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ABSTRACT

AN EMPIRICAL INVESTIGATION OF BIAS IN ANALYSTS’ EARNINGS
FORECASTS

By

Hakan Saraoglu

This study investigates bias in security analysts’ earnings forecasts using samples
of firms in the United States. Methods to identify bias and to improve the accuracy of
analyst forecasts are suggested and tested. Samples of forecasts in Japan, the U.K. and
Germany are also examined for bias.

The results in the U.S. sample of 1984-91 show that (1) forecasts are on average
optimistic, (2) biases in negative forecasts and in negative earnings are more obvious than
those in positive forecasts and earnings, (3) positive forecasts that overestimate negative
earnings are the biggest source of forecast error, (4) optimistic bias in forecasts seems to
be driven by firms with negative earnings.

Based on these observations, methods to improve the accuracy of negative
earnings forecasts are suggested and tested. Results show that adjustments of up to 1% of
share price yield improved forecast accuracy, an increased probability of beating the
consensus forecast, and little increase in the probability of underestimating actual

earnings.



Multiple Discriminant Analysis and Logistic Regression are utilized to predict the
sign of earnings before the announcement date using firm-specific information together
with earnings forecasts. The sum of the first three quarterly earnings, the magnitude of
the consensus forecast, and the percentage change in share price from the previous year
are found to be good predictors of the sign of earnings. Using this methodology in a hold-
out sample, optimistic positive forecasts of negative earnings are identified and adjusted.
Test period results indicate that this methodology outperforms security analysts’
consensus forecasts in predicting negative earnings outcomes. Mean square forecast error
is greatly reduced through forecast adjustments in all but one test period.

An investigation of the accuracy of security analysts' median consensus forecasts
in Japan, the U.K., and Germany for the 1987-94 the period finds that analysts’ forecasts
contain an optimistic bias in all three countries. A majority of negative forecasts are
overoptimistic in Japan and Germany, where analysts rarely report negative forecasts for
earnings that turn out to be positive. In contrast, negative earnings forecasts in the U.K.
are on average pessimistic. Tests of symmetry suggest that the average forecast error is
negative and its magnitude is symmetric regardless of the size of forecasts in Japan and
the United Kingdom. On the other hand, the forecast errors become larger and more

negative as the forecasts become smaller in Germany.
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INTRODUCTION

The market value of equity is often estimated by finding the present value of its
future cash flows discounted at a rate of return appropriate for its risk. Faced with the task
of estimating a stock's future cash flows, investors frequently rely on security analysts'
forecasts of earnings per share. Investors' reliance on earnings forecasts is evident in the
association between earnings surprises and stock prices changes (Brown (1978) and
Rendleman, Jones and Latane (1982)). Since investors use analysts' earnings forecasts to
form their expectations of future earnings and cash flow, accuracy of the forecasts is of
paramount importance.

Various research studies have evaluated the accuracy of analysts’ earnings
forecasts. Brown and Rozeff (1979), Brown, Hagerman, Griffin and Zmijewski (1987),
Collins and Hopwood (1980) showed that analysts produce significantly better forecasts
than time series models. However, research has also shown that analysts’ forecasts of
earnings per share tend to be optimistically biased (Dowen (1989), O’Brien (1994),
Dreman and Berry (1995)). If investors in the market do not discount the forecast bias
when forming their expectations, it may be possible to develop profitable trading rules
based on the association of earnings surprises to stock price changes. Thus, an

understanding of the nature of forecast bias gains additional importance for investors.



This study investigates bias in security analysts’ earnings forecasts using samples
of firms in the United States. Methods to identify bias and to improve the accuracy of
analyst forecasts are suggested and tested. Samples of forecasts in Japan, the U.K. and
Germany are also examined for bias.

Figure 1 plots actual against expected annual earnings based on median consensus
forecasts reported during November for a sample of 4250 observations over the period
1984-1991. A casual inspection of Figure 1 suggests that positive earnings outcomes tend
to be clustered around a 45-degree line through the origin as one would expect of rational
forecasts. The forecasts associated with negative earnings outcomes, on the other hand,
appear to be over-optimistic. Indeed, rarely do negative earnings outcomes exceed the
consensus forecast and fall above the 45-degree line. Based on this observation, the
following research issues emerge: (1) Are analysts’ consensus forecasts biased and/or
inefficient in a systematic manner? (2) If they are, is the bias in the overall sample driven
by forecasts of earnings that turn out to be negative? (3) Do negative earnings forecasts
differ from positive earnings forecasts? (4) Can the accuracy of forecasts be improved
based on observation of systematic biases such as over-optimism in forecasts of negative
earnings?

To answer these questions the following related null hypotheses are formed: (1)
analysts’ forecasts are unbiased and efficient, (2) the rationality of forecasts is
independent of the forecasts’ magnitude and sign.

Chapter 1 discusses the relevant literature and highlights the research issues.

Chapter 2 investigates analysts’ consensus forecasts of annual earnings in the U.S. and



tests null hypotheses (1) and (2). Chapter 3 suggests and tests methods to improve the
accuracy of negative earnings forecasts, and evaluates the implications of forecast
adjustments from the standpoint of both investors and analysts. Chapter 4 develops a
methodology for predicting the sign of earnings per share before the announcement date
using firm-specific information together with earnings forecasts. Significance of various
measures of pre-announcement information is tested using Multiple Discriminant
Analysis and Logistic Regressions. Chapter S uses the methodology suggested in Chapter
4 to identify and adjust optimistic forecasts of negative earnings in the sample. Out-of-
sample tests are performed to assess the power of the model in predicting the negative
earnings outcomes. The significance of forecast improvement is evaluated using the same
out-of-sample tests. Chapter 6 investigates the accuracy of analysts’ earnings forecasts in
samples from Japan, the United Kingdom, and Germany. Chapter 7 summarizes the

results of the study and suggests directions for future research.



Figure 1. Earnings Per Share (EPS) Vs. Forecasts of Earnings Per Share (FEPS)

Annual earnings per share (EPS) are plotted against analysts’ forecasts of annual earnings per
share (FEPS) for the U.S. companies in a pooled sample between 1984 and 1991.
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Chapter 1

LITERATURE REVIEW

This chapter presents a discussion of the relevant literature and highlights the
research issues regarding the importance of earnings numbers and forecasts of earnings

per share as well as the accuracy of earnings forecasts.

The Association of Earnings and Earnings Forecasts to Stock Prices

Valuation of a share of common stock requires estimation of the share’s future
cash flow stream. The expectations of market participants on company fundamentals,
which serve as measures of future performance, play an important role in driving the
market values of stocks. Research studies show that firms’ earnings per share numbers
and analysts’ forecasts of earnings per share are proxies for investors’ expectations of
firms' future prospects. In a seminal study that introduced the concept of post-earnings
announcement drift (or, the literature on standardized unexpected earnings) Ball and
Brown (1968) show that changes in annual earnings are associated with changes in stock
prices of the same directions. Using data for nine years, 1957-65, the study shows that:
(1) annual earnings capture approximately one-half of the information that becomes

available during the year; and (2) approximately 85 to 90 percent of stock price



movements occurs in the 12 months prior to the month in which the annual earnings
number is reported. This study also shows that, after annual earnings are announced,
stock prices continue to move in the same direction as the annual earnings change. The
Ball and Brown study is considered as the pioneer study of the quarterly reporting
literature; studies that focused on the magnitude of the earnings change rather than simply
the direction; the use of cash flows numbers in lieu of earnings numbers; and the use of
more sophisticated earnings forecasting models than simply earnings changes.

Empirically examining the extent to which common stock investors perceive
earnings to possess informational value, Beaver (1968) supports the findings of Ball and
Brown (1968) on the information content of earnings reports.

Givoly and Lakonishok (1979) evaluate the information content of analysts’
earnings forecast revisions by analyzing the relationship between stock price behavior
and the direction and magnitude of the revision. Their results show that revisions in
earnings forecasts convey information to the stock market or reflect variables that
determine stock prices.

In an empirical test of the theory that expectations about a firm’s characteristics
are reflected in security prices, Elton, Gruber and Gultekin (1981) examine data from a
monthly file of one and two-year earnings forecasts prepared in the period 1973-75. Their
finding support the theory. Their results indicate that large excess returns can be earned if
the investor can determine stocks for which analysts have underestimated earnings; the

larger the underestimation, the larger the return. Elton, et al. conclude that with any



amount of forecasting ability, investor can earn best returns by acting on the difference
between their forecasts and consensus forecasts.

Niederhoffer and Regan (1972) show that earnings changes have a significant
impact on stock prices, implying that an accurate earnings forecast is of paramount
importance in stock selection models. Focusing on 100 case histories, this study provides
evidence that stock price changes are positively associated with forecasts of moderately
increased earnings and realized earnings far in excess of analysts’ expectations. The
worst-performing stocks, on the other hand, are characterized by severe earnings declines
in combination with unusually optimistic forecasts.

Benesh and Peterson (1986) examine the importance of unexpected and actual
earnings changes on the market’s determination of stock prices. In an earnings sample of
1980-1981, their results indicate that unexpected earnings changes have a major impact
on share price. Firms with high return performance generally have substantial earnings
increases and earnings that surpass analysts’ expectations. Over time, forecasts become
more optimistic for top-performing firms. Furthermore, earnings announcements may
play a major role in forecast revisions, and securities that experience significant revisions

tend to have substantial excess returns for the remainder of the year.

Superiority of Analysts’ Forecasts to Time-Series Models
Evaluating the predictive power of security analysts’ earnings forecasts, various

research studies have compared forecasts produced by analysts to those generated by



statistical models. Results suggest that analysts’ forecasts of earnings per share are more
accurate than those of time-series models.

According to Brown and Rozeff (1978), basic economic theory and the
equilibrium employment of analysts imply that analysts must produce better forecasts
than time series models. Their results show that Box-Jenkins models consistently produce
significantly better earnings forecasts than martingale and sub-martingale models. Also,
earnings forecasts of Value Line Investment Survey consiétently outperform the Box-
Jenkins and naive time-series models. Brown and Rozeff conclude that, if market
earnings expectations are rational, the best available forecasts should be used to measure
market earnings expectations. They also suggest that analysts’ forecasts should be used in
studies of firm valuation, cost of capital, and the relationship between unanticipated
earnings and stock price changes until forecasts superior to those of analysts are
discovered.

Fried and Givoly (1982) assess the quality of financial analysts’ forecasts as
proxies for the market expectation of earnings, compare them with other prediction
models, and analyze the factors that contribute to analysts’ forecasts having information
content. In a forecast sample between 1969 and 1979, the results indicate that analysts’
prediction errors provide a better proxy for market expectations than forecasts generated
by time-series models. Fried and Givoly suggest that analysts show better performance
due to their ability to utilize a much broader set of information than that used by the
univariate time-series models. The study also provides evidence that the analysts

efficiently exploit the extrapolative power of the earnings series itself.



Based on a multivariate analysis of variance design (MANOVA), Collins and
Hopwood (1980) compare the relative accuracy of annual earnings forecasts generated
from the quarterly forecasts of financial analysts and from four univariate time-series
models. Results indicate that the performance comparison of univariate time-series
models to the financial analyst model favor the financial analysts. Analysis of the list of
outliers show that the financial analysts also generate fewer outliers than the univariate
models. Collins and Hopwood conclude that the financial analysts are more capable of
incorporating the effects of the economic events that are the underlying causes of the
outliers.

Crichfield, Dyckman and Lakonishok (1978) show that financial analysts’
predictions of earnings per share based on accounting information improve as the
reporting date approaches, and that, generally, the financial analysts are better able to
predict earnings per share compared to the statistical models.

Brown, Hagerman, Griffin and Zmijewski (1987) provide evidence that security
analysts’ are superior to univariate time-series models in predicting firms’ quarterly
earnings numbers. Similar to the conclusion of Fried and Givoly (1982), they attribute
this superiority to: (1) better use of information that exists on the date that time-series
models can be initiated (a contemporaneous advantage), and (2) use of information
acquired between the date of initiation of time series model forecasts and the date when
security analysts’ forecasts are published (a timing advantage).

Several articles in the literature investigate the possible improvement in forecast

accuracy by combining analysts’ forecasts with those generated by time series models.
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Consensus results of such studies indicate that a forecast synergy can be achieved when
analysts forecasts are combined with forecasts from time-series models. Covering a
diversified sample of 261 firms with a 1980-1982 post-sample estimation period, Guerard
(1987) shows that security analysts’ forecasts can be improved when combined with
time-series forecasts. Results indicate that the mean square error of analysts’ forecasts
may be decreased by combining analyst and univariate time-series model forecasts in
constrained and unconstrained OLS regression models. In a sample of four forecast
horizons, Lobo (1992) investigates the effects of disagreement in financial analysts’
earnings forecasts on the accuracy of analysts’ forecasts, forecasts generated by time-
series models, and the combined forecasts. The empirical results indicate that, while
analysts do better than any of the three other time-series models studied, simple
combinations of analysts’ and time series forecasts are superior to forecasts from either

source in every horizon.

Bias in Analysts’ Earnings Forecasts

In spite of the relative accuracy of analysts’ earnings forecasts compared to those
generated by statistical models, numerous research studies suggest that analysts’ forecasts
of earnings per share tend to be optimistically biased. An understanding of the nature of
bias in analysts’ earnings forecasts is crucial due to the widely documented relationship
between earnings surprises and stock price changes.

Affleck-Graves, Davis and Mendenhall (1990) provide an explanation for

analysts’ superiority as well as possible reason for bias. According to Affleck-Graves, et
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al. (1) analysts use more recent information, (2) analysts use information not included in
the time series of past earnings, and (3) the analyst bias observed may be due to the use of
judgmental heuristics.

In an analysis based on ten years of data, Dowen (1989) finds that analysts
systematically overestimate firms’ future earnings per share. The study shows that (1) the
number of analysts following a firm is positively correlated with firm size and forecast
error, and (2) firm size is positively correlated with forecast error.

According to the cognitive bias theory, the market should form overly pessimistic
(optimistic) expectations of future earnings for those stocks that have experienced sharp
share price declines (increases). Klein (1990) examines revisions and errors in analysts’
forecasts during and after the portfolio formation period in order to distinguish between
the cognitive bias theory and a rational expectations hypothesis. The evidence does not
support the cognitive bias theory. Klein concludes that analysts do not underpredict
earnings following large stock price declines. Rather, they remain overly optimistic about
future earnings.

Various studies have focused on specific circumstances where an optimistic bias
is observed. Francis and Philbrick (1993) examine analysts’ earnings forecasts as
products of an environment in which analysts forecast earnings and maintain
management relations. Their study finds that analysts’ earnings forecasts are optimistic,
on average, and are more optimistic for stocks with sell or hold recommendations than for

those with buy recommendations.
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Dugar and Nathan (1995) present evidence that financial analysts employed by
brokerage firms that provide investment banking services to a company are optimistic,
relative to other analysts, in their earnings forecasts and investment recommendations.'
The authors hypothesize that market participants rely relatively less on forecasts of the
investment banker analysts in forming their expectations if information regarding the
investment banking relationship of brokerage firms is publicly available.

From a different perspective, Francis and Philbrick (1992) conclude that Value
Line analysts make over-optimistic forecasts although they are not on the supply side.
They explain this evidence by suggesting that analysts are pressured by the managers to
produce optimistic forecasts in order to continue to share management's asymmetric
information. Interpreting the finding that analysts' earnings estimates are overly
optimistic after stock price declines, Klein (1990) provides a similar interpretation that
managers whose firms face adverse conditions pressure analysts to make overly
optimistic forecasts.

Huberts and Fuller (1995) find that current forecasts of earnings are excessively
optimistic for companies whose earnings have been hard to predict in the past.

Trueman (1990) suggests that analysts may be reluctant to revise their forecasts
upon receipt of new information because of the negative signal such a revision provides
concerning the accuracy of their prior forecasts. As a result, the accuracy of analysts’
observed forecasts may understate the precision of their actual information. In a different

study, Trueman (1994) provides evidence on a tendency for analysts to release

! Popular press frequently reports cases of overoptimism by sell-side analysts (see
Dorfman (1991) and Sicinolfi (1992, 1995)).
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information close to prior expectations than is appropriate, given their information.
Trueman also argues that analysts exhibit herding behavior, whereby they release
forecasts similar to those previously announced by other analysts, even when this is not
justified by their information.

Chapter 2 is motivated by the research findings that (1) analysts outperform time-
series models due to their ability to use a much broader set of information not included in
the time series of past earnings, a human advantage, and (2) although they generate
superior forecasts than the time-series models, analysts consistently overestimate earnings
per share. In light of these findings, it can be argued that if analysts use their advantage
selectively depending on their incentive structure and neglect certain negative
information while forming their expectations, this might result in systematic optimistic
biases that are reflected in their forecasts. For example, a sell-side analyst or an analyst
who wants to maintain good management relations may report optimistic forecasts even
though he has access to information that shows the opposite. Chapter 2 further
investigates the nature of bias in analysts’ consensus forecasts of earnings per share.

Recent research studies suggest that models combining analysts’ forecasts with
time-series models result in better forecast accuracy. These findings and results of
Chapter 2 that analysts systematically over-estimate negative earnings motivate Chapter 4
where analysts forecasts are combined with firm-specific pre-announcement information
to better estimate the sign of actual earnings.

Chapter 3 and 5 develop methods of forecast adjustment motivated by findings in

research that (1) earnings and earnings forecasts are closely associated with stock price
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changes, (2) the accuracy of forecasts is of paramount importance because, if detected,
systematic biases in forecasts can be utilized to devise trading rules to earn abnormal

returns.



Chapter 2
DO ANALYSTS FORECAST NEGATIVE EARNINGS OUTCOMES
DIFFERENTLY THAN POSITIVE EARNINGS OUTCOMES?

Forecast Bias

In his review of the academic research on security analysts’ forecasts of earnings,
Brown (1993) concludes that analysts’ earnings forecasts are positively biased.! Brown
leaves open the question of whether or not this forecast bias is intentional. In search of an
explanation for this over-optimism, researchers have focused on those companies that: 1)
use the analyst’s employer to underwrite their securities (Lin and McNichols (1991)), 2)
use the analyst’s employer as an investment banker (Dugar and Nathan (1995)), and 3)
are in financial distress (Moses (1990) and Klein (1990)). Each of these studies finds that
analysts’ forecasts for these firms are positively biased. An important aspect of such
studies is that they pool the forecast data assuming that the forecast error is orthogonal to
the forecasts. With few exceptions, research on forecast bias has treated the negative and
positive forecasts within the same pool. One exception is the Francis and Philbrick (1993)
study, in which the authors conclude that analysts’ earnings forecasts are more optimistic
for sell and for hold stocks than for buy stocks. Motivated by the anomaly manifested in

Figure 1, this chapter investigates whether or not analysts forecast negative earnings

1 Brown (1996) points out that on average, analysts’ forecasts have been negatively
biased in recent quarters.

15
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differently from positive earnings. This inquiry has a potentially important contribution to
the literature, since the previous findings of forecast optimism may be driven by the
positive bias in forecasts of negative earnings.

This study uses Lynch, Jones and Ryan’s Institutional Brokers Estimate System
(I/B/E/S) data base of individual security analysts’ annual earnings forecasts for the
period 1984-1991. The I/B/E/S detail tape contains individual forecasts of annual primary
earnings per share before extraordinary items. These earnings forecasts were matched
with the corresponding earnings figures from Standard & Poor’s Compustat Full-
Coverage database.! Observations were kept if the following conditions were satisfied:

three or more forecasts of primary EPS reported to I/B/E/S during November
for December fiscal year-end companies,

share price greater than two dollars from the previous December on
Compustat.

Forecasted and actual earnings per share for each firm were divided by beginning-
of-year share price in order to scale for cross-sectional differences in the level of earnings
and share price. Hereafter, “earnings” and “EPS” refer to the earnings/price ratio.

Median consensus forecasts for each sample firm and year were constructed from
the November forecasts. Median consensus forecasts were chosen over mean forecasts

because of O’Brien’s (1988) finding that median earnings forecasts exhibit the smallest

1To the extent that analysts do not report “earnings before extraordinary items” to
I/B/E/S, there is an empirical problem with matching earnings from Compustat with
forecasts from I/B/E/S. Discussion of this errors-in-variables problem is beyond the scope
of this paper.
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bias of competing consensus forecast measures. The filter on share price (> $2/share)
eliminated 22 observations (about one-half of one percent of the sample). A large
proportion of these were firms in financial distress with depressed stock prices and large
negative earnings outcomes, for which earnings/price ratios are not meaningful. Table 2.1
shows the descriptive statistics of earnings per share and forecasts of earnings per share
for each sample year from 1984 to 1991, as well as for the pooled sample period of 1984-
91.

Figure 1 plots actual against expected annual earnings based on median consensus
forecasts reported during November for a sample of 4250 observations over the period
1984-1991. A casual inspection of Figure 1 suggests that positive earnings outcomes tend
to be clustered around a 45-degree line through the origin as one would expect of rational
forecasts. The forecasts associated with negative earnings outcomes, on the other hand,
are clearly over-optimistic. Indeed, rarely do negative earnings outcomes exceed the
consensus forecast and fall above the 45-degree line.

Table 2.2 presents the percentage of cases where forecasts overestimate actual
earnings on a year-by-year basis and categorized according to the sign of actual earnings
(EPS) and the sign of the consensus forecast (FEPS). While forecasts of positive earnings
outcomes do not appear to be inaccurate in any systematic way, forecasts of negative
earnings over-estimate actual earnings in each of the sample years in Table 2.2. The
northeast quadrant of Figure 1 corresponds to the positive-earnings, positive-forecast
category (EPS > 0 and FEPS > 0) in the center of Table 2.2. The forecasts in this

quadrant appear to be unbiased and efficient. In contrast, over 75% of forecasts in the
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southwest quadrant (EPS < 0 and FEPS < 0) are over-optimistic. The ray of observations
scattered along the y-axis in the southeast quadrant of Figure 1 reflects a tendency of
analysts to report positive forecasts even when actual earnings are negative.

The northwest and southeast quadrants of Figure 1 are also asymmetric. In only a
handful of cases do analysts make the error of reporting negative forecasts when actual
earnings turn out to be positive as in the northwest quadrant. Of the 258 negative
forecasts, only fourteen earnings outcomes (or about 5% of the sample) are positive.
Many more analysts make the opposite error of forecasting positive earnings when actual
earnings turn out to be negative. As many as 206 of the 450 forecasts associated with
negative earnings outcomes are positive and about 87% of these forecasts are higher than
actual earnings. Negative forecasts as a whole over-estimate actual earnings 71.71% of

the time.

Forecast Bias and Firm Size

In this section I investigate whether firm size (proxied by the market value of
equity) is a factor in forecast bias. The sample is divided into three size groups following
the methodology of Atiase (1985). The first size group (relatively large companies)
includes companies with market values ranging between $300 million-$95,697 million.
Market values of the second (relatively medium size companies) and third size (relatively
small companies) groups range between $50 million-$300 million and $3 million-$50
million, respectively. Figures 2.1 through 2.3 plot actual earnings against the median

consensus forecasts for each size group. Tables 2.3 through 2.5, which are divided into
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quadrants according to the signs of EPS and FEPS, show the percentage of earnings
overestimated, average bias, and average earnings per share in each quadrant for each size
group.

Regardless of the firm size forecasts of negative earnings appear to be over-
optimistic in these figures and tables. Analysts overestimate negative earnings 88.76% of
the time for larger firms that constitute the first size group. In the second size group, the
percentage of forecasts overestimating the negative earnings is 82.79%. Analysts do a
relatively better job forecasting the positive earnings of firms in the first and second size
groups. When the forecasts and actual earnings are both positive (northeast quadrant),
forecasts are clustered around the 45-degree line and the percentage of optimistic
forecasts is close to 50% (48.88% for the first size group and 53.40% for the second size
group). These results suggest that the phenomenon of over-optimism in forecasting
negative earnings is true for larger firms. Analysts also overestimate the negative
earnings of the smallest firms in the sample that constitute the third size group. The
percentage of earnings over-estimated is 86.15% in this case. The northeast quadrant of
Figure 4 reveals that analysts also appear to be more optimistic when they forecast
positive earnings of the small firms. For the pooled sample of 1984-91, the percentage of
forecasts overestimating the actual earnings in this quadrant is 60% for small firms,
which is significantly larger than for the other size groups. This finding is consistent with
previous research documenting a correlation between size and forecast error (Dowen

(1989)).
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Is the Forecast Bias Symmetric?

To examine symmetry in negative and positive earnings forecasts the following
null hypothesis is formed: “Given that there exists a forecasts error, this error is
independent of the size of forecasts” To test this hypothesis, the pooled sample of 1984-
91 is divided into deciles with respect to the size of the earnings forecasts.2 Forecast error
and the percentage of forecasts that overestimate actual earnings are calculated for each
decile. Then, forecast error and mean square forecast error for corresponding top and
bottom deciles are compared using a paired sample t-test and analysis of variance. Results
of the analysis are presented in Table 2.6.

As is evident in Table 2.6, there is a clear asymmetry in forecast errors. Forecasts
that are larger in magnitude have smaller error. The bottom decile has the largest forecast
error (-.050159) and the forecast error is significantly different from zero. The percentage
of forecasts that overestimate actual earnings is also the largest (65.73%) in the bottom
decile of forecasts. A binomial test rejects the null hypothesis that the proportion of
optimistic forecasts is 50%. The percentage of forecasts overestimating actual earnings
monotonically decreases to 56.67% as the bottom category is widened to include the next
four deciles. Mean forecast error in the bottom half of forecasts (-.019323) is smaller than
in the bottom decile but still statistically significant at 5%. The negative sign of the error
indicates that average forecast exceeds actual earnings. The proportion of optimistic
forecasts is close to 50% in the top decile. In fact, the null hypothesis that the proportion

is equal to 50% cannot be rejected. Although significantly different from zero, the mean

2 Size of the forecasts instead of the actual earnings is used in forming the decile groups
because the actual earnings numbers are not known ex ante.
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forecast error is smaller than that of the bottom decile. A paired sample t-test test rejects
the null hypothesis (with 5% significance) that the difference between mean errors in the
top and the bottom deciles are equal. In each paired sample the mean error of the bottom
group of forecasts is significantly greater than that of the top group. Also, mean square
errors in the bottom groups are significantly greater than mean square error in the top
groups. Analysis of variance rejects the null hypothesis (with 5% significance) that the
mean square errors are equal.

In summary: (1) analysts’ forecast errors are asymmetric with respect to the size
of the forecasts, (2) the magnitude of the forecast error increases as the magnitude of the

forecast decreases, and (3) the percentage of optimistic forecasts increases as the forecasts

fall below the average.

A Test of Structural Change in the Forecasts

This section investigates whether the evidence of asymmetry in forecast bias is an
indication of structural change in the analysts’ prediction of earnings per share. In a broad
interpretation, Poirier (1976) states that structural change occurs whenever the parameters
of an economic model change a “small” number of times in response to forces within or
outside the model. In formulating this concept of structural change, Poirier advocates the
use of spline functions as an alternative to dummy variable representations. His focus on
spline functions is based on an assumption of continuity in economic models. A spline

function is a piecewise function in which pieces are joined together in a smooth fashion.
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Pieces of the spline are commonly chosen to be polynomials. A smoothness condition is
assumed for the spline function and its derivative.

My attempt to fit a spline function to the relationship of earnings forecasts and
actual earnings is motivated by the previous section’s finding that forecasts become more
accurate as their magnitude increases. If, in fact, analysts shy away from predicting poor
performance, their forecasts are expected to reflect this as a structural change. Thus, the
objective of this section is to test the existence of structural change empirically with a
linear spline model.

The mathematical formulation of a linear spline is as follows:3
Let the set A = { X 1 < X 2<..< X «.1} of abscissa values be referred to as a mesh and the

k-1 individual points x ;U =1,2,.., k- 1} as interior knots or simply knots. Then the
dependent variable y is a linear spline S,(x) over A if and only if y is a continuous
piecewise linear function in x consisting of k segments defined over k intervals (-co, xi],
[X1, X5, ooy [;(k_,, ), respectively.

In order to formulate the model, I use the following parametrization suggested by

Poirier and referred to as an elementary spline function by Barrondale and Young (1966):

Sa(x)=Bo+ By Wy + By wy + .+ Bywy

where
W, = X
W= (X-Xxjg), =max(x - Xy, 0)
X;1 = J-I’thinterior knot
B, = slope of the spline over the first interval

3 This formulation and its discussion is taken from pages 9-11 of Poirier’s 1976 book
entitled “The Econometrics of Structural Change”.
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B; = the change in slope from interval j-1)t0j,j=2,3,4, ...,k

The first derivative of the above linear spline is a step function with jump discontinuities
equal to B; ( =2, 3, 4, ..., k) at the knots. The slope in the jth segment is (B, + B, + ... B)).
The t-statistic corresponding to B; j = 2, 3, 4, ..., k) indicates the statistical significance of
the change in slope over intervals (j-1) and j. If B; is statistically nonzero, then this
implies structural change occurring at x j1-

In order to formulate the relationship of forecasts to actual earnings as a linear

spline function, I use the following representation:

SA(FEPS) =Bo+ By . wy + B, . W,

where
W, = FEPS (forecast of earnings per share)
W, = max(FEPS -FEPS,, 0)
FEPS ,= the interior knot (point of structural change)
B, = slope of the spline over the first interval
B, = the change in slope from interval 1 to 2

Estimating the parameters of this spline function involves applying the method of linear
multiple regression. However, the exact location of the interior knot is not known a
priori. Thus, the above spline model is not defined unless the values of the transformed
variable w, are known. In order to address this issue, I apply the following methodology.

Starting with an initial value of -2.0 (which is the minimum value of the forecast sample)
for FEPS ,, the above regression is iteratively run by adding an infinitesimal incremental

¢ term of 0.0025 to the initial value of FEPS, after each iteration. The value of FEPS

that maximizes the r* of the regression is taken as the point of structural change. Figure
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2.4 plots 1 values of regressions against the values of FEPS ;. The value of s

maximized (0.7148) when the magnitude of FEPS is -0.8625. This point, which yields
the best fit for the spline function, is a good candidate for the point of structural change.

Parameter estimates of the regression equation are as follows:

SA(FEPS) = -0.685223 + 0.415010 . w, + 0.762667 . w,
(-15.26) (9.24) (14.84)

where

W) = FEPS (forecast of earnings per share)
W, max (FEPS - (-0.8625), 0)

As the t-statistics in parentheses indicate, the coefficients of w, and w, are both
significant at a 5% level. The coefficient of w, which represents the slope before the
interior knot has a value of 0.415010. The slope then changes significantly at the interior
knot by an amount 0.762667, as indicated by the coefficient of w,. Figure 2.5 presents a
graphical representation of the spline function. Although this suggests a point of
structural change in the forecasts, this point lacks a clear-cut economic rationale. This
may be attributed to the existence of a bimodal distribution, possibly with multiple

variances.

Forecast Bias and the Sign of Forecasts
This section investigates my initial question of whether or not predictions of
negative earnings are different from predictions of positive earnings. The null hypothesis

is that analysts’ earnings forecasts are accurate and rational, and therefore should lie on a
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45-degree line drawn through the origin. In order to test this hypothesis, the following

OLS regressions are run:
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