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Dynamic For ecasting Behavior by Analysts: Theory and Evidence

Abstract

We examine the dynamic forecasting behavior of investment analysts in response to their prior
performance relative to their peers within a continuous time/multi-period framework. Our model
predicts a U-shaped relationship between the boldness of an analyst's forecast, that is, the deviation
of her forecast from the consensus and her prior relative performance. In other words, analysts who
significantly out perform or under perform their peersissue bolder forecasts than intermediate
performers. We then test these predictions of our model on observed analyst forecast data.
Consistent with our theoretical predictions, we document an approximately U-shaped relationship
between analysts' prior relative performance and the deviation of their forecasts from the consensus.
Our theory examines the impact of both explicit incentivesin the form of compensation structures
and implicit incentives in the form of career concerns, on the dynamic forecasting behavior of
analysts. Consistent with existing empirical evidence, our results imply that analysts who face
greater employment risk (that is, the risk of being fired for poor performance) have greater
incentivesto herd, that is, issue forecasts that deviate less from the consensus. Our multi-period
model allows us to examine the dynamic forecasting behavior of analysts in contrast with the extant
two-period models that are static in nature. Moreover, the model also differs significantly from
existing theoretical modelsin that it does not rely on any specific assumptions regarding the
existence of asymmetric information and/or differential analyst abilities.
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1. Introduction

We examine the dynamic forecasting behavior of investment analysts in response to their prior
performance relative to their peers within a continuous time/multi-period framework. Our model
predicts a U-shaped relationship between the boldness of an analyst's forecast, that is, the deviation
of her forecast from the consensus, and her prior relative performance. In other words, analysts who
significantly out-perform or under-perform their peers issue bolder forecasts than intermediate
performers. We then test these predictions of our model on observed analyst forecast data.
Consistent with our theoretical predictions, we document an approximately U-shaped relationship
between deviation of analysts’ forecasts from the consensus and their prior relative performance.

Our model relies on two assumptions: an analyst's compensation is convex in her

performance relative to her peers and faces significant negative career concerns, that is, the risk of
losing her job for poor relative performance. These assumptions are consistent with existing
empirical and anecdotal evidence. Although data on analysts' compensation is not available, Wise
(2000) notes that there are large pay discrepancies between analysts being named to Institutional
Investor’ s All-America research team and those that do not make the team. Given that Leone and

Wau (2002) find that Institutional Investor all-stars have superior performance to non-star analysts, thiswould

imply convexity in the compensation structures for anaysts. Mikhail, Walther, and Willis (1999) find
that an analyst ismore likely to befired if her forecast accuracy declines relative to her peers.
However, they find no association between an analyst’ s probability of turnover and absolute
forecast error. In other words, this suggests that it is relative, rather than absolute performance, that
matters.

The model we propose and investigate can be briefly described as follows. At each

forecasting date, an analyst faces the choice between a bold strategy and a conservative strategy.



The analyst's forecast deviates to a greater extent from the consensus forecast under the bold
strategy than the conservative strategy. The bold and conservative strategies may result from private
signals received by the analyst or from publicly available information about the firm being covered.
Under either strategy, the analyst has a nonzero probability of either outperforming or under
performing the median analyst. The analyst is compensated at the end of each forecasting period
and her compensation is a convex function of her prior relative performance over some time
horizon. There is anonzero probability that the analyst may be fired if her relative performanceis
below an exogenous level. The analyst has inter-temporal preferences for the periodic cash flows
that comprise her compensation and dynamically chooses the bold or conservative strategy at each
date to maximize her expected utility. We assume that the analyst has linear preferences purely for
simplicity. Our analysis can easily be generalized to incorporate risk aversion.

We explicitly solve the analyst's stochastic dynamic optimization problem and show that the
optimal policy for the analyst can be described as follows: there exist two thresholds of prior
relative performance such that if the analyst either outperforms the higher threshold or under
performs the lower threshold, she chooses the bold strategy and if her prior relative performance
lies between the thresholds, she chooses the conservative strategy. Therefore, the analyst makes a
bold forecast if she either significantly out-performs or under-performs the median analyst and
makes a conservative forecast if sheis an intermediate performer.

The intuition for these resultsis the following. When the analyst significantly outperforms
the median analyst, the convexity of her compensation structure induces her to take on the increased
risk of issuing a bold forecast. On the other hand, if she significantly under performs the median,
she faces a substantial risk of being fired for poor relative performance. Therefore, she takes on the

increased risk of the bold strategy to increase the probability that her performance will rise above



the level where she may be fired. At intermediate levels of prior relative performance, the analyst
trades off the higher expected compensation from choosing the bold strategy for the lower
probability that her performance may decline below the level where she may be fired from choosing
the conservative strategy. In general, there exists a nonempty intermediate region of prior relative
performance where she prefers the conservative strategy.

We a'so show that if the analyst faces little or no risk of being fired, she will always choose
the bold strategy. This result follows easily from the convexity of her compensation structure. Our
results have immediate implications for herding by analysts. In particular, they show that
intermediate performers tend to deviate less from the consensus, that is, herd more than significant
out-performers and under-performers. Moreover, our result that an analyst always chooses the bold
strategy if she faces little or no employment risk indicates that the incentive to herd increases with
employment risk. In particular, thisimplies that more experienced analysts who face lower
employment risk herd less than less experienced analysts. This prediction is consistent with the
empirical results of Hong, Kubik, and Solomon (2000) who examine a sample of stock analysts
earnings forecasts and show that younger analysts tend to herd more than older, more experienced
analysts who face lower employment risk.i:I

Our results therefore highlight the impact of both explicit incentivesin the form of
compensation structures and implicit incentives in the form of career concerns on the forecasting
behavior of investment analysts. Several recent papers have emphasi zed the importance of career
concernsin various contexts. Scharfstein and Stein (1990), Prendergast and Stole (1996) and
Morris (1997) argue that career concerns may induce corporate and/or fund managers to ignore
private information and follow the herd or avoid following it when their actions are observable. In

Scharfstein and Stein (1990), "smart" managers receive correlated information, while "dumb"

! Chevalier and Ellison (1999) obtain similar resultsin their empirical investigation of mutual fund managers.



managers receive uncorrelated noise. Thus, a manager who learns that his private information
differs from that of another manager believesthat he is more likely to be "dumb", ignores his
information and "herds".EI In Prendergast and Stole (1996), managers have private information
about the precision of their information. A bolder action signals that a young manager knows his
information to be good, and hence young managers have an incentive to take excessively bold
actions. Older managers have an incentive to become jaded and do not change their actions a great
deal from period to period. Zwiebel (1995) proposes amodel of the behavior of corporate managers
where taking an unobserved unconventional action increases the variance of the market's ex post
assessment of a manager's ability. In aresult that is reminiscent of the results that we obtain,
Zwiebel (1995) shows that average managers prefer the conventional action because it reduces the
risk of their being fired, while high or low ability managers may prefer unconventional actions.
Our paper differs significantly from the above papersin that we focus on investigating the
dynamic forecasting behavior of analysts in a multi-period/continuous time framework, rather than
the two-period models examined in the above papers. Welch (2000), in particular, notes that these
existing static theories are “designed to explain a steady state in which all analysts herd perfectly,
not to explain an ever varying time-series of recommendations or aresidual difference in opinions
across analysts.” (pg. 370). Our dynamic model attempts to address some of these concerns.
Moreover, in contrast with the above papers, we do not make any specific assumptions about
whether analysts possess different abilities and whether they receive private signals. Therefore, our
results do not rely on the existence of asymmetric information and/or differential abilities, but
depend only the convexity of compensation in relative performance and the existence of significant

career concerns.

2 Graham (1999) considers a model patterned after Scharfstein and Stein (1990) to investigate the herding behavior of
investment newsletters. Trueman (1994) also proposes a model that demonstrates herding by analysts.



Using data from the IBES history tapes on individual analysts forecasts between 1988 and
2000, we test the predictions of our model. Specifically, each quarter we rank analysts into deciles
based on past forecasting performance calculated over varying time horizons that range from 1 year
to 3 years. For each analyst, we calculate boldness as the normalized deviation from the consensus
asin Hong, Kubik, and Solomon (2000). We then compute median future boldness for each decile
of past relative performance. Consistent with our predictions, we find evidence of a U-shaped
relation between future boldness and past performance. It is possible that this U-shaped relation isa
result of analysts persisting in choosing bold or conservative strategies and not due to dynamic
ateration of strategies by analysts. In other words, an analyst who is always bold is more likely to
take on extreme positions in relative performance. We control for this possibility in our empirical
tests, and find that the U-shaped pattern still holds. As an alternative methodology, we test for the
U-shaped relation using the Fama-MacBeth (1973) regression methodology. These testslead to
qualitatively similar conclusions.

Our empirical results contribute to the existing literature in that we investigate the
forecasting behavior of all analystsin response to their prior performance and document, for the
first time, a non-monotonic U-shaped relationship between the boldness of an analyst's forecast and
her prior relative performance. Hilary and Menzly (2002) also empirically investigate the
relationship between boldness and past performance. Consistent with our findings, they report that
analysts who have performed well in the past tend to issue bolder forecasts. However, they do not
document that analysts who have performed poorly in the past also issue bolder forecasts. They
propose a behavioral model based on overconfidence to explain their findings. Our model offersa
rational explanation for bold forecasting behavior by out-performers and under-performers. Hong et

al (2002) empirically examine the effect of career concerns on boldness and find that more



experienced analysts are more likely to deviate from the consensus. From an empirical standpoint,
we complement their findings by examining and documenting the effect of prior performance on
analysts’ incentivesto deviate from the (:onsensus.E

The remainder of the paper proceeds as follow. In Section 2 we present the model. In
Section 3, we state our main results regarding the optimal forecasting behavior of analysts. In
Section 4, we present the results of empirical tests of our predictions. Section 5 concludes the

paper. All detailed proofs are relegated to the Appendix.
2. TheMode

The primary focus of this paper is the dynamic forecasting behavior of an analyst in response to
his prior performance relative to his peers. We consider an infinite horizon, multi-period
framework. The set of forecasting dates is characterized by the set

r={..,—34,-2A,-A,0,A,2A,3A,..} . The set of forecasting dates is a doubly infinite set to
emphasize the point that thereis no “initial date” in our framework. The fundamental economic
variable we model is the cumulative forecasting performance, that is, the sum of the forecasting
errors, for an analyst over atime horizon T . T isthe exogenously specified horizon over which the
analyst’s performance is evaluated. The actual value of T does not play an important role in our

analysis and it may also differ across analystsﬂf e(t) denotesthe cumulative forecasting error of
an analyst at date tJI" , and e,,(t) denotesthe median cumulative forecasting error for all analysts

over the same time horizon t, then

D q(t) = e(t) — e, (t)

®Hu et al. (2003) find a similar U-shaped relation between relative risk choices of mutual fund managersin response to
their prior relative performance.
* Empirically, we allow T vary between one and three years. This does not qualitatively alter the results.



denotes the relative forecasting performance of the analyst at date t. g(.) isastochastic process
with support in (—,). The median forecasting error is used as a benchmark purely for

concreteness. Our theoretical results do not depend on the specific benchmark used. At any date t,
we assume that an analyst has the choice between adopting a bold strategy or a conservative
strategy. If he adopts the bold (conservative) strategy, then the change in his relative forecasting

performance over the next period A isanormally distributed random variable with mean ¢ and

standard deviation o,(g,) with g; >0, . Therefore,

q(t+A)-q(t) = pA+0o;N

) _
qt+4)—-q(t) = pA+0o,N

under the bold and conservative strategies 1 and 2 respectively. In the above, N isastandard
normal random variabl e."i_'I
It isimportant to emphasi ze here that the bold and conservative strategies may represent
either private or publicly observable signals. In other words, our theoretical framework does not
rely on any specific assumptions regarding the observability of the analysts' signals on the basis of
which they make their forecasts. Therefore, asymmetric information is not a crucia ingredient of
our model although our model is certainly consistent with it. Further, we do not make any specific
assumptions regarding the abilities of analysts, that is, they may all possess the same ability or have
different abilities. The fact that neither asymmetric information nor differential analyst abilities
plays acrucia rolein our theoretical analysis makesit significantly different from earlier theoretical
frameworks that have been applied to examine analyst behavi or.EI In all these frameworks,

asymmietric information and/or differential analyst abilities play important roles. In summary, the

nature of the information that analysts possess and the analysts' forecasting abilities do not affect

® Since the analyst can only choose either the bold or the conservative strategy at any date, we use the same notation for
the standard normal random variable without loss of generality.
® See, for example, Scharfstein and Stein (1991), Zwiebel (1995), Prendergast and Stole (1996), and Graham (1999)



our model aswell as our theoretical results. Oursis asimple rational model of forecasting strategy
choices by analysts.

There is an exogenously specified level of relative performance ¢, such that if q(.) exceeds
0y, the analyst is fired with some probability aA[1(0,1) .EkNe also assume that the analyst bears

significant personal costs from being fired. These proportional costs are described by the parameter

o0[[0]], that is, the analyst loses a proportion  of her expected future compensation is heisfired.
The analyst is assumed to be risk-neutral and his compensation is assumed to be convex in

his relative performance. The risk-neutrality of the analyst is assumed purely for ssimplicity of

exposition and does not affect our results qualitatively. For analytical tractability, we assume that

the compensation of the analyst at date t is given by

(3) C(t) = Algexp(—cq(t))] where g >0,c>0.

For subsequent notational simplicity, we normalize g to 1. From (3), we note that as the analyst’s

performance varies from being very good to very bad, g(t) varies from being significantly negative

to becoming significantly positive. The goal of the risk-neutral analyst isto choose his forecasting

policy & representing his choice between a bold and conservative strategy at every forecasting date,

in order to maximize his discounted expected compensation. At any date t, his optimal future

forecasting policy should therefore solve

V(et) = 0P, EL(1- AW(a(r) + 3o C (9] =
(4) L
supg E[(1- V(A7) + 2 “A(exp(~Cae ()]

s=t

" The assumption that the analyst is not fired with certainty is consistent with the empirical findings of Hong, Kubik,
and Solomon (2000). They find that the probability of an analyst getting fired increases with underperformance , but it
issignificantly different from one.



In the above, 7, denotes the random date at which the analyst is fired. Notice that the
analyst’s payoff when heisfired is a proportional of his optimal value function v(q(7,)) that ishis
maximum expected future compensation. We have incorporated the fact that the analyst’ s optimal
policies are clearly stationary, that is, his decision at any date depends only on his relative
performance at that date. The subscripts on g,,C, denote the dependence of the analyst’s relative
performance and compensation on the forecasting policy he chooses. [ isthe analyst’s constant
discount rate for future cash flows. We can use standard dynamic programming techniques to obtain
the following Hamilton-Jacobi-Bellman equation for the analyst’ s optimal value function:

V(o) = SUPy_s» € P ELV( (8)) + Aexp(=c (A)) =1, - Lyrea—s (] (1)

In the above, g (A) represents the analyst’s relative performance at the end of the next period if he
follows strategy i and his relative performance at the beginning of the period is g. Thefirst termin
the expectation is the optimal value function at the end of the period, the second term is the
analyst’s compensation for the period, and the third term represents the proportional personal costs
he paysif heisfired due to his relative performance being above the threshold level q,. The
subscript fired =1 represents the event that the analyst is fired. Incorporating the exogenous
probability aA that the analyst is fired when his relative performance is above the threshold, we

obtain

v(a) = SUpy_y, € ELV(q (4)) + Aexp(—cql (8)) =1, .. a0BV(q (2]



The Continuous Time Framewor k

For analytical tractability, we now make the standard continuous time approximation that is
valid when the time period between successive dates A issmall relative to the time period over
which the analyst’ s forecasting behavior is being investigated. In this case, equation (2) for the

evolution of the analyst’srelative performance is replaced by
5) dq(t) = pdt + g;dB(t) under strategy i D{LZ} where B(.) isaBrownian motion.
The analyst’s objectivein (4) isreplaced by
Ty
v(q(t)) = sup, E[(1-d)v(q(Ty)) + !dse‘ﬂng(S)] =

©) .
sup; E[(1- O)W(0(7,)) + | dse (exp(~ca (9))]

For subsequent analytical and notational convenience, we re-define the analyst’ s optimization

problem in terms of the process p(t) =exp(—q(t)). Using Ito’slemma, the evolution of the process

p(.) under strategy i 1{1,3 isgiven by

2

M dp(t) = p(t)[(% - )t + 0, dB(1)]

and the analyst’ s objective is to choose his forecasting policy to maximize
Tp

®  u(p(t)) =sup; E[(L-A)u(p(7y)) + [dse™(pg(9)°)]
t

where u(.) isthe analyst’s optimal value function as afunction of p=e™9. Notice now that low
(high) values of p(.) represent good (bad) relative performances by the analyst. In order to ensure
that the analyst’ s value function is defined, we assumethat > 4, i =12.

If u(.) isthe optimal value function of the dynamic optimization problem (8), then, as

mentioned earlier, the analyst’ s optimal policy is stationary, that is, his choice of strategy at any



date is not explicitly dependent on time and depends only on the current measure of hisrelative

performance p. We denote the analyst’s optimal value function by u(p) . We may use traditional

dynamic programming arguments anal ogous to those used in deriving the discrete-time Hamilton-
Jacobi-Bellman equation to write down the following formal Hamilton-Jacobi-Bellman equation for

u:

1
0= 8Py 2 [Lpsp, (<A +Lpcp, (<(B+aB)U) + P + 14U, +2.07" DU ]
where 4 =%0’i2 — i . In the dynamic programming framework, the variable p above represents

the value of the state variable P(.) so that theterm p°® isthe instantaneous rate of compensation of

the analyst.

Hence, in regions where strategy i isoptimal, the value function u(p) must satisfy the
system of ordinary differential equations:
3 1 -, c—n
,&l"'/»’i pup +§0-i p upp tp =0 P> Py
—(B+ad)u+ 152020 4ot =0 p<
/'Iipup Eai P upp P =UpP<pP,

It can be shown that the general solution to the ordinary differential equations has the form:

Cc

u(p) = Ap" +Bp” - P ;P> Py
1 2, 1 5
—o°c+(u--o°)c-p
2 2
© _ C
=cp? +Dp” — 2 P<Py
Eaizcz + (4 ‘EUiZ)C‘(ﬁ"‘O'b_)

where 77,n” and p", p” arethe positive and negative roots respectively of the quadratic equations:



10—'2)(2 +(4, _laiz)x_ﬁzo
(10) 2

Ea‘fx2 + (U, —%Jf)x ~(B+ad)=0
In order to ensure that the analyst’ s value function exists, we assume that her discount rate 5> u
and is high enough so that
(11) c<np'c<p’.
The following lemma collects properties of theroots 72,77, o, o~ that will be used frequently.
Lemmal
) ) <15, PL < P3N <P <P
Proof. Inthe Appendix.
We now state (without proof) the following well-known verification theorem for the

analyst’s optimal value function.

Proposition 1. Suppose u isa function that is differentiable on (0, ) and twice differentiable on

(0,00)\{p,} satisfying the HIB equation
c 1
0= 8Py o [Lpsp, (ZAN +1pcp, (<(B+aO)U) + P + 14U, +2.07° DU ]

and lim,_, u(p)/ p° < o (no bubbles condition). Then u isthe analyst’s optimal value function.

Proof. See Karatzas and Shreve [1998].

This completes the formulation of the model and the mathematical preliminaries.

3. The Analyst’s Optimal Forecasting Policy

In this section, we explicitly derive the optimal forecasting policies for the analyst for all

possible pairs of bold and conservative strategies 1 and 2 characterized by the volatility parameters



(g,,0,) with g, > o, and hisdiscount rate 3 is high enough to ensure that condition (11) is
satisfied. We show that there exist two levels py, p,, with p, < p,,of prior relative performance as

measured by the process p(.) such that it isoptimal for the analyst to choose the conservative
strategy when his prior performance lies between the thresholds and switch to the bold strategy

above the threshold p,, and below the threshold p,. Therefore, the analyst chooses the bold

strategy when he is either a significant out performer or under performer and the conservative
strategy when he is an intermediate performer. We may have p, = p,, in which case the analyst
aways chooses the bold strategy and the switching of strategiesis sub-optimal. We provide a
necessary and sufficient condition for the switching of strategiesto be optimal for the analyst.

The intuition underlying these resultsis the following. If the analyst is a significant out
performer, the risk of his getting fired is very low. Therefore, he chooses the bold strategy since it
increases his expected compensation. On the other hand, if the analyst significantly under performs

the threshold p, where he may be fired, he faces significant risk of being fired. He therefore,

chooses the bold strategy to maximize the probability that his performance may increase above the
level below p, . Atintermediate levels of performance, the analyst trades off the higher expected
compensation from choosing the bold strategy for the lower employment risk from choosing the
conservative strategy. In general, there exists an intermediate region of relative performance where
the analyst prefers the conservative strategy. We now proceed to formalize this intuition.

Consider the class of policies defined by thetrigger r with p, <r where the analyst aways
chooses strategy 1 for p< p,,p=r and strategy 2 for p, < p<r . It can be shown that the value

function u, of such apolicy has the following functional form:



C

U = AP* - - P< Dy
501 c +(ﬂ1_501 )c=(B+aod)

+ - pC

=B p” +Cp” -7 1 Py <psr
(12) C0,° P+ (1~ 0,0 )e- B
2 2

~ c

=D p" - P r<p

1 2. 1 »
~0,°c? + (- =0,°)c-
591 73 5 1 )c=p

where the coefficients are determined by continuity and differentiability conditions at the points

P, and their dependence on thetrigger r isexplicitly indicated. Define the differential operators
L, L;;i =1,2 asfollows:
Lu=-4u+pu, +%ai2p2upp; Lu=~(B+ad)u+ 4 pu, +%ai2p2upp
The following propositions compl etely characterize the optimal policiesfor the analyst.
Proposition 2: Suppose
(13)  Ly(up) + p°lp=p,+>0
There exist a threshold level of relative performance p. > p, such that if
a)p< py, P2 p.,itisoptimal for the analyst to choose the bold strategy 1 and if

b) p, < p< p., itisoptimal for the analyst to choose the conservative strategy 2.

Proof. Inthe Appendix.

Condition (13) of the proposition is therefore a sufficient condition for the analyst to choose the
conservative strategy 2 in some region of prior relative performance. Intuitively, the condition
expresses the fact that the employment risk of the analyst and the difference between the risks of the

bold and conservative strategies are high enough to ensure that it is optimal for the analyst to choose



the conservative strategy when his prior performanceis “close” to the threshold p, . The following

proposition shows that condition (13) is also necessary for the optimality of switching to the
conservative strategy in some region of prior performance.

Proposition 3. Suppose

(14) LZ(upb) + pC Ip:pb+S 0

Then the optimal policy for the analyst is to always choose the bold strategy.
Proof. Inthe Appendix.

If condition (14) is satisfied, the employment risk of the analyst and/or the difference in the
risks of the two strategiesislow enough that it is sub-optimal for the analyst to deviate from the
bold strategy.

The results of the above propositionsimply that it is either always optimal for the analyst to
choose strategy 1 or there exists a non-empty intermediate region [p,, p ] of prior performance

where the analyst optimally chooses strategy 2. If the analyst chooses strategy 2, he deviates less
from the median analyst than if he chooses strategy 1. Suppose how that strategy 1 represents a
private noisy signal for the analyst and strategy 2 represents the herding strategy. In this setting, our
results imply that when the analyst is a significant out performer or under performer, he trusts his
private signal whereasif he is an intermediate performer, he chooses to herd. We would like to
emphasize again that our model does not make any specific assumptions about whether the analyst
receives private signals. Hence, our result that significant out performers and under performers
deviate more significantly in their forecasts from the median than intermediate performers does not
depend on whether there is asymmetric information and/or the analysts possess different forecasting
abilities. Our model and results depend on two main assumptions. an analyst’s compensation is

convex in her relative performance and faces significant career concerns.



4. Empirical Results
Data Description:
In order to test the above propositions on past forecast accuracy and boldness, we collect forecasts
from the IBES Detailed History database over the period 1988 to 2000. The Detailed History
database tracks the identity of the analyst issuing the forecast, her employer, the date of the forecast,
and the actual value of her forecast. This dataset also alows us to identify and track each analyst
acrosstime, even if they switch investment.

In order to construct our measures of forecast accuracy and forecast boldness, we use the
ranking methodology introduced in Hong, Kubik, and Solomon (2000). The procedureis as
follows. We use the I/B/E/S datato construct a quarterly performance measure based on an
analyst’s forecast accuracy. We define F; ; as the most recent earning-per-share forecast of
quarterly earnings issued by analyst i on stock j in quarter t. Our measure of analyst i’ s accuracy for
firmj inyear t is the absolute difference between her forecast and the realized earnings-per-share of

thefirm, A«

-A

forecast error =|F n

i,j,t
We then sort the analysts who cover afirm in a quarter based on their forecast errors given above.
We then assign a ranking based on this sorting: the best analyst receives arank of one, the second
best analyst receives a rank of two, and so on. In the case of ties, we assign each analyst the
midpoint value of the ranks that they take up. Since the maximum rank an analyst can receive for a
firm depends on the number of anaysts who cover the firm, we scale an analyst’s rank by the

number of analysts who cover the firm. The formulafor this score measureis.

rank ;, —1

accuracy score ;, =100- %100,

number analysts;, -1



where number of analysts; is the number of analysts who cover the firm in agiven quarter.EWe
then calculate the average score for each analyst over the previous four, eight, and 12 quarters.
Higher overall scores correspond to better analyst performance.

We use asimilar procedure to construct a measure of an analyst’ s forecast boldness. Let

Foit :12,@_- Fonj: » Where—i isthe set of all analysts other than analyst i who produce an
n b

earnings estimate for stock j in year t, and n is the number of analystsin —. Hence, F-ijisa

measure of the consensus forecast made by all other analysts except analyst i following stock j in

quarter t.

boldness ;, =|F ;, —F-iit

it

We then replicate the previous ranking methodology for constructing the analyst accuracy score as
in the previous subsection.

Empirical Findings

Table 1 presents summary statistics for our sample of analysts' forecasts. Our sample contains a
large number of analysts from a number of different investment firms. The average number of
unique investment firms each quarter is 366.37, while the average number of unique analysts
issuing forecasts each quarter is 1,763.67. The average analyst in our sample issues quarterly

Bl

earnings-per-share estimates for 7.32 stocks.” The average stock in a sample has 5.56 different
analysts providing coverage. Note that we require at least two analysts to be covering the stock in

order to calculate our boldness and performance rankings. The average analyst in our sample has

8 For example, the lowest rated analyst for each firm would receive a score of zero, while the highest rated analyst
would receive a score of 100.

® The maximum number of stocks covered by an analyst is 94. This could be attributed to team of analysts rather than
an individual.



4.46 years of experience. Finaly, average analyst boldness and average analyst accuracy average
50.38 and 50.46. By construction, the median values of both of these variables is 50.00.

Table 2 examines whether analysts actively move between conservative and bold
forecasting strategies. The table shows a transition matrix relating average past boldness to future
boldness. Thetableis constructed asfollows. For each quarter in our sample, we calculate the
average boldness score for each analyst over the previous four quarters and then divide analysts into
deciles based on this score. We similarly rank analyst into boldness deciles based on their current
boldness score. The results suggest that analysts actively move between bold and conservative
strategies. For example, of the analysts ranked into the lowest past boldness decile, only 15.93%
pursue the least bold strategy in the subsequent period. Similarly, of the analyst ranked into the
highest boldness decile based on past performance, only 18.02% fall into the same decile in the
subsequent period. It sworth noting that the p-value from a x? test indicates that we can reject the
null hypothesis of equal proportions within each past boldness decile.

Table 3 presents our results on the relation between past performance and future boldness.
Each quarter, we rank analysts into deciles based on their average past performance. The average
past performance of each analyst is calculated using accuracy scores over the previous four, eight,
and twelve quarters. We then compute mean future boldness for each of these deciles. In order to
test for a U-shaped relation, we computer the average difference in boldness between past
performance deciles 5 and 6 and then test to see whether mean boldness in each decileis different
from thisvalue. Panel A presents our findings for the case where past performance is calculated
over the previous four quarters. The results confirm the existence of a U-shaped relation. The
worst past performance decile has future boldness of 51.06, which is statistically significant.

Similarly the best past performance decile has future boldness of 50.61, which is statistically



significant. Theresultsin Panel B and Panel C show that the results are not affected by the choice
of the time horizon over which past forecast accuracy is calculate. Similar results obtain if we
calcul ate average past performance using the previous eight quarters or the previous twelve
quarters.

In Table 4, we control for the past boldness of the analyst. It is possible that the U-shaped
relation documented in Table 3 isaresult of analysts persisting in choosing bold or conservative
strategies and not due to dynamic ateration of strategies by anaysts. In other words, an analyst
who is always bold is more likely to take on extreme positions in relative performance. The results
presented in Table 4 panel are still consistent with a U-shaped rel ation between past performance
and future boldness even after controlling for past boldness. In contrast to the results presented in
Table 3, we find that the relation tends to be driven by the best past performance decile and the
worst past performance decile. Panels B and C show that the choice of time horizon over which

past forecast accuracy is calculated produces similar results.

Fama-M acBeth Regressions:
Our findings above are consistent with a U-shaped relation between boldness and past performance.
In this section, we use Fama-MacBeth (1973) regressions to examine the robustness of our results.
For every quarter in our sample period, we estimate a cross-sectional regression relating future
boldness to past accuracy. Given the resultsin Table 4, we include in the regression model

indicator variables if the analyst’s past performance is either in the top performance decile or the
bottom performance decile. Based on the existing literature, we also control for an analyst’s
experience and the number of firms covered by the analyst. High experienceis an indicator variable

taking the value of oneif the analyst has more than four years of prior experience and zero



otherwise. Number of firms covered is the number of firms the analyst coversin a given quarter.
We aso control for the average boldness of the analyst over the previous four quarters.

In Table 5, we report the average coefficients from these regressions along with the
associated p-value from asimple t-test for the statistical significance of the estimates. In
specification (1), we find that analysts in the worst past performance decile and analysts in the best
performance decile have significantly higher boldness than other analysts. Specification (2) shows
that this result holds even after controlling for experience, past boldness, and the number of firms
covered by the analyst. Interestingly, the coefficient on number of firms covered is negative and
significant, indicating that analysts covering more stocks tend to issue more conservative forecasts.
The final specification examines the interaction between past performance and experience and
boldness. The results indicate that experienced analysts are more likely to deviate from the
consensus following poor performance. However, experienced analysts with good past

performance are not more likely to issuer bolder forecasts.

5. Conclusions

We examine the dynamic forecasting behavior of investment analysts in response to their
prior performance relative to their peers within a continuous time/multi-period framework. The
mode differs significantly from existing theoretical modelsin its dynamic nature and the fact that it
does not rely on any specific assumptions regarding the existence of asymmetric information and/or
differential analyst abilities. The central prediction of the model isthat there is a U-shaped
relationship between the boldness of an analyst's forecast, that is, the deviation of her forecast from
the consensus and her prior relative performance. In other words, analysts who significantly out

perform or under perform their peers issue bolder forecasts than intermediate performers.



We then test the predictions of our model on observed analyst forecast data. Consistent with
our theoretical predictions, we document an approximately U-shaped relationship between the
deviation of analysts' forecasts from the consensus and their prior relative performance. This result
isrobust to different empirica methodologies. Consistent with prior empirical evidence, our results
imply that analysts who face greater employment risk have greater incentives to herd. Our
theoretical and empirical analyses therefore highlight the importance of both explicit incentivesin
the form of compensation structures and implicit incentives in the form of career concerns, on the
dynamic forecasting behavior of analysts.

As noted by Welch (2000) one drawback of many existing models of herding is that they are
static and designed only to explain asteady state in which al analysts herd perfectly. These models
are unable to explain why analysts may deviate from the consensus some times and herd at other
times. We address this issue by theoretically and empirically examining the dynamic forecasting

behavior of investment analysts in response to their prior performance relative to their peers.
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Appendix

Proof of Lemma 1

Wefirst note that

—0’ W7+ (- 0 YD -B=u-B<0

since i < 3 by assumption. Therefore, the above impliesthat 777 <1<7" since ", arethe
roots of the quadratic equation %Jizx2 + (1 —%aiz)x—ﬁ =0.

We have

1 1 +2 + + 1 +2 + +
_01/72 +(/~/1 _01 )/72 :3250'12(/72 —1,)+ i, _,8>§0'22(/72 =)+ o1y —B=0

since 4, > ,,0, > 05,1, >1. Therefore,

1 + + + - 1 +2 1 +
50'12(/72 =) =) 250'12’72 + (14 _5‘712)/72 -B>0

It followsthat 77, must be greater than 77,77, ,i.e. n <n, . We may similarly show that o] < p; .

We now note that

o+ (4 =S 0P ~(B+ad) = Coln + (i =0 - B)=a8 <O

since the expression in the brackets on the right hand side above is zero by the definition of the root
n' and ad >0. From the above, it easily follows that we must have p” <" < p".

Proof of Proposition 2:

The proof proceeds by explicitly constructing a differentiable function u that satisfies the

hypotheses of Proposition 1, that is,

(Al) Supi:l,Z[:I'p>pb I—iu -'-:I‘pspb Llu + pC] =0 and Iimp_,oo U( p)/ pC <



Wefirst show that there exists p. with p, < p. <o such that the function u,, istwice

differentiable everywhere except possibly at p, and that
(AZ) I-i (ug)+pc |p=Q:0; [ :1’2
We begin by noting that the function L, (u, ) + p° |p=r+ 1S@continuous function of r.

Condition (13) of the proposition therefore implies that there exists p, > p, such that

(A3)  Ly(u;)+p°|

p= pb+

By the definition of the function u, (settl ngr= pb in (12)), we see that

(A4)  Ly(u,)+p°|

DD‘
and

(AS)  Ly(u)+p°l_ =

Subtracting (A4) from (A3), we see that

1 Lo 02 d2
S0 ()7 )] U, 150

P=py+
since u, is differentiable everywhere by construction. Thisimplies that

1 y2p 07 d?

(A0) 50 (P () g gz ()]

p=pé,—] >0

Po
(A5) and (A6) clearly imply that

1 c
(A7) L(u,)+p°l_, <O

We now show the existence of p. such that

(A8) LUy )+ PP lpmp =0



It is not difficult to show that thisimpliesthat u, istwice differentiableat p. and that

(A9)  L'(Up )+ P lp=p, = L2(Up, ) + P [p=p. =0

We prove this by first showing that

(A10) lim, _, L' (u,)+ p° |pe-=c0

Asr - oo, thevauefunction u, clearly approaches the value function u,, of the policy of choosing

strategy 2 for p> p, . It iseasy to see that the functional form of u_ for p> p,is

C

(Al1) u,(p)=C.p” - P
10'2202 + (U, _1‘722)0_ B
2 2
We now note that
lim, ., L'(u,) + p° =
1
[5(022 —0,2)(c® - 0) + (i — 14)C] pc]

1
5022(32 + (L, —EJZZ)C—ﬂ

(Al2) -1 o 1 o -
limy_o[C.p™ (o) (1) + (1o =50, V1; = B)+

Since 7, <0, the limit of the first term aboveis zero. Since

%(0'22 ~0,°)(¢® = ¢) + (4, _ﬂl)cz%(azz ~0,°)c* <0 as 4 :%Uiz - {,0,>0, and

%02202 + (L4, —%azz)c - <0 asn, <c<n; , the second term is positive and goes to infinity as
p - o . Thisimpliesthat (A10) holds;lz'.|

It now easily follows by continuity that there exists p. > p,, such that (A8) holds and
therefore (A9) holds. We now show that p. isthe required “optimal switching point” where u, is

defined by setting r = p. in (12). By the result of Proposition 3, we need to show that

19 gtrictly this needs to be shown rigorously, but the arguments are quite straightforward and are available upon request.



Lo(u )+ p¢<0; for p=p.
(A13) Ly(u, )+ p°<0; for p<p,
Ly (up, )+ p°<0; for p, < p<p.

For p> p.,

1 c
[ (01" = 02" )(C* =) + (4~ p2)clp
1
50'1202 + (14 _50'12)0_ B

1 2 - - - +
(A14)L*(u, ) + p° =D05022p”1 (77 =n>) 7 =m3) +

Since c<n; <n; by hypothesis, %0’1202 +(y1—%0'12)c—,8<0. Since 4 =%Ji2 -4 by

definition, %(012 ~0,°)(c? =) + (14 — t,)C = %(012 -0,°)c? >0 as g, > 0, . Therefore, the

second term on the right hand side above is always negative. Therefore, (A9) can hold only if

the first term on the right hand side of (A14) is positive and the second term is negative. Since

n, <0<c, it followsthat the expression

1
L . [>(0," = 0,°)(¢? =€) + (14— p)c] p°
D, 20,2y —13) (75 —113) + -2
p- 2 2 1 2 1 2 1 2 o 1 5
501 c +(ﬂ1_501 -4

isadecreasing function of p. Therefore, (A9) impliesthat

(A15) L?(u, )+ p°<O0 for p>p.

Using the fact that u,, istwicedifferentiableat p = p., we can show (after some tedious algebra
that we omit for the sake of brevity) that (A15) implies that the coefficients B, ,C,, inthe
definition (12) of u, satisfy

(A16) B, >0,C, <0

We now note that



1 + - + + A 1 - - - + S
L(up )+ p° =By D07 (75 ~m0)07s =) p™ +Cp, 20y’ (1 =07z = )P
1
(AL7) [5(022 - 0,%)(¢% =€) + (14, = p1)C] p°

+
1 1
502202 + (1, —5022)0—,6’

Since 17, <n; <0<n, <n,,itfollowsfrom (A16) that the first and second terms on the right hand

side above are both increasing functionsof p. Since
%(0—22 —02)(c? —c) + (i, — p4)C = %(0—22 - 0,°)c? <0, the third term above is positive and

therefore also an increasing function of p . Therefore, Ll(up*)+ p® isanincreasing function of p
for p, < p<p..(A8)and (A9) now clearly imply that

(A18) L'(u,)+p°<0forp,<p<p.

It only remains to show that

(A19) L,(u,)+p°<0for 0<p<p,

(A18) implies that the value function u,, of the analyst must be strictly greater than the value

function of choosing strategy 1 for all values of p. The value function of choosing strategy 1

c

p
1
50°C + (1 =0y )e~ (B +ad)

always must be at least asgreat as — that is the value the analyst

obtains from choosing strategy 1 when he faces employment risk for all valuesof p, that is, thereis
no finite threshold p, beyond which the analyst does not face employment risk.

From the definition (12) of u,, , this easily implies that we must have

(A20) A, >0

We now note that



LoUp )+ F = G072 (007 + (1 = 50,107 = (B+ad)) A, A +
(A21) [;(af - 0,7)(* =€) + (14— )] p° for p<p,

1 1
501202 +(t4 ‘5012)0‘ (B+ao)

Since p; < p5,c<p;,0,>0,, (A20) impliesthat the first term on the right hand side aboveis
negative and the second term is also negative. This clearly implies (A19). Therefore, we have
shown that the value function u, satisfies the hypotheses of Proposition 3 and is therefore the
optimal value function of the analyst. Hence, the policy of switching policiesat p. isoptimal. This

completes the proof.

Pr oof of Proposition 3

Setting r = p, in (12), the value function u, has the following functional form:

Cc

_ Y P :
Up, = Ay, P = 15 PSPy
Ealc +(/~/1_50'1 )c— (B +ao)
- pc
(A22) =Dy, P~ T, PR
501 C +(,U1_501 )c-pB

Since u;, must be at least as great as the value function of choosing strategy 1 when the analyst

faces employment risk for all valuesof p, we must have
(A23) A, >0

c

P

1 of
5012(32 +(t4 _5012)0_13

However, the value function is strictly less than the value function —

choosing strategy 1 when the analyst faces no employment risk. Therefore, we must have



(A24) D, <O
In order to establish the optimality of choosing strategy 1 for all values of p, we need to show that

L2(upb) + pc SO, p> Po

(A25) )
L2(upb)+ p SO, p< Py

We now note that

' c 1 + 1 + +
Lo(Up )+ P° = (5007 ()" + (b =502))PL ~(B+ad) Ay p™ +

(A26) [;(012 - 022)(C2 —C) + (44 — ty)C] p° for p<p,

1 1
50C + (1= 0y )e= (B +ad)

Since p; < p,,c<p;,0,>0,,(A23) impliesthat the first term on the right hand side above s
negative and the second term is also negative. Therefore, Lz(ug )+ p°<0,p<p,.

For p> p,, wehave

c 1 - L - 3
Lo(up )+ P :(5022(’71 )2 + (i _5022)’71 ~B)D,, p" +

(A27) [; (0,7 = 0,°)(C® =) + (14 = 14,)c] p°

1 1
501202 +(t4 _5012)0_,3

If 7, <n, , then (A24) implies that the first term on the right hand side above is negative. Since
1<c<7p, , the second term is also negative. On the other hand, if 77, > 77, , then the first term on the
right hand side of (A27) is positive and the second term is negative. Thisimpliesthat L,(u, ) + p°
isadecreasing function of p for p> p,. Hypothesis (14) of the proposition now implies that

Lo(up, ) + p° <0, p> p,. Therefore, we have established (A25). Hence, the function up, satisfies



the hypotheses of Proposition 3. Hence, the policy of aways choosing strategy 1 isoptimal. This

completes the proof.



Tablel. Summary Statistics

This table shows various summary statistics for our sample of analysts' forecasts. The data consists of all quarterly

forecasts of earnings per share between 1988 and 2000 contained in the IBES Detail History File. The number of
investment firms each quarter and number of analysts issuing forecasts each quarter are the average number of

investment firms submitting forecasts to IBES each quarter and the number of unique analysts submitting forecasts

respectively. Experienceis calculated for each analyst as the difference between the year of the forecast and the

analyst’ sfirst year submitting forecasts to the IBES database. Analyst boldness and analyst accuracy are calculated

using the ranking procedure of Hong, Kubik, and Solomon (2000).

Number of investment firms each quarter
Number of analystsissuing forecasts each quarter
Number of stocks covered per quarter
Number of analystsfollowing a stock
Experience

ver age analyst boldness

ver age analyst accuracy

M ean
366.37
1,763.67
7.32
5.56
4.46
50.38
50.46

Median Std. Deviation

386.00
1,607.00
6.00
4.00
3.00
50.00
50.00

90.99
626.50
6.28
4.35
3.96
18.32
19.68

Min
194.00
768.00

1.00

2.00

0.00

0.00

0.00

M ax
510.00
2,861.00
94.00
38.00
20.00
100.00
100.00




Table2. Transition Matrix
This table shows a transition matrix relating past average boldness to future boldness. The table is constructed as

follows. For each quarter in our sample period, we rank analysts into deciles based on their average boldness score over
the previous four quarters. We perform a similar ranking of the boldness scores for the current score. The p-value from
ax’ test for equal proportionsis reported for each past boldness decile.

Average boldness over previous4 quarters

Boldness

p-value
from x° test

for equal
L east Bold 2 3 4 5 6 7 8 9 Mot Bold | proportions
Least Bold 15.93%11.09% 8.43% 7.62% 7.44% 10.46% 6.94% 7.58% 9.50% 15.02% 0.001
2 10.79% 11.90% 11.90% 10.80% 10.07% 9.87% 9.49% 8.85% 8.34% 8.00% 0.001
3 8.72% 11.53% 12.27% 11.59% 11.05% 9.74% 10.21% 9.45% 8.47% 6.97% 0.001
4 8.02% 10.79% 11.51% 12.18% 10.98% 10.12% 11.05% 10.06% 8.61% 6.68% 0.001
5 7.21% 9.96% 12.04% 11.76% 11.56% 9.77% 11.49% 10.29% 9.42% 6.51% 0.001
6 8.99% 9.45% 9.78% 10.31% 10.45% 11.46% 10.62% 10.91% 9.13% 8.89% 0.001
7l 7.38% 9.48% 9.59% 10.91% 10.99% 9.97% 11.05% 11.76% 10.86% 8.01% 0.001
8 7.95% 8.80% 9.62% 10.17% 9.48% 10.17% 10.96% 11.26% 12.07% 9.52% 0.001
9 9.70% 8.82% 7.85% 8.29% 8.96% 9.76% 10.90% 11.19% 12.17% 12.37% 0.001
Most Bold 14.97% 8.26% 7.07% 6.55% 7.20% 10.54% 7.39% 8.67% 11.33% 18.02% 0.001




Table 3. Past performance and future boldness

This table examines the relation between past performance and future boldness. Analysts are ranked each quarter on the
basis of their average accuracy over the previous four, eight, and twelve quarters. The analysts are then sorted into
deciles, with Decile 1 containing the worst performing analysts and Decile 10 containing the best performing analyst.
We then compute mean future boldness for each decile. The p-value reported for each decil e tests whether the mean
boldnessiis statistically different from the average boldness of quartiles five and six.

Panel A: Performancerankings based on oneyear of past data

Past Performance quartile Past Performance Boldness # of observations P-value

Worst 26.38 51.72 51 0.00
2 40.31 51.27 51 0.00

3 44.46 50.53 51 0.00

4 47.25 50.19 51 0.01

5 49.54 49.89 51 0.02

6 51.61 49.28 51 0.02

7 54.00 49.20 51 0.07

8 56.97 49.60 51 0.96

9 61.54 49.89 51 0.26
Best 76.31 50.55 51 0.00

Panel B: Performance rankings based on two year s of past data

Past Performance quartile Past Performance Boldness # of observations P-value

Worst 28.54 51.80 51 0.00
2 41.89 51.49 51 0.00

3 45.48 50.60 51 0.00

4 47.88 50.18 51 0.03

5 49.81 50.13 51 0.01

6 51.59 49.28 51 0.01

7 53.62 49.39 51 0.19

8 56.13 49.02 51 0.01

9 60.12 49.74 51 0.90
Best 74.24 50.96 51 0.00

Panel C: Performance rankings based on three years of past data

Past Performance quartile Past Performance Boldness # of observations P-value

Worst 29.24 51.75 51 0.00
2 42.42 51.30 51 0.00

3 45.89 50.76 51 0.00

4 48.13 50.48 51 0.00

5 49.93 49.99 51 0.03

6 51.63 49.41 51 0.03

7 53.53 49.11 51 0.01

8 55.88 49.32 51 0.17

9 59.72 49.68 51 0.84
Best 73.59 50.90 51 0.00




Table4. Past Performance and future boldness controlling for past boldness

This table examines the relation between past performance and future boldness, controlling for past boldness. Past
boldnessis calculated as the average boldness score for each analyst over the previous four quarters. The p-value
reported for each decile tests whether the mean boldness is statistically different from the average boldness of quartiles
fiveand six.

Panel A: Performancerankingsbased on oneyear of past data.

Past Performance quartile Boldness # of observations P-value

Worst 51.06 51 0.00
2 50.71 51 0.00

3 50.38 51 0.08

4 50.19 51 0.29

5 50.12 51 0.13

6 49.68 51 0.13

7 49.70 51 0.44

8 49.94 51 0.87

9 50.08 51 0.48
Best 50.61 51 0.00

Panel B: Performance rankings based on two years of past data

Past Performance quartile Boldness # of observations P-value

Worst 51.09 51 0.00
2 50.74 51 0.00

3 50.24 51 0.18

4 50.62 51 0.00

5 49.94 51 0.65

6 49.81 51 0.65

7 50.06 51 0.57

8 49.60 51 0.19

9 49.78 51 0.75
Best 50.76 51 0.00

Panel C: Performancerankingsbased on threeyears of past data

Past Performance quartile Boldness # of observations P-value

Worst 51.09 51 0.00
2 50.57 51 0.03

3 50.45 51 0.02

4 50.44 51 0.06

5 50.26 51 0.10

6 49.73 51 0.10

7 49.90 51 0.70

8 49.73 51 0.20

9 49.85 51 0.59
Best 50.65 51 0.02




Table5. Fama-MacBeth Regressions

Thistable reports the results of Fama-MacBeth regressions. The dependent variable in each regression is the boldness
score. Worst past performance decileis an indicator variable that takes the value of one if the analyst’s average
forecasting performance over the previous four quarters wasin the bottom 10% and zero otherwise. Best past
performance decile is an indicator variable that takes the value of one if the analyst’ s average forecasting performance
over the previous four quarters was in the top 10% and zero otherwise. High experienceis an indicator variable that
takes the value of oneif the analysts has four or more years of experience and zero otherwise. Number of firms covered
is the number of firms covered by the analyst in the quarter. Past boldnessis the average boldness score of the analyst
over the previous four quarters. We include controls for industry effects. We use the IBES SIG code to define the
industries. The average R? from the 51 quarterly regressions are reported. P-values are reported in parentheses.

Boldness

©) &) (©)
I nter cept 50.64 46.94 46.87
(0.00) (0.00) (0.00)
Wor st past performance decile 1.88 114 0.56
(0.00) (0.00) (0.15)
Best past performance decile 0.80 0.50 0.67
(0.00) (0.05) (0.09)
high experience 0.06 -0.04
(0.71) (0.80)
past boldness 0.08 0.08
(0.00) (0.00)
number of firms covered -0.05 -0.05
(0.00) (0.00)
\Worst past performance decile* high exp 1.80
(0.02)
Best past performance decile*high exp -0.94
(0.22)
Industry Effects YES YES YES

N 51 51 51
Average R? 0.073 0.079 0.081
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