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A re-examination of analysts’ differential
target price forecasting ability

Patrice Fontaine’, Tristan Roger2

ABSTRACT

We challenge the view that persistent differences in accuracy across analysts are
proof that analysts differ in their ability to forecast stock prices. We show that these
persistent differences in target price accuracy are driven instead by stock return
volatility. Building upon option pricing theory, we construct a measure of forecast
quality that controls for stock return volatility and forecast horizon. Contrary to previous
studies, which failed to properly account for differences in stock return volatility, our
empirical analysis reveals that analysts do not exhibit differences in their ability to
forecast stock prices. We show that the accuracy of a target price strongly depends
on the stock return volatility and the forecast horizon.

Keyworbs: Financial analysts, Target prices, Forecasting abilities, Expected accuracy,
Persistence of volatility

Professional investors [...] fail a basic test of skill: persistent achievement.
Daniel Kahneman (2011)

Financial analysts’ skill in forecasting stock prices has become the focus
of significant research interest in recent years. Data on their target prices is
newly available, setting target prices is rising in popularity among analysts,
and investors seem to care about this type of information. Brav and Lehavy
(2003), for example, find significant abnormal returns following revisions to
a target price, both unconditionally and conditional on contemporaneously
issued recommendations and revisions to earnings forecasts. These findings
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(confirmed by Asquith et al., 2005) provide evidence that investors believe
target prices to be informative.

Another stream of literature examines financial analysts’ skill in forecasting
stock prices. Bradshaw et al. (2013) and Bilinski et al. (2013) find some
analysts to be persistently more accurate than others when issuing target
prices, and conclude that analysts exhibit differences in ability. However,
Bradshaw et al. (2013) also find that markets do not react more strongly
to target price revisions issued by analysts known for their accuracy. The
authors put forward two possible explanations for this puzzling result.
First, analysts’ differences in skill are too weak economically to generate
market reactions. Second, these differences are economically meaningful,
but markets fail to recognize them.

In this paper, we investigate an alternative explanation. We argue that
the persistent differences in analysts’ target price accuracy found in previous
studies (Bradshaw et al., 2013; Bilinski et al., 2013) result from a failure
to properly control for differences in volatility among the stocks covered
by the analysts.

Analysts tend to issue target prices for a small pool of stocks. This pool
is relatively stable over time, meaning that analysts cover the same stocks for
several periods. Some analysts cover stocks with low volatility, while others
cover more volatile stocks. Analysts covering low-volatility stocks face an
easier task, as these stocks are easier to forecast; such analysts are thus more
accurate than their peers who cover high-volatility stocks. These differences
in coverage persist over time. Thus, some analysts appear to be persistently
more accurate than their peers. However, these persistent differences in
accuracy do not necessarily mean that analysts possess differential abilities
when it comes to forecasting stock prices. Differences in stock price vola-
tility, instead, most likely drive the differences in accuracy across analysts.

To assess the quality of a forecast, we need to take into account both
its accuracy and the general uncertainty surrounding the process. In this
paper, we propose a measure of forecast quality that takes into account
the difficulty of issuing an accurate forecast, which is a function of the
stock return volatility and the forecast horizon. We provide evidence that
the persistent differences in accuracy across analysts, as found in previous
studies (Bradshaw et al., 2013; Bilinski et al., 2013), result from the stocks
they cover having different levels of volatility. We demonstrate that analysts
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covering low volatility stocks do tend to be more accurate than those covering
high volatility stocks. Additionally, we show that these volatility-induced
differences in accuracy are persistent, because financial analysts tend to
cover the same firms from one period to another. Using our new measure
of forecast quality, we show that financial analysts do not exhibit differential
abilities to forecast stock prices.

We incorporate the difficulty of issuing an accurate forecast into our
measure by estimating, on the target price issue date, the accuracy that is
to be expected if the target price does not contain any information (i.e., if
it was randomly issued). We define our measure of target price forecast
quality (7PFQ) as the difference between this expected accuracy and the
realized accuracy. The critical issue here is to properly estimate the expected
accuracy. We can show, however, that it is similar to calculating the value
of a portfolio of options. That is, when target price accuracy is defined as
the absolute forecast error, estimating the expected accuracy is the same as
calculating the price of a straddle (a portfolio containing a call option and
a put option) with a strike price equal to the target price and a maturity
corresponding to the target price horizon.

Our empirical analyses show that persistent differences in accuracy
cannot be interpreted as differences in analysts’ skill in forecasting stock
prices. Our approach consists of replacing the actual target prices in our
sample with naive forecasts (i.e., target prices that are issued following a
mechanical rule). Using naive forecasts implies, by definition, an absence
of differential forecasting abilities across analysts. We keep, however, the
structure of analyst coverage. Our results using naive forecasts indicate the
existence of persistent differences in accuracy, providing direct proof that
such differences are due to the structure of analyst coverage. Our analysis
further suggests that the results found in previous studies are driven by
stock return volatility.

Using our measure of target price forecast quality we show that, although
the quality of the information contained in target prices varies across analysts,
these differences are not persistent. This result indicates that analysts do
not possess differential abilities to forecast stock prices. Because analysts
frequently specialize in one or two industries (Boni and Womack, 2006;
Kadan et al., 2012), we also test, for each industry, whether some analysts
are persistently better than their peers. They are not. Finally, we look at
whether persistent differences in forecast quality can be observed at the
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brokerage house level. The rationale for such a test is that some brokerage
houses (i.e., the largest ones) possess superior resources, have better access to
information, and can offer better compensation packages to attract the best
analysts (Mikhail et al., 1997; Clement, 1999). These characteristics could
translate into higher quality forecasts. Our results indicate, however, that
persistent differences in forecast quality across brokerage houses do not exist.

The bottom line is that, while target prices are informative, financial
analysts do not exhibit differences in their ability to forecast stock prices.
Our empirical analyses show that target prices do contain information
(i.e., our measure of information quality is positive, on average), which
is consistent with earlier findings that market participants react to target
price revisions (Brav and Lehavy, 2003; Asquith et al., 2005). However,
and contrary to studies of earnings forecasts (Sinha et al., 1997; Park and
Stice, 2000), financial analysts do not appear to possess differential abilities
to forecast stock prices.

Our paper contributes to the emerging literature on target prices and,
more generally, to that on financial analysts. The methodology we have
devised to evaluate the difficulty of issuing an accurate forecast is not limited
to target prices and may be extended to assess the quality of any kind of
forecast (e.g., exchange rates) if estimating the distribution of the underlying
stochastic process is possible. Our measure is an improvement over tradi-
tional ex-post measures, as it can be used in a dynamic setting; that is, we are
able to evaluate the quality of a forecast at any moment in time. Finally, we
answer the important question of whether analysts’ differential abilities to
forecast earnings translate into differential abilities to forecast stock prices.
Our analysis provides significant evidence that this is not the case.

1. Data and descriptive statistics

We obtain target prices from the I/B/E/S unadjusted detail history target
price dataset.? Stock prices, returns, and adjustment factors (splits and
corporate actions) come from CRSP. Our initial sample consists of 892,922
target prices issued on U.S. companies between 2000 and 2012. For each
forecast, we collect the code of the analyst who issues the forecast (and the

3 We use the unadjusted dataset to avoid retroactive stock split rounding effects (Baber and Kang, 2002; Payne and
Thomas, 2003).
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broker code), the issue date, the horizon (usually 6 or 12 months), and the
value of the target price. We remove from our sample forecasts for which
the stock price is not available around the dates of issue or of the end of the
horizon, and forecasts for which the price history is too short to estimate
historical volatility. We then restrict our sample to 12-month-ahead target
prices.* We also delete forecasts for which the ratio of the target price over
the stock price is in the bottom or top 1% of the distribution. Finally, we
remove target prices that were likely issued by teams of analysts, rather than
by a single individual.> Our final sample is composed of 683,995 target
prices issued by 9,245 analysts (707 brokers) on 6,955 U.S. stocks.

Table 1 reports for each year the number of forecasts, analysts, and
firms; the average, median, and maximum number of analysts per stock;
the average, median, and maximum number of stocks covered per analyst;
and the average absolute forecast error of the target prices. We observe that
the number of forecasts per year triples over our sample period, while the
number of analysts remains roughly constant. This trend indicates that
including target prices in reports is an increasingly popular practice among
financial analysts. The number of different stocks each analyst typically
covers increases from 8 at the beginning of our sample period to 13 in the
final years. At the same time, the number of analysts covering a given stock
increases from 6 to 12. Finally, in the last column of Table 1, we observe
that the average absolute forecast error is greatest during the Dotcom crisis
and the 2008 financial crisis.

On average, the analysts in our sample revise their forecasts approximately
every 6 months (117 trading days). Their target prices are on average 20%
higher than the concurrent stock price. This statistic is similar to what can be
observed for other periods and/or countries. For instance, Brav and Lehavy
(2003) find that target prices on U.S. stocks in 1997-99 are on average 28%
higher than the current price, while Kerl (2011) reports an implicit return
of 18.07% for German stocks in 2002-2004. Finally, it appears that the
analysts in our sample are mostly optimistic about future stock prices, with
only 8.7% of the target prices issued below the concurrent price.

4 Previous studies focus on 12-month-ahead target prices. We similarly restrict our sample to facilitate comparisons with
their results.

5 We remove analysts whose names contain an ampersand (&), a slash (/), the word DEPARTMENT (or DEPT), the word
RESEARCH, the word AND, and the word GROUP.
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2. Target price accuracy and information content

In this section, we show that the absolute forecast error and other such
measures of target price accuracy are not good proxies for the quality of the
information contained in target prices or for measuring analysts” perfor-
mance. We provide both empirical and theoretical evidence that target
price accuracy is impacted by two factors: (1) stock return volatility, and
(2) forecast horizon.® We show that these two factors influence attempts
to measure the ability of financial analysts to forecast stock prices and can
bias economic findings. Our analysis focuses on the absolute forecast error,
as it is the most popular measure of forecast accuracy. We note, however,
that these two factors also impact other measures of accuracy.” We define
the absolute forecast error (AFE) as:

S —1T1P
| T S t,T|’ (1)

t

AFE, =

where TP, 7 is the value of a target price issued at time # with horizon 7,
Sy is the stock price at the end of the forecast horizon, and S, is the stock
price at the time the target price was issued.

2.1. Target price accuracy and stock return volatility

To examine whether stock return volatility impacts target price accuracy,
for each year we assign target prices to five quintiles with respect to the
volatility of the underlying stock. Table 2 provides the average AFE of the
target prices, per quintile, for 2000-2012. Panel A reports the results using
actual target prices. Panels B and C provide the average AFE using two
types of naive forecasts. We use naive forecasts to eliminate the possibility
that the relationship between AFE and stock return volatility ensues entirely
from financial analysts being particularly good at forecasting stock prices
for low volatility firms. In Panel B, we use “naive price forecasts”. Naive
price forecasts are built so that the implied stock return (78 — S,) /S,
of a 12-month horizon target price is equal to the 12-month risk free rate.

6 A negative relationship exists between target price accuracy and forecast horizon. We do not report our results on this
relationship, as most studies consider only target prices with a 12-month horizon.

7 Although the absolute forecast error is the most popular measure of accuracy, previous studies have also consid-
ered: (1) whether the actual closing price, at the end of the 12-month forecast horizon, is at or above the target price
(TPMETEND); (2) whether the target price is met at any time during the 12-month forecast horizon (TPMETANY). Our
conclusions remain unchanged if we consider these alternative measures of accuracy. We provide empirical results in
Section 5.
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In Panel C, we use “naive return forecasts”, defined by Bilinski et al. (2013)
as the concurrent stock price times one plus the previous 12-month stock
return. Our findings indicate a strong monotonic relationship between AFE
and stock return volatility, both for actual target prices and for naive
forecasts.

In multivariate analyses, the usual way to account for a dependence
between two variables is to incorporate a control variable. However, we
show that stock return volatility cannot be used as a control variable in our
context, as the relationship between it and AFE is highly nonlinear. To
demonstrate this nonlinearity, we perform the following regression:

10
AFE;, = a + Zﬁklf,faj,; +ei0 )
k=1
where AFE, is the absolute forecast error of a target price on firm j issued
at time ¢, 0, is the six-month historical stock return volatility of stock
j measured at time ¢, and 1/?,, is an indicator variable that takes a value
of 1 if the stock return volatility o, belongs to the % -th volatility decile,
and 0 otherwise.

In the case of linearity, all the coefficients (3, take the same value. If
the relationship between AFE and volatility is nonlinear, however, the
coefficients (3, will take different values. If the coefficient 3, decreases
(increases) with £, the relationship between volatility and AFE is concave
(convex). Table 3 reports the results of this regression. The coefficient 3,
is shown to increase with k, indicating that the relationship between AFE
and volatility is nonlinear and convex. In Appendix A, we provide theoretical
evidence of the nonlinearity of the relationship between AFE and
volatility.

This nonlinearity rules out the use of simple controls, such as including
volatility in multivariate regressions,® and is one reason why relative meas-
ures of accuracy are unsuitable when evaluating analysts’ performance. (See
Appendix B for a more detailed discussion on the problems in using relative
measures of accuracy). As a result of this nonlinearity, we introduce a new
target price quality measure.

8 An alternative would be to use nonlinear controls, such as volatility decile dummies. However, additional analyses show
that standard nonlinear controls do not fully eliminate the link between volatility and accuracy. Our results are available
upon demand.
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Table 3. Nonlinear relationship between volatility and absolute forecast errors

(AFE)

This table shows the coefficient estimates from the following OLS regression:
10
AFEj = a+ 3 Aoy + g0
k=1

where AFE, ,is the absolute forecast error of a target price on firm jissued by any analyst attime ¢, o, ,
is the stock return volatility of stock j measured at time t, and 1]{‘, is an indicator that takes the value 1
if the stock return volatility o; , belongs to the k-th volatility decile, and 0 otherwise. We denote the
variable 11",(!‘7/',t as the k-th decile. ***/**/* represent significance at the 0.01, 0.05, and 0.1 level.
P-values are computed using robust standard errors.

Absolute forecast errors
both decilez £ o Coefficient Standard c-statistic p-value
it gt (8:) error

Ist decile (Low volatility) 0.2413%** 0.0112 21.62 0.00
2nd decile 0.3717%** 0.0083 44.60 0.00
3rd decile 0.4056*** 0.0071 57.43 0.00
4th decile 0.4266*** 0.0062 68.92 0.00
5th decile 0.4553*** 0.0055 83.02 0.00
6th decile 0.4842%** 0.0049 99.36 0.00
7th decile 0.5122%** 0.0043 118.98 0.00
8th decile 0.5426*** 0.0038 144.79 0.00
9th decile 0.5669*** 0.0032 179.48 0.00
10¢h decile (High volatility) 0.5926*** 0.0022 269.07 0.00
Number of observations 683,995

R-squared 0.1525

2.2. Persistent differences in accuracy

In this subsection, we show that the persistent differences in absolute
forecast error found in previous studies are driven by factors other than
information and cannot be interpreted as evidence of analysts exhibiting
differential forecasting abilities. To show that the differences seen are instead
driven by persistent differences in the firms covered by the analysts, we again
make use of naive forecasts. We expect the differences in absolute forecast
error to be mainly driven by persistent differences in volatility.

We define an analyst’s performance as in Bradshaw et al. (2013) and
Bilinski et al. (2013). For a given period ]z — 1;#], we evaluate the analyst’s
performance as the average of the AFE of the target prices she issued during
that period. As we are also interested in the volatility of the stocks she
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covered, for each target price she issued during the ]r —1;¢] period we
calculate the historical stock return volatility for the six months preceding
the target price issue date. We then take the average of the volatilities of all
stocks for which she issued target prices during that period.

Following Bradshaw ez al. (2013), we assign analysts to five quintiles
with respect to their performance over the measurement period, ]z — 1;z].
We next measure persistence by estimating their performance over a test
period, conditional on their ranking over the measurement period. The test
period is defined as ]z + 6z + 0 + 1], where 6 = 12 months. Alag 6 = 12
months is added between the measurement period and the test period to
ensure that the two periods do not overlap.® We therefore avoid mechanically
inducing a positive relation between current and subsequent analysts” AFE.
We observe persistent differences in accuracy if the most (least) accurate
analysts over the measurement period are ranked in the best (worst) perfor-
mance quintile for the test period and if the difference between the AFE
of the first quintile (best) and that of the fifth quintile (worst) is statistically
different from zero.

Our results are described in Table 4. Panel A uses the actual target prices
in our sample. As our database is similar to that of Bradshaw et al. (2013),
we obtain similar results. Analysts with a better average AFE in the meas-
urement period also have a better average AFE' in the test period. Analysts
in the best (worst) quintile exhibit an average AFE of 0.1418 (0.8318) in
the measurement period and an average AFE of 0.3087 (0.5131) in the
test period. However, the stock return volatility is lowest for target prices
issued by the analysts in the first quintile, and this volatility increases from
performance quintile 1 to quintile 5, both in the measurement period and
in the test period. Thus, when we observe persistent differences in AFE, we
also observe persistent differences in volatility.

9 If the test period is ]t; t 4 1], then the accuracy of the target prices issued at the end of the measurement period and
the accuracy of those issued at the beginning of the test period would be artificially correlated. Indeed, if we consider
two target prices issued at time t — & (in the measurement period) and time t + ¢ (in the test period), there would be an
overlap in the period ] t + ¢; t — ¢ + 0]. This autocorrelation would cause an artificial persistence.
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Panels B and C of Table 4 provide the results of our analyses using naive
forecasts. Even though these target prices are issued following a mechanical
rule, we continue to find evidence of persistent differences in accuracy. For
naive price forecasts, the average AFE ranges from 0.2935 to 0.4145 in
the test period; this difference between the first and fifth quintiles is highly
statistically significant. The difference in AFE between quintiles one and
five for naive return forecasts in the test period is equal to 0.2441; it is
highly statistically significant as well. These results indicate that accuracy
is unsuited to evaluating the ability of financial analysts to forecast stock
prices; the persistent differences in accuracy are most likely driven by persis-
tent differences in volatility.

3. Target price forecast quality

3.1. Ex-post measure of target price forecast quality

As shown in the previous section, the absolute forecast error strongly
depends on stock return volatility. It follows that, when assessing an
analyst’s ability to forecast stock prices, we must take the volatility into
account. The impact of stock return volatility (and of the forecast
horizon) can be captured by estimating the expected absolute forecast
error as of the issue date. If we state AFE simply as |S; — 7P| (that
is, we set S, =1 and adjust S; and 77, accordingly), then the expec-
tation of AFE, stated as E,|[|S; — TP, ||, corresponds to the forecast
difficulty associated with the issued target price. This expected value of
AFE can be seen as the accuracy that is likely to be achieved if the target
price does not contain any information. We therefore define target price
forecast quality as the difference between the forecast difficulty,
E,[|S; — TP.|], and the forecast accuracy, |S; — 7P, ;|. If the target
price accuracy is higher than the expected accuracy, then we can conclude
that the analyst provided useful additional information to the market
participants.

The important issue here is how to estimate the expected value,
E,[|S; — TP.;|] . We can assume that stock prices follow a log-normal
distribution, but the distribution of |S; — 7P| is unknown. However,
the problem of estimating such an expected value has already been studied
(and solved) in the literature on option pricing . Indeed, we note that AFE
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corresponds to the final payoff of a straddle with a strike price equal to
1T, 7, that is, a portfolio containing a call option and a put option on the
same underlying stock; the two options are characterized by the same strike
price and the same maturity. The price of the straddle at time ¢ is equal
to e "T-0E,[|S; — TP, || . It follows that we can estimate the expected

value, E,[|S; — TP,

straddle price. We define our ex-post measure of target price forecast quality

(TPFQ) as follows.

|, the same way we would compute the capitalized

Definition 1 The ex-post forecast quality TPFQ, 1 of a target price TP, 7
issued at time t on a stock S , with an horizon equal to T — t , is defined as:

TPFQ,r = E,(|Sr — T 1| = ISy — TP |
=(C, + B)ertm=) = (Cr + Fr), 3)

where C, () is the price at time 7 of a call (put) option on the stock §
with maturity date 7" and strike price 77, 7 .

As we need to be able to compare the forecast quality of target prices
issued on stocks that have different price levels, we require our measure of
forecast quality to be homogeneous of degree 1 (i.e., we do not want a
stock’s price level to influence our measure of forecast quality). We thus set
the stock price equal to 1 at the time the target price is issued. We write
S, =1, and adjust the target price, 7P, 7 , and the stock price at time 7,
Sy, accordingly.

Assuming that the stock price follows a geometric Brownian motion,
the ex-post forecast quality, TPFQ, 7 , of a target price issued at time # can
be calculated according to the Black and Scholes (1973) model (see
Appendix C).10

3.2. Properties

Our measure has two components: (1) the expected value of the AFE
(which estimates the difficulty of issuing an accurate target price), and (2)
the ex-post AFE (which is the traditional estimation of the accuracy of a
target price). The difficulty of issuing an accurate target price is positively

10 We compute the value of the straddle using the Black and Scholes (1973) model for the sake of simplicity. However,
our measure of target price forecast quality could be extended to more complex models of option pricing.
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related to the stock return volatility, o, (e.g., it is more difficult to forecast
the future price of a stock with high volatility than one with low volatility)
and to the length of the forecast horizon, 7" — ¢ (e.g., issuing an accurate
target price with a 24-month horizon is more difficult than with a 12-month
horizon). Therefore, our measure of forecast difficulty, E,[|S; — 7P /],
must satisfy the following two requirements: (1) it must increase with the
stock return volatility o, , and (2) it must increase with the length of the
forecast horizon 7" — ¢ .

Proposition 1 For a given final stock price Sy and a given target price
1T, 7, the forecast quality TPFQ, 1 is an increasing function of the stock return
volatility o, and of the length of the horizon T — ¢ .

We provide a proof for this proposition in Appendix E.

3.3. Target price forecast quality in a dynamic setting

We propose a dynamic setting in which the target price forecast quality
can be estimated at any point in time. The 7PFQ at time ¢ + 7,
T € 0;7 —¢t] issimply equal to E,[|S; — @, 7| — £, [|S; — @, || The
estimation, at time # + 7, of the expected value of AFE is equivalent to
computing the price, at time ¢ + 7, of a straddle with strike price equal
to ®, ;- and maturity equal to 7" — (¢ + 7).

Definition 2 The forecast quality TPFQ, , , . attime t + 7, T € [0;T — ¢]
of a target price 17+ issued at time t on a stock S, with a horizon equal to
T —t, is defined as

TPFQ, .. = E IS = TPr|] = Eryr IS — TPz ]
= (G, + B)e ~(Cpar + By, 4

where C, (P,) is the price at time # of a call (put) option on the stock §
with maturity date 7" and strike price 77, 7 .

When the target price is issued (7 = 0), 7PFQ,, is equal to 0. This
property expresses the idea that, at the time the target price is issued, one
does not know yet whether it is a good or a bad forecast. Note that when
T =T —t, we retrieve the ex-post measure of forecast quality defined in
Equation 3.
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Remark 1 Consistent with the assumptions of the Black and Scholes (1973)

model, the stock return volatility remains constant for a given forecast. That is,
once the target price is set, we use the stock return volatility at the time the
forecast was made to estimate E, , [|S; — TP, ||. We use this same volatility
until a new target price (a revision) is issued. With this method, we can distin-
guish between target prices issued on stocks with different volatilities (the
cross-section), while preventing the variations of volatility over time from influ-
encing the target price forecast quality (the time-series).

3.4. Target price revisions

In practice, financial analysts often revise their target prices before the
end of the horizon. We consider the initial forecast and the revision to be
two separate forecasts. Once a revision occurs at time # + 7, the first forecast
is no longer active. However, we need to evaluate the forecast quality of the
initial target price over the period Jz;# + 7] . It follows from Definition 2
that the forecast quality of the initial target price at time # + 7 is simply

equal to Et “ST — TB)T” - Et+7‘ “ST - T[)I,T” :

Let us consider the following example. An analyst issues a target price 75}
attime . She then revises her forecast, at time # + 7, and issues a target price
TP? | ., - The forecast quality over the period ]¢;7" + 7] is then equal to

TPFQt,T+T = TPFQt,tJrT (T])I}T’O-t) + TPFQtJrT,TJrT(TPt%rT,T—l-T’O-tJrT )’ (5)

where TPFQ,, . , is the forecast quality, estimated at time # + 7 of the
initial target price 77, 7, issued at time # with a horizon equal to 7" — ¢,
and TPFQ,, ., is the forecast quality estimated at time 7" + 7 of the
revised target price 78, 7, ., issued at time # + 7 with a horizon equal
to(T+7)—(+7).

3.5. TPFQ : An illustration

To provide a clearer understanding of how we compute forecast quality,
we present in Figure 1 an example of three 12-month-ahead target prices made
by a single analyst. In this illustration, the risk-free rate is equal to 0. The first

target price 77, , ;, equal to $45, is issued at time # (when the actual price
of the stock is equal to $35.76). The second target price 77, , , (first revision),

equal to $30, is issued at time #, (when the stock’s actual price is $31.88).
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Finally, at time #; , the analyst revises her forecast again and announces a target

price 77, , ., of $33 (when the stock price is equal to $49.34).

Figure 1 An illustration of the TPFQ measure

Target prices and stock price

Stock price
- - ~Target price

t t

Target price horizon

t t
u e 3 Stock return volatility
0.45; T T
0.4 *—’ﬁ 7
0.35 [ ‘ ‘ 3
0.3
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At time 7, we estimate the forecast difficulty for the first target price
of $45. This forecast difficulty, E, [|S, .1 — 78, , 14|l is equal to 0.4091

(with a six-month historical volatility of o, = 0.3905 ). Because 7, comes

before the end of the horizon of the first target price, we do not know the
realized accuracy of the initial forecast. Therefore, we estimate the accuracy
at time #, as E, [[S, ;; — 77, , 4[] . This forecast accuracy is equal to

0.4249. The target price forecast quality is then obtained by taking the
difference between the forecast difficulty and the forecast accuracy. For the
period Jz;52,], we have:

TPFQtl,tZ = Erl [l Sr1+1 - Tprl,rlﬂl] - Erz [|Sr1+1 — 17, +1|]

14

= —0.0158. (6)

Similarly, for the period ]r,;#;], we have:

TPFsz,t3 = Etz [lStz +1 Tptz,tz +1|] - Et3 [lstz +1 T, +1|]

1yt

= —0.2901. 7)
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Note that these two expected values, E, [IS, ; — 77, , 4|l and

WS, 1 — 11, 1], are computed with a volatility o, equal to 0.4181.

For the period Jt3525 + 1], no revision is made before the end of the

target price horizon. Therefore, the target price forecast quality 7PFQ, , 14
can be written as:

TPFQ%,@H = Et3 [|513+1 :3 t3+1| | t3+1|
= 0.2905. (8)

Finally, the target price forecast quality 7PFQ, , ,; over the whole
period is equal to:

TPFQ, , .1 = TPFQ, , +TPFQ, , +TPFQ, , ;.
- —0.0154. )

4. Analysts’ ability to forecast stock prices

4.1. Information content of target prices

Our measure of target price forecast quality captures the information
content of target prices. As shown in Figure 2, the forecast quality of target
prices from 2000 to 2012 is, on average, positive. This result is consistent
with the idea that target prices do contain information and thus supports
earlier findings that market participants react to target price revisions (Brav
and Lehavy, 2003; Asquith et al., 2005). That Figure 2 indicates a negative
target price forecast quality for prices issued during the global financial crisis
(in 2007 and during the first two quarters of 2008) suggests that financial
analysts: (1) failed to anticipate the financial crisis, and (2) failed to adjust
their target prices accordingly.

Our main concern in this article is to assess whether financial analysts
exhibit genuine skill in forecasting stock prices. A positive value for target
price forecast quality is not sufficient to prove the existence of such a skill.
The positive value can be due to skill, to luck, or simply to the fact that,
when analysts are overly optimistic the forecast quality increases when the
market rises. One way to determine if forecasting skill exists is to check
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not only whether analysts differ in the quality of their forecasts, but if
that difference persists. As stated by Kahneman (2011), “the diagnostic
for the existence of any skill is the consistency of individual differences in
achievement”. We will thus consider an analyst to be skilled if she manages
to consistently beat the other analysts.

Figure 2 The information content of target prices
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4.2. Persistent differences in analysts’ forecast performance

To determine whether financial analysts persistently differ in their ability
to forecast prices, we conduct the same analysis as before, but use our
measure of target price forecast quality (7PFQ), instead of target price
accuracy (AFE), to evaluate the analysts’ performance. Since 7PFQ takes
into account how difficult it is to make a forecast, a persistent difference in
TPFQ implies that different analysts possess different levels of skill. To
allow for a direct comparison with our previous results, we use the ex-post
version of 7PFQ (defined in Equation 3). For a given period, we define
an analyst’s ex-post performance (exAFP) as the average of the ex-post TPFQ
of the target prices she issued during that period.

As Table 5 shows, when we account for differences in volatility in this
way, the persistent difference among analysts’ performance vanishes. In the
measurement period, the analysts in the first quintile (i.e., best performance)
exhibit an average forecast quality of 0.3255 , while the analysts in the fifth
quintile (i.e., worst performance) exhibit an average forecast quality of
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—0.23066 . In the test period, the difference in forecast quality between the
first and fifth quintiles is equal to 0.0088 and is not significant. We obtain
this result both for quarterly and semiannual periods.

Table 5. Test of forecasting abilities using the ex-post measure of target price
forecast quality (TPFQ)

This table presents the analysts’ ex-post forecast performance (exAFP) in the test period |t + 6; t + 6 + 1],
conditional on their forecast performance in the measurement period ]t — 1; t|. 6 is a 12-month lag
which ensures that the measurement period and the test period do not overlap. An analyst’s ex-post
forecast performance (exAFP) is measured, for a given period, as the average of the ex-post target
price forecast quality on the target prices she issued during that period. The ex-post target price fore-
cast quality (TPFQ) is measured as the expected value of the absolute forecast error, estimated at the
time the target price is issued, minus the realized absolute forecast error measured at the end of the
12-month horizon. The measurement periods are quarterly (Panel A) and semiannual (Panel B). We
rank analysts in quintiles based on their ex-post forecast performance (exAFP) in the measurement
period, and we obtain the corresponding forecast performance in the test period. Conditional on the
ranking made during the measurement period ]t — 1; #], we report, for the test period |t + 0; t + 0 + 1],
the analysts’ ex-post forecast performance (exAFP). We test the difference of means across the top
and bottom quintiles using a t-test. ***/**/* represent significance at the 0.01, 0.05, and 0.1 level.

Panel A: Quarterly period

Measurement period Test period
It —1;¢] e+ 66 +0+1]
Performance quintile ~ Number of p Analysts’ ex-post Analysts’ ex-post
(measutement period)  observations orecast performance  forecast performance
(exAFP) (exAFP)
1 (Best) 12,779 0.3255 0.0630
2 12,798 0.1638 0.0624
3 12,802 0.0828 0.0591
4 12,798 —-0.0049 0.0558
5 (Worst) 12,768 —0.2366 0.0542
Diff (1-5) 0.5621 0.0088
Mean t-test 18.97 *** 0.3600
Panel B: Semiannual period
Measurement period Test period
I = 15¢] It +0;t + 60 +1]
Performance quintile ~ Number of Analysts” ex-post Analysts’ ex-post
. . forecast performance  forecast performance
(measurement period) — observations (eAFP) (eAFP)
1 (Best) 7,254 0.3082 0.0584
2 7,265 0.1572 0.0607
3 7,267 0.0824 0.0558
4 7,265 0.0015 0.0555
5 (Worst) 7,252 -0.21136 0.0528
Diff (1-5) 0.5195 0.0056

Mean t-test 13.33 *** 0.1800
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4.3. Persistent differences in a dynamic setting

The main limitation of the ex-post TPFQ measure is the need to introduce
a 12-month lag time between the measurement period and the test period.
A second limitation is that the target price forecast quality is evaluated using
the stock price at the end of the 12-month horizon. In practice, when a
revision occurs the first forecast becomes inactive and only the revision is
taken into account.

When used in a dynamic setting, however, our TPFQ measure allows
us to consider revisions and to estimate the variations in analysts” perfor-
mance on a daily basis. In this case, an analyst’s forecast performance
AFP,, | over the period ;7 + 7] is defined as the sum of her daily forecast
performance over this period.

Contrary to ex-post measures, the analyst’s forecast performance can now
be measured using only information from this same period.!" To evaluate
the persistence of difference over the short run, we set the measurement
period to J¢ — 1;¢] and the test period to ]¢;¢ 4 1] (we no longer need to
add a lag between the measurement period and the test period) and restrict
our sample period to 2001-2012.12

The results in Table 6 show that, even over the short run, analysts do
not exhibit persistent differences in forecast quality. Using both quarterly
and semiannual frequencies, we observe no significant differences, within
the test period, between the forecast performance (AFP) of analysts in the
first quintile and those in the fifth quintile.

4.4. Persistent differences by industry

Since financial analysts frequently specialize by industry (Boni and
Womack, 2006; Kadan et al., 2012), another way to uncover differences in
forecasting ability is to test for persistent differences in forecast quality within
each industry. Taking this approach, we ensure that our test of persistence
is not affected by unpredictable industry-wide shocks and unobservable
industry-specific factors.

11 When using ex-post measures, one needs to have information up to T + 12 in order to assess the analyst's forecast
performance.
12 For 2000, we do not observe the target prices issued in 1999, which could still be outstanding.
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Table 6. Test of forecasting abilities in a dynamic setting

This table reports the analysts’ forecast performance (AFP) in the test period |t; t+ 1], conditional on their
forecast performance in the measurement period |t — 1; . An analyst’s forecast performance (AFP), for
a given period, is defined as the average of the target price forecast quality (TPFQ) on her outstanding
target prices during that period. The measurement periods are quarterly (Panel A) and semiannual
(Panel B). We rank the analysts in quintiles based on their forecast performance in the measurement
period, and we obtain the corresponding forecast performance in the test period. Conditional on the
ranking made during the measurement period |t — 1; ], we report the analyst’s forecast performance
(AFP) for the test period Jt; t + 1]. The statistical significance of the difference across top and bottom
quintiles is computed using a t-test. ***/**/* represent significance at the 0.01, 0.05, and 0.1 level.

Panel A: Quarterly period

Measurement Test period

period ]t —1;¢] It 4+ 1]
Performance quintile Number of Analysts’ forecast  Analysts’ forecast
(measurement period) observations performance (AFP) performance (AFP)

1 (Best) 27,154 0.1237 0.0150

2 27,174 0.0519 0.0158

3 27,174 0.0204 0.0166

4 27,174 -0.0134 0.0148

5 (Worst) 27,145 -0.1094 0.0108

Diff (5-1) 0.2330 0.0042

Mean t-test 18.16*** 0.37

Panel B: Semiannual period

Measurement Test period

period ]r —1;¢] It 4+ 1]
Performance quintile Number of Analysts’ forecast ~ Analysts’ forecast
(measurement period) observations performance (AFP) performance (AFP)

1 (Best) 13,399 0.1611 0.0265

2 13,408 0.0727 0.0291

3 13,409 0.0333 0.0257

4 13,408 —-0.0087 0.0215

5 (Worst) 13,397 -0.1324 0.0129

Diff (5-1) 0.2934 0.0135

Mean t-test 13.49*** 0.75
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As in Fama and French (1997), we use the four-digit SIC codes to define
48 industries.!? Table 7 provides analysts’ ex-post forecast performance in
the test period, conditional on their performance in the measurement period.
Column 7 gives the difference in exAFP between analysts who rank in the
best performance quintile in the measurement period and those who rank
in the worst. Column 8 (column 9) reports the t-statistics (p-values). Our
results indicate that differences in forecast quality are not persistent within
industries. The reported t-statistics indicate that none of the differences are
statistically significant.’ This additional test by industry confirms our
previous findings that analysts do not differ in their ability to forecast stock
prices.

4.5. Persistent differences across brokerage houses

While we do not find differences in forecast ability across analysts, such
differences may still exist across brokerage houses. Large houses possess
superior resources and have better access to information, which could
translate into better target price forecasts. Additionally, large brokers may
offer better compensation packages to their employees and thus attract the
best analysts. Stickel (1995) finds that stock recommendations issued by
analysts employed by large brokerage houses generate a stronger market
reaction. Similarly, Clement (1999) and Mikhail et al. (1997) show that
analysts employed by large brokerage houses are more accurate in their
earnings forecasts.

The results of our analysis appear in Table 8. We conduct the same test
as in Table 5, but consider brokerage houses instead of individual analysts.
We find that the best brokerage houses in the measurement period do not
perform better than the other houses in the test period.

13 We point out, however, that our results are robust to different industry specifications.
14 With the exception of the Shipbuilding and Railroad Equipment industry.
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Table 8. Test of persistent differences in forecast quality across brokerage houses
This table presents the brokerage houses’ ex-post forecast performance (exAFP) in the test period
Jt+ 0; t+ 0 + 1], conditional on their forecast performance in the measurement period |t — 1; 1. 0
is a 12-month lag which ensures that the measurement period and the test period do not overlap.
A brokerage house’s ex-post forecast performance (exAFP) is measured, for a given period, as the
average of the ex-post target price forecast quality on the target prices issued by all its analysts during
that period. The ex-post target price forecast quality (TPFQ) is measured as the expected value of the
absolute forecast error, estimated at the time the target price is issued, minus the realized absolute
forecast error measured at the end of the 12-month horizon. The measurement periods are quarterly
(Panel A) and semiannual (Panel B). We rank brokerage houses in quintiles based on their ex-post
forecast performance (exAFP) in the measurement period, and we obtain the corresponding forecast
performance in the test period. Conditional on the ranking made during the measurement period
]t — 1; 1], we report, for the test period ]t + 6; t + 6 + 1], the brokers’ ex-post forecast performance
(exAFP). We test the difference of means across the top and bottom quintiles using a t-test. ***/**/*
represent significance at the 0.01, 0.05, and 0.1 level.

Panel A: Quarterly period

Measurement period Test period
It —1;z] It + 06 + 0 +1]
Performance quintile ~ Number of Brokers” ex-post Brokers” ex-post
. . forecast performance  forecast performance
(measurement period) observations (xAFP) (e AFP)
1 (Best) 1,445 0.2552 0.0516
2 1,464 0.1195 0.0562
3 1,467 0.0690 0.0594
4 1,464 0.0151 0.0580
5 (Worst) 1,436 -0.1786 0.0492
Diff (1-5) 0.4338 0.0024
Mean t-test 14.72 *** 0.17

Panel B: Semiannual period

Measurement period Test period
It —1;¢] I+ 0t +60+1]
Performance quintile ~ Number of P Brokers’ ex-post Brokers’ ex-post
(measurement period)  observations orecast performance  forecast performance
(exAFP) (exAFP)
1 (Best) 767,000 0.2465 0.0422
2 775,000 0.1153 0.0544
3 778,000 0.0692 0.0630
4 775,000 0.0189 0.0550
5 (Worst) 764,000 -0.1673 0.0461
Diff (1-5) 0.4139 —0.0040

Mean t-test 10.44 *** —-0.01
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5. Robustness checks

5.1. Impact of learning

One reason why we might not observe any persistent differences in
analysts’ forecast performance is that financial analysts learn over time and
subsequently improve their forecast quality. If experience influences target
price forecast quality, then the younger and more inexperienced analysts
will be ranked in the poorer-performing quintiles when they enter the
sample period. They will then gradually move toward the best quintile as
they acquire experience. These individuals could therefore add noise to our
analysis of persistent differences in analysts’ forecast performance.

In order to control for the effects of learning, in each period we rank
analysts into three terciles by level of experience. We then conduct our
analysis on the three subsamples. Following Clement (1999), we measure
an analyst’s experience in year t by counting the number of previous years
for which the analyst supplied at least one EPS forecast.'>

The results, presented in Table 9, show that the learning process cannot
explain the absence of persistent differences in forecast performance. The
differences observed in the test period are still not statistically significant
when we identify subsamples by level of experience.

5.2. Teams of analysts

When creating our initial sample, as noted in Section 1, we removed
target prices issued under names that seemed to indicate a team of analysts
rather than a single individual. However, any name reported in I/B/E/S may
correspond to the lead analyst of a team, rather than to a single individual.
Another way to detect forecasts issued by teams is to check the number of
firms covered per year. For this robustness check, we assume that analysts
covering more than 15 firms per year are teams, not individuals, and we
remove these observations from our sample.

15 We use EPS forecasts, rather than target prices, to calculate analysts’ experience because no data for target prices is
available prior to 2000. Also, some analysts might have only started issuing target prices after 2000, even though they
were active prior to that year.
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Table 9. Impact of learning on forecasting abilities

This table presents the analysts’ ex-post forecast performance (exAFP) in the test period |t -+ 0; t+ 0 + 1],
conditional on their forecast performance in the measurement period |t — 1; f]. 6 is a 12-month lag
which ensures that the measurement period and the test period do not overlap. An analyst’s ex-post
forecast performance (exAFP) is measured, for a given period, as the average of the ex-post target
price forecast quality on the target prices she issued during that period. In panel A, the analysis is done
on a sub-sample of inexperienced analysts (first tercile). Panel B corresponds to analysts who belong
to the second tercile of experience, and Panel C corresponds to experienced analysts. The ex-post
target price forecast quality is measured as the expected value of the absolute forecast error, estimated
at the time the target price is issued, minus the realized absolute forecast error measured at the end
of the 12-month horizon. We rank analysts in quintiles based on their ex-post forecast performance
(exAFP) in the measurement period, and we obtain the corresponding forecast performance in the
test period. Conditional on the ranking made during the measurement period ]t — 1; {], we report,
for the test period |t + 6; t + 6 + 1], the analysts’ ex-post forecast performance (exAFP). We test the
difference of means across the top and bottom quintiles using a t-test. ***/**/* represent significance
at the 0.01, 0.05, and 0.1 level.

Panel A: Analysts in the first tercile of experience (low experience)

Measurement period Test period
It — 1;¢] It + 056 + 0 + 1]
Performance Analysts’ ex-post
quintile Number of nalysts expos Analysts’ ex-post forecast

forecast performance

(measurement  observations performance (exAFP)

: (exAFP)
period)
1 (Best) 4.955 0.3478 0.0542
2 4.973 0.1719 0.0611
3 4.971 0.0835 0.0560
4 4.973 -0.0163 0.0527
5 (Worst) 4.944 -0.2830 0.0467
Diff (1-5) 0.6308 0.0075
Mean t-test 19.61 *** 0.22
Panel B: Analysts in the second tercile of experience
Measurement period Test period
It —1;¢] I+ 0t +60+1]
Performance Analysts’ ex-post
quintile Number of Analysts’ ex-post forecast

forecast performance

performance (exAFP)

(measurement observations

. (exAFP)
period)
1 (Best) 3.768 0.3122 0.0682
2 3.791 0.1598 0.0666
3 3.791 0.0813 0.0642
4 3.791 -0.0014 0.0545
5 (Worst) 3.762 -0.2205 0.0646
Diff (1-5) 0.5327 0.0036

Mean t-test 18.6 *** 0.24
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Panel C: Analysts in the third tercile of experience (high experience)
Measurement period Test period
It —1;¢] It + 06 +0+1]
Performance Analvsts’ ex-post
quintile Number of alysts: expos Analysts’ ex-post forecast
. forecast performance
(measurement  observations performance (exAFP)
. (exAFP)
period)
1 (Best) 3.524 0.2921 0.0694
2 3.544 0.1532 0.0596
3 3.550 0.0807 0.0595
4 3.544 0.0022 0.0602
5 (Worst) 3.518 -0.1793 0.0552
Diff (1-5) 0.4714 0.0142
Mean t-test 16.29 *** 0.59

Table 10 provides the results of our analysis for this restricted sample.
We still do not observe persistent differences in forecast performance. This
additional test indicates that the potential presence of teams of analysts in
our sample does not impact our results.

5.3. Slow adjustment of target prices

Target prices are usually embedded in analysts” reports and, because
writing a report is a long and arduous task, the prices may not be adjusted
as often as they should be. For example, an analyst may change her mind
about the future price of a stock a month after her initial forecast, but she
might wait for publication of the next report to officially revise her target
price. This fact might cause analysts to appear less skilled than they actually
are. To test this hypothesis, we restrict the validity of the target prices to a
shorter period of time (e.g., one month). That is, for a given stock and a
given target price, we compute TPFQ only for the first month following
the issue date. In other words, we consider forecasts to become inactive after
one month. We then compute the analysts’ forecast performance (AFP)
using these short-validity target prices. We conduct the same analysis as
before to test for the existence of differential abilities. Our (unreported)
results — using one month, three months, and six months for the validity of
the target prices — confirm our findings that analysts do not differ in their
ability to forecast stock prices.
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Table 10. Impact of the existence of teams of analysts on tests of differential abilities
In this table, the sample is restricted to analysts who cover no more than 15 firms per year. Analysts
who cover more than 15 firms per year are assumed to be teams of analysts and are removed from
the sample. This table presents the analysts’ ex-post forecast performance (exAFP) in the test period
Jt+ 6; t+ 0 + 1], conditional on their forecast performance in the measurement period |t — 1; . 0 is
a 12-month lag which ensures that the measurement period and the test period do not overlap. An
analyst’s ex-post forecast performance (exAFP) is measured, for a given period, as the average of the
ex-post target price forecast quality on the target prices she issued during that period. The ex-post
target price forecast quality (TPFQ) is measured as the expected value of the absolute forecast error,
estimated at the time the target price is issued, minus the realized absolute forecast error measured
at the end of the 12-month horizon. The measurement periods are quarterly (Panel A) and semian-
nual (Panel B). We rank analysts in quintiles based on their ex-post forecast performance (exAFP) in
the measurement period, and we obtain the corresponding forecast performance in the test period.
Conditional on the ranking made during the measurement period |t — 1; t], we report, for the test
period |t + 6; t + 6 + 1], the analysts’ ex-post forecast performance exAFP. We test the difference of
means across the top and bottom quintiles using a t-test. ***/**/* represent significance at the 0.01,
0.05, and 0.1 level.

Panel A: Quarterly period
Measurement period Test period
Ir —15¢] It +6;t + 60 +1]
Performance quintile Number of Analysts” ex-post Analysts” ex-post
. . forecast performance forecast performance
(measurement period) observations (e AFP) (eAFP)
1 (Best) 10,416 0.3386 0.0625
2 10,436 0.1700 0.0611
3 10,432 0.0848 0.0587
4 10,436 —-0.0073 0.0560
5 (Worst) 10,408 -0.2530 0.0537
Diff (1-5) 0.5917 0.0088
Mean t-test 19.48 *** 0.37
Panel B: Semiannual period
Measurement period Test period
It —1;¢] I+ 60t +6+1]
Performance quintile Number of P Analysts” ex-post Analysts’ ex-post
. . orecast performance forecast performance
(measurement period) observations (exAFP) (exAFP)
1 (Best) 6,026 0.3196 0.0568
2 6,037 0.1625 0.0580
3 6,033 0.0838 0.0551
4 6,037 —-0.0013 0.0557
5 (Worst) 6,018 -0.2267 0.0519
Diff (1-5) 0.5463 0.0049
Mean t-test 13.84 *** 0.15
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5.4. Alternative measures of accuracy

In this paper, we use the absolute forecast error (AFE) as our main
measure of target price accuracy since it is the most popular such measure.
Our measure of forecast difficulty is therefore equal to E[AFE] and our
measure of target price forecast quality can be written as E[AFE] — AFE.

However, alternative ways to measure accuracy exist in the literature.
For instance, Bradshaw et al. (2013) measure whether the actual closing
price, as of the end of the 12-month forecast horizon, is at or above the
target price (7PMETEND ). The forecast difficulty, in this case, equals
E[TPMETEND)] and the measure of target price forecast quality can be
written as E[TPMETEND] — TPMETEND . Estimating the expected
value of the binary variable 7PMETEND is thus equivalent to computing
the price of a digital cash-or-nothing option.

In addition, Bradshaw et al. (2013) define target price accuracy as
whether the target price is met before the end of the horizon (TPMETANY).
The probability of meeting the target price depends on the volatility of
the underlying stock, the forecast horizon, and the magnitude of the
change predicted by the analyst. The forecast difficulty equals
E[TPMETANY] and the measure of target price forecast quality can be
written as E[TPMETANY| — TPMETANY . In this case, estimating the
expected value of the binary variable 7PMETANY is equivalent to
computing the price of a cash-or-nothing up-and-in (or down-and-in)
digital barrier option.

To investigate the impact of using different measures of accuracy, we
repeated our tests of persistence in analysts’ performance using these two
measures. Our results, presented in Table 11, once again show that analysts
do not exhibit persistent differences in forecasting ability. We conclude
that our results do not depend on how target price accuracy is defined.
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Table 11. Test of forecasting abilities using alternative measures of target
price accuracy

This table presents the analysts’ ex-post forecast performance (exAFP) in the test period |t + 0; t + 0 + 1],
conditional on their forecast performance in the measurement period |t — 1; f]. #is a 12-month lag which
ensures that the measurement period and the test period do not overlap. An analyst’s ex-post forecast
performance (exAFP) is measured, for a given period, as the average of the ex-post target price forecast
quality on the target prices she issued during that period. In panel A, the ex-post target price forecast
quality (TPFQ) is measured as TPMETEND - E[TPMETEND], where TPMETEND is a binary variable that
takes the value 1 if the actual closing price as of the end of the 12-month forecast horizon is at or above
the target price, and 0 otherwise. In panel B, the ex-posttarget price forecast quality (TPFQ) is measured
as TPMETANY - E[TPMETANY], where TPMETANY is a binary variable that takes the value 1 if the target
price is met before the end of the horizon, and 0 otherwise. The measurement periods are quarterly. We
rank analysts in quintiles based on their ex-post forecast performance (exAFP) in the measurement period,
and we obtain the corresponding forecast performance in the test period. Conditional on the ranking
made during the measurement period |t — 1; f], we report the analyst’s ex-post forecast performance
(exAFP) for the test period ]t + 6; t + 6 + 1]. We test the difference of means across the top and bottom
quintiles using a t-test. ***/**/* represent significance at the 0.01, 0.05, and 0.1 level.

Panel A: Forecast quality measured as TPMETEND — E[TPMETEND]

Measurement period Test period
It —1;¢] It+60;t+60+1]
Performance
quintile Number of Analysts’ forecast Analysts’ forecast
(measurement observations performance performance
period)
1 (Best) 12,779 0.4960 0.0860
2 12,798 0.1761 0.0722
3 12,802 0.0166 0.0702
4 12,798 -0.1156 0.0649
5 (Worst) 12,768 -0.2767 0.0594
Diff (5-1) 0.7726 0.0266
Mean t-test 28.07*** 0.86
Panel B: Forecast quality measured as TPMETANY — E[TPMETANY]
Measurement period Test period
It — 1;¢] It +0;6 +0+1]
Performance
quintile Number of Analysts’ forecast Analysts’ forecast
(measurement observations performance performance
period)
1 (Best) 12,779 0.3835 0.0158
2 12,798 0.1577 0.0158
3 12,802 0.0176 0.0085
4 12,798 -0.1299 0.0081
5 (Worst) 12,768 -0.3931 0.0004
Diff (5-1) 0.7766 0.0153

Mean t-test 36.80*** 0.69
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6. Conclusion

This paper provides a new framework for evaluating the performance of
financial analysts. We show that absolute forecast error cannot be used as a
proxy for the quality of information contained in target prices, because the
accuracy of a stock price forecast is affected by both stock return volatility
and the forecast horizon. We find evidence of a strong nonlinear relationship
between stock return volatility and absolute forecast error, which implies
that analysts who cover low volatility firms are more accurate.

We introduce a new measure of target price forecast quality, which takes
into consideration the difficulty of making an accurate forecast, by incorpo-
rating differences in stock return volatility and forecast horizon. Building
on option-pricing theory, we capture forecast difficulty by estimating the
expected value of the absolute forecast error, i.e., the accuracy that is to be
expected if the target price was mechanically issued. We define our measure
as the difference between the forecast difficulty and the realized accuracy.

We conclude that target prices do contain information (i.e., our measure
of information quality is positive, on average), which is consistent with the
evidence that market participants react to target price revisions (Brav and
Lehavy, 2003; Asquith et al., 2005). However, financial analysts do not
exhibit differences in their ability to forecast stock prices.
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Appendix A

Assuming, as is common in the financial literature, that stock prices
follow a Geometric Brownian Motion, we have:

log(Sp) ~ N [log(s) + [~ 302 |(T = 2T =0, (10)

where N() is the normal distribution, o is the drift, and o is the
volatility.

The probability that the stock price ends up inside an interval [4;;6,]

at the end of a given horizon is equal to:

Pr[log(4;) < log(Sy) < log(b,)]

N SONT —8)  loglb, 1)~ (u— 50T — ) .
- oNT — ¢ ces oNT — ¢ (1)
=Pr[b} < z < ]
=o(6) - (),
where bf and &; are defined by:

1 1
- log(b; 1°S,) = (n — 50T — 1) ol b log(b, /S,) = (= 50)(T — t)’ (12)

oNT — ¢ “ oNT — ¢
where ®() is the cumulative distribution function of a standard Gaussian
random variable and z is a standard Gaussian variable.

The probability of the stock price ending up inside a given interval at
the end of a determined horizon is a nonlinear function of both the vola-
tility and the horizon. It follows, by extension, that the expected value of
the absolute forecast error is a nonlinear function of both the stock return
volatility and the target price horizon.

Appendix B

The literature on earnings forecasts uses relative measures of accuracy to
account for differences in predictability (i.e., differences in earnings vola-
tility). That is, the accuracy of a forecast is determined with respect to the
accuracy of other forecasts issued under similar conditions (i.e., forecasts
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issued on the same firm and during the same period of time). Clement
(1999) proposes to measure an analyst’s performance by comparing the
analyst’s absolute forecast error to the average absolute forecast error of other
analysts following the same stock during the same time period. Hong et
al. (2000) propose an alternative way to control for differences in earnings
predictability: For a given firm and a given year, they rank analysts with
respect to the absolute forecast error of their most recent forecast. These
rankings are then transformed into scores.

Despite their popularity, relative measures of accuracy like these present
a number of issues which prevent them from being of use in the context of
target prices. First, the end of the forecast horizon for a target price depends
on the issue date. Contrary to earnings forecasts, for which analysts forecast
end-of-year (or end-of-quarter) earnings, target prices will have different
horizons if the issue dates are separated in time. The economic meaning of
comparing the accuracy of target prices issued at different points in time
is not clear.

Second, when the number of analysts covering a stock is low, or when
the number of firms covered by an analyst is too small (as in Hong et al.,
2000), relative measures of accuracy may be fairly noisy or even impossible
to compute.

Third, relative measures of accuracy control for firm effects (by consid-
ering the average absolute forecast error across analysts for a given stock),
without distinguishing between forecast difficulty and the analysts” shared
biases. Yet these firm effects, as captured by the differences in average AFE
across firms, are a function of both the difficulty of making a forecast and
the biases shared by analysts covering the same firm. In terms of forecast
difficulty, the higher the stock return volatility, the greater the average AFE
will be. In the case of shared biases we can distinguish two types that affect
AFE, as the following examples illustrate.

The first type of shared bias results from analysts’ failure to take into
account the impact of firm-specific factors on future returns. According to
the literature, high accrual firms tend to earn low future returns. Because
accruals have an impact on the expected return, analysts can take this
information into account, when forecasting future stock prices, by issuing
higher target prices for low accrual firms and lower target prices for high
accrual firms. Assume, however, that analysts who cover high accrual firms
fail to recognize the impact of accruals on future returns. These analysts
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will issue upwardly biased target prices. We will then observe that the average
AFE on high accrual firms is higher than the average AFE on low accrual
firms. In relative measures of accuracy, this difference in average AFE will
be captured as a firm effect, and analysts covering high accrual firms will
therefore not be penalized for their failure to account for the accruals factor.
Yet it is the analysts’ task to assess the potential impact of firm-specific
factors (such as accruals, firm size, book-to-market, momentum, liquidity,
etc.) on future returns. Failure to do so weakens the quality of the infor-
mation they provide to market participants. A measure of analysts’
performance should take into account this inability to correctly assess the
impact of firm-specific factors, even if it is shared by the majority of analysts.

The second type of shared bias arises when the analysts covering a given
stock are too optimistic (or too pessimistic). Let us assume that there are
two distinct groups of analysts G, and Gy, and two identical firms, A and
B. Analysts in the G, group cover firm A, while analysts in the G group
cover firm B. We assume that analysts covering firm A issue unbiased target
prices (their target prices are equal to Sy + ¢ where ¢ is a white noise
process), while analysts covering firm B exhibit an optimistic bias equal to
A (their target prices are equal to S + A 4 ¢). The difference in average
AFE between firm A and firm B is therefore equal to A . When using
relative measures of accuracy, the optimism bias exhibited by analysts
covering firm B is thus captured by firm effects; these measures would not
penalize the analysts covering firm B for their unjustified optimism. Yet
again, the role of analysts is to provide the best possible estimation of future
returns. They must take into account all the factors (such as market capi-
talization, book-to-market, momentum, liquidity, etc.) that may impact
future returns and adjust their target price accordingly. Their estimation
of future returns should not be biased by a shared optimism (or pessimism).
Forecast difficulty relates to the second order moment (i.e., the volatility)
of the stock price process, but not to the first order moment (i.e., the
expected return). Therefore, a measure of analysts’ performance should
penalize financial analysts for their shared biases.
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Appendix C

Assuming that the stock price follows a geometric Brownian motion,
the ex-post forecast quality 7PFQ, 7 of a target price issued at time 7 can
be calculated according to the Black and Scholes (1973) model as:

TPFQ,; = e'T-0(®(d,,) — ®(—d,,) — TD, 77T (D(d,,) — B(—d,,))] — |S7 — TP.7|

= e T0[20(d, ) — 1] = TP 1 [20(d,,) — 1] — |S; — TP.4], (13)
with
| 1 +|r+ L T
. n 2, r+ 50 (T —1) ”
b o NT —¢
dz,r =dl,t _Ut“T_t’ (15)

where ®() is the cumulative distribution function of a standard Gaussian
random variable, # is the time at which the forecast is issued, and o, is the
stock return volatility estimated at time 7 . The assumption S, = 1 explains
the way 4, , is written.

Our approach implies that we do not distinguish between under- and
over-achievement. If we consider two forecasts, TP:T =S, —A and
TPI,ZT = S, + A, we should obtain the same forecast quality if, at the end
of the horizon, we have |S; — TPL| = |S; — TP2%| . However, because

l”(S A

issue, we apply a simple transformation (see Appendix D).

) = —In(—Lt— S ), this is not the case. In order to solve this
S, —A

Appendix D

Consider two forecasts, 7P} = S, — A and TP% = S, + A. As we
do not distinguish between under- and over-achievement, we should have
S, — TPY| = |S; — TP%| = TPFQl, = TPFQ?; . However, because

St St
ln(m) = —ln(m) , We have

[C, (TP ) + P(TPY)|e" ™= <[C,(TP%) + B.(TP2)|e" ). (16)
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It follows that 7PFQ/ ; < TPFQ?;. Even though the absolute deviation
of the target price from the stock price S, is the same for both target prices,
TP!; and TP%, and the absolute forecast errors |ST TP1T| and
|S; — TP%| are the same at the end of the horizon, we do not obtain the
same quality for the two forecasts. We apply a simple transformation to
correct this.

When a target price is below the concurrent stock price, we consider
the symmetric of the stock price with respect to the target price. That is,
we set the target price equal to 1 and consider the concurrent stock price
to be equal to 1+ S, — 7P, | . However, when there is a positive drift

= 7 > 0, the probability of reaching a target price of 77,7 = S, — A" is

lower than that of reaching a target price of 77, = S, + A’". Therefore,
we need to consider the symmetric of the price with respect to the discounted
target price. The consequence of defining the stock price as a function of
the discounted target price is that the risk-free rate in the Black and Scholes
(1973) model is equal to 0.

Definition 2 We consider the function f, which measures the discounted
deviation of the stock price from the target price. We write:

FS T = 1481, = TBer =0 (17)

The forecast quality of a target price issued at time ¢ with horizon
T — t becomes:

TPFQ,; = (C, 4+ B)erT=0) — | (S, TP 7,7) —
= erT=0) (f(S 17, T’r)[ ( 1t> (I)(fdl,t)] - [(I)(dz,z) - (I)(fdz,t)])
—|f (S TR 7,7) =1, (18)

with
IMf@JRpM%%%#kTﬂ
o NT — ¢
dy, =dy, —oNT —1t, (20)

d, = (19)
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where ®() is the Gaussian cumulative distribution function, ¢ is the time
at which the forecast was issued, C, is the value of the call option at time
t, P, is the value of the put option at time ¢, o, is the stock return volatility
estimated at time #, 7 is the risk-free rate, and 7" — ¢ is the horizon of the
target price.

Appendix E

Proposition 1 For a given final stock price Sy and a given target price
1T, 7, the forecast quality TPFQ, 1 is an increasing function of the stock return
volatility o, and of the length of the horizon T — ¢t .

Proof. For a given final stock price S, and a given target price 77, 7,
the sensitivity of the forecast quality 7PFQ, 7 to the volatility o, is written
as:

er(T—1)

OTPFQr _[0C, , or,
0o do, 0o,

t

= 207 0=DSNT — 19 (dy,) > 0, (21)

X2
with @'(x) = N e 2 .Foragiven final stock price §; and a given target
7r

price TP, 7, the sensitivity of the forecast quality 7PFQ, 7 to the horizon
T — ¢ becomes:

OTPFQ,; | 0C P
L t t (T —t) r(T'—t)
o 1) 3(T—t)+8(T—t)€ 0+ re (C,+P). (22)

The sensitivity of a straddle to the maturity 77 — ¢ is written as:

aC on : O -

¢ t _ 0t ,—r(T—1) e Y

a(T _t) n 6(T_t) StCI) (dl»t)a(T —t) e TP;,T(P(dZ,r)a(T—t)

| od,, ()
TSP )iy e TR R ) s
- \/% S (dy,) + r®, e TD[B(dy,) — ¥(—d,,)], (23)
1
with ®'(x) = IR

e
N2
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The sensitivity of a call option to the maturity 7 — ¢ is always positive.
The sensitivity of a put option to the maturity 7" — 7 is also positive, except
when the option is deep in the money. The transformation we apply (see
Appendix D) implies that the put option is never in the money. Thus, the
sensitivity of the straddle to the horizon 7" — ¢ is always positive. We then
have:

OTPFQ,; | o, on

= r(T—t) r(T—t)
T = - |aT =0 TaT=p)" ) TG+ 1) > 0.24)
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