with future
returns. QScore has the highest mean Spearman rank correlation (0.125), but both
Momentum and Contrarian are positively correated with future returns (gpproximately
0.09). Panel B shows that the mean (median) difference between top and bottom QScore
quintile returnsis 5.71% (7.70%). The mean (median) difference for the Momentum
ranking (Pand C) is approximately equal, at 5.73% (6.20%). The mean (median) return
difference between the extreme Contrarian quintiles (Pand D) is 3.64% (7.86%). For dl
three variables, the mean and median returns decline monotonicaly as we move down the
five quintiles. Clearly, these summary variables are corrdated with future returns during
our sample period.

4.3 Analyst Recommendations and Investment Strategies

Thus far, we have established the predictive ability of the investment sgnasin our
sample. We have dso documented the predictive ability of the andyst stock
recommendations. In this section, we examine the relaion between anayst

recommendations and various investment sgnas.

Table 6 reports the mean and median vaue of each of the 12 investment Sgnas by
consensus recommendation quintile. Under the heading “Normétive Direction,” we show
the direction of correlation between each variable and future market- adjusted return as
indicated by prior research. Under the heading “Actud Direction” we report the direction
of correlation between that variable and the anadlysts consensus recommendation in our
sample. We aso report the Spearman rank correlation between each variable and the
consensus recommendation. In addition, we provide T-tests of the null that the mean

vaue isthe same for the top and bottom consensus recommendation quintiles.

Table 6 shows that andysts consensus recommendations correspond well with the

Momentum indicators. Specificdly, andysts exhibit a strong preference for positive



momentum stocks. In fact, the Spearman rank correlation between andyst
recommendations and the four momentum variables range from 26.9% to 34.6%. In
particular, analysts seem to recommend most strongly firms with recent upward earnings
forecast revisons (FREV) and positive earnings surprises (SUE).

But perhaps the most striking result in Table 6 is the congstency with which analyst
stock recommendations contradict the expected normative usage of the Contrarian
variables. In seven out of eight cases, the actud direction of the andyds preferenceis
opposite to the normative direction for predicting future stock returns. Anaysts prefer
stocks with high recent turnover (TURN) over socks with low turnover. They dso
prefer large SIZE, low BP, high SG, high LTG, high TA, and high CAPEX stocks. In
fact, the only contrarian variable that andysts seem to get “right” is EP — they prefer
gocks that have higher earnings-to-price ratios to stocks that have lower earnings-to-

price ratios.*®

Table 7 provides additiona evidence in amultivariate setting. This table reports results
when each recommendation variable is regressed on the 12 explanatory variables. Panel
A (B) reports results when the dependent varigble isthe level of (changein) the
consensus recommendation. With few exceptions, Table 7 confirms the univariate results
reported in Table 6. Pandl A shows that, with the exception of BP, the levd of the
consensus recommendation continues to run counter to the Contrarian variables. Panel B
shows that changes in the consensus recommendation are dso congstent with the
Momentum variables, and counter to the Contrarian variables. In other words, anaysts
tend to revise their recommendations upwards (downwards) for postive (negative)
momentum stocks. However, they aso tend to revise their recommendation upwards for
high TURN, high LTG, high SG, and high CAPEX firms.

13 Bradshaw (2000) shows that analyst recommendations are correlated with afirm’ s PEG ratio. Our
results contain both components of the PEG ratio (the P/E ratio and the forecasted earnings growth).
These findings are consistent, because even in our sample, analysts exhibit a strong preference for high
LTG firms (Spearman rank correlation of 27.2%).



An interesting exception isthe total accruds varidble (TA). While the level of the
consensus recommendation is pogitively correlated with TA, the change in the consensus
appearsis negatively corrdated with TA. These results suggest that andysts revise their
recommendations in amanner consstent with the information content of accruas. In
other words, while mean recommendation levels favor firms with income increasing
accruds, when andydts revise their recommendations, firms with income decreasing
(income increasing) accruds tend to receive upward (downward) revisons. The
implication is that andyss do not initidly pay sufficient attention to the qudity of

earnings asreveded by TA, but they adjust in the right direction over time,

The generd picture that emerges from the andysisis that analysts favorably recommend
stocks with strong past operating performance and stocks that are expected to deliver
hedthy improvements in operating performancein the future. High SUE for the most
favorably recommended stocks indicates that these stocks had strong operating
performanceinthe past. Large FREV indicate that andysts have favorably revised their
expectations about the future operating performance of these socks. In the same spirit,
high recent returns capture favorable revisons in market expectations about future
operating performance.

The contrarian Sgnals that andysts prefer aso suggest that they pick stocks with strong
operating performance. For example, anaysts prefer low BP firms and high TA firms.
Low BP firms generdly have higher returns-on-equity (ROE), and are expected to enjoy
fagter growth in profitability in the future. Smilarly, high TA firms on average have

faster sales growth than low TA firms (see Chan et a. 2000). Higtoricdly, however, the
contrarian characterigtics that anaysts prefer (with the exception of EP) are associated
with lower future returns. These findings indicate that when thereis a conflict between
indicators of strong operating performance, and the large sample empirica reation
between the Sgnds and future returns, anaysts tend to make their recommendations on
the basis of strong past operating performance.



In sum, these findings show that the momentum signds preferred by andystswill hdpin
the performance of their recommendetions, but their contrarian sgnd preferenceswill
likely hurt their performance. In the next section, we evauate the predictive power of

andys recommendations in conjunction with the other twelve Sgnals.

5. Incremental Value of Analyst Recommendations

In this section, we evduate the incrementd vaue of andyst recommendations, and
changes in these recommendations, when these Sgnds are used in conjunction with other
predictive sgnas.

5.1 Multivariate Analysis

We firgt examine the relation between future returns and QCON and QCHGCON. Asa
garting point, we define future returns as the market—adjusted return in the sx months
after the month of the recommendation (RETF). Table 8 reports the regresson
coefficients averaged across the quarters in the sample. Because RETF overlaps across
quarters, we use autocorrel ation-consistent standard errors to compuite the t-statistic.*
Modd Alin Pand A isaunivariate regresson, with RETF as the dependent variable and
QCON asthe independent variables each quarter. The results show that the coefficient
on QCON is postive and gatisticaly sgnificant in this regresson, indicating that when
used aone, it heps predict future returns.

To assess whether QCON incrementaly predicts returns when used in conjunction with
the 12 characteristic-based signd's, we consider three different regression specifications.
In the first multivariate regression, we use the QCON and Qscore as independent
variables (Modd A2). These results show that QCON losesits Satistica significant once
QScoreisintroduced.

14 Since the return overlap is over one quarter, we allow for the first-order serial correlation to be different

from zero while computing the autocorrel ation-consistent standard errors.
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Next, we consider aregression model where we use QCON and the 12 signals as separate
independent variables (Modd A3). This specification pits each of these Sgnas against
QCON individudly rather than at an aggregated leve. With the exception of BP and

SIZE, the other investment Signas are al correlated with future returns in the expected
direction. However, only RETP, FREV, TA, and CAPEX, areindividualy significant.
QCON is not sgnificant in this regression.

Collectively, the evidence from Modd A2 and Modd A3 suggests that while QCONS s
weskly corrdated with returns, its contribution is minor when considered in conjunction
with the other sgnas. However, these models may be somewhat handicapped againgt
QCON because they dlow the dope coefficients for the independent variables to take the
“right" Sign in predicting returns. 1n most instances, the binary contrarian sgnas are
negatively correlated with QCON but they are positively correlated with future returns.

Asafind tegt, wefit aregresson where the independent variable that we use in addition
to QCON isand itsfitted vaue (Qfitcon) from the regression in Table 7, Pand A (Modd
A4). Interegtingly, QCON is not satigicaly sgnificant in this regresson, but Qfitcon is
ggnificant. This evidence indicates that the invesment value of QCON islargely dueto

itstilt towards firm characteristics that are raated to future returns.

Table 8, Pand B reports the results for regressions with QCHGCONS. Modd B1 shows
that QCHGCONS is able to predict future returns. The estimated coefficient (2.25%) can
be interpreted as the hedge return between the extreme CHGCONS quintiles over the
next Sx months. Notice that the estimated coefficient and the t-gatistic on QCHGCONS
both decrease as we introduce QScore and the other control variables (Models B2 to B3).
In the last regresson specification (Mode B4), we include the fitted vaue (Qfitchgcon)

for QCHGCON from the regression in Table 7, as well as QCHGCON, in the regression.
Modd B3 shows that this variable remains satisticdly sgnificant in the presence of dl

12 other invesment Sgnads. Modd B4 shows that it is Sgnificant even with theincluson

of Qfitchgcon. This evidence shows that QCHGCONS is incrementdly useful in
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predicting returns. In fact, in Models B3 and B4, it is the explanatory variable associated
with the highest t-tatistic.*®

5.2 Two-way analysis

Although analyst recommendations do not add value to the generd population of stocks
when used in conjunction with other characteridtics, it is possble that they may add
incremental vaue for subsets of stocks. In this subsection, we examine the performance
of anays recommendations and recommendation changes within quintiles of stocks
ranked partitioned based on the summary scores.

Table 9 reports results of atwo-way andyds, in which firms are sorted by their
quantitative summary score (QScore), aswell as by their analyst recommendation (CONS
or CHGCONS). Pand A of this table reports results for the level of the consensus
recommendation (CONS). Pand B reports results for individual recommendations
(CHGCONYS). Pand C reports results for a combined strategy involving both level and
change quintiles. For this panel, Worg (Best) firms are firms that are in both the lowest
(highest) CONS and the lowest (highest) CHGCONS quintile. All other firms are
assgned to amiddle category.

Panel A reports six month market-adjusted returns of firms sorted by CONS and QScore.
Looking dong the bottom row of each pand, it is clear that the QScore varigble has
ggnificant predictive power for returns after controlling for the analyst recommendetion.
High QScore firms earn significantly higher subsequent returnsin dl anadyst
recommendation categories. QScore performs particularly well among firms with the
highest analyst recommendation. In that category, the return difference between top and
bottom QScore firmsis 9.10% over the next Sx months.

15 The holding period for the strategies tested in our paper includes the year 1999, but not 2000. Barber et
al. (2001b) report that during the calendar year 2000, stocks least favorably recommended by analysts
earned higher subsequent returns than stocks that are highly recommended. However, their tests only
examine the level of the consensus variable, which has marginal predictive power even during our
sample period.
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The results dong the right column of each pand show that analyst recommendations
(CONS) have some limited predictive power after controlling for QScore, but this power
is conditiond on the QScore quintile. Specificaly, CONSisonly useful among high
QScorefirms. In the highest QScore quintile, top CONS quintile firms earn 3.24% more
than bottom CONS quintile firms over the next Sx months. However, for firmswith a
low QScore, the return to a CONS strategy is negative. This result suggests that among
low QScore stocks, firms more highly recommended by the andysts actudly do worsein
the future than firms with low recommendations.

Another result that emerges from this table is that when andyst recommendations and the
QScore sgnd disagree, the QScore signd tends to dominate. The cells dong the off
diagona of each pand (toward the lower-I€eft and upper-right corners) report mean
returns when the QScore and the andyst recommendeation sgnals are in disagreement. In
Pand A, firmsin the lower-1€eft corner (High QScore firms with low recommendations)
earn higher average returns than firms in the upper-right corner (Low QScore firmswith
high recommendations). The return difference of 5.86% (labeled “DISAGREE”) is
datidicdly sgnificant & the 1% leve. Evidently, when the two sgnas conflict, the
QScore resultsin more reliable returns predictions.

Findly, when the two signals agree, we find the highest predictive power for returns. In
the lower-right corner of each pand, labeled “AGREE”, we report the return differentia
when anayst recommendations are combined with the QScore indicator. These cdls
show the mean return differentid between firms with the best recommendations and
highest QScores (Best-and-High), and firms with the worst recommendations and lowest
QScores (Worst-and-Low). In dl three pandls, the Best-and-High group earns higher
returns than the Worst-and-Low group. The returns differentid ranges from 7.03% to
9.35% over the next six months, which is greater than returns earned by considering
ether 9gna done.

Figure 2 depicts the cumulative excess return from various hedge strategiesinvolving
both andyst recommendations and the QScore. The results for the six-month holding
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period are the same as those reported in Table 9, but Figure 2 extends Table 9 by
reporting the cumulative excess return over different holding periods (1, 3, 6, 9 and 12
months). Each graph reports the returns to three strategies. The High-Low strategy
involves taking an equa-weghted long position in the top QScore quintile firms and

short sdlling an equa-weighted position in the bottom QScore quintile firms. The Best-
Worg drategy involves buying the highest recommended firms and sdlling the lowest
recommended firms. The Combined strategy buys the Best-and-High group and seis the
Worst-and-Low group.

Asindicated by Pand A, the levd of the consensus recommendation (CONS) has limited
ability to predict returns. The hedge return to the ANALY ST variable in this graph never
exceeds 2.2% (a the sx month horizon). When used in combination with QScore, this
variable adds a modest 1.5% to the mean QScore strategy’ s return over Six months.
Panels B shows that portfolios formed on the basis of the change in the consensus
recommendation (CHGCONYS) performs somewhat better. When CHGCONS is used
alone, the Increase- Decrease hedge strategy based on top and bottom quintiles generates
2.7% over sx months, and 3.6% over 12 months. When combined with QScore, this
variable adds approximately 2% to the QScore Strategy returns over sx months.

Pand C reports the results when both CONS and CHGCONS are used. Asindicated in
Table 9, this double filter results in fewer positions being taken (an average of 13.3 buys
and 24.3 shorts per month). At the same time, the cumulative excess return based on the
andyd variable done increases to 5.3% over sx months. When used it combination with
QScore, this combined strategy adds dmost 4% to the excess return of the QScore
drategy over Sx months. These results suggest that the two andyst recommendation

measures are not redundant for returns prediction.

Table 10 provides a more comprehensive andysis of the cumulative excess returnsto
andyst recommendation strategies over various holding periods. To congruct this table,
firms are grouped each quarter into quintiles by their quantitative score (QScore,

Momentum, and Contrarian), as well as consensus recommendation (either CONS or
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CHGCONS). Pand A reports the mean difference in market- adjusted returns between
the extreme CONS quintiles (BUY - SELL ) within each quantitative measure quintile over
55 quarters. Pand B repeats the analysis for CHGCONS. We report the cumulative
excessreturn for 1, 3, 6, 9, and 12 month holding periods for each strategy. Postive
(negative) table vaues indicate that the strategy generated mean favorable (unfavorable)

excess returns over the holding period.

Severd facts emerge from thistable. First, aswe have seen earlier, CHGCONS isa
better predictor of returns than CONS. Pandl B shows that CHGCONS dtrategies
generae positive returns over al holding periods and in al quintiles formed on QScore,
Momentum, and Contrarian. In contrast, a strategy based on CONS isfar less consistent.
Pand A showsthat, controlling for QScore, a CONS based strategy isadmogt aslikdy to
yield negative excess returns as positive excess returns.

Second, andysts are more likdly to add vaue to contrarian investing strategies. 1n both
pands, the andysts seem to better compliment the Contrarian strategy than the
Momentum drategy. This result perhapsis not surprising, because we have seen earlier
that some of the analyst’ s predictive power derives from their tendency to sdect postive
momentum stocks.

Third, Table 10 shows that the main reason the CONS strategy is less reliable is because
it generates positive excess returns only in high QScore quintiles. In low QScore
quintiles, the excess returns to a CONS based strategy are reliably negative. In other
words, when sdecting among firms with unfavorable quantitative signdls, it is better to
invest against analyst recommendations than to invest according to these
recommendations. Thisresult is quite striking and is stronger as the holding period
lengthens. Moreover, it is observed within both Momentum quintile partitions and
Contrarian quintile partitions.

Figure 3 provides a graphic illugtration of the different roles played by CONS and
CHGCONS in return prediction. These figures show the difference in mean returns
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between the extreme recommendation quintiles across the quintiles of each quantitative
investment sgna. Across the bottom of each figure is the holding period of the Srategy.
The darker bars correspond to low quintiles by each summary quantitative score (QScore,
Momentum, and Contrarian), the lighter bars correspond to high quintiles.

Panel A shows that the CONS strategy yields positive returns for high QScore quintiles
(lighter bars), but the same strategy yields negative returns for low QScore quintiles
(darker bars). Apparently the level of the consensus recommendation (CONS) isa
favorable indicator of future returns only when afirm isin the higher QScore (or higher
Momentum, higher Contrarian) quintiles. In other words, analysts seem to be able to
further identify the superior firms among aset of firmsthat aready have favorable
fundamentd or operating characteritics. However, when afirmisin the lower
Momentum or Contrarian quintiles, anayst recommendations operate in the wrong
direction, and it would be unwise to follow their stock picks. In fact, when afirm has
unfavorable fundamenta or operating characteridics, it is better to trade against the

consensus andyst recommendations.

Panel B shows that the same pattern does not appear for CHGCONS. In al sub-
portfolios and over dl holding periods, this Srategy resultsin pogtive excessreturns. In
other words, the andysts revise their recommendations in a manner thet is consistent with
subsequent returns. However, the leved of their consensus recommendation isonly a

useful return predictor when it is confirming the quantitative investment sgnds.

In sum, Tables 8 through 10 show that the predictive power of andyst stock
recommendations derives largely from their correlation with the other explanatory
variables. The usefulness of the consensus level measure (QCON) is conditiona on the
quantitative investment sgnd. Specificaly, QCON isaussful predictor of returns only
when it serves to confirm favorable quantitative sgnals. The incrementa ussfulness for
returns prediction is most pronounced for the change of the consensus recommendation
(QCHGCON).
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6. Conclusion

In making a stock recommendation, financid andysts explicitly expresstheir expectation
about the relative near-term return performance of agiven firm. In this sudy, we
examine the relation of their recommendations to other concurrently available public
information. We focus on variables that prior studies show have some predictive power
for future returns, and criticaly evauate the investment vaue of these recommendations
inlight of the other sgnds.

Wefind that anaysts prefer growth stocks that appear over-vaued by traditiona
measures. On further andlysis, we find that andyst recommendations are positively
correlated with momentum indicators but negatively correlated with contrarian indicators.
The stocks that receive more favorable recommendations typically have more postive
price momentum, higher trading volume (turnover), higher past and projected growth,
more positive accounting accruas, and more aggressive capitd expenditures. In short,
anaysts seem to recommend a set of stocks that are quite different from the stocks that
would have been nominated by quantitative invessment strategies. In the parlance of
Hong and Stein (1999), financid analysts appear to be “trend chasers’ rather than

fundamentd “news watchers.”

Wefind that the level of the consensus andlyst recommendation does not contain
incrementa information for the genera population of gockswhenit isusadin
conjunction with other predictive sgnds. For the subset of firmswith favorable
momentum and contrarian Sgnas, we find that firms favored by andyststend to
outperform firms that are less favored. However, for the subset with less favorable
quantitetive signas, the stocks that andysts recommended most favorably by anaysts
actudly underperform the stocks that they recommend less favorably. Perhaps, for this
subset of firms, favorable andyst recommendations actualy help delay the eventud
convergence of price to the underlying fundamentals.



The explanatory power of the change in the consensus andyst recommendation is more
robust than that of the level of the recommendation. Changes in recommendations over
the prior quarter predict future returns when used separately and when used in
conjunction with other predictive sgnas. These findings suggest that the return-relevant
information contained in anayst recommendation changesis, to alarge extent,
orthogond to the information contained in the other variables.

One interpretation of our finding is that recommendation changes capture quditative
agpects of afirm’s operations (e.g., managerid abilities, Srategic dliances, intangible
assets, or other growth opportunities) that do not appear in the quantitative signals we
examine. Since we do not control for industry-related effects, it is possble that anayst
recommendation revisons reflect news about a firm’s competitive position in itsindudtry.
Theevidenceis at least consstent with the analysts claim that they bring some new
information to market. Our findings show thisinformation is better reflected through
changes in their recommendation than through its absolute level.

An dterndtive hypothesisis that the recommendations themsalves cauise the subsequent
price drift through the publicity surrounding them, and the subsequent marketing of these
stocks by the affiliated sales forces (Logue (1986)). In this scenario, andysts do not
actudly bring new information to market viather research efforts. Oneway to test this
hypothesisis to check for return reversals over longer horizons. However, given our
limited sample period, it would be difficult to distinguish this scenario from the oneiin
which andyds are facilitating the price formation process.  Weregard thisasan

interesting area for further research.

Our results suggest that financid andysts may be able to improve their sock
recommendations by paying more attention to the large sample attributes of expected
returns. We have identified a number of specific Sgnalsthat andysts do not generdly
incorporate into their recommendations. If their disregard for these signalsis not
deliberate, our results may help andysts to improve their future recommendations.

Specificdly, our results suggest thet if analysts want to generate recommendations with
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greater predictive power for returns, they should grant more favorable recommendations
to firmswith lower trading volume, higher EP ratios, lower LTG and SG measures, more

negative (income decreasing) accruals, and lower capital expenditures.*®

From an investment perspective, our results suggest andyst recommendations play a dud
rolein the price formation process. On the one hand, analysts seem over-enamored with
growth and glamour stocks. To the extent that their opinion affects public sentiment, this
evidence is consggstent with the view that they contribute to noise trading in the market.
On the other hand, these findings suggest andyst recommendations can Hill play auseful
role in investment grategies. When andyst recommendations conflict with a combined
investment sgnd (the QScore), the QScore dominates. However, within individua
QScore categories, andyst recommendations can be incrementally useful in returns
prediction. The change in the consensus recommendetion, in particular, has sgnificant
ability to forecast near-term (3 to 12 month) cross-sectiona returns.

In contemplating its usage in investment strategies, readers need to consider severa
factors. Firg, transaction costs issues are not explored in this study. Second, it is
possible that the top quintile stocks are riskier than the bottom quintile stocks along some
unknown dimengon. This posshility is made lesslikdy by our incluson of 12 control
variables known to be associated with expected returns. Nevertheless, the possibility
cannot beruled out. Findly, we show that in some circumstances (i.e., among firms with
poor quantitative scores), it is dangerous to follow andyst recommendations. Consistent
with the daim of some pundits (e.g., Der Hovanesian (2001)), the leve of the analyst

recommendation itsalf can sometimes be a contrarian Sgndl.

Our results suggest that fundamenta andysts and investment houses that employ large-
sample quantitative techniques could each learn something from the other. Behaviora

16 This assumes that our results are not due to incentive issues. For example, if analysts recommend high
volume stocks because they are more likely to generate higher trading commissions, they are unlikely to
modify their recommendationsin light of our findings. Theintegration of these signalsinto analysts
recommendations may also be hindered by psychological factors, such asanalysts' relative confidence in
their own judgments (Nelson, Krische, and Bloomfield (2000)).
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research shows that, in many cases, the combination of a human decison-maker and a
mechanica decison-aid produces the best performance (see, e.g., Blattberg and Hoch
(1990)). Assuming they are interested in predicting intermediate- horizon (3 to 12 month
ahead) returns, sell-9de andysts should pay more atention to the results of large-sample
gudies. On the other hand, quantitative investors could aso benefit by augmenting their

stock selection process with the consensus recommendation of sell-side anaysts.

Findly, we bdieve these results dso have implications for sudiesin behaviord finance.
One of the mgor challenges confronting this emerging literature is the identification of
factorsthat drive investor (or noise trader) sentiment. Black (1986, page 531) defines
noisetrading as* trading on noise asif it were information.” Shiller (1984) argues that
investor sentiments arise when investors trade on pseudo-signdss, such as the forecasts of
Wall Street gurus. Our results suggest that the preferences of sell-gde andysts could
play arole in explaining a particular type of noise trading.

Specificaly, we find that sdl-side andysts (and those who follow their
recommendations) are over-enamored with high-volume, high-multiple, stocks. Lee and
Swaminathan (2000) characterize these stocks as “late-stage’ momentum plays, and
show that they are particularly susceptible to subsequent price reversds. Inthe same
gpirit, Hong and Stein (1999) argue that tradersinvesting in late- stage momentum stocks
impose an externdlity on other traders by “piling on” in stocks that have aready moved
too far from their fundamental vaue. This behavior leads to negative serid corrdlationin
returns over the long horizon, as prices eventudly correct. Using analysts expressed
preferences, asrevealed in their stock recommendations, we begin to put aface on the
stocks preferred by these noise traders.
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APPENDIX: Investment Signals
This appendix provides adetailed description of the twelve investment signals used in the study. All these
explanatory variables were windsored at the 2%2 and 972 percentiles within each quarter. [text] refersto

the data source, where D# is the item number from Quarterly Compustat. For ease of exposition, firm:
specific subscripts have been omitted. In all cases, the related consensus recommendation levels and
changes are collected at the end of quarter t, which has month-end m. g denotes the most recent quarter for
which an earnings announcement was made. We require the announcement to be made at least two months
prior to the end of quarter t, and that q 3 t—4.
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Variable Description Calculation Detail [Source]
1. RETP Cumulative market-adjusted return {lp ™1+ montmyretum)J_ 1}
for the preceding six months m1 .
(months —6 through —1) - {[P o 6(1+ value- weightedmarketmonthlyreturn )]- ]} where
m = month-end of quarter t [CRSP]
2. RET2P Cumulative market -adjusted return {lp ™7 (1+monthlyreturn )J_ ]}
for the second preceding six months " .
(months —12 through —7) - [P o1 (1+ vaue-weighted marketmonthlyreturq)]- J} where
m = month-end of quarter t [CRSP]
3. TURN Average daily volume turnover _ 63" Daily volume/Shares Outstanding
Percentile rank 6—= U, by exchange, where
& " H
n = number of days available for 6 months preceding the end of quarter t
(months m-6 though m-1) [CRSP]
4. SIZE Market cap (natural log) Sze = LN (P, * Shares Outstanding: )
= LN (price at the end of the quarter t [ D14], multiplied by common
shares outstanding at the end of quarter t [D61])
5. FREV Analyst earnings forecast revisions os &f, - f, 0
to price a, *g—P %, where
m ki 2
fm = mean consensus analyst FY 1 forecast at month m, the month-end of
quarter t [IBES]
Pm1 = price at the end of month m-1, relative to the month-end of quarter {f
[CRSP]
Thus,
é \5:0 W%: rolling sum of preceding six months revisions toprice ratios
m-i %]
6. LTG L ong-term growth forecast Mean consensus long-term growth forecast at end of quarter t [IBES]
7. SUE Standardized unexpected earnings (EPS,EPS, )

, Where

Sq

g = most recent quarter for which an earnings announcement was made a
minimum two months prior to the end of quarter t, with q 3 t-4

EPS, — EPS;4 = unexpected earnings for quarter ¢, with EPS defined as
earnings per share (diluted) excluding extraordinary items [D9],
adjusted for stock distributions [D17]

Sq = standard deviation of unexpected earnings over eight preceding quarters
(quarters g-7 though q)




APPENDIX: Investment Signals (Continued)
Variable Description Calculation Detail [Source]
8. G Sales growth éio&"esu—u [D2]
&’ Sdes,, [D2]’
g = most recent quarter for which an earnings announcement was made a
minimum two months prior to the end of quarter t, with q 3 t-4
Thus, é iﬁaleﬁq,I = rollingsum of sales for preceding four quarters
and é ?ZOSalesq, +; = rollingsumof salesfor second precedingset of four quarters
9 TA Total accrualsto total assets i (DCurrent Assets, [D40] - DCash , [D36] ) i
(based on balance sheet accounts) I - (Dcurrent Liabilities, [D49] - DCurrent LTD, [D45] )
;- DDefered taxes, [D35] Y
lll - Depreciati onand amortization, [D5] b where
(TA,+TA,,)/2 [D4]
g = most recent quarter for which an earnings announcement was made a
minimum two months prior to the end of quarter t, with q 3 t-4
DXq = Xq—Xg4 0. DCurrentAssets, = CurrentAssets, - CurrentA ssets.
10 CAPEX Capital expendituresto total assets CAPEX here
X i
(see example at end of thistable) (TA, +TA, , )2 [D4]
g = most recent quarter for which an earnings announcement was made a
minimum two months prior to the end of quarter t, with q 3 t-4
CAPEXq =rolling sum of four quarters (quarters g-3 through q) of Capital
Expenditures [D90] (As D90 is fiscal-year-to-date, adjustments are|
made as needed to calculate the rolling sum of the preceding four
quarters ¥ see example at end of appendix.)
11. BP Book to price Book value of common equity,
, Where
Mktcap,
g = most recent quarter for which an earnings announcement was made a
minimum two months prior to the end of quarter t, with q 3 t-4
Book value of common equity, = book vaue of total common equity a theend
of quarter g [D59]
Mktcap; = P * Shares Outstanding:
= price at the end of the quarter t [D14], multiplied by
common shares outstanding at the end of quarter t [D61]
12 EP Earnings to price 23 Eps
a, A’P T, where

t

g = most recent quarter for which an earnings announcement was made a
minimum two months prior to the end of quarter t, withq 3 t-4

EPS; = earnings per share before extraordinary items for quarter g [D19]
Pit = price at the end of the quarter t [D14]

Thus, §° eps,
% =rollingsumof EPSfor precedingfour quartersdeflatedby price

t
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APPENDIX: Investment Signals (Continued)

Example of rolling sum of four quarters for cash flow variables (CAPEX [D90]):

We compuite a trailing-twelve- month estimate of afirm’s capita expenditure
using atechnique featured in Callins and Hribar (2000). To illudtrate, consder
the following fictitious time-series for ABC Company’s capital expenditure
(CAPEX). Assume ABC Company has a December year-end, and announces
quarterly earnings 30 days after each quarter-end.

Y ear Qtr Item D90
1990 1 100
1990 2 300
1990 3 700
1990 4 1500
1991 1 150
1991 2 300
1991 3 850
1991 4 1200

If we form aportfolio a t = December 31, 1991, the most recent quarter for

which an earnings announcement was made is q = September 30, 1991 (3

quarter of 1991). We require that the earnings announcement for quarter qisa
minimum two months prior to the end of quarter t, and that g >=t-4. Thus, for the
CAPEX calculation at g = September 30, 1991 (3" quarter of 1991). To compute
CAPEX, we include the first three quarters of 1991's capital expenditures (850),
plusthe last quarter of 1990 (1500 - 700). Therefore, the ralling sum of four
quarters for ABC as of the 3rd quarter of 1991 is CAPEX=850+800=1650.



Table 1. Description of Sample Firms

Thistable provides descriptive statistics on the firms included in our sample, averaged over the 56 quarters
during the period 1985-1998. The sample consists of all firmswith current individual stock
recommendations in the Zacks database (defined as recommendations that have been outstanding for less
than one year), provided the firm also has the required CRSP and Compustat information. Exchange listing

is obtained at the time of the consensus recommendation.

PANEL A: Year

Mean Mean Mean

Obs %age Consensus

Year per Quarter  per Quarter  per Quarter

1985 404.75 3.0% 321
1986 618.75 45% 345
1987 670.75 4.9% 3.61
1988 71450 53% 3.65
1989 854.25 6.3% 356
1990 946.75 7.0% 3.60
1991 966.50 7.1% 358
1992 1,009.25 7.4% 3.68
1993 1,137.25 8.4% 370
1994 1,291.75 9.5% 384
1995 1,201.00 8.8% 3.82
1996 1,243.00 9.1% 3.79
1997 1,257.00 9.2% 3.92
1998 1,284.50 9.4% 3.97
Total sample o7143f 367

PANEL B: Exchange
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Mean Mean
Obs %age

Exchange per Quarter per Quarter
NASD 569.66 56.3%
NYSE 263.96 28.6%9
AMEX 13164 14.3%
Other 6.16 0.7%
Total sample 97143 100.0%
PANEL C: NYSE SizeDecile

NYSE Mean NASD firms NY SE/AMEX firms Total sample
Mkt Cap Capitdiza- | MeanObs Mean %age | Mean Obs Mean %age | Mean Obs Mean %age
tion
Decile (3000's) per Quarter per Quarter | per Quarter per Quarter | per Quarter  per Quarter

10 (Largest) 8.9 1379 1.3% 73.16 7.8% 86.95 9.0%
9 7.84 25.82 24% 64.38 6.9% 90.20 9.3%
8 7.19 35.98 34% 52.98 5.7% 83.96 9.1%
7 6.66 4293 4.3% 4504 4.9% 83.02 9.1%
6 6.19 48.34 4.8% 38.77 4.2% 87.11 8.9%
5 5.74 59.25 6.1% 34.02 3.7% 93.27 9.8%
4 531 64.14 6.5% 30.38 34% 9452 9.9%
3 4.87, 78.16 7.7% 28.16 3.2% 106.32 11.0%
2 4.37, 87.95 8.7% 2004 2.3% 107.98 10.9%
1 (Smallest) 3.60) 11325 11.3% 14.86 1.6% 12811 12.8%
Total sample 6.08 569.66 56.3% 401.77 43.7% 97143 100.0%
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Table 2: Description of Analyst Recommendations
This table provides descriptive statistics on the analyst recommendations in our sample. Only firms
with the required CRSP and Compustat information are included. We use dl individua
recommendations in the Zacks database that have been outstanding for less than one year. Each
recommendation is reverse-scored from 5 (strong buy) to 1 (strong sell). We then compute a
consensus recommendation, defined as the mean of al individual recommendations computed two
days prior to the end of each calendar quarter. Firms are grouped into quintiles at the beginning of
the next quarter based on either the level of, or the change in, the existing consensus
recommendation. Panel A reports summary statistics on the recommendations in each of the level
quintiles. Panel B reports summary statistics on the recommendations in each of the change
quintiles, with al “no change’ observations included in the middle quintile. Panel C reports the
frequency distribution of observations each change quintile, conditiona on its level quintile
membership in the prior quarter.

PANEL A: Consensus Recommendation L evel Quintiles(Strong BUY =5, HOL D=3, Strong
SELL=1)

Quirtile Codedas Mean Obs Mean Std Dev Minimum  Maximum
Best=BUY 1.00 176.91 4.62 0.140 4.42 4.87
0.75 194.77 4.07 0.171 3.77 4.38
0.50 200.27 3.72 0.196 3.27 4.04
0.25 186.32 3.37 0.179 295 3.75
Worst=SEL L 0.00 213.16 2.76 0.238 181 3.13
Total sample (56 quarters) 97143 3.67 0.198 3.09 3.99

PANEL B: Consensus Recommendation Change Quintiles (Change = Current — Prior)

Quintile Codedas Mean Obs Mean StdDev. Minimum  Maximum
Best=Increase 1.00 192.07 0.52 0.121 0.37 1.06
0.75 144.75 0.12 0.050 0.05 0.35
0.50 294.24 0.00 0.003 -0.01 0.02
0.25 144.80 -0.11 0.032 -0.23 -0.06
Worst=Decrease 0.00 198.60 -0.55 0.085 -0.88 -041
Total sample (55 quarters) 957.05 —0.01 0.033 —0.07 0.09

PANEL C: Changein Consensus, Conditioned on Prior Consensus L evel

Prior Change in Consensus Quintiles
consensus Worst = Best = Total
Quintile Decrease Increase | sample
Best = BUY 32.2% 14.8% 37.3% 9.8% 5.8% 18.3%

25.5% 17.6% 25.2% 16.7% 15.1% 20.2%
20.1% 19.3% 21.5% 18.2% 20.9% 20.7%
16.7% 17.4% 19.6% 20.3% 26.0% 19.1%
Worst = SELL 9.3% 5.9% 46.4% 9.5% 29.0% 21.8%
Totd sample 20.4% 14.9% 30.2% 14.9% 19.7% 100.0%




Table 3: Analyst Recommendations and Future Returns

This table examines the correlation between analyst recommendations and future returns. Future
returns are defined as the market—adjusted return in the six months after the month of the
recommendation (RETF). Two different measures of analyst recommendations are used: the
consensus recommendation level (CONS), and the change in the consensus measured over the
prior quarter (CHGCONS). Pand A reports the Spearman rank correlation between each analyst
recommendation measure and future returns. We report results for both a continuous measure
and a categorical measure of analyst recommendation (see Table 2). Panel B reports future
returns for firms grouped by their consensus recommendation level (CONS), and Panel C reports
future returns grouped by the change in the consensus recommendation (CHGCONYS). *** ** *
indicates two-sided statistical significance at 1%, 5%, and 10%, respectively. Median results are
based on Wilcoxon signed-rank tests, Mean results are based on t—statistics cal culated with
Hansen-Hodrick autocorrelation consistent standard errors.

PANEL A: Spearman Rank Corredationswith Future Returns

Continuous Expl. Categorical Expl.
Explanatory Variable Variable Variable

Mean Median Mean Median
Consensus level (“CONS’) +0.0312""" | +0.027¢ " | +0.0311"" | +0.035C"
Consensus change (“CHGCONS’) | +0.033%"" | +0.0384 """ | +0.0317 " | +0.028¢ "

PANEL B: Market—Adjusted Returns by Consensus Recommendation Level Quintile

Quintile Coded as M ean Median

Best = BUY 1.00 —0.003 -0.024
0.75 —0.008 -0.024

0.50 -0.015 -0.032

0.25 -0.018 -0.033

Worst = SELL 0.00 —0.027 —0.055
BUY — SELL +0.023 +0.034

PANEL C: Market—Adjusted Returns by Consensus Recommendation Change
Quintile

Quintile Coded as M ean Median

Best = Increase 1.00 —-0.004 —-0.025
0.75 —-0.007 -0.015

0.50 -0.022 —-0.044

0.25 —0.004 -0.023

Worst = Decrease 0.00 —-0.031 —-0.051
I ncrease — Decr ease +0.0*2*Z +0.0§}




Table 4: Quantitative Investment Signals and Future Returns
This table examines the Spearman rank correlation between future returns (RETF) and various quantitative

investment signals. RETF isthe market—adjusted return in the six months following the month of the
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recommendation. Thetwelve quantitative investment signals are describe in detail in the Appendix. For
variablesthat are positively (negatively) correlated with future returns, the binary variable assumes avalue
of 1if the explanatory variable is higher (lower) than the median for that quarter, and O otherwise. The net

portfolio return is the mean difference in future returns between the portfolio of top firms (with binary

variable equal to 1) and the portfolio of bottom firms (with the binary variable equal to 0). The %positive
portfolio returns indicates the percentage of the 56 quartersin which the net portfolio return was above 0%.
*x% (**) [*] indicates statistical significance at 1% (5%) [10%)] in two—tailed T-tests.

Explanatory
Variable

Continuous
Explanatory
Variable

Binary Explanatory Variable

Definition

%
Positive

Corréation

Mean net
portfolio
return

% Positive
portfolio
returns

RETP

+0.080 """

1if greater than
median
0 otherwise

49.98%

+0.064 """

+0.032 """

76.79%

RET2P

1if greater than
median
0 otherwise

50.01%

+0.013 "

62.50%

TURN

1if lessthan
median
0 otherwise

50.24%

+0.002

62.50%

SIZE

1if greater than
median
0 otherwise

50.02%

+0077"""

+0016 "

64.29%

FREV

1if greater than
median
0 otherwise

49.99%

+0.001 """

+0.042 """

83.93%

LTG

—0.006

1if lessthan
median
0 otherwise

50.00%

+0.008

- 0.000

5357%

+0.053 """

1if greater than
median
0 otherwise

50.00%

+0.040 """

+0.018 """

67.86%

-0025"

1if lessthan
median
0 otherwise

49.99%

+0.025 "

+0.004

57.14%

TA

—0.081

1if lessthan
median
0 otherwise

50.01%

+0.063

+00290 """

85.71%

CAPEX

-0021""

1if lessthan
median
0 otherwise

50.01%

+0023"""

+0015 """

69.64%

BP

—-0.016

1if greater than
median
0 otherwise

49.98%

+0.010

+0.000

50.00%

+0.038

1if greater than
median
0 otherwise

49.96%

+0020 """

+0.004

55.36%
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Table 5: Summary Quantitative Variables and Future Returns

This table examines the correlation between the three summary quantitative variables and future returns.
The dependent variableis future returns (RETF), defined as the market—adjusted return in the six months
after portfolio formation. Three different summary variables are used: Momentum (the sum of four
momentum signals. RETP, RET2P, FREV, SUE), Contrarian (the sum of the remaining eight investment
signals), and QScore (the sum of al twelve binary investment signals). Each individual signal is
described in detail in the Appendix. Panel A reports the Spearman rank correlation between each sum
measure and future returns. We report results for both a continuous measure and a quintile measure of the
sum variable (see Table 2). Panel B reports future returns grouped by QScore quintiles, Panel C reports
future returns grouped by Momentum quintiles, and Panel D reports future returns for firms grouped by
Contrarian quintiles. *** ** * jndicate two—sided statistical significance at 1%, 5%, and 10%,
respectively, based on t—statistics calculated with Hansen-Hodrick autocorrelation consistent standard errors.

PANEL A: Spearman Rank Correlaionswith Future Returns

Continuous Expl. Variable Expl. Variable Quintile
Explanatory Variable Mean Median Mean Median
QScore +0.1253 7| 401273 7| +0.1236 7 | +0.1253
Momentum +0.0865 | +0.0908 | +0.0865 | +0.0908
Contrarian +0.0925 7| +0.1016 | 400916 | +0.1010 7
PANEL B: Market-adjusted Returnsby QScore Quintile
FScore Sum Coded as Mean Obs per Qtr Mean Median
Best= 8,9, 10,11, 12 1.00 228.52 +0.0094 -0.0047
7 0.75 161.80 +0.0042 -0.0107
6 0.50 176.59 —0.0096 —-0.0379
5 0.25 160.95 -0.0299 -0.0551
Worst= 0,1,2,3,4 0.00 226.09 -0.0477 —0.0803
Best —Worst +0.05*7*} +0.07ZQ
PANEL C: Market—Adjusted Returnsby Momentum Quintile
Momentum Sum Coded as Mean Obs per Qtr Mean Median
Best= 4 1.00 161.84 +0.0141 -0.0047
3 0.75 217.88 -0.0012 -0.0219
2 0.50 195.77 —-0.0165 —-0.0308
1 0.25 217.89 —-0.0305 -0.0548
Worst= 0 0.00 160.57 —-0.0432 -0.0624
Best —Worst +0.0573 +0.0620
PANEL D: Market—Adjusted Returnsby Contrarian Quintile
Contrarian Sum Coded as Mean Obs per Qtr Mean Median
Best= 6,7,8 1.00 149.46 —0.0025 —0.0099
5 0.75 200.00 —0.0008 -0.0240
4 0.50 247.66 -0.0141 —-0.0370
3 0.25 207.84 —0.0235 —0.0525
Worst= 0,1, 2 0.00 148.98 —0.0390 —0.0802
Best —Worst +0.0364 +0.0786




TABLE 6: Descriptive Statistics by Consensus Recommendation Quintile

This table examines the rel ation between the level of the consensus recommendation and twelve investment signals. The signals are described in
detail inthe Appendix. To construct thistable, we sort all firmsinto quintilesin each of the 56 quarters by the level of their consensus stock
recommendation. Table values represent the mean and median value of the investment signal for each recommendation quintile across the 56
guarters. Normative Direction indicates the sign of the variable's correlation with future returns from prior studies. Actual Direction indicates the
sign of the variable’ s correlation with the analysts’ consensus recommendation. Shaded rows represent variables for which the two directions are
inconsistent. Correlation isthe mean Spearman rank correlation between the consensus recommendation and a given investment signal across the
56 quarters. T—test isatest of the null that the mean val ue for the highest recommendation quintile equal's the mean of the lowest quintile across
the 56 quarters. *** indicates two—sided significance at 1%, based on t—statistics cal culated with Hansen-Hodrick autocorrelation consistent
standard errors.

Consensus Recommendation Quintile

Normative BUY SELL Actual )
Explanatory Variable Direction 1.00 0.75 0.50 0.25 0.00 Direction Correlation  T-test
Momentum Variables (Price or Earning)
RETP Mean + 0.1508 0.1192 0.0827 0.0277 -0.0241 + 26.89% 6.95
Median 0.1407 0.1033 0.0795 0.0254 —-0.0278 *okk *kk
RET2P Mean + 0.1758 0.1384 0.0946 0.0430 —0.0146 + 27.90% 7.63
Median 0.1533 0.1223 0.0747 0.0392 -0.0178 >k *xk
FREV Mean + -0.3274 —0.4703 -0.7619 -1.4352 —2.6510 + 34.59% 8.21
Median 0.0000 —-0.0175 -0.1618 —0.5450 -1.3660 >k *xk
SUE Mean + 1.0068 0.8898 0.5319 0.1230 -0.2711 + 32.10% 8.59
Median 0.7246 0.6403 0.2946 0.0910 —-0.1496 *xk *xk
Contrarian Variables (Fundamental or Growth)
EP Mean + 0.0580 0.0551 0.0543 0.0465 0.0262 + 11.89% 4.83
Median 0.0567 0.0544 0.0563 0.0539 0.0498 *rk *okk
BP Mean + 0.4727 0.4832 0.5281 0.5996 0.7499 - —30.11% —8.52
Median 0.4211 0.4261 0.4676 0.5483 0.6784 >k *okk
SIZE Mean - 5.5629 6.1999 6.4940 6.2727 5.2186 + 4.29% 1.81
Median 5.3657 5.9694 6.4410 6.3039 5.0130 *oxk *okk
TURN Mean - 52.2900 53.1011 52.5706 50.0011 41.1517 + 11.82% 3.82
Median 53.2500 54.0000 53.2500 50.0000 36.7500 *oxk *okk
G Mean - 1.2203 1.1875 1.1356 1.1032 1.0728 + 29.64% 7.41
Median 1.1737 1.1432 1.1053 1.0799 1.0459 >k ok *ok
LTG Mean - 24.0312 20.1197 14.4616 9.7340 3.4313 + 27.24% 6.51
Median 18.8900 15.5600 11.5975 7.7900 1.1500 >k ok *ok
TA Mean - 0.0213 0.0148 0.0052 0.0025 0.0018 + 10.62% 2.82
Median 0.0091 0.0064 —0.0028 —0.0046 —0.0048 >k ok *xk
CAPEX Mean - 0.0887 0.0901 0.0897 0.0872 0.0766 + 4.24% 1.88

Median 0.0658 0.0721 0.0701 0.0702 0.0604 rEx FEx







TABLE 7: Regression of Recommendations on Explanatory Variables

This table reports the result when analyst recommendation metrics are regressed on various explanatory variables. Panel
A (B) reports results when the dependent variable isthe level of (changesin) the consensus recommendation. The
explanatory variables are explained in detail in the Appendix. Shaded rows represent instances where the normative
(NORM) and actual (ACTUAL) directions of correlation are inconsistent. The reported parameter estimates are the mean
parameter estimates over 56 quartersfor Panel A and 55 quartersfor Panel B. *** ** * indicates two—sided statistical
significance at 1%, 5%, and 10%, respectively, based on t—statistics cal culated with Hansen-Hodrick autocorrelation
consistent standard errors.

PANEL A: Consensus Recommendation Levels (* CONS)

Mean R? 25.70%

Mean F statistic 2753 .

VARIABLE NORM ACTUAL Mean b T
Intercept | +3.630 +22.842 ***
Momentum Variables (Price or Earning)

RETP + + +0.437 +10.964 ***
RET2P + + +0.306 +8.559 ***
FREV + + +0.031 +7.428 ***
SUE + + +0.041 +4.800 ***
Contrarian Variables (Fundamental or Growth)

EP + + +0.683 +6.547 ***
BP - — -0.321 —12.885 ***
TURN - + +0.001 +8.383 *¥**
SIZE + = -0.042 -1876 *
LTG - 4 +0.002 +5.355 ***
SG - 4 +0.253 +4.140 ***
TA - + +0.248 +3.632 ***
CAPEX - + +0.136 +1.257

PANEL B: Consensus Recommendation Changes (“* CHGCONS")

Mean R? 14.88%

Mean F statistic 1243 .

VARIABLE NORM ACTUAL Mean b T

Intercept +0.171 +13336 ***

Prior consensus quintile -0431 —11294 **x*
Momentum Variables (Price or Earning)

RETP6 + + +0.262 +8577 ***

RET2P6 + + +0.004 +0.126

FREV + + +0.018 +13.654 ***

SUE + + +0.008 +5531 ***
Contrarian Variables (Fundamental or Growth)

EP + - -0.255 —-3033 ***

BP - - -0.024 -1.860 **

TURN - + +0.000 +2.207 **

SIZE + - —-0.001 -0.120

LTG - + +0.000 +4.782 ***

SG - + +0.039 +5591 ***

TA - - -0.029 -2186 **

CAPEX — + +0.021 +1.178




TABLE 8: Future Returns, Analyst Recommendations, and I nvestment Signals

Thistable reports regressions of future returns on analyst recommendations and on variousinvestment signals. Future
returns are defined as the market—adjusted return in the six months after the month of the recommendation (RETF).
Analyst recommendations used are: the quintile of the consensus recommendation level (QCON), and the quintile of the
change in the consensus measured over the prior quarter (QCHGCON). QFITCON and QFITCHGCON arefitted values
of QCON and QCHGCON from Panels A and B of Table 7, respectively. The reported parameter estimates are the mean
parameter estimates from the quarterly regressions. ***, ** * jndicates two—sided statistical significance at 1%, 5%, and

10%, respectively, based on t—statistics cal culated with Hansen-Hodrick autocorrel ation consistent standard errors.

PANEL A: Consensus Recommendation L evels Quintiles (QCON)

Model Al Model A2 Model A3 Model A4
Analysts Analysts & Analysts & Analysts &
Alone QScore Binary Sgnals Fitted Value
Par ameter Estimate  T-stat Estimate  T-stat Estimate T-stat Estimate  T-stat
||I ntercept -0.0257 -2.13** -0.0484 -2.79*** -0.0673 -2.65** -0.0336 -2.58**
llocon 00226 183 00108 122 00076 131 00074 142
llQscore 00562 3.23***
loFITCON 0.0300  3.26%**
RETP 0.0175 3.31***
RET2P 0.0019 0.32
FREV 0.0324 17.99***
SUE 0.0017 031
EP 0.0021 0.57
BP -0.0089 -1.41
TURN 0.0011 0.17
SIZE 0.0078 0.66
LTG 0.0007 0.11
SG 0.0007 0.44
TA 0.0268 9.46***
CAPEX 0.0134 2.58**
PANEL B: Consensus Recommendation Changes Quintiles (QCHGCON)
Model B1 Model B2 Model B3 Model B4
Analysts Analysts & Analysts & Analysts &
Alone QScore Binary Sgnals Fitted Value
Par ameter Estimate  T-stat Estimate T-stat Estimate T-stat Estimate T-stat
lintercept -0.0262  -1.85* -0.0522 -2.86%*+* -0.0690 -2.64** -.0316  -1.96*
||QCH GCON 0.0225 5.26*** 0.0190 3.80*** 0.0159 15.73*** 0.0173  4.07***
loscore 0.0551  3.34***
llQFiTcHGCON 00159 2.75%**
RETP 0.0176  3.51***
RET2P 0.0014 031
FREV 0.0319 15.00***
SUE 0.0027 0.52
EP 0.0011 061
BP -0.0080 -1.27
TURN 0.0000 0.00
SIZE 0.0065 0.56
LTG -0.0004 -0.06
G 0.0002 0.10
TA 0.0261 10.18***
CAPEX 0.0132  2.43**




TABLE 9: Future Returns by Quantitative Scores and Analyst Recommendations

Thistable reports the market-adjusted return in the six months following the recommendation. Firms are grouped by their quantitative measures (QScores) and
consensus recommendations. Panels A, B, and C report results for the recommendation level quintiles (QCON), change quintiles (QCHGCON), and a combined
strategy of level and change quintiles, respectively. *** ** * indicate two-sided statistical significance at 1%, 5%, and 10%, respectively.

PANEL A: Market—Adjusted Returns by Recommendation Level Quintileand QScore Quintile

Consensus Recommendation Level Quintile
Worst=SELL: 0.00 0.25 0.50 0.75 1.00: Best=BUY
QScore Quintile Obs Mean Obs M ean Obs Mean Obs M ean Obs Mean |BUY- SELL t p
Worst=LOW  0.00 7251  —0.0445 48.07 -0.0350 4124  -0.0355 3476 -0.0510 3287 -0.0652 -0.0207 -1.37
0.25 4251 -0.0318 31.33  -0.0250 29.93 -0.0269 3055 -0.0275 29.09 -0.0358 -0.0040 -0.22
0.50 37.47 -0.0080 32.82 -0.0155 35.09 -0.0074 36.69 -0.0158 36.91 +0.0020 +0.0100 +0.58
0.75 26.67 —0.0049 2849 -0.0131 3596 -0.0080 38.29 +0.0101 34.85 +0.0226 +0.0276  +1.83**
Best=HIGH 1.00 30.27 -0.0066 44.04  +0.0020 58.42  -0.0002 55.13  +0.0196 4415 +0.0258 +0.0324  +3.30***
HIGH-LOW +0.0379 +0.0370 +0.0353 +0.0706 +0.0910
t +2.23 +2.73 +2.72 +4.77 +7.87
p *k %k *k* *k%k *k*k * k%
Overal analysts' level recommendations = Buy- Sdll (see also Table 3 Panel B) +0.0216  +1.66*
Overall quantitative strategy = High- Low (see also Table 5 Panel B) +0.0541  +4.47***
DISAGREE = Low& Buy—High& Sell -0.0586  —4.03***
GREE = High& Buy—ow& Sell +0.0703  +3.78***

PANEL B: Market—Adjusted Returns by Recommendation Change Quintileand QScore Quintile

Consensus Recommendation Change Quintile
Worst=DECR: 0.00 0.25 0.50 0.75 1.00: Best=INCR
QScore Quintile Incr- Dec
Obs Mean Obs M ean Obs Mean Obs Mean Obs Mean r t p
Worst=LOW  0.00 59.42 -0.0623 29.65 -0.0270 7249 -0.0553 25.02 -0.0368 39.84 -0.0326 +0.0297  +2.92***
0.25 35.60 -0.0502 21.91 -0.0088 50.76  -0.0346 21.44  -0.0228 31.64 -0.0141 +0.0361 +4 55***
0.50 33.82 -0.0229 25.44  -0.0043 5536 -0.0138 26.36 —0.0053 3593 +0.0022 +0.02561  +2.25**
0.75 28.33 -0.0035 25.65 -0.0033 4755 +0.0041 26.38  +0.0040 34.60 +0.0112 +0.0148  +1.17
Best=HIGH 1.00 35.33 +0.0026 4051 +0.0206 62.78 +0.0037 43.67 +0.0067 4736 +0.0162 +0.0136 +1.83**
HIGH-LOW +0.0649 +0.0475 +0.0590 +0.0435 +0.0488
t +4.06 +2.55 +5.73 +2.86 +3.48
p * k% * k% * k% * % % * %%k
Overal Anaysts change recommendations = Incr- Decr (see also Table 3 Panel C) +0.0268  +6.07***
Overall Quantitative strategy = High- Low (see also Table 5 Panel B) +0.0541  +4.47***
“KISAGREE = Low& Incr—High& Decr 00352 —2.33***
GREE = High& Incr—L ow& Decr +0.0785  +5.29***




Table 9: Future Returns by Quantitative Scores and Consensus Recommendation L evels (Continued)

PANEL C: Market—Adjusted Returns by Combination of Recommendation Level and Change Quintilesand QScore Quintile

Consensus Recommendation Combinations of L evels and Changes
Worst = Best =
SELL and DECR Other BUY and INCR  |BUY&INCR -
Qscore Quintile Obs M ean Obs M ean Obs Mean SELL&DECR t p
Worst=LOW  0.00 24.33 -0.0689 196.44 -0.0438 9.02 -0.0476 0.0183 0.95
0.25 12.87 -0.0694 142.60 -0.0274 8.23 0.0118 0.0847 3.23***
0.50 10.65 -0.0087 158.11 -0.0127] 1022 0.0180 0.0268 114
0.75 6.71 0.0144 147.98 0.0024 9.58 0.0231 0.0088 0.31
Best=HIGH 1.00 7.07 -0.0319 211.78 0.0086( 13.27 0.0246 0.0558 4.02%**
HIGH-LOW 0.0374 0.0524 0.0666
t 215 5.57 3.10
p * % * k% * %%k
Overall analysts combined recommendations = Buy& Incr- Sell& Decr +0.0529  +4.32***
Overall quantitative strategy = High- Low (see also Table 5 Panel B) +0.0541  +5.55%**
“,IZISAGREE = Low& (Buy& Incr)—High& (Sel1& Decr) 00190 -0.81
GREE = High& (Buy& Incr)-Lowé& (Sell& Decr) 0.0935  +4.97***




TABLE 10: Cumulative Excess Returns Over Various Holding Periods

Thistable reports the market-adjusted returns over various hol ding periods following the recommendation.
Firms are grouped by their quantitative measure (QScore, Momentum, Contrarian) and consensus
recommendations. Panel A reports the mean difference in market-adjusted returns between the extreme
consensus recommendation level quintiles (BUY-SELL) within each of the quantitative measure quintiles.
Panels B repeats the analyses for changesin recommendations. ***, ** * indicate two-sided statistical

significance at 1%, 5%, and 10%, respectively, based on t—statistics cal culated with Hansen-Hodrick
autocorrelation consistent standard errors.

PANEL A: Mean market—adjusted return differ ence between extreme recommendation

level quintiles (BUY-SELL) within each quantitative quintile

Within Quantitative Quintile
Holding Period Worst=LOW: Best=HIGH:
0.00 0.25 0.50 0.75 1.00
Within QScor e Quintile
1 month -0.0024 -0.0091 0.0045 0.0062 0.0071**
3 months -0.0051 -0.0014 0.0115 0.0223*** 0.0192***
6 months -0.0207 -0.0040 0.0100 0.0276** 0.0324***
9 months -0.0451** -0.0363* 0.0080 0.0415** 0.0448***
12 months -0.0732%** -0.0390 -0.0038 0.0379 0.0502***
Within Momentum Quintile
1 month 0.0002 -0.0068 0.0006 0.0033 0.004
3 months 0.000¢ -0.0077 0.0031 0.0071 0.0262***
6 months -0.006C -0.0251** 0.0013 0.0083 0.027¢***
9 months -0.0198 -0.0468*** 0.0074 -0.000& 0.038C***
12 months -0.049: -0.0663*** 0.0004 0.003t 0.0362*
Within Contrarian Quintile
1 month 0.0005 0.0047 0.0045 0.0111*** 0.0057
3 months 0.0150 0.0169*** 0.0183*** 0.0284*** 0.023E***
6 months 0.0041 0.0303*** 0.0255*** 0.0348*** 0.0474***
9 months -0.0206 0.0226 0.0307** 0.0393** 0.061C***
12 months -0.0446 0.0159 0.0259 0.0349 0.0695***
PANEL B: Mean market—adjusted return difference between extreme recommendation
change quintiles (BUY-SEL L) within each quantitative quintile
Within Quantitative Quintile
Holding Period Worst=LOW: Best=HIGH:
0.00 0.25 0.50 0.75 1.00
Within QScor e Quintile
1 month 0.0108*** 0.0087*** 0.0095*** 0.0065** 0.0062**
3 months 0.0166*** 0.0213*** 0.0156*** 0.0088 0.0114***
6 months 0.0297*** 0.0361*** 0.0251*** 0.0148 0.013¢**
9 months 0.0280*** 0.0528*** 0.0309*** 0.0253* 0.018€***
12 months 0.0208 0.0511*** 0.0323** 0.0356*** 0.024&***
Within Momentum Quintile
1 month 0.0016 0.012¢*** 0.0122*** 0.0090*** 0.003¢
3 months 0.0114* 0.015€*** 0.0144*** 0.0164*** 0.0119*
6 months 0.0257*** 0.0251*** 0.0337*** 0.0214*** 0.0166
9 months 0.0264*** 0.0368*** 0.0459*** 0.0223*** 0.0325***
12 months 0.0124 0.027€ 0.0448*** 0.0346*** 0.0463***
Within Contrarian Quintile
1 month 0.0183*** 0.0043 0.0072*** 0.0092*** 0.010€***
3 months 0.030¢*** 0.0132** 0.0165*** 0.0067 0.0165***
6 months 0.045C*** 0.0313** 0.0170*** 0.0137 0.0286***
9 months 0.0522*** 0.0292*** 0.0330*** 0.0297*** 0.026(C***
12 months 0.0624* ** 0.0269** 0.0240** 0.033€*** 0.032z***




FIGURE 1: Data accumulation periodsrelative to portfolio formation date

PANEL A: Dependent variables: Consensus level and changein cansensus
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FIGURE 2. Cumulative Excess Returnsto Analyst
Recommendation Strategies (L evel and Change) in Combination
with Quantitative Quintiles

PANEL A: Consensus Recommendation L evels Quintiles (QCON), Separately and in Combination with
Quantitative Quintiles (QScor €)
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PANEL B: Consensus Recommendation Changes Quintiles (QCHGCON), Separately andin Combination
with Quantitative Quintiles (QScore)
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Mean excess returns for BUY-SELL strategy

FIGURE 3. Cumulative Excess Returnsto Analyst Recommendation

Strategies Across Quantitative Quintiles

PANEL A: Hedge Retur nsto Extreme Recommendation L evel Quintiles (QCON) Across Quantitative Quintiles

Quintiles: [ 0.00 B0.25 0 0.50 0 0.75 0 1.00]

Quintiles: [ 0.00 B 0.25 0 0.50 0 0.75 0 1.00]

Quintiles [ 0.00 @ 0.25 0 0.50 0 0.75 O 1.00]

Qscore QMomentum QContrarian
008 008 008
006 2 006 2 006
8 &
w w ]
004 — o 004 — o 004
p} P
T ; Il } ; W
002 M S 0 S 00
2 2
o o
| el e . NNl B I
000 T T ,z 000 T T -_'_ T T T % 000 T T T T
002 g 002 g 002
-0.04 g -0.04 g -0.04
§ §
0.06 = -0.06 s -006
0.08 0.08 -0.08
1month 3 months 6 months 9months 12 months 1month 3 months 6 months 9months 12 months 1month 3 months 6 months 9months 12 months
Quintiles: [[ 0.00 B 0.25 0 0.50 0 0.75 O 1.00] Quintiles: [ 0.00 B 0.25 0 0.50 0 0.75 O 1.00] Quintiles: [ 0.00 B0.25 050 0 0.75 O 1.00]
PANEL B: Hedge ReturnstoExtreme Recommendation Change Quintiles (QCHGCON) Across Quantitative Quintiles
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