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Abstract

This thesis’ purpose is to explore whether analysts forecast a mean-reverting pattern
in return on equity (ROE). The academic fields of both, mean reversion in ROE and
analysts’ forecasts are well explored. However, literature did so far not connect those
research fields. This is motivation enough for assessing the ROE pattern of analysts’
forecasts. We answer the research question by sorting reported ROE values and ana-
lysts’ ROE forecasts into 10 portfolios in descending order. The extensive dataset in-
cludes Worldscope’s reported financial statement data and the Institutional Brokers'
Estimate System (I/B/E/S) analysts’ forecasts of all publicly traded firms in 16 Euro-
pean countries from 1986-2015. Further, a detailed guideline for combining funda-
mental Worldscope ROE data with earnings per share (EPS) data from the I/B/E/S is
established. Our findings provide supportive evidence for mean reversion in reported
ROE and approve the research question: Analysts predict a mean-reverting pattern in
ROE. We demonstrate that analysts tend to overestimate past losers and that they are
selective in forecasting equities. Past winners (losers) and larger (smaller) firms, meas-
ured in terms of net income and common equity, show a higher (lower) analyst cover-
age. Evidence is provided that analysts’ picks imply a higher future ROE. We propose
a novel approach to offset the analysts’ bias and thus improving ROE predictions. Fi-
nally, this thesis suggests a formula which upcoming research can use to assess and
compare the quality of existing ROE predictions models.



Table of Contents

LISt OF TADIES ...t VI
LiST OF FIQUIES ..ottt sttt sneenre s Vil
List of Abbreviations and ACFONYIMS .......ccceoiiiriieriniee e X
LiSt Of APPENUICES ....ciiieieieee ettt re e enes Xl
L INTFOAUCTION .t b e bbb 1
2 IMBAN REVEISION ...ttt sttt ettt e s e steentesre e beeneesneenreeneeenes 3
2.1 Literature 0N Mean REVEISION........c.civeiuriieiiieieaiesee e eee e e sneesree e eneesneesnens 3
2.2 WOrIASCOPE Data.......eciveeiiciiiiiecie et 12
2.3 Graphical Analysis 0f ROE.........cccccoiiiiiie e 14

3 ANalySts” FOreCasts..........coooviiiiiiiieii e 20
3.1 Literature on Analysts’ FOT@CAStS.........cocvevviriiriiiiiiiiiieiesseee s 20
3.1.1 Literature on Accounting Earnings.........ccccevvevveieeieiieseese e e sie e 21
3.1.2 Literature on StOCK REIUIMNS ......cceveiiiiiiieiisiisisee e 24

I V42T =TS T | - ST 29
3.3 Extrapolating EPS Predictions using LTG.......cccccceoveiieiecc e 32
3.4 Transforming EPS int0 ROE............ccoiieii e 34
3.4.1 Calculating Net INCOME .........ccoeiiiiiiiiieereeee s 36
3.4.2 Calculating BOOK EQUILY .......ccccoveiiieiiiie e 38
3.4.3 Calculating EPS and BPS ..o 38
3.4.4 DeSCriptive StatiSTICS......cveiieieicieiece et 39

3.5 AddING PrediCtiONS........coviiiieiiiiieiiisieie e 40
3.5.1 Calculating the Number of Shares Outstanding ...........ccccccovvevieiiveineenne. 41
3.5.2 Calculating Forecasted Net INCOME ........cc.cocveiiieiii i 41
3.5.3 Calculating Realized Common EQUILY ........cccoovvriiieieieneneseseseseeiee 41
3.5.4 Calculating Realized Common Dividends ..........cccocvverenenenininisieiens 42
3.5.5 UNreSOIVEd ISSUES .....coviiiiiiieiiiie e 43
3.5.6 DeSCriptive StAtISTICS .. ...vieiiiiiiiciie e 44

3.6 Graphical Analysis of Forecasted ROE ............ccooviiiiiien 46

4 Mean Reversion versus Analysts’ Forecasts................ccccoviiniiniiiniiinnineen, 51



4.1 Graphical Comparisons 0f ROE............ccccoiiiiiiiiiicce e 51

4.2 POrtfOlO ANAIYSIS......ooiiiiiiiiiiieeee s 53
4.2.1 BOttOM POItfOli0......cviieiieiiiiiieceee s 53
A o o 0] g 4] o OSSR 55

4.3 ANAlYStS” SEIECTIVILY ..ocuviivieiiiiiiiiisiee e 56
4.3.1 BOttOM POItfOli0......cveieiieiiiiicicceeee s 64
O o o T 0] g 1] o SRS 65

4.4 FOrecasting ROE ..o 67

5 General Conclusions and Suggestions for Future Research ..........ccccceecvveennen. 70
N ] 01T o [ o0 SRR PR 72
N ] 01T o | G RSP PS 73
APPENIX 2.t 76
APPENIX 3.t 79
RETEIENCES ...ttt bbb et 84



List of Tables

Table 1: The number of available EPS predictions before and after extrapolation ... 33
Table 2: Excerpt from the Worldscope-defined income statement.............c.ccccceeneee. 37
Table 3: Construction of net income according to the I/B/E/S structure.................... 37

Table 4: Data availability and key figures for three different approaches to calculating
thE ROE ...t 38

Table 5: Descriptive statistics for three different ROE computation methods .......... 40
Table 6: Realized and forecasted variables for the absolute computation method .... 44
Table 7: Realized and forecasted variables for the deflated computation method .... 45

Table 8: Descriptive statistics for realized and forecasted net income and common

equity, with calculated absolute ValUES.............cccoveieieeii i 57

Table 9: Realized and forecasted ROE by portfolio, thus demonstrating the data
availability for each portfolio...........ccooeieiiiiiii e, 58

Table 10: Descriptive statistics for ROE, net income, common equity, and LTG

forecasts after filtering for analyst predictions ............ccccooveviiieie i 59

VI



List of Figures

Figure 1: The mean reversion process, as illustrated by Mueller (1977).........ccccoc..... 6
Figure 2: Composition of ROE, according to von ArxX (2015) ........ccccevvvevviiveieennnn, 12
Figure 3: Median and mean ROE from 1982-2015 .........cccocveieieeiiniiniie e, 14
Figure 4: The ROE in 10 portfolios from 1982-2010 ..........cccecerereneneniniceeeees 16
Figure 5: The ROE in 10 portfolios from 1982-2015.........cccccceviveiieiienieeneeie e, 18
Figure 6: The ratio of forecasted EPS values to available EPS values...................... 31

Figure 7: The absolute method for calculating the ROE according to I/B/E/S
0 [=] T T L0 SRR 38

Figure 8: The deflated method for calculating the ROE according to I/B/E/S definitions

Figure 9: Comparison of three different ROE computation methods...............c.c...... 39

Figure 10: The absolute method for computing the ROE with forecast years and

ADSOIULE NUMDEIS. ...t 42
Figure 11: Computing the ROE with forecast years and deflated numbers............... 43

Figure 12: Mean of medians forecasted ROE in 10 predefined portfolios for a 5-year

period ranging from 1986-2015 .........cccceiiiiiiiiierieee e 47
Figure 13: Analysts’ one- to five-year-ahead ROE forecasts .........c.cc.covevnvicnnnnnn 47
Figure 14: Structure of the constant ROE forecast years..........cccccccveveveevecvesveennenn, 48

1352
|

Figure 15: New structure for plotting analysts’ forecasts. “I”” adopts values from 1 to 5

aS 1N the MEAN-TEVEISION SECTION .....veeeeeeeeeeeeeeeee e eeeeeeenneenennnnns 48

Figure 16: Mean of medians forecasted ROE in 10 predefined portfolios for a 5-year
period ranging from 1986-2015 .........cccoiiiiiiiiie e 49

Figure 17: Left side: Mean of medians realized ROE in 10 predefined portfolios for a
5-year period ranging from 1986-2015. Right side: Mean of medians realized
ROE in 10 predefined portfolios for a 5-year period ranging from 1986-2015. 51

Vil



Figure 18: Difference in mean of medians between forecasted ROE and realized ROE
in 10 predefined portfolios for a 5-year period ranging from 1986-2015.......... 52

Figure 19: Left side: Mean of medians realized ROE for the predefined bottom
portfolio for a five-year period ranging from 1986-2015. Right side: Mean of
medians forecasted ROE for the predefined bottom portfolio for a five-year
period ranging from 1986-2015. .......ccceiiiiriieiieie e 53

Figure 20: Difference in mean of medians between forecasted ROE and realized ROE

for the predefined bottom portfolio for a five-year period ranging from 1986-2015

Figure 21: Left side: Mean of medians realized ROE for the predefined top portfolio
for a five-year period ranging from 1986-2015. Right side: Mean of medians
forecasted ROE for the predefined top portfolio for a five-year period ranging
TrOM 1986-2015......c.eeeieiieiiee et ns 55

Figure 22: Difference in mean of medians between forecasted ROE and realized ROE

for the predefined bottom portfolio for a five-year period ranging from 1986-2015

Figure 23: Mean of medians realized ROE in 10 predefined portfolios for a 5-year
period ranging from 1986-2015 for selected firms ..........ccooevcvevevienceiivccenen, 60

Figure 24: Mean of medians forecasted ROE in 10 predefined portfolios for a 5-year

period ranging from 1986-2015 for selected firms ..........cccocevveveiicvicceceen, 61

Figure 25: Difference in mean of medians between forecasted ROE and realized ROE
for the predefined bottom portfolio of selected firms for a five-year period ranging
FrOM 1986-2015......c.eeeieiieieeie et 62

Figure 26: Left side: Mean of medians realized ROE for the predefined bottom
portfolio for a five-year period for selected firms from 1986-2015. Right side:
Mean of Medians forecasted ROE for the predefined bottom portfolio for a five-

year period for selected firms from 1986-2015. ........ccccccevveveeienieene e 64

Figure 27: Difference in mean of medians between forecasted ROE and realized ROE
for the predefined bottom portfolio of selected firms for a five-year period for

selected firms ranging from 1986-2015..........ccccoevieiieiieeie e 65



Figure 28: Left side: Mean of medians realized ROE for the predefined top portfolio
for a five-year period for selected firms from 1986-2015. Right side: Mean of
medians forecasted ROE for the predefined top portfolio for a five-year period
for selected firms from 1986-2015.........cccooviiiiniininineee e 66

Figure 29: Difference in mean of medians between forecasted ROE and realized ROE
for the predefined top portfolio of selected firms for a five-year period ranging
FrOM 1986-2015.....c.cciiieieiecieiee et 67



List of Abbreviations and Acronyms

ATO
BPS
DAF
DPS
EPS
FLEV
I/B/E/S
LTG
OLS
PM
RNOA
ROA

ROE

Asset Turnover

Book Value per Share
Dispersion in Analysts’ Forecasts
Dividend per Share

Earnings per Share

Financial Leverage

Institutional Brokers' Estimate System
Long-Term Growth

Ordinary Least Squares

Profit Margin

Return on Net Operating Assets
Return on Assets

Return on Equity



List of Appendices

Appendix 1
Appendix 2

Appendix 3

Xl



1 Introduction

Fama and French (2000: 174) analyzed in their paper “Forecasting Profitability and Earn-

ings” the mean-reverting pattern of profitability and concluded the following:

“There is also predictable variation in earnings. Much of it traces to the mean
reversion of profitability. An important practical implication of this result is
that forecasts of earnings (e.g., by security analysts) should exploit the mean

reversion in profitability. ”

To our knowledge, academic research has not yet assessed analysts’ forecasts in relation
to mean reversion in profitability. This was motivation enough to answer the following
research question: Do analysts predict a mean-reverting pattern in return on equity
(ROE)? This paper connects the research of both, mean-reverting pattern of ROE and
analysts’ earnings predictions, as it aims to reveal new findings of this nearly unexplored
field. Ultimately, we propose two formulas contributing to future research. The first ad-
justs the observed bias in analysts’ forecasts, whereas the second proposes a methodology

to evaluate existing ROE prediction models.

Mean reversion originates from the economic principle that profitability reverts to a mean
level in the long run. This is because market participants with below average returns are
incentivized to move towards more profitable domains. The same mean-reversion pattern
was also observed regarding firms’ ROE and is a well-researched phenomenon. The re-
search field of analysts’ forecasts offers a larger variety. We limit ourselves to the evalu-

ation of analysts’ periodical forecasts concerning earnings and profitability predictions.

The thesis begins by offering a broad overview of the academic literature on the mean
reversion of equities. We mainly focus on accounting earnings in terms of profitability
and absolute earnings but exclude research regarding stock returns. Next, the thesis de-
scribes how we examined such a mean reversion process using a comprehensive dataset
covering 16 European countries from 1982-2015. This mean reversion analysis followed
von Arx’s (2015) methodology. We graphically examined the mean reversion process for
ROE by building 10 portfolios. Additionally, we sorted the portfolios by descending
ROE, analyzed them over time, and compared the findings to von Arx’s (2015) results.

The first section ends by linking our results to the existing literature, such as works by
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Penman (1991), Harris and Nissim (2004), Palepu et al. (2010), and particularly, von Arx
(2015).

In a second section, we reviewed the academic literature on analysts’ earnings forecasts.
The scope is limited to papers evaluating the analysts’ forecasts. Further, the thesis de-
scribes the retrieved Institutional Brokers' Estimate System (1/B/E/S) dataset and the ex-
trapolation of the analysts’ earnings forecasts on the basis of predicted long-term growth
(LTG). As no conventional transmission or academic study has translated Worldscope
ROE data into I/B/E/S earnings per share (EPS) forecasts, this paper provides such a
method. Moreover, our approach to translating between the databases aims to identify
and correct all possible mismatches. Further, we plotted analysts’ forecasts in a similar
way to the mean reversion data. Finally, the paper clarifies whether analysts exploit the

mean reversion in profitability, as suggested by Fama and French (2000: 174).

In a third and final section, we graphically compared section two’s mean reversion results
with section three’s ROE forecasts. Furthermore, we split the initial highest and lowest
portfolio in terms of ROE into 10 sub-portfolios to carefully assess analysts’ estimation
errors when facing extreme ROE values. Next, we selected firms for which analysts had
provided five-year forecasts. Again, we evaluated the highest and lowest initial portfolio
in order to identify analysts’ systematic forecasting errors. At the end of the thesis, we
employed our findings to propose an alternative ROE forecasting model. Furthermore,
we developed a new approach for assessing the quality of prediction models for profita-

bility, in mind that future research builds on our findings.



2 Mean Reversion

This chapter discusses mean reversion in ROE and begins with a chronological litera-
ture review. The fact that the term ‘mean reversion’ has a clear definition in literature
allowed us to structure the review chronologically instead of thematically. Afterwards,
the chapter introduces the retrieved I/B/E/S dataset. Finally, a graphical analysis
demonstrates whether we can confirm past findings from the literature, and particu-
larly those of von Arx (2015).

2.1 Literature on Mean Reversion

Previous studies have analyzed deflated and non-deflated earnings. Therefore, the lit-
erature review presents both. In this context, non-deflated earnings are absolute earn-
ings for a given period. In contrast, deflated earnings are absolute earnings divided by
the book value of equity, and so this figure is expressed as a ratio. The advantage of
the latter method is that it permits analysts to draw comparisons across firms, because
a profitability ratio describes earnings in relation to invested capital. We treat EPS as
non-deflated values for two reasons. Firstly, the number of shares is not related to the
book value, but a firm’s owners decide on the number of shares in an unsystematic
manner. Secondly, a percentage increase in absolute earnings is identical to the in-
crease in EPS if the number of shares remains unchanged. When using deflated earn-
ings, non-distributed prior-year earnings become part of the deflated value, and so the
effective profitability is measured. We also discuss research papers forecasting mean
reversion in ROE based on regressions. Those results are relevant for Chapter 4.4,
“Forecasting ROE.”

The issue of measuring returns on invested capital has been a topic of discussion in the
economic literature for more than 100 years. According to Webb (1888: 191), the anal-
ysis of rates of return was already applied to fields such as rents, profits, and wages.
Early on, Fisher (1907) created the theory of interest. In the theory of economic devel-
opment, Schumpeter (1934) stated that market participants are incentivized to take ad-
vantage of profit opportunities when the market is not in equilibrium. Therefore, long-
term profitability will revert to normal levels. Boulding (1936) studied the rate of re-
turn over time, while Little (1962) analyzed firms’ growth patterns in his work “Hig-

gledy Piggledy Growth”.
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The first to indicate that mean reversion might apply to profitability was Nobel Prize
winner George J. Stigler in 1963. With his vast (for the era) collection of data, Stigler
(1963: 12 and 35) compared returns over time to the corresponding book values. His
data (1963: 48) revealed that rates of return are relatively stable throughout the years
and are closely correlated. To emphasize the importance of his findings, Stigler (1963:
54) opened with the following statement, which many researchers (e.g., Fama and
French [2000], Soliman [2004], Allen and Salim [2005] and von Arx [2015]) have

quoted either in full or in part:

“There is no more valuable proposition in economic theory than that, un-
der competition, the rate of return on investment tends toward equality in
all industries. Entrepreneurs will seek to leave relatively unprofitable in-

dustries and enter relatively profitable ones.”

Stigler (1963: 54) added that this process might happen over time due to market im-

perfections.

A few years later, Beaver (1970) defined the process of pure mean reversion and also
established the pure random walk model. He argued that researchers knew far too little
about accounting behavior and that accounting returns and security returns might ex-
hibit different types of statistical behavior. To our knowledge, Beaver (1970) was the
first to define the mean-reversion process with respect to the time series behavior of

accounting earnings.

According to Beaver (1970), mean reversion describes the process by which the rate
of return reverts to normal earnings over time. It includes the variance as a stochastic
component in the error term. In the pure mean-reversion model, the expected rate of

return is a constant and does not change over time, as it is the deterministic variable.

For his study, Beaver (1970) randomly selected 100 industrial firms listed on the New
York Stock Exchange on December 31, 1954. All of these firms were included in
Moody’s Industrial Manual. Then, Beaver (1970) collected the available firm data of
the selected firms from 1949-1968. He thought that the difference between industrial
and non-industrial firms might be substantial and that a firm’s sector might have an

effect on the variables.
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He concluded that deflated accounting earnings were more successfully approximated
by the pure mean-reversion model rather than by the random walk model. Moreover,
he found that undeflated accounting earnings better fit a random walk model with drift.
These results were consistent with the studies of Ball et al. (1968), Ball et al. (1970),
and Archibald (1967). Further, he confirmed that accounting returns tend to have a

smoothing nature.

Brooks and Buckmaster (1976) used a different approach than previous researchers.
They analyzed the change in earnings, applying stratification rules to find the best
smoothing constant, which was 1. According to their findings, a submartingale pro-
cess, which is similar to a random walk model, was the best fit for the data.

Lookabill (1976) discussed whether accounting earnings follow a random walk model
over time, as Ball and Watts (1972) had previously found, or if they follow a mean-
reverting model, as Beaver (1970) discovered. Additionally, he defined an autoregres-
sion and a moving-average process before analyzing his data. His sample contained 56
firms from the food, beverage, tobacco, chemical, and steel industries, and he sorted
them according to their rate of return. The ROE was consistently calculated as this
year’s accounting earnings divided by last year’s book value of equity. Unlike Beaver
(1970), Lookabill (1976) found that the deflated earnings from the cross-sectional

analysis did not revert to the mean but instead fit a moving average.

Around the same time, Albrecht et al. (1977) analyzed both deflated and undeflated
earnings. They performed a cross-sectional analysis and also assessed individual time
series. Taking into account different industry groups, they found that a random walk
model with drift best fits the undeflated data, whereas deflated earnings followed a

strict random walk model.

Mueller (1977) researched the persistence of profits above and below the norm, creat-
ing the first graphical approximations of an observed mean-reversion process. Addi-
tionally, he graphically represented the partial mean reversion of return on assets
(ROA). Rather than examining the industry level, he assessed individual firm data,
since products, margins, and other important determinants of the rate of return are not
homogenous within industries and are therefore not comparable. He claimed that intra-

industry above-average and below-average profits might simply cancel out each other.
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Mueller (1977) analyzed a sample from Compustat covering 472 firms over a 24-year
period from 1949-1972. He divided the firms into eight different portfolios ordered by
their ROA in the initial year (1949). His results revealed that firms starting in the top
(bottom) portfolio had the highest chance of ending up in the top (bottom) portfolio
years later. Also, Mueller (1977: 372) managed to create a first illustration of the mean-
reverting process of ROA:

Py, | T

/ ¢

Figure 1: The mean reversion process, as illustrated by Mueller (1977)

In the above graph P;j, is the profitability, defined as the ROA, r;, is the observed

ROA; a is the mean return level of all firms; and g is the rate at which returns revert
to the mean. Thus, the concept of mean reversion in profitability had been established
and illustrated in graphic form. However, the academic discussion continued.

Ball and Watts (1977) published a study assessing absolute net income, EPS, net in-
come deflated by total assets, and absolute sales. They analyzed the Standard and
Poor’s Compustat tape over a 20-year period from 1947-1966 and excluded all firms
that either dropped out of the index or joined it during that time frame. With a sample
of almost 900 firms, they found that net income and sales were close to a submartingale
process with a linear trend, or in other words, a random walk model with drift. For
EPS and deflated net income, they found a submartingale process without drift. They
concluded that the random walk model outperformed a mean-reverting model for de-

flated earnings.

Freeman et al. (1982) disagreed with the past literature stating that deflated earnings
follow a random walk (e.g., Ball and Watts [1972] and Gonedes [1973]) and instead



2 Mean Reversion - 2.1 Literature on Mean Reversion

offered support for a mean-reversion process. They managed to prove the existence of
the mean-reversion process that Beaver (1970) had informally observed. They ana-
lyzed Compustat data from 30 firms from 1946-1972. Their results indicated that the
rate of return predicts earnings changes. The distribution of differences in earnings
from one year to the next was not normally distributed. As a consequence, they ana-
lyzed whether an increase (decrease) in earnings was dependent on the actual rate of
return. Furthermore, they mentioned that changes in the rate of return correlated with
changes in earnings. After a year in which the rate of return increases (decreases), the
following year is likely to see the rate further increase (decrease). They found that this
effect was stronger the more that the rate of return deviated from the mean rate of
returns. Moreover, the researchers discovered that a high (low) rate of return reverted
to an average level. Freeman et al. (1982) saw an econometric problem in prior studies:

The null hypothesis is hard to reject because of noisy data.

In his book, Profits in the long run, Mueller (1986) published parts of his 1977 article
in which he had analyzed whether differences in profitability persist across firms in
the long term. He assessed a larger sample, consisting of the 1’000 largest U.S. com-
panies from 1950-1972, and found after the termination of the mean reversion process
some persistent differences. He enforced his claim from 1977 by providing evidence
that high (low) starting values do not completely revert to the mean but remain higher

(lower).

Penman (1991) took a closer look at the components of ROE. In particular, he intro-
duced the “Du Pont system” to disaggregate ROE. Like Lookabill (1976), he defined
ROE as annual earnings divided by the previous year's book value of equity. Penman’s
(1991) study utilize a sample from Compustat spanning 18 years (1969-1986), in
which each year had an average of almost 2,000 data points. Consistent with previous
studies, Penman (1991) classified the portfolios into 20 different portfolios on the basis
of ROE. His findings showed similarities to those of Freeman (1982) who had assessed
ROA. He concluded that firms with a high (low) starting ROE are likely to have a
lower (higher) ROE in a few years’ time but do not completely revert to the median.
Penman (1991) mentioned that the current ROE is not necessarily indicative of the

future ROE. This effect could also origin from the price divided by book value and is
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possibly an indicator of the future ROE, due to market expectations for future and

transitory earnings.

Brown (1993) confirmed the results of previous researchers, such as Ball and Watts
(1972) and Albrecht et al. (1977), stating that absolute, non-deflated earnings follow a
random walk model with drift, whereas deflated earnings adhere to a mean-reversion
process. Brown (1993: 295) concluded that the topic of annual earnings behavior had

been mostly resolved by the late 1970s.

Fairfield et al. (1996) disaggregated ROE from an accounting point of view to retrieve
more information from financial statements. They were able to improve out-of-sample
ROE forecasts, as well as one-year ahead ROE forecasts before special items. They
applied a linear cross-sectional forecasting time-series model and found that operating
earnings were the most important determinant of the future ROE, with non-operating
earnings coming in second place. Other significant disaggregated variables were in-

come taxes and special items.

Fama and French (2000) provided additional evidence for mean reversion and exam-
ined the process’ characteristics more closely. They criticized the previous literature
for conducting few formal tests and frequently basing them on time-series models.
They also mentioned the emerging problem of survivor bias. Analyzing periods in ex-
cess of 20 years implies a considerable number of firms might leave the market. Fur-
ther, they excluded the finance and utility industries due to heavy regulation. In their
study, they forecasted profitability and earnings on a yearly basis using cross-sectional
regressions. Moreover, Fama and French (2000: 169) created the following partial-

adjustment model to forecast profitability:

CP,,, = a + b, DFE, + b,NDFE, + b;SNDFE, + b,SPDFE, + ¢,CP, + ¢,NCP,
+ c3SNCP, + ¢, SPCP; + €444

Here, b,, b;, and b, measure the nonlinear adjustment speed of profitability to the ex-
pected value. The terms c,, c3, and ¢, measure the nonlinear autocorrelation of profit-
ability changes. The individual variables are constructed as follows: CP,,, is the
change in profitability (earnings before interest and extraordinary items but after the
year’s taxes divided by the book value of assets in that same year) from one year to

the next. The variable CP; is the realized change in profitability, while DFE; stands
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for the deviation from forecasted profitability at time t. Finally, N (P) captures negative

(positive) deviations from profitability, and variables including S are squared values.

Fama and French (2000: 170) found evidence that the nonlinearity of the autocorrela-
tion profitability changes was similar to that observed by Brooks and Buckmaster
(1976) and Elgers and Lo (1994). Their computed rate of reversion was 38% per year,
with higher (lower) reversion values when profitability was below (above) average.
They offered a potential economic justification, claiming that a higher reversion rate
is likely in cases of past negative profitability, because such firms might be prone to
failure or takeover. Another possible explanation is the asymmetric timeliness that
Basu (1997) described. Regulation standards require firms to declare or impair losses
on short notice. Therefore, the profitability values can become highly negative in case
of impairment and then quickly revert to the initial profitability level. Gains, on the
other hand, are spread over several periods and have a less drastic impact on a firms’
profitability.

Fairfield and Yohn (2001) disaggregated profitability into asset turnover (ATO) and
profit margin (PM), and assessed whether they could predict changes in profitability.
They found that decomposing ROA into ATO, and PM does not help to forecast the
ROA one year ahead. However, disaggregating the one-year ROA change into ATO
and PM contributes to predicting the one-year changes in ROA.

Nissim and Penman (2001) combined classical ratio analysis with equity valuation.
They distinguished between operating activities and financial activities and completed
a detailed profitability analysis. Their findings suggested that profitability and growth
drive value. Furthermore, they observed accounting figures in detail and analyzed their

behavior over time.

Harris and Nissim (2004) confirmed previous results indicating that ROE are mean
reverting in a non-linear manner. They added that non-linearity is convex for a high

initial ROE and concave a low initial ROE.

In addition, Soliman (2004) explored the mean reversion of profitability for industry-
adjusting ratios. He argued that due to structural differences between industries not all
firms might revert in the same way. Soliman (2004) used the Du Pont model to dis-
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aggregate the return on net operating assets (RNOA) per industry. Through this sepa-
ration process, he managed to increase the predictive power of changes in RNOA. Due
to structural differences, an industry-specific PM and ATO are better fits when meas-
uring the RNOA. He advocated for the inclusion of industry variables in future RNOA
analyses, because a high ATO might be better explained by industry-specific charac-
teristics than firm-specific characteristics.

Allen and Salim (2005) replicated Fama and French’s (2000) study and applied their
methodology to UK companies. This study is of importance, because, to our
knowledge, it was the first such analysis to use European firm data. They found a mean
convergence rate of 23% rate directed to the median. However, their results were not
significantly non-linear. Allen and Salim (2005) mentioned the divergent dividend tax-
ation policies could potentially explain how their results differed from those of Fama
and French (2000).

Altunbas et al. (2008) confirmed Allen and Salim’s (2005) findings using a larger sam-
ple consisting of all listed firms in 15 European Union member states. Their sample,
retrieved from the Worldscope Database, covered the period from 1990-2000 which
sums up to an average of 3’281 firm-year observations. They found that EU firms
demonstrated a mean-reverting tendency for profitability over several years. However,
as in the case of Allen and Salim (2005), the researchers found no evidence of non-
linearity. Further, the mean-reversion process, with a reversion speed of 27%, was
slower than in the US. Altunbas et al. (2008) assessed whether the mean-reversion
speed changed when they used the same industries as Fama and French (2000). This
modification led the reversion rate to be 32%, closer to the 38% annual reversion rate
found by Fama and French (2000). Altunbas et al. (2008) found slower reversion
speeds for industries such as utilities, finance, and manufacturing, where heavy regu-
lation might have been the cause. One of Altunbas et al.’s (2008) final conclusions was
that the U.S. market might be more competitive and homogenous than the European

market.

Nordal (2009) analyzed the mean-reversion process for non-listed Norwegian firms
from 1988-2006. The mean rate of reversion was with 44% per year much higher than
in other studies. The high reversion rate might have been due to Nordal’s (2009) sam-

ple, which consisted of smaller and non-listed firms. Also, smaller companies might
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be more agile and therefore capable of moving more quickly to profitable segments,

thus accelerating the mean-reversion rate.

Palepu et al. (2010: 277) retrieved their sample, which spanned the years from 1992-
2008, from Thompson Financials’ Worldscope database. They formed five portfolios
sorted by descending ROE and observed the mean reversion effect, as in previous stud-
ies. After completion of the mean reversion process, the results revealed that the ROEs
of the top initial portfolio and bottom initial portfolio differed by 11% in ROE. Palepu
et al. (2010: 280) gave two possible explanations for why certain firms consistently
have above-average annual profitability ratios. First, some companies possess a sus-
tainable competitive advantage. Second, pharmaceutical companies, for instance, do

not list research expenses on their balance sheets.

Canarella et al. (2013) focused on whether firm profitability follows a mean-reverting
process or a random walk. They analyzed a large dataset consisting of publically listed
U.S. companies from 2001-2010. They noted that most prior studies had ignored the
cross-sectional dependences in industry data. Nevertheless, their research confirmed

that profitability follows a mean-reverting process.

In his Ph.D. thesis, von Arx (2015) analyzed long-term ROE tendencies. He used a
large dataset consisting of all stock quoted firms in 16 European countries from 1981-
2010. In the portfolio formation year, he split the dataset into 10 portfolios sorted by
descending ROE. Afterwards, he plotted the portfolios over a 10-year period beginning
subsequent to the portfolio formation year. He analyzed the industry differences and
developed an alternative approach with predefined ROE portfolio ranges. Ultimately,

von Arx’s (2015) results provided evidence in support of mean reversion in ROEs.

Since the time of Freeman et al. (1982) or, at latest, Mueller (1986), it had been un-
contested that deflated accounting earnings follow a mean-reversion process and that
portfolios do not fully revert. Since Fairfield et al. (1996), researchers had been build-
ing regression models that incorporated current knowledge on the mean-reversion pro-
cess to predict the ROE one year in advance. Moreover, Allen and Salim (2005), Al-
tunbas et al. (2008), and von Arx (2015) had confirmed these findings for the European

market.
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2.2 Worldscope Data

This subsection describes our retrieved Worldscope data in detail and compares it to
von Arx’s (2015) dataset. Our sample consisted of all listed dead or alive equity firms
in 16 European countries from 1981-2015 (35 years). In alphabetical order, those coun-
tries were Austria, Belgium, Denmark, Finland, France, Germany, Greece, Ireland,
Italy, the Netherlands, Norway, Portugal, Spain, Sweden, Switzerland, and the UK.
The sample included 13’272 individual firms that were retrieved from Thomson Reu-

ters Worldscope.

The academic literature on mean reversion has provided little information when it
comes to the exact definitions of these variables. Von Arx (2015: 207) clearly stated
which Worldscope items codes he used to define the ROE. To provide consistency to

von Arx’s (2015) study, we used his method to compute the ROE.

To ensure comprehensiveness and avoid ambiguity, this paper consistently uses capital
letters and includes the Worldscope item code in parentheses when using a definition
from that database. Appendix 3 provides a detailed list with all Worldscope items.

When employing other definitions, we consistently use lowercase letters.

The net income computed by von Arx (2015) consists of subtracting the Worldscope
Items Income Tax (WC01451) from Pretax Income (WC01401). The deflating varia-
ble is the last year's book equity, which is the sum of the last year's Common Equity
(WCO03501) and the last years’ Preferred Stock (WC03451). The following table dis-
plays the ROE composition, as applied by von Arx (2015):

Composition of ROE according to von Arx [2015]

ROE,

Net Income; / Equity,_4

Pretax Income; — Income Tax; Common Equity,_, + Preferred Stock;_4

Figure 2: Composition of ROE, according to von Arx (2015)
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Calculating ROE this way reduced the study’s time frame to 34 years, because we
deflated the earnings variable by the previous year’s equity variable. To compute the
1982 ROE, for example, we divided net income for 1982 by the 1981 year-end equity

value.

We excluded 2’230 financial firms, which had the Worldscope industry codes ranging
from 4°300 to 4°395. Financial firms might have a slower conversion ratio due to
heavy regulation and could therefore have significantly influenced the results, as men-
tioned by Altunbas et al. (2008). This methodological choice is also consistent with
the studies of Fama and French (2000) and von Arx (2015). Additionally, we removed
extreme outliers consisting of ROE values below -2 and above 2. In accordance with
Nissim and Penman (2001), Harris and Wang (2013), as well as von Arx (2015), we
excluded observations with negative equity. After applying these changes to the data,
the final sample had 10°939 individual firms. The large data table in Appendix 1 dis-
plays the number of observations, median ROE, mean ROE, and standard deviation

for every country in every year.

Overall, 36% of the firms in our full sample were listed on stock exchanges in the UK.
Observations from the UK, France, and Germany comprised more than 60% of all
observations. An analysis of the values for UK firms revealed consistently higher
means and medians from 1982-1990 and lower mean and median ROE from 1997-
2015. The standard deviation increased from 1982-1996 but remained below 0.3 dur-
ing that time period. In contrast, it then crossed the 0.3 threshold and remained above
it after 1996.

A comparison of our dataset with that of von Arx (2015: 22 - 25) demonstrates that
our study included more firms. In particular, in 1998 we had 38% more observations
than von Arx (2015). However, the percentage of additional observations did not re-
main stable over the period of study. Although both datasets consisted of Worldscope
data retrieved from Datastream and included all stock quoted equities from the same
16 European countries, the two studies may have used different filters, thus resulting
in varying numbers of firms. Von Arx (2015: 44) had 87°035 ROE observations,
whereas our study had 121’130 ROE observations. Of note, however, is that our study
included five more observation years, those from 2011-2015. Figure 3 depicts mean

and median ROE in our sample over time:
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Median and Mean ROE

All Industries

0.25 - 025
* Median ROE * Mean ROE
0.20 - 0.20
0.15 - 0.15
=
3
D 0.10 — - 010
C
[s]
g 0.05 - 0.05
@
'
0.00 — 0.00
005 - -0.05
0.10 — 010

rrrrrrror1rr1rr 1011111 1T 1T 1T 17 T T T T T T T T T T T TT
1982 1985 1988 1991 1994 1997 2000 2003 2006 2009 2012 2015

Year

Figure 3: Median and mean ROE from 1982-2015

Obviously, we observed higher ROE values in periods of economic growth and lower
ROE values during recessions. Until 1998, mean ROE values seemed to be more ex-
treme during both economic upswings and downswings. From 1998, however, mean
ROE values were lower than median ROE values. The dot-com crash and the subse-
quent recovery are a possible explanation for the more extreme values from 2001-
2005. That timeframe was also the period for which our sample had noticeably more
observations than von Arx’s (2015) sample. In general, the mean ROE tended to be

lower than the median ROE.

2.3 Graphical Analysis of ROE

This section graphically plots the mean reversion in profitability. We followed von
Arx’s (2015) methodology to ensure comparability between the two studies. First, we
reproduced von Arx’s (2015) methodological procedures and assessed whether we ar-
rived at the same results for the period from 1982-2010. In a second step, we extended
the time frame by five years, until 2015, so that we could include all available data.
Finally, we evaluated whether our results confirmed or refuted the findings described

in the literature review.
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First, we sorted all firms with available 1982 ROE observations by ROE in descending
order. Then, we subgrouped ROE observations building ten portfolios according to the
portfolio formation year 1982. The composition of each portfolio remained the same
over the next decade. Afterwards, we computed the median ROE for each portfolio
over that 10-year period. Given that our timeframe of 34 years exceeded 11 years (the
portfolio formation year and 10 following ROE observations years), we repeated the
above process for each year until only 10 years of observations followed the final port-
folio formation year. Since we had gathered ROE observations from 1982-2015, we
were able to create 24 sets of portfolios, and each year from 1982-2004 established a
portfolio formation year. Finally, we computed the mean ROE for each portfolio of
those 24 processes. This approach is called the mean of medians method. According
to von Arx (2015: 28), this method is advantageous due to its unaffectedness of a sur-
vivorship bias. If a firm goes bankrupt or leaves the stock market, it simply drops out
of the sample.

Von Arx (2015: 33) also developed an alternative approach in which he formed 10
portfolios on the basis of predefined ROE ranges instead according to the number of
firms per portfolio. His portfolios ranged from ROEs above 0.5, 0.5 to 0.4, and so
forth, to end with ROE of below -0.3. Additionally, he analyzed the 90™, 75%, 25" and
10™ quantiles. As all quantile distributions were stable and did not reveal any surpris-

ing results, we do not raise that approach again, as it is outside the scope of this thesis.

Lookabill (1976), Albrecht et al. (1977), Fama and French (2000), Soliman (2004),
Altunbas et al. (2008), and von Arx (2015) analyzed the mean-reversion process by
industry. As our dataset was similar to that of von Arx (2015), we did not examine

industry classes in depth. Such an analysis would have been beyond the thesis’ scope.

Researchers such as Penman (1991), Fama and French (2000), Palepu et al. (2010),
and von Arx (2015) split the ROE into its components (e.g., RNOA, PM, ATO, and
financial leverage [FLEV]). Their aim was to better understand the factors that drive
the ROE and to predict future ROE or RNOA values using linear regressions. They
wanted to use that information to develop investment strategies. Again, such analyses

would have been beyond the scope of the thesis.
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When plotting the portfolios over time, this thesis uses a consistent color pattern and
notation scheme. The eight portfolios with the highest ROEs have been assigned the
following colors, in descending order: pink, purple, blue, light blue, green, light green,
yellow, and red. The two portfolios with the lowest ROEs use gray and black. The
highest, or the tenth, portfolio is always visually depicted in pink. In contrast, the low-
est, or first, portfolio is always illustrated in black. The following graph shows the
mean reversion of ROE according to the preceding of von Arx [2015] with data from
1982 to 2010:
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Figure 4: The ROE in 10 portfolios from 1982-2010

In the above graph, a pattern very similar to that detected by von Arx (2015: 29) is
noticeable. As expected and as many researchers have found (e.g., Stigler [1963], Bea-
ver [1970], Mueller [1977], Freeman [1982], Mueller [1986], Penman [1991], and
Fama and French [2000]), profitability clearly reverted to the mean over time. Further-
more, we confirmed that the portfolios were not fully mean reverting. Finally, we noted
that the mean-reversion process ended after approximately five years, at which point

a steady state was achieved.

We identified 3 explanations why profitability differences persisted after 10 years, a
finding that contradicted Schumpeter’s (1934) claim that market participants have an

incentive to take advantage of profit opportunities. The first reason is that firms have

16



2 Mean Reversion - 2.3 Graphical Analysis of ROE

different accounting policies. The management might actively reduce a firm’s assets
by writing off more assets than necessary and creating hidden reserves, which is known
as conservative accounting. Secondly, firms’ dividend payout policies constitute a sec-
ond possible reason. A higher dividend payout ratio reduces the book equity, resulting
in higher ROE values. The third reason involves accounting regulations. According to
various accounting standards, internal research cannot be recorded as an asset but must
be considered an expense. As a consequence, value-enhancing research investments
increase the future profitability, due to a lower total asset value and therefore also a

partially lower equity basis.

Compared to the graph of von Arx (2015: 29), our results were slightly different. The
highest and the lowest portfolios had slightly more extreme values in the portfolio
formation year (year 0). In the first year, our top portfolio had a ROE of 0.5, while the
bottom portfolio had an ROE of -0.3. In contrast, von Arx’s (2015) top portfolio started
at 0.45, while his bottom one had an initial value of -0.27. Furthermore, after 10 years,
the median ROE was slightly above 0.1 in von Arx’s (2015) sample. On the other
hand, our study had lower ending values, while the bottom two portfolios even had
slightly negative ROE values. Our study’s more extreme starting values, lower ROEs,
and lower portfolio values likely arose from the extended dataset.

After reproducing von Arx’s (2015) methodology, we extended the study’s time frame,
including five additional years (2011-2015), to evaluate whether the mean-reversion

pattern had changed:
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Figure 5: The ROE in 10 portfolios from 1982-2015

Overall, the graph appears very similar to the previous figure. The only notable change
is that the top and bottom portfolios adopted slightly more extreme values in their
formation years. Those differences thus stemmed from the more extreme ROE values

in the portfolio formation years from 2000-2004.

While the mean-reversion process presented itself as very stable, three points of criti-
cism are worth raising. Firstly, we did not have the same number of ROE observations
in each year. However, averaging the 24 mean-reversion processes meant that each
portfolio was equally weighted. This resulted in overweighting (underweighting) ROE
values in years with fewer (more) observations. Secondly, von Arx (2015: 28) claimed
that bankrupt firms removed from the stock market simply drop out and do not create
a sample bias. We would expect that companies with negative ROE (those in the bot-
tom portfolios) would have a higher likelihood of exiting the stock market, due to
bankruptcy, takeover, or management and shareholder decisions. Fama and French
(2000: 162) raised the same point. As the portfolios were not rebalanced, the remaining
firms in the bottom portfolios had more influence than the firms in the top portfolios.
Even though we used median values, this effect could have introduced a bias. In Chap-
ter 4.3, “Analysts’ Selectivity,” we analyze this issue in detail. Thirdly, median values

were provided for the portfolios. However, the ROE values for individual firms had
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much more variation. Using median values could have created the impression that in-
dividual firms’ ROEs did not change much. Chapter 4.4, “Forecasting ROE” further

assesses this issue.

This chapter started by reviewing the literature on mean reversion. Deflated earnings
revert to the mean, as researchers had long expected. Stigler (1963) was the first to
describe this phenomenon, and further research proved that he was correct. Sample
sizes have increased over time, and many researchers have shifted from analyzing time
series to applying cross-sectional methods. Recently, von Arx (2015) published his
findings on mean reversion, and his work made use of an extensive dataset. We used
the methods of von Arx (2015) and demonstrated that the mean-reversion process per-
sisted between 2010-2015.

19



3 Analysts’ Forecasts

This section contains an evaluation of analysts’ earnings predictions. To be consistent
with the last chapter, we begin with a literature review focusing on analysts’ forecasts.
We clearly delimit the scope of this review, concentrating on comparing analysts’ pre-
dictions to the mean-reversion process. Subsequently, the chapter describes our anal-
ysis of the I/B/E/S dataset and offers descriptive statistics. Due to a mismatch in how
the Worldscope and I/B/E/S datasets define different variables, we converted the
Worldscope data into the I/B/E/S format. Additionally, we extrapolated EPS values
using analysts’ LTG forecasts and finally graphically assessed whether analysts ex-
ploit the mean reversion in profitability, as suggested by Fama and French (2000: 174).

3.1 Literature on Analysts’ Forecasts

The literature review focuses on assessing analysts’ EPS and ROE forecast perfor-
mances. In this context, short-term predictions are generally forecasted of up to a year,
and long-term predictions range from one year to several years. Furthermore, this sec-

tion presents a selection of models for forecasting the EPS.

Humans have always been interested in forecasting upcoming events. Forecasting al-
lows us to prepare for the future and limits possible outcomes to a discrete number of
events or a certain range. Furthermore, those who use forecasts have an advantage over
those who do not. Research on analysts’ forecasts grew out of the same starting point
as the research on mean reversion. Both fields emerged from early analyses of unde-
flated earnings time series, going back to early research by Little (1962), Stigler
(1963), Beaver (1970), Ball and Watts (1972), Lookabill (1976), Brooks and
Buckmaster (1976), and Albrecht et al. (1977). To avoid duplication, this section does
not discuss the literature on deflated and undeflated earnings.

The introduction of the I/B/E/S in the U.S. market in 1976 and the international market
in 1987 allowed analysts to access a large range of predictions in one database, making
it the first of its kind. From then on, researchers could utilize a growing selection of
estimates, and as a consequence, the academic literature on earnings forecasts deeply

expanded.
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The academic study of earnings predictions is both broad and fragmented. It is im-
portant to clearly distinguish whether forecasts are evaluated on the basis of account-
ing earnings or stock returns. The analysts’ consensus forecast, consisting of mean
EPS predictions, refers to accounting earnings. In the more recent literature, research-
ers have often assessed analysts’ expectations with regards to stock prices. Therefore,
this literature review is split into two sections to avoid confusion, one on accounting

earnings and one on stock prices.

3.1.1 Literature on Accounting Earnings

At the early beginnings of this research field, Collins and Hopwood (1980) analyzed a
sample of 50 firms’ predicted earnings from 1951-1974. The Value Line Investment
Survey provided the forecast data. They investigated whether analysts’ quarterly earn-
ings forecasts outperformed five different time-series models and found that the fore-
casts were superior to any of the selected models. Thus, Collins and Hopwood (1980:
404) concluded that analysts could react to sudden changes, whereas statistical models
were either slow or unable to respond. Furthermore, they noted that analysts’ superior
predictive power might have stemmed from their information advantage, including
their non-financial information advantage. In contrast, by definition, statistical models

only include numeric data.

Brown and Rozeff (1978) assessed analysts’ quarterly earnings predictions and com-
pared them to univariate time-series models. They found that the analysts included
qualitative information and more effectively exploited the available data than the time-
series models. Additionally, analysts have a timing advantage over time-series models.
They publish their forecasts in the months following the release of firms’ year-end
financial statements. Likely, new qualitative information becomes publicly available
during the interim, giving the analysts an indication of firms’ performances in the pe-
riod directly following the release of year-end statements. Further, Brown and Rozeff
(1978) found that analysts’ timing advantage had a noticeable impact on the accuracy

of their short-term forecasts.

Brown et al. (1987a) mentioned that the superiority of analysts’ forecasts decreases as
the forecast period increases. However, for long-term forecasts, this timing advantage

decreases, and statistical models gained in predictive power.
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Finally, Brown et al. (1987b) compared analysts’ forecasts for different time periods
to time-series models. They found that the larger the firm, the more accurate were the
analysts’ forecasts. Also, analysts’ coverage of companies was non-random. These re-
sults led the authors to conclude that the more economically relevant the firm, the more
information is available on it. Therefore, analysts’ forecasts are more likely to cover
economically relevant firms. The findings of Brown et al. (1987a) and Brown et al.
(1987b) were confirmed by Kross (1990), who found that the more a firm was men-

tioned in The Wall Street Journal, the more accurate were the analysts’ forecasts.

The literature is in consensus that analysts are overly optimistic. Indications of such a
phenomenon were found by O’Brien (1988) and Francis and Philbrick (1993). Butler
and Lang (1991), Francis et al. (2004), and Easton and Sommers (2007) later con-
firmed their findings. Additionally, Ali et al. (1992), Han et al. (2001), Elgers and Lo
(1994), Jagannathan and Ma (2005), and Evans (2012) tried to offset analysts’ opti-
mism. We do not further explore the academic literature analyzing the reasons for an-

alysts’ optimism because this research field is outside of the thesis’ scope.

Moreover, research on analysts’ incentives, as described by Francis and Philbrick
(1993) and Francis et al. (2004), is not included in this thesis’ literature review. Such
studies have neither focused on the reasons for analysts’ optimism and nor validated

their predictions.

Bradshaw et al. (2012) extensively re-examined the topic of accounting returns and
their relation to analysts’ forecasts. They noticed that past studies had relied on com-
parably small samples due to the limited available data. Furthermore, the studies men-
tioned above (with the exception of Brown et al. [1978b]) examined quarterly earnings
for a one-year period but did not include longer forecast horizons. Finally, Bradshaw
et al. (2012: 945) criticized time-series models for needing 10-20 years’ worth of data
to draw statistically significant conclusions, something previous studies had been un-
able to do. When investigating the mean reversion of ROE, researchers such as Look-
abill (1976) and Albrecht et al. (1977) used cross-sectional models instead of times-
series models. Bradshaw et al. (2012: 953) also stated that in earlier years, analysts
only assessed few publicly traded firms, although analysts have been covering more
and more firms in recent years. In 1980, the I/B/E/S did not cover 50% of listed firms.
In contrast, in 2007, only 25% of firms remained uncovered for one- and two-years-
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ahead forecasts. The above-mentioned drawbacks of previous studies provided Brad-
shaw et al. (2012) with motivation to reassess a field of research in which few new
findings had emerged in recent past years. The following paragraphs describe Brad-
shaw et al.’s (2012) subsequent research design, due to its relevance for later sections
of this thesis.

Their sample, obtained from the I/B/E/S, consisted of analysts’ earnings forecasts from
1983-2008. Bradshaw et al. (2012: 955) only included observations for which the fol-
lowing data was available: the previous year’s EPS, one earnings forecast, the corre-
sponding stock price, the realized EPS, the value of sales in the previous year, and
positive earnings in the previous year. This implies that Bradshaw et al. (2012) ex-

cluded all observations for which forecasts from analysts were not available.

They compared the dispersion of these forecasts to a random walk model without drift.
They computed the dispersion variable, which they used to assess the accuracy of the
forecasts, by subtracting the realized EPS, ., from the forecasted EPS,.,. The disper-
sion measurement for the random walk model was simply the EPS, values minus the

realized EPS,, , value.

As Bradshaw et al. (2012: 959) did not have many three-year forecasts to analyze, they
constructed third-year forecasts on the basis of analysts’ two-year forecasts and LTG
predictions. This approach is consistent with previous studies by Frankel and Lee
(1998), Gebhardt et al. (2001), and Ali et al. (2003). Bradshaw et al. (2012: 946) found
that with extended forecast horizons, analysts’ EPS forecasts were not consistently
more precise than time-series models, even though the analysts had timing and infor-
mation advantages. Moreover, for the two-years-ahead forecast, the random walk
model outperformed the analysts’ projections in half of the forecast horizons. Further-
more, for the three-year-ahead forecasts, the random walk model strongly outper-
formed the analysts’ forecasts. Finally, in the long run, the analysts only managed to
outperform the time-series model if they forecasted negative changes or rather small
absolute changes in EPS. Those findings contradicted those of Collins and Hopwood
(1980), who found that analysts’ forecasts outperformed various time-series models.
Further, Bradshaw et al. (2012) discovered that analysts’ forecasts outperformed the
random walk model for short periods, but only for large, developed, and stable firms.
Brown et al. (1987a) and Brown et al. (1987b) came to similar conclusions.
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3.1.2 Literature on Stock Returns

Most academic researchers have analyzed earnings predictions with the goal of devel-
oping investment strategies based on stock prices rather than accounting earnings. Of-
ten, researchers have used accounting EPS predictions to assess the implications for
stock prices. The empirical part of this thesis limits itself to analyzing accounting earn-
ings. Nevertheless, reviewing the literature on how analysts’ forecasts are related to
stock returns yielded relevant and important insights. Therefore, this review discusses
the literature on both accounting earnings and equity returns. While we more closely
assess works with a direct link to our research topic, we also more generally examine

other, less relevant, studies that provide key insights.

One topic of particular interest is forecast dispersion, which measures the degree to
which analysts’ forecasts diverge from actual values. Elgers and Lo (1994) analyzed
the relation between analysts’ EPS forecasts, on the one hand, and past earnings
changes and stock returns, on the other hand. They measured earnings changes as the
change in EPS divided by the stock price at the beginning of the same year. They used
the Compustat and the Center of Research in Security Prices CRSP data tape from
1977-1989 and noted that mean forecasted earnings changes were higher than actual
earnings changes for most years. They defined the forecast error as the mean squared
error. Moreover, Elgers and Lo (1994) demonstrated that analysts’ prediction errors
were systematically related to prior earnings changes and prior security returns. Fur-
thermore, they created a regression model to correct the bias by deflating the earnings
by the share price, and they also included the earnings changes predicted by a random
walk model and the I/B/E/S consensus forecast. The results indicated that both prior
returns and earnings changes could help improve analysts’ predictions for companies

with poor previous performances.

Han et al. (2001) analyzed the dispersion in analysts’ earnings forecasts from the future
realized values. To our knowledge, they were the first to include the observed disper-
sion in ROE prediction models. Their study combined two datasets. First, to assess
analysts’ predicted earnings, Han et al. (2001) retrieved one-year-ahead EPS predic-
tions made nine months before the end of the fiscal year end from the I/B/E/S. Their
data covered the years from 1977-1990. Unfortunately, they did not mention the size
of their sample or the number of EPS predictions. Secondly, they retrieved financial
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statement data from the 1993 Industrial Compustat tape. They computed the realized
ROE by dividing net income by the previous financial year’s common equity. Then,
Han et al. (2001) calculated the future ROE by averaging the latest reported ROE and
the one-year forecast for the ROE. The median predicted ROE was 15%, while the
mean predicted ROE was 14.7%. Moreover, they measured the dispersion in analysts’
forecasts (DAF) by computing the standard deviation deflated by the market price on

the date on which the EPS values were published.

Han et al. (2001) split the firm observations into deciles and then sorted them accord-
ing to the analysts’ forecast dispersion, in contrast to the literature on ROE, which
sorted the deciles by ROE. The DAF is the standard deviation of the analysts” EPS
forecasts, deflated by the price at the date the forecast was released. They found evi-
dence that as the DAF increased (decreased), the future ROE decreased (increased).
Moreover, Han et al. (2001: 105) stated that a poor past performance was positively
correlated to a higher DAF. Abarbanell (1991) came to similar conclusions, finding
that analysts were more likely to overestimate future negative returns than to underes-

timate future positive returns.

Other researchers focused on analysts’ equity selection patterns. According to Das et
al. (1998), analysts can seemingly select those firms that later outperform others, and
they can predict such firms’ earnings. Das et al. (1998) observed that after an initial
public offering, companies with high residual analyst coverage generated significantly
higher returns than firms with low residual analyst coverage. Therefore, Das et al.
(1998) concluded that analysts have predictive abilities. La Porta (1996), Hong et al.
(2000), and Diether et al. (2002) found that analysts rarely cover financially distressed

firms.

Dechow et al. (1997) reported that following analysts’ earnings growth forecasts ex-
plains a substantial part of the above than normal returns. Many other researchers have
also focused on the relationship between analysts’ forecasts and stock prices. Barber
et al. (2001) used analysts’ recommendations to assess stock returns. They found that
following the most favorable recommendations led to abnormal gross returns of more
than 4%.
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Jung et al. (2008) addressed the question of why analysts predict LTG for some firms
but not others. They found that more LTG forecasts are available when investors have
a demand for them. Such demand is positively correlated with the firm's growth op-
portunities, financial health, percentage of long-term investors, size, and age. On the
other hand, this demand is negatively correlated with financial losses.

Researchers also examined analysts’ revised forecasts and their effects on stock prices.
Gleason and Lee (2003) explored factors that explain market price changes after ana-
lysts released forecast revisions, while Burgstahler and Eames (2006) assessed the in-
fluence of analysts’ forecasts on stock prices. Fama and French (2006) computed the
effect of stock valuation on expected returns by dividing the predicted EPS by the book
equity. Scherbina (2004) provided evidence that biases in analysts’ earnings forecasts
have implications for stock prices, and Jung et al. (2008) confirmed that equity markets
react with sensitivity to revisions of LTG estimates. Gebhardt et al. (2001) used ana-
lysts’ LTG forecasts and calculated the dispersion in those forecasts to capture varia-

tions in the implied cost of capital.

Da and Warachka (2011) analyzed differences in long- and short-term earnings growth
forecasts and investigated their relationship to stock price. They created different port-
folios according to implied short-term growth and forecasted LTG. Their findings sup-
ported the strategy of buying low LTG and high short-term growth stocks and selling
the opposite.

Others have concentrated on stocks’ short-term performances. For example, Easton et
al. (2002) used short-term I/B/E/S earnings forecasts, the current book value of equity,
and current stock prices to estimate ROEs and growth rates. Furthermore, Copeland et
al. (2004) found that changes in long-term forecasts have a greater influence on stock
prices than changes in short-term forecasts. Finally, Jegadeesh et al. (2004) differenti-
ated between stocks with a recent high (low) performance and investigated how their

performances affected share prices.

Bryan and Tiras (2007) analyzed how forecast dispersion and information asymmetry
affect share prices. They found that when information asymmetry was high, analysts
instead relied on non-accounting fundamentals when creating their projections. Re-

searchers such as Jagannathan and Ma (2005) and Hui et al. (2013) measured the bias
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in analysts’ predictions and its influence on the stock market. Likewise, Green et al.

(2016) analyzed the reasons for persistent biases.

Hou et al. (2012) criticized analysts’ coverage of small firms and developed a new
approach to forecast the implied costs of capital up to five years ahead. Specifically,
they used total assets, dividend payments, earnings, and accruals to forecast one-year-
ahead earnings, and they used earnings predictions as a proxy for one-year-ahead cash

flow estimation.

Their cross-sectional earnings forecast model captured more than 80% of earnings var-
iance in the first three years. On average, their model was less accurate than analysts’
forecasts, but it resulted in a lower forecast bias and an improved earnings response
coefficient. Further, they managed to extend their model to firms for which analysts
had not created forecasts. Therefore, they saw their model as a better proxy for future
stock returns than the analysts’ predictions, due to its improved coverage, lower fore-
cast bias, and earnings response coefficient. Further, their model’s earnings and im-
plied cost of capital predictions outperformed analysts’ implied cost of capital esti-
mates based on I/B/E/S data.

Evans et al. (2012) compared in their preliminary paper analysts’ projections to the
mean reversion model in terms of their ability to forecast profitability. In a first step,
they revised Fama and French’s (2000) model. Evans et al. (2012: 6) used a cross-
sectional model to forecast earnings. Later, they adjusted their model to h periods
ahead (EPS;,y). Evans et al.’s (2012: 9) following model forecasts earnings for dif-

ferent periods in time:

EPSiip = ag + a1 EPS; + a,LOSS; * EPS; + a3AEPS + a,DEBT_DIST,
+ asEQUITY _DIST; + agSPLIT_DUM; + a,;DIV_DUM,
+ agSPEC ITEMS; + agInSIZE; + €41,

Here, EPS, is the EPS, LOSS; is a dummy variable taking a value of 1 when the EPS
is below 0, 4EPS is the change in EPS from one year to the next, DEBT_DIST; is the
net distribution to debtholders, EQUITY_DIST; is the net distribution to shareholders,
SPLIT_DUM, is a dummy variable for stock splits, DIV_DUM, is a dummy for divi-
dend payments, SPEC_ITEMS; stands for “special and extraordinary items,” and

InSIZE, is the natural log of total assets.
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In a second step, Evans et al. (2012: 11) created a partial-adjustment model to identify

the drivers of EPS changes:
EPS¢y1 — EPS; = By + BLE[EPS;] + B2EPS; + B3(EPS; — EPS;_1) + €441

Here, E(EPS,) is the fitted value representing the expected EPS. In their regression,
they used the Least Absolute Deviation method instead of the Ordinary Least Squares
(OLS). Contrary to Fama and French (2000), Evans et al. (2012) used the EPS instead

of a profitability measure.

In addition to forecasting earnings, Evans et al. (2012) also assessed the analysts’ fore-
casts. They reduced the analysts’ forecast optimism by combining their predictions
with the random walk model. The analysts’ forecasts are known to be overly optimis-

tic, while the opposite is true for the random walk model.

Finally, Evans et al. (2012) improved profitability predictions by utilizing the mean-
reversion model rather than the random walk model or another statistical model. Their
model performed better and exhibited less bias over a 5- to 20-quarter period using
out-of-sample data than when it used analysts’ forecasts. In particular, their models
increased the forecast accuracy by 7% for one-year forecasts and by 27% for five-year

forecasts.

When forecasting out-of-sample data, Evans et al. (2012) concluded that their model
was more accurate than the random walk model, an auto-regressive model, and the
cross-sectional model proposed by Hou et al. (2012). Further, their model outper-
formed analysts’ two- to five-year forecasts, and so they suggested that their model

could be used for firms for which analyst forecasts are unavailable.

Harris and Wang (2013) used the Ashton and Wang (2013) model to generate earnings
forecasts, which they then compared to I/B/E/S earnings predictions. The Ashton and
Wang (2013) model relies on three assumptions. First, capital markets do not have any
arbitrage opportunities. Second, clean surplus accounting holds. Third, dividend pay-
outs reduce the stock price by the distributed amount. Their sample of realized data
was larger than their I/B/E/S sample. They noted that analysts inclined towards provid-
ing forecasts for large and healthy firms and that such predictions tended to be opti-
mistic. Additionally, Harris and Wang (2013) assessed the predictive power of differ-

ent accounting variables on future earnings. They found that the Ashton and Wang
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(2013) model was superior to analysts’ forecasts. However, they did not compare the

Ashton and Wang (2013) model to a mean-reversion model.

The literature is in partial disagreement as to whether analysts outperform statistical
models or researchers’ forecasts. Collins and Hopwood (1980) and Brown and Rozeff
(1978) found that analysts’ forecasts were superior to time-series models. On the other
hand, Elgers and Lo (1994), Han et al. (2001), Bradshaw et al. (2012), Hou et al.
(2012), Evans et al. (2012), and Harris and Wang (2013) developed models that they
claimed were able to outperform analysts’ forecasts. However, those researchers (with
the exception of Han et al. [2001]) analyzed earnings instead of profitability. To our
knowledge, only Bradshaw et al. (2012) assessed the fundamental data on the basis of
which analysts made one-year-ahead forecasts. The other researchers used fundamen-

tal firm data where analysts only partially predicted earnings.

Overall, none of the above researchers assessed firms for which analysts had provided
multiple-year ROE forecasts. Further, none of those studies sorted portfolios by the
realized ROE or assessed the accuracy of analysts’ portfolios. Researchers analyzing
forecast dispersion, such as Elgers and Lo (1994) and Han et al. (2001), sorted their

portfolios according to the forecast dispersion, but not by firm profitability.

3.2 I/B/E/S Data

Assessing analysts’ forecasts in a sophisticated and detailed manner requires a large
dataset. We retrieved data from Thomson Reuters I/B/E/S. According to Thomson
Reuters, the database covers more than 40’000 firms in 70 markets, and over 900 in-
dividual companies contribute data. We retrieved the available forecasted earnings es-
timates for the same firms used in the previous chapter about mean reversion. Again,

that sample consisted of 10°939 individual companies from 16 European countries.

According to Brown and Rozeff (1978) and Brown et al. (1987a), analysts benefit from
a timing advantage due to firms’ release of financial statements following the end of
the year. Our study examines analysts’ earnings forecasts on a yearly basis. However,
forecasts are renewed on a monthly basis or even more frequently. Using forecasts
from the end of the financial year would have introduced considerable bias, because

the financial reports are not available to analysts at that time. To omit this bias, we
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instead aimed to retrieve the first forecast published after the release of a firm’s finan-
cial statement. However, Thomson Reuters Datastream requires a fixed date to retrieve
data.

The end of a firm's fiscal year is often also the end of the calendar year, and firms
publish accounting data in the subsequent months. Regulations require listed firms to
disclose their financial statements in a timely manner. For instance, the Swiss Code of
Obligations sets a six-month deadline (OR 958 | Digit 3). Furthermore, stock ex-
changes and international accountings standards also have established guidelines.
Thus, a delay of three to four months after the fiscal year end appeared to be most
suitable choice.

According to Thomson Reuters (2010: 16), monthly forecasts are updated on the Tues-
day following the third Friday of the month. Thus, Thomson Reuters (2010: 17) rec-
ommended picking a start date between the 20" and the end of the month. Depending
on the month, the Tuesday following the third Friday falls between the 19" and the
25", The 26™ allowed for possible delays due to different time zones and various pos-
sibles failures. Therefore, we retrieved the analysts’ forecasts as of April 26™ of each
year. This seemed to be the best trade-off between (i) ensuring that almost all financial
statements had been published and were available to analysts and (ii) ensuring that
they did not have a noticeable timing advantage which might have permitted them to

update their forecasts.

After downloading the full dataset, we adjusted the year. The forecasts published at
the beginning of 1987 corresponded to the financial year end of 1986. For instance,
the one-year forecasts on April 26 1987 were treated as a 1986 forecast predicting the
EPS for 1987. As a consequence, the I/B/E/S data covered the period from 1986-2015,
even though the data was published in the years 1987-2016.

According to Thomson Reuters’ I/B/E/S Guide (2010: 120), the well-known I/B/E/S
consensus forecast is the mean of all available analysts” EPS forecasts. Moreover,
I/B/E/S also provides the median of the analysts' EPS forecasts. We preferred using
the median EPS to prevent extreme outliers from influencing the forecasts. The mean
and median values, however, were very similar. Appendix 2 provides a detailed data

table with the realized EPS values, the number of forecasted values, and the median
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EPS values for five prediction years. It also displays the LTG forecast for each obser-

vation given as a percentage of the expected annual EPS growth.

Similar to Appendix 1, the number of reported EPS forecasts increased until year 2000.
After that, a small drop was followed by an increase from 2004-2007. The year 2007
saw the most EPS predictions (5°476). Moreover, 2015 was noteworthy, since it had
drastically fewer observations than the year before. A possible explanation for this
effect is that the number of outstanding shares had not been published when we re-
trieved the I/B/E/S data. This effect was not observable in the Worldscope Data de-
scribed in Chapter 2.2 (p. 12), because the number of outstanding shares was not nec-
essary for computing the ROE. Furthermore, calculating the EPS does not require any
prior year values. As Appendix 2 demonstrates, neither the mean nor the median
greatly increased over the study period. Analysts’ median predicted LTG rate was
10%. While the number of analyst predictions per firm increased slightly, the absolute
number of assessed firms grew notably. Figure 6 illustrates the number of analyst pre-

dictions per year as a percentage of all available realized EPS calculations:
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Figure 6: The ratio of forecasted EPS values to available EPS values

In the graph, “EPS1,” “EPS2,” and so on stand for the length of the forecast. For in-
stance, the green line, “EPS3,” is the ratio of available three-year forecasts to available
realized EPS observations for the same year. The percentage of one- and two-years-

ahead forecast coverage decreased overall. The exception was the very last year, since
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significantly fewer realized EPS observations were available. In contrast, the percent-
age of three-years-ahead predictions increased over time, reaching a similar level as
the one- and two-years-ahead predictions. Four- and five-years-ahead estimates were
very rare until the mid-1990s. From that point on, they increased, reaching a total of
10-20% of realized EPS observations in the remaining study years. Moreover, LTG
coverage steadily increased in the early years, from 10% to more than 20%.

Our findings differed from those of Bradshaw et al. (2012: 953). They plotted the num-
ber of uncovered firms and found that the percentage of covered firms increased con-
siderably for one- and two-year forecasts. Our sample selection method might explain
this divergence. We included all firms in 16 European countries, only removing finan-
cial firms and firms with negative equity. On the other hand, Bradshaw et al. (2012:
954) had stronger data availability criteria for including firms in their dataset. Moreo-
ver, their study focused on the U.S. market, and one would expect that U.S. firms might
be subject to higher level of analyst coverage.

3.3 Extrapolating EPS Predictions using LTG

The number of EPS predictions was not sizeable, as Appendix 2 demonstrates. In par-
ticular, there were noticeably fewer forecasts for lengths longer than two years. Fewer
than 10°000 five-year EPS forecasts were available, whereas more than 130’000 real-
ized EPS observations were available. The lack of multiple-year predictions consti-

tuted a drawback, and so we aimed to increase the number of estimates.

The Thomson Reuters I/B/E/S (2010: 125) database includes the variable “forecasted
LTG.” Analysts directly contribute this variable, and it is not calculated on the basis
of I/B/E/S data. It represents the expected annual growth in operating earnings as a
percentage. Such forecasts should look three to five years ahead. Thomson Reuters
I/B/E/S (2010: 121) recommends using the median value of long-term forecasts rather

than the mean to avoid biases due to extreme outliers.

In the academic literature, Frankel and Lee (1998), Gebhardt et al. (2001), Ali et al.
(2003), and Bradshaw et al. (2012) have applied this procedure to generate LTG fore-
casts of up to three years. Likewise, Evans et al. (2012) produced forecasts of up to

five years. In contrast, we multiplied the last available median EPS prediction by the
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median LTG forecast. For example, when I/B/E/S provided a two-year forecast and a
LTG forecast, we used the LTG forecast to extend the two-year forecast, thus gener-
ating the prediction for the next year. Again, we multiplied this prediction for the third
year by the LTG forecast to obtain a fourth-year prediction, and so on. The following

formula provides the formal notation:

EPS,,; = EPS,;_; * (1 + LTG,/100)

Where EPS,,; is the EPS prediction for year t forecasting i years ahead and LTG; is
the LTG forecast for year t. Throughout this thesis, “z” stands for the portfolio for-
mation year, and it takes discrete values between 1982 and 2010. Further, “i” stands
for the number of years in which a forecast was made in advance, and it can adopt
discrete values from 1 to 5. Realized values from the Worldscope database are labeled
with the prefix “R,” which stands for “realized.” Estimated values consistently contain

the prefix “F” for “forecasted” when they originated from the I/B/E/S database.

After extrapolation, we obtained the following number of EPS observations. In Table
1, the letters “MD” at the end of a variable name signify that we consistently used

median forecast values instead of means forecast values:

After extrapolation Before extrapolation
N N
REPS 133'165 REPS 133'165
FEPSIMD 75'609 FEPS1IMD 75'609
FEPS2MD 72'044 FEPS2MD 71'925
FEPS3MD 51'319 FEPS3MD 48'575
FEPSAMD 30'216 FEPSAMD 18'073
FEPS5MD 25'946 FEPS5MD 8'434
FLTGMD 23'866 FLTGMD 23'866

Table 1: The number of available EPS predictions before and after extrapolation

Evidently, the number of one-year-ahead predictions did not change after we extrapo-
lated additional EPS forecasts. However, the longer the forecast period, the more ob-
servations became available following that process. For instance, after extrapolation,

the five-year forecast horizon had come close to 26’000 observations.
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The above table indicates that extrapolating additional EPS predictions on the basis of
analysts’ LTG forecasts increased the number of two- to five-years-ahead EPS esti-
mates. In particular, four- and five-years-ahead EPS predictions were clearly more nu-

merous. We used these extrapolated values for the upcoming sections.

3.4 Transforming EPS into ROE

Analysts’ forecasts are on a per-share basis. Consequently, the academic literature
(e.g., Elgers and Lo [1994], Bradshaw et al. [2012], Hou et al. [2012], Evans et al.
[2012], and Harris and Wang [2013]) has primarily assessed analysts’ predictions by
measuring the EPS. However, we saw two disadvantages of this method. First, it is
impossible to compare EPS predictions across firms using absolute numbers, since
firms have different earnings levels and book values for equity. A high EPS value does
not imply high earnings or high profitability. Second, comparing a single firm’s EPS
over time is not ideal, because the owners and the management can easily modify the
number of outstanding shares. Decreasing the number of shares results in a higher EPS.
Therefore, past results would need to be reformulated to be useful. On the other hand,
the ROE does not have any of these disadvantages, and numerous companies can be
meaningfully evaluated using that metric. This thesis assesses analysts’ ROE forecasts
but not their EPS predictions. This choice is consistent with the methodology used in
the first section, and it also allowed us to assess whether analysts predicted a mean-

reversion effect in earnings.

For international markets, I/B/E/S EPS forecast data has been available since 1987.
According to Thomson Reuters (2010: 28), ROE forecasts were introduced in May
1999. The consensus forecast is measured in EPS, and as ROE forecasts are less rele-
vant, fewer analysts provide ROE predictions. Using analysts’ ROE predictions would
have severely restricted both, the horizon of the analysis and the data pool. On the
other hand, it would have circumvented the task of manually transforming EPS data
into ROE data. However, for the sake of data availability, we opted to calculate the
forecasted ROE from the EPS predictions.

Researchers such as Gebhardt et al. (2001), Fama and French (2006), Evans et al.
(2012), and Bradshaw et al. (2012) have all transformed I/B/E/S EPS forecasts into
ROE values. For example, Gebhardt et al. (2001: 142) divided the forecasted EPS by
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last years’ book equity. However, to our knowledge, no academic source has provided
detailed and precise guidelines on how to match I/B/E/S EPS estimates with
Worldscope ROE values. The different definitions used by these two databases could
have introduced a substantial bias, thus rendering the results less meaningful. To en-
sure data comparability and increase the accuracy of the ROE values, we developed
an extensive methodology for transforming EPS values into ROE values.

As stated in Chapter 2.2, we use capital letters to refer to predefined items from either
Worldscope or I/B/E/S. Additionally, Worldscope item codes are included in paren-

theses. For all other variables, lowercase letters are used.

The transformation process had two stages. First, we decomposed ROE into its com-
ponents. In a second step, we addressed the problems posed by the different definitions

employed by Thomson Financials Worldscope and Thomson Reuters I/B/E/S.

The basic concept behind all methods for ROE calculation is to deflate the earnings
component by the last years’ invested capital component, thus yielding the profitability
ratio. Penman (2013: 147) defined the ROE as follows:

ROCE; = Comprehensive earnings to common, / Book value,

Where ROCE; stands for return on common shareholders’ equity in year 1. For our
use we replace the return on common shareholders’ equity by ROE, comprehensive
earnings to common by net income and book value by common shareholders’ equity.
Also, the Arabic numerals are replaced by t. We extended the following formula by

adding the common shares outstanding in the following formula:
ROE, = (NI, / CS0,) / (CSE,_, / CSO0,)

Where NI, stands for the net income in time t, and CSO, stands for the common shares
outstanding in time t. By restating the above formulas, we obtain EPS and book value

per share (BPS) definitions as follows:
EPSt == NIt/CSOt
BPSt == CSEt/CSOt

Where EPS; stands for the EPS in year t and BPS; stands for the BPS in year t. By
using the EPS as the earnings component and the BPS as the invested capital compo-

nent, we obtain an alternative definition of ROE:
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ROE, = EPS, / BPS,_,

Both the numerator and the denominator are on a per-share basis. The disadvantage is
that the values are not absolute and are instead per-share deflated values. This renders
any analyses of absolute net income and the book value less meaningful. Therefore,
we carefully developed the following approaches for calculating the ROE and com-
pared them among each other. First, von Arx’s (2015) approach used in Chapter 2.2,
“Worldscope Data”. Second, the absolute method estimated ROE as: NI, / CSE;_;.
Third, the deflated method computed ROE as: EPS, / BPS;_;.

To properly translate between the Worldscope and I/B/E/S definitions, we analyzed
the composition of both data systems in detail, paying particular attention to net in-
come, the book equity, and the BPS. After the transformation, the realized Worldscope
values all follow I/B/E/S definitions. Of note is that the following sub-sections only
include realized values. Analysts’ forecasts are discussed in Chapter 3.5, “Adding Pre-
diction Years.”

3.4.1 Calculating Net Income

Von Arx (2015), Worldscope (2007), and I/B/E/S (2010) all use different definitions
of net income. To illustrate this issue in a comprehensive way, the following table 2
contains an excerpt from Worldscope’s (2007: 56-78) income statement metrics for

industrial companies:

Worldscope Metric WC Code
Pretax Income WC01401
-Income Tax WCO01451
=NI as used in the mean reversion part

-Minority Interest WC01501
+Equity in Earnings WC01503
+After Tax other Income/Expenses WC01504
+Discontinued Operations WC01505
=Net Income before Extraordinary Items/Preferred Dividends WC01551
+Extraordinary Items & Gain/Loss Sale of Assets WC01601
=Net Income - Bottom Line = Net Income before Preferred Dividends WC01651
-Preferred Dividend Requirements WC01701
=Net Income After Preferred Dividends (Basic EPS) WC01706
=NI Used to Calculate EPS = NI Available to Common WC01751
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Table 2: Excerpt from the Worldscope-defined income statement

As described in Chapter 2.2, von Arx (2015: 207) computed net income as Pretax In-
come (WCO01401) minus Income Tax (WC01451). Appendix 3 displays von Arx’s
(2015) approach to using the Worldscope items in calculations. For the EPS calcula-
tion, Worldscope uses Net Income Used to Calculate EPS (WC01751), which was
formerly Net Income Available to Common (WC01751).

The I/B/E/S Glossary (2000: 8) defines EPS differently than either Worldscope or von
Arx (2015). Analysts providing data to I/B/E/S only consider the operating income,
discontinued operations, and extraordinary items. However, I/B/E/S definitions are not
based on Worldscope items. The I/B/E/S Glossary (2000: 8) mentions that the proce-
dure is far from the ideal way to valuate a firm, and it might differ from other data
providers. Nevertheless, we considered discontinued operations and extraordinary
items of I/B/E/S to be the equivalent of Worldscope’s Discontinued Operations
(WC01505) and Extraordinary Items & Gain/Loss Before Preferred Dividends
(WCO01701). Table 3 indicates the composition of analysts’ forecasted net income ac-
cording to the I/B/E/S database:

Worldscope Metric WC Code
Pretax Income WC01401
-Income Tax WC01451
=NI as used in the mean reversion part

+Discontinued Operations WC01505
+Extraordinary Items & Gain/Loss Sale of Assets WC01601
=Net Income as forecasted from Analysts

Table 3: Construction of net income according to the I/B/E/S structure

To maintain consistency between forecasted and realized net income values, we used
the 1/B/E/S methodology to compute net income using Worldscope data. Next, we
compared our computed net income values to those of von Arx (2015) and those from
Worldscope’s Net Income Used to Calculate EPS (WC01751) item. Table 4 contains
the net incomes generated by these three methods. The mean and the median values

vary slightly across the approaches:
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N Median Mean SD
NI von Arx 135'006 1'935 71'975 810'872
NI Worldscope 137'535 2'629 83'787 830'321
NI I/B/E/S 137'622 2'416 80'483 841'397

Table 4: Data availability and key figures for three different approaches to calculating the ROE

3.4.2 Calculating Book Equity

The I/B/E/S Glossary does not indicate whether it includes preferred stock in the num-
ber of outstanding shares. Nevertheless, it (I/B/E/S Glossary, 2000: 6) consistently re-
fers to common equity without mentioning preferred stock when discussing conven-
tions for calculating the number of outstanding shares. We thus assumed that I/B/E/S
forecasts do not include Preferred Stock (WC03451), as they do not include Preferred
Dividends Requirements (WC01701) either. Therefore, we used Common Equity
(WCO03501) alone as the denominator when deflating the analysts’ forecasts. In con-
trast, von Arx (2015) defined the book equity as Common Equity (WC03501) plus
Preferred Stock (WC03451). Figure 7 illustrates how to compute the ROE using
I/B/E/S definitions in year t via the absolute method:

Breakdown of ROE into Net Income and Common Equity

ROE,

T

Net Income; / Common Equity,_,

NI as in MR; + Discontinued Operations; + Extraordinary Items;

Figure 7: The absolute method for calculating the ROE according to I/B/E/S definitions

3.4.3 Calculating EPS and BPS

Computing the ROE via the deflated method requires not only the forecasted EPS but
also the last years’ realized BPS. Again, I/B/E/S does not clearly define what should
be included in the BPS.

The Worldscope definition of the Book Value Per Share (WC05476; 2010: 215) in-
cludes the items Common Equity (WC03501), Preferred Stock (WC03451), and other

equity items. To be consistent with our previous methodological choices, we did not
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3 Analysts’ Forecasts - 3.4 Transforming EPS into ROE

use the Worldscope definition of BPS. Instead, we used the above-mentioned method
for computing the book equity, and divided Common Equity (WC03501) by Common
Shares Outstanding (WC05301). We use the Worldscope definition for Common
Shares Outstanding (WC05301) as they cancel each other out. Figure 8 decomposes
the deflated ROE method according to I/B/E/S definitions by using Worldscope data:

Breakdown of ROE into EPS and BPS

ROE,

/\

EPS, / BPS,_4

N T

Net Income, | Common Shares Outstanding,—, Common Equity,_, | Common Shares Outstandingi—,

NI as MR, + Discontinued Operations; + Extraordinary Items;

Figure 8: The deflated method for calculating the ROE according to I/B/E/S definitions

3.4.4 Descriptive Statistics

Figure 9 compares the three different approaches for calculating the ROE. The ana-

lyzed time frame ranges from 1982-2015:

Comparison of Median ROE values

All Industries, Median Values
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Figure 9: Comparison of three different ROE computation methods
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First of all, “ROE1” corresponds to von Arx’s (2015) approach to calculating the real-
ized ROE. Secondly, “ROEZ2” refers to the I/B/E/S approach (the absolute method),
which is net income divided by Common Equity (WC3501). Finally, “ROE3” corre-
sponds to the I/B/E/S approach of dividing the EPS by the BPS. This paper refers to
this technique as the deflated method. Again, computed ROE values above 2 and be-

low -2 were removed.

All three ROE definitions led to similar results. However, von Arx’s (2015) approach
(“ROE1”) somewhat diverged from “ROE2” and “ROE3” between 2010-2015. Table

5 illustrates the amount of data that the three computation methods made available:

N Median Mean SD
ROE1 117'963 0.0796 0.0513 0.3489
ROE2 119'099 0.0876 0.0519 0.3622
ROE3 119'455 0.0828 0.0526 0.3507

Table 5: Descriptive statistics for three different ROE computation methods

Constructing the ROE according to I/B/E/S definitions resulted in both more accurate
ROE values and slightly improved data availability compared to von Arx’s (2015)
method.

When comparing the ROE values to the realized EPS values in Table 1, it becomes
clear that more EPS than ROE observations were available. This stems from the ap-
proach used to calculate the ratios. We calculated the ROE by dividing net income by
the last year's book equity, whereas we computed the EPS by dividing net income by
this year's number of shares. The need for the last year’s book equity reduced the num-
ber of ROE values.

3.5 Adding Predictions

After determining how to compute ROE values according to I/B/E/S definitions using

Worldscope data, we added forecasted I/B/E/S values.

We compute the ROE forecasts using two different approaches. The first approach
combines the absolute values defined above as “ROE2” using forecasted net income,
realized common equity, and realized common dividends. The second utilized the de-
flated values as defined for “ROES3,” and it used forecasted EPS, realized BPS, and
realized dividend per share (DPS).
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3.5.1 Calculating the Number of Shares Outstanding

Analysts release their EPS predictions several years in advance assuming that the num-
ber of shares will remain constant. Consequently, we used a constant number of Com-

mon Shares Outstanding (WC05301) in year t for all prediction years i:

Common Shares Outstanding, = Common Shares Outstanding,;

3.5.2 Calculating Forecasted Net Income

The below formula illustrates how we computed forecasted net income from the ana-
lysts’ forecasted EPS:

FNI;,; = FEPS;,; * Common Shares Outstanding;

Where FNI,,; is the analysts’ forecasted net income in year t for i years ahead and

FEPS,,; is the analysts’ forecasted EPS in year t for i years ahead.

3.5.3 Calculating Realized Common Equity

As described in Penman’s (2013: 40) textbook, shareholders’ equity only stays con-
stant if net income is equal to net shareholder transactions. If not all positive net in-
come is distributed to the shareholders, the book value rises. Also, it would be unreal-
istic to assume the book value would stay constant over the upcoming years. Penman

(2013: 40) used the following formula to compute the shareholders’ equity:

Shareholders' Equity,
= Shareholders' Equity;_, + Comprehensive Incomes;

— Net Shareholder Transactions;

We adapted the formula for our purposes and replaced shareholders’ equity with Com-
mon Equity (WC03501), comprehensive incomes with net income according to
I/B/E/S definitions and net shareholder transactions with common dividends. Finally,
we included the forecast years i and distinguished whether realized or forecasted val-

ues were used. This resulted in the following equation:
RCEyy; = RCE¢yi—1 + FNIpy; — RCDyy

Where RCE,,; is the realized Common Equity (WC03501) in year t for i years ahead

and RCD;; is the realized common dividends in year t for i years ahead.
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3.5.4 Calculating Realized Common Dividends

Furthermore, we needed to define the realized common dividends. With a varying
RCE,,;, RCD,,; is also expected to change. Gebhardt et al. (2001) faced a similar sit-
uation. To solve the issue, they used the current dividend payout ratio k and assumed
it would remain constant over the coming years (Gebhardt et al., 2001: 142). Their

approach was as follows:
Biyi = Bryi—1 + FEPSy; — FEPSpy; + k

Where B,; is the BPS in year t for i years ahead, FEPS,.; is the forecasted EPS in

year t for i years ahead, and k is the current dividend payout ratio. With:
FDPS,,; = FEPS,,; * k
Where FDPS, ., is the forecasted DPS in year t for i years ahead. Therefore:
Biyi = Beyi-1 + FEPS i — FDPS;;

Our formula was analogous to that of Gebhardt et al. (2001: 142) but used different
notation. In addition, we preferred to use a different formula for realized common div-
idends, omitting the current dividend payout ratio k and replacing it with the forecasted

net income growth ratio (FNI;,;/ FNI;4;_1):
RCD¢y; = RCDyyi—q * FNIpyi/ FNIpyiq

After defining all relevant variables, we compiled Figure 10, which demonstrates how

the absolute method utilizes the above-described variables:

Breakdown of ROE into forecasted Net Income and Common Equity

ROE¢y;

FNI¢y / RCE¢1i—

N\ I

FEPS;y; *» Shares Outstanding; RCE;y; 2+ FNI;y;_1—RCD¢yi_4

I

RCD¢yi—2 *FNlpyi—1/ FNIgii—p

Figure 10: The absolute method for computing the ROE with forecast years and absolute numbers

42



3 Analysts’ Forecasts - 3.5 Adding Predictions

The advantage of this approach is that it yielded absolute, undeflated values. The same
formula construction can also be applied to deflated values. Since the methodology
with deflated values was identical, the paper does not develop it again. Figure 11 il-

lustrates how the deflated approach can be used to compute the ROE:

Breakdown of ROE into EPS and BPS

ROE,
FEPSt+l' / RBPSt+l'_1

RBPS,1i—2+ FEPS;4;—1— RDPSpyi—1

RDPS¢yi—o% FEPStyi—1/ FEPStyi—
Figure 11: Computing the ROE with forecast years and deflated numbers

This method did not require the number of shares to compute the ROE. However, as
mentioned above, the per-share basis method does not yield absolute values, because

number of shares outstanding deflates them.

3.5.5 Unresolved Issues

By adapting the Worldscope data to I/B/E/S definitions, we faced two issues for which
we could not account. The first involved the varying number of shares. Thomson Fi-
nancial (2007: 21) is well aware that countries have different regulations concerning
disclosures on shares. It (2007: 234) reports the number of outstanding shares at a
firms’ year-end. If the provided number of shares is determined by the beginning and
the end of the year values (instead of using end-year values), Worldscope uses foot-
notes to point out the differences in disclosure. Also, in the case of more than one
common or ordinary share type, the item Common Shares Outstanding (WC05301)
represents adjusted and combined shares to reflect the par value of the share. Accord-
ing to the I/B/E/S Glossary (2000: 6), share disclosure for non-U.S. firms is only based
on the predominant share type that the majority of analysts have covered. Moreover,
I/B/E/S also considers if a type of share is available to non-nationals and which type

of share has the highest public float. The irreconcilable differences between
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Worldscope and I/B/E/S may have introduced a small bias for which we could not

correct.

The second issue arises from the differentiation of basic and diluted shares. Thomson
Financial (2007) has Worldscope codes for basic (non-diluted) and diluted numbers of
shares. Earnings Per Share (WC05201) is equal to the basic EPS computation (Thom-
son Financial, 2007: 272). Precisely, Earnings Per Share (WC05201) is calcualted by
dividing Net Income Used to Calculate EPS (WC01751) by Common Shares Out-
standing (WC05301). However, the I/B/E/S Glossary (2000: 6) applies another policy
regarding the dilution of shares. It does not instruct analysts on whether to disclose
based on basic or diluted types of shares. I/B/E/S follows the majority and adjusts
analysts’ forecasts by a company-specific dilution factor when an analyst’s methodol-

ogy uses a different approach. This inconsistency could have led to slight differences.

3.5.6 Descriptive Statistics

This sub-section compares the absolute and deflated ROE computation methods. Table
6 summarizes the forecasted net income, forecasted common equity, forecasted com-

mon dividends and forecasted ROE according to the absolute method:

N Median Mean SD N Median Mean SD
NofShares 133'522 19'698 151'330 982'117 RCD 78'623 4200 78'938 547'756
RNI 137'622 2'416 80'483 841'397 FCD1MD 49'587 29'238 550'457 257'695'880

FNIIMD 69'291 45'038  2'075'280 20'745'105 FCD2MD 45'654 35'866 332'412 328'913'794
FNI2MD 63'331 63'350 2'444'688 23'122'897 FCD3MD 32'984 47'596 318'078 423'896'797
FNISMD 44611 90310  3'461'679 28'774'896 FCD4MD 20'585 71743 245'980 581'126'496

FNI4MD 25845  155'081 5'738'271 38'844'575 RROE2 119'099 0.0876 0.0519 0.3622
FNISMD 21'392 223178  7'131'100 45'494'011 FROEIMD 46534 0.1159 0.1277 0.2634
RCE 131746 53'533 820'811 5'178'025 FROE2MD 41545 0.1711 0.4432 0.5952
FCEIMD 49580  343'867 3'849'524  257'799'096 FROE3MD 31'969 0.1694 0.3079 0.3985
FCE2MD 45648 513242 7'039'555  597'267'159 FROEAMD 20'192 0.1624 0.2441 0.3096
FCE3MD  32'980  871'800 13'449'189 1'126'493'561 FROESMD  17'507 0.1599 0.2179 0.2773

FCEAMD  20'583 1'425'842 26'740'020 2'006'829'000

Table 6: Realized and forecasted variables for the absolute computation method

As stated above, variable names starting with the letter “R” are realized values, and
variables names starting with “F" are forecasted value. Again, the letters “MD” at the
end of a variable name signify that we consistently used median forecast values instead

of mean values.

The mean forecasted ROE value was significantly higher than the median value, par-

ticularly for two- and three-years-ahead forecasts. This indicated that more forecasted
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ROE values were closer to 2 than to -2, which is plausible as ROE values below -1 are

unrealistic. For consistency, outliers above 2 or below -2 were removed.

Forecasted net income, forecasted common equity, and forecasted common dividends
all increased very rapidly in the predictions’ first years, partially due to the construc-
tion of the above formulas. A high forecasted net income results in high common eg-
uity and dividend values. The following chapter returns to this issue.

As already seen, data availability decreased for longer forecasts. The number of fore-
casted ROE values was significantly lower than the number of EPS predictions. This
was due to the fact that we omitted ROE values above 2 and below -2, and the large
number of variables that the ROE computation required also played a role. If one of

the necessary variables was missing, we were not able calculate the ROE.

Table 7 summarizes the forecasted EPS, forecasted BPS, forecasted DPS, and fore-

casted ROE, as calculated via the deflated method:

N Median Mean sSD N Median Mean sSD
REPS 133'165 0.1376  129.7871  11'049 RDPS 78287 0.2340 394.0248 56'093
FEPSIMD  75'609 1.7000 265.0020 284'395 FDPSIMD 51'046 1.1395 14.6435 1'243
FEPS2MD  72'044  2.2400 3'390.4851 522281 FDPS2MD 48862 1.3334 19.2778 1'904
FEPS3MD  51'319 2.5000 -446.6797 110'458 FDPS3MD  35'675 1.3565 11.4242 386
FEPSAMD 30216 2.9289 21.7998 354 FDPS4MD  22'589  1.4062 9.5711 269
FEPS5MD  25'946  3.6441 24.0697 389 RROE3 119'455 0.0828 0.0526 0.3507
RBPS 133'486 2.8664 954.2738 56'616 FROEIMD 48707 0.1185 0.1273 0.2619
FBPSIMD 50925 9.9147 59.2334 1'873 FROE2MD 43'291 0.1813 0.4691 0.6185
FBPS2MD  48'748 14.1905 63.4451 3'407 FROE3IMD 34'360 0.1855 0.3463 0.4214
FBPS3MD 35593 18.3142 97.6511 1'950 FROE4AMD 22'061 0.1797 0.2736 0.3240
FBPSAMD  22'531 21.4064 105.4410 2'079 FROE5MD 19'967 0.1802 0.2503 0.2911

Table 7: Realized and forecasted variables for the deflated computation method

The median forecasted ROE for two- to five-years-ahead forecasts remained very sta-
ble. The deflated approach to calculating the ROE vyielded higher values than the ab-
solute ROE computation method. In particular, the two- to five-year ROE forecast

values were higher.

Both, the absolute and the deflated method, generated similar and stable mean as well
as median ROE predictions. That said, the deflated approach’s ROE predictions were

slightly higher, and they were also more numerous.

In the absolute method, net income, common equity, and common dividends were

comparable. The advantage of the deflated ROE computation was that it yielded more
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data. Although both methods had benefits, we judged the higher data availability as
more essential. Therefore, the next section’s graphs rely on ROE values generated via
the deflated method.

3.6 Graphical Analysis of Forecasted ROE

This section analyses whether analysts predict that ROE reverts to the mean, as Fama
and French (2000: 174) suggested. Since the I/B/E/S data only dated back to 1986, we
replotted the initial ROE graph over a 22-year period from 1986-2015. Moreover, the
remainder of this thesis uses the above-mentioned deflated definition of ROE:
FEPS,,; / RBPS;,;_;.

Additionally, we shortened the forecast period from 10 years to 5 years for 3 reasons.
Firstly, as already mentioned in Chapter 2.3, the mean reversion process only takes
five years and ROE from that point onwards falls into a steady state. Secondly, analysts
forecast, at most, five years ahead. By plotting more years’ worth of realized values,
we would be unable to compare our results on mean reversion with von Arx’s (2015)
findings. Thirdly, by reducing the timespan to five years, the number of observations
years increased, with portfolio formation years ranging from 1986-2010 rather than
from 1986-2005. Figure 12 depicts the mean reversion of realized ROE computed ac-
cording to the deflated method. The figure covers the period from 1986-2015:

ROE from 1986 to 2015
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Figure 12: Mean of medians forecasted ROE in 10 predefined portfolios for a 5-year period ranging
from 1986-2015

Compared to von Arx’s (2015: 29) results, our top portfolio had a slightly lower start-
ing value. Our bottom portfolio also started lower, at -0.45 instead of -0.39. These
differences could have been due to the divergent means of calculating the ROE and
the different time periods. The years subsequent to the portfolio formation year did not

notably differ.

Figure 13 compares realized and forecasted ROE values from 1982-2015. The realized
ROE, labeled in the graph as “ROE,” were obtained since 1982. The one- to five-year
ROE predictions (“ROEL” to “ROE5”) are analysts’ median ROE forecasts made in
year t for i years ahead (FEPS;,; / RBPS;,;_1). For instance, in 2009, where the re-
alized ROE was 2.5%, analysts predicted a 5-year-ahead (year 2014) ROE of 17.7%:

Median ROE and ROE estimates
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Figure 13: Analysts’ one- to five-year-ahead ROE forecasts

The two- to five-years-ahead predictions were clearly higher than the realized values.
Our results confirm the findings of numerous researchers (e.g., O’Brien [1988], Fran-
cis and Philbrick [1993], Butler and Lang [1991], Francis et al. [2004], and Easton and

Sommers [2007]) that analysts are overly optimistic.
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In the above graph, we did not change the prediction horizon i to forecast ROE devel-
opment over time. Instead, we kept the prediction years constant. For instance, in the
above graph, “ROE1” is the constantly one-year-ahead forecast. Figure 14 illustrates

how we constructed the above plot:

ROE ROE1 ROE2 ROE3 ROE4 ROE5
Formation year (t) t t+i(i=1) t+i(i=2) t+i(i=3) t+i(i=4) t+i(i=5)
Firm k=1
Firm k=2
Firm k=3
Firm k=4
Firm k=5

30y pazi|easaylio|d
s1seaa404 AT ayro|d
sisesaloy Az ayriold
sisedalo4 Ag syl 1o(d
sisedalo4 Ay syl iold
s1sedaJoj Ag ayyyoid

Figure 14: Structure of the constant ROE forecast years

When evaluating the analysts’ forecasts, we were particularly interested in whether
their forecasts were accurate. Thus, we matched the forecasted ROE values with the
realized ROE values. In every year after portfolio formation year, i increased by 1.
Therefore, we plotted the data horizontally instead of vertically, using a similar ap-

proach to Bradshaw et al. (2012). Figure 15 clarifies the new structure:

ROE ROE1 ROE?2 ROE3 ROE4 ROES5
Formation year (t) t t+i(i=1) t+i(i=2) t+i(i=3) t+i(i=4) t+i(i=5)
Firm k=1 >
Firm k=2 >
Firm k=3 form groupsint andploti
Firm k=4 >
Firm k=5 >

Figurg 15: Ne_vv structure for plotting analysts’ forecasts. “i”” adopts values from 1 to 5 as in the mean-
reversion section

Figure 16 graphically displays the analysts’ forecasts. The starting values (portfolio
formation year t,) are identical to those in the mean-reversion plot at the beginning of
this sub-section because the portfolio formation year uses realized ROE values. In year
t1, the portfolios remained unchanged, we but used the analysts’ one-year-ahead fore-
cast made in year t,. We applied the same method to years t, to ts. For instance, ts
signifies the analysts’ five-year ROE forecast for each of the portfolios determined in

year t:
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Analysts' forecasted ROE from 1986 to 2015

All Industries, means of medians
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Figure 16: Mean of medians forecasted ROE in 10 predefined portfolios for a 5-year period ranging
from 1986-2015

Overall, the graph’s shape is quite surprising. First, the portfolios intersect, which did
not occur when we used realized values. Secondly, in the final year (ts), the bottom
portfolio had the highest ROE forecasts. Thirdly and most importantly, analysts fore-
casted a mean reversion in year t;. However, this effect does not hold for the subse-

quent years.

A high level of analyst optimism was expected, as it was already noted in previous
tables. For the five-year forecasts, all of the portfolios ended with forecasted ROE
values higher than 0.1. The initial bottom portfolio predicts the highest ROE of 0.3. In
other words, analysts expected the firms with the most negative ROE values to be the

most profitable firms in five years’ time.

By closely assessing the individual portfolios, it becomes visible that in year one the
top and the bottom portfolios strongly reverted to the mean. The top portfolios’ ROE
shrank, falling from 0.48 to 0.25. In contrast, the bottom portfolio displayed a steep
increase, growing from -0.45 to 0. Moreover, none of the portfolios predicted a nega-
tive ROE in any prediction year. As early as the two-year forecasts, all analysts’ ROE
predictions were above 0. The initial bottom portfolio experienced the steepest in-

crease, and it reached the same level as the top portfolio in year t,. In the final forecast
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year (ts), the initial top and bottom portfolios closed with the highest predicted values.
This steep increase is surprising, and it contradicts previously observed mean-rever-

sion patterns.

The above plot confirms that analysts predict a mean reversion in ROE in t;. This
partially answers our main research question, which Fama and French (2000: 174)
inspired. However, opposed to the realized values, analysts do not predict a strict
mean-reversion process. In the two-year forecasts, the upper portfolios experienced an
increase in predicted ROE values. Clearly, the mean reversion of forecasted values
only partially reflects the mean reversion of realized values. This finding constituted
sufficient motivation for us to further compare the realized ROE values and the ana-
lysts’ predicted ROE values in terms of their mean-reversion processes. The next chap-
ter turns to that topic.
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This chapter compares Chapter 2’s findings on mean reversion findings with Chapter
3’s results on analysts’ forecasts. First, we subtracted the mean-reversion portfolios
from the analyst forecast portfolios. Then, we meticulously analyzed the top and bot-
tom portfolios with the goal of explaining differences between them. The final section
of the chapter solely focuses on those forecasts for which analysts had estimated values

for all five years. Finally, we propose an alternative model for forecasting ROE.

4.1 Graphical Comparisons of ROE

For clarity’s sake, Figure 17 contains a side-by-side comparison of graphs from the
previous section. The left-hand graph depicts the realized ROE portfolios, while the
right-hand graph provides the forecasted ROE portfolios. All of the following graphs
consistently calculate ROE as EPS;/BPS;_;:

Realized ROE from 1986 to 2015 Forecasted ROE from 1986 to 2015
All Industries, means of medians, Deflated method All Industries, means of medians
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Figure 17: Left side: Mean of medians realized ROE in 10 predefined portfolios for a 5-year period
ranging from 1986-2015. Right side: Mean of medians realized ROE in 10 predefined portfolios for a
5-year period ranging from 1986-2015.

By subtracting the obtained realized ROE portfolios from the analysts’ ROE prediction
portfolios, we obtained a graph (see Figure 18, below) demonstrating the analysts’
error in predicting the ROE. Positive (negative) values imply that analysts were too

optimistic (pessimistic) in their forecasts:
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Forecasted ROE minus realized ROE

All Industries, means of medians, 1986 to 2015
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Figure 18: Difference in mean of medians between forecasted ROE and realized ROE in 10 predefined
portfolios for a 5-year period ranging from 1986-2015

Analysts strongly overvalued the original bottom portfolio, and this effect persisted
throughout all five years. The same pattern surfaced in the second-lowest portfolio,
albeit to a lesser extent. Analysts undervalued the initial top portfolio, and had the
lowest ROE values in year t;. However, in year t, that portfolio experienced a steep
increase and was the second-highest portfolio. Initially, the middle portfolios exhibited
the least bias, but the analysts’ optimism pervaded all of the portfolios. The top and
the bottom 2 portfolios tended to be the most overrated. Overall, all 10 portfolios were
overrated in the second to fifth year.

The above procedure is similar to the forecast dispersion method used by Elgers and
Lo (1994) and Han et al. (2001). However, those studies sorted the portfolios accord-
ing to the forecast dispersion. Our results indicated that analysts assessed past losers
less accurately, which resulted in highly dispersed forecasts. Also, the results sup-
ported Han et al.’s (2001: 194) claim that a poor past performance is possibly corre-
lated to a higher forecast dispersion. Furthermore, we confirmed Abarbanell’s (1991)
claim that analysts are more likely to overestimate future negative returns. To gain a
deeper understanding of these differences, the following section examines the portfo-

lios in a more detailed manner.
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4.2 Portfolio Analysis

We expected to gain additional information by selecting individual portfolios and fur-
ther splitting them into 10 sub-portfolios. Von Arx (2015: 36) followed a similar ap-
proach. However, instead of building 10 new portfolios for each existing portfolio, he
plotted the initial portfolios’ 90%, 75%, 25%, and 10% confidence intervals, as well
as the mean and median for each portfolio. He then noticed that the top portfolio and

the two bottom ones exhibited more variance over time.

4.2.1 Bottom Portfolio

We split the initial bottom portfolio into 10 sub-portfolios. Each sub-portfolio includes
1% of the initial data and accounts for approximately 1’200 ROE values. For the bot-
tom portfolio, Figure 19 depicts the realized ROE values on the left-hand side and the
forecasted ROE values on the right-hand side. We have adapted the scale of the y-axis

to fit the graph’s characteristics.

Realized ROE for first Portfolio Forecasted ROE for first Portfolio
All Industries, Means of Medians, 1986 to 2015 All Industries, Means of Medians, 1986 to 2015
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Figure 19: Left side: Mean of medians realized ROE for the predefined bottom portfolio for a five-year
period ranging from 1986-2015. Right side: Mean of medians forecasted ROE for the predefined bottom
portfolio for a five-year period ranging from 1986-2015.

All realized ROE sub-portfolios increased steadily. After t,, all of the portfolios’ real-
ized ROE values fell within a small range, increasing to 0.0 in the following years. The
bottom sub-portfolio for realized ROE in t, experienced a critical performance in-
crease and became the best-performing portfolio in t;, albeit still with negative values.
This was a rather surprising finding as our analysis of the 10 initial realized ROE port-
folios did not indicate that the portfolios switched rankings.
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In general, ROE values below -1 are unrealistic because they imply a loss that is greater
than last years’ equity. In such cases, the only way a firm could prevent going bankrupt
would be if net shareholder transactions were positive and accounted for part of the
firm’s losses. Therefore, we expected for the bottom portfolio that most firms went

bankrupt in t,. As a consequence, this portfolio contains only a few survivors.

On the right-hand side, the lowest forecasted sub-portfolio saw even greater increases
than the realized portfolio. For the one-year-ahead forecasts, all 10 portfolios had very
similar values. For t,, analysts predicted high positive values for all portfolios. The
initial bottom sub-portfolio experienced a particularly sharp increase and evolved into
the portfolio with the highest predicted values. Then, its predictions proceeded to de-
crease slightly for the years t5 to ts. Figure 20 displays the difference between realized
ROE and forecasted ROE for the bottom portfolio:

Forecasted ROE minus realized ROE for lowest Portfolio

All Industries, means of medians, 1986 to 2015
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Figure 20: Difference in mean of medians between forecasted ROE and realized ROE for the predefined
bottom portfolio for a five-year period ranging from 1986-2015

Again, all of the sub-portfolios had a starting point of 0.0. Moreover, the y-axis was
again adapted to fit the data. Overall, the massive analysts’ optimism is clearly visible.

In t; and t,, all sub-portfolios saw sharps increases. In t,, analysts’ deeply overesti-
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mated the initial bottom sub-portfolio. This was also true of the other portfolios, alt-

hough to a lesser extent. In t5 the analysts overestimated all portfolios’ ROE values

by at least 0.25 and were overoptimistic.

4.2.2 Top Portfolio

In this sub-section, we split the initial top portfolio into 10 sub-portfolios, as Figure 21
demonstrates. Again, the left-hand side graph contains realized values, and the right-

hand graph contains analysts’ predictions:

Realized ROE for highest Portfolio Forecasted ROE for highest Portfolio
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Figure 21: Left side: Mean of medians realized ROE for the predefined top portfolio for a five-year
period ranging from 1986-2015. Right side: Mean of medians forecasted ROE for the predefined top
portfolio for a five-year period ranging from 1986-2015.

A reversion process is clearly visible. Interestingly, the top sub-portfolio had the low-
est realized ROE five years after portfolio formation. Although it remained the top
portfolio in t,, it then proceeded to drop below all the other portfolios. This finding is
surprising, because so far in the theory of mean reversion, past winners remained the

most profitable.

The forecasted plot shows strong mean-reversion tendency in t;. Moreover, the ana-
lysts predicted higher ROE values in t, than t;. This contradicts previously observed
mean-reversion distributions in which top portfolio decreased in a consistent manner.

Figure 22 (below) again plots the difference between the two sets of sub-portfolios:
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Forecasted ROE minus realized ROE for highest Portfolio
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Figure 22: Difference in mean of medians between forecasted ROE and realized ROE for the predefined
bottom portfolio for a five-year period ranging from 1986-2015

In t;, analysts tended to undervalue the initial top sub-portfolio. The initial high (low)
sub-portfolio was more (less) undervalued, although t, saw a reversal of this effect.
The initial top sub-portfolio, as well as the second- and third-highest sub-portfolios
were heavily overvalued, but this effect decreased over time. After five years, the sub-
portfolios were arranged in a manner similar to their initial positions. Compared to the
graph plotting the differences between the bottom sub-portfolios, the analysts” forecast

error was less extreme but still persistent in the top portfolio.

4.3 Analysts’ Selectivity

The previous findings lent support to the claim that analysts fail to accurately forecast
ROE. However, as previously mentioned in the discussion of mean reversion (p. 18),
the dataset might be prone to bias. Firms with high negative equity are more likely to
drop out of the stock market or go bankrupt. As established in Chapter 3.2 (p. 31),
significantly less data was available for the forecasted ROE than the realized ROE. In
particular, three- to five-years-ahead forecasts often covered less than 30% of all avail-

able realized EPS observations.
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To test whether analysts’ firm selections adhered to a pattern, we analyzed realized net
income and common equity. Table 8 provides the number of total observations, me-
dian, mean, and standard deviation for those variables using the absolute method.

Again, “MD” signifies that forecast medians were used rather than means:

N Median Mean SD

RNI 137'622 2'416 80'483 841'397
FNILMD 69'291 45'038 2'075'280 20'745'105
FNI2MD 63'331 63'350 2'444'688 23'122'897
FNI3MD 44'611 90'310 3'461'679 28'774'896
FNI4MD 25'845 155'081 5'738'271 38'844'575
FNISMD 21'392 223'178 7'131'100 45'494'011
RCE 131'746 53'533 820'811 5'178'025

FCE1IMD 49'580 343'867 3'849'524 257'799'096
FCE2MD 45'648 513242 7'039'555 597'267'159
FCE3MD 32'980 871'800 13'449'189 1'126'493'561
FCEAMD 20'583 1'425'842 26'740'024 2'006'829'229

Table 8: Descriptive statistics for realized and forecasted net income and common equity, with calcu-
lated absolute values

Both mean and median values indicated abnormally high growth rates for forecasted
net income and forecasted common equity, even as the number of predictions quickly
declined. Firm growth could not explain the massive increase in net income and
common equity. This led to the conclusion that analysts tend to release forecasts for
firms with high net income and high common equity. We use them in the following as
proxies, as both are indicators for size. To assess this issue in a more detailed manner,

Table 9 provides the number of available forecasts for each portfolio from 1986-2015:
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All Portfolios Portfolio 1 Portfolio 2
RROE  119'455 RROE 11'563 9.68% RROE 11'549 9.67%
FROE1IMD 48'707 FROE1IMD 2'708 5.56% FROE1MD 3'961 8.13%
FROE2MD 43'291 FROE2MD 676 1.56% FROE2MD 1'522 3.52%
FROE3MD 34'360 FROE3MD 452 1.32% FROE3MD 975 2.84%
FROE4MD 22'061 FROE4MD 260 1.18% FROE4MD 555 2.52%
FROE5MD 19'967 FROE5MD 245 1.23% FROE5MD 506 2.53%
Portfolio 3 Portfolio 4 Portfolio 5
RROE 11'544 9.66% RROE 11'549 9.67% RROE 11'550 9.67%
FROE1IMD 4'481 9.20% FROE1MD 4737 9.73% FROE1MD 4'982 10.23%
FROE2MD 2'507 5.79% FROE2MD 3'539 8.17% FROE2MD 4'397 10.16%
FROE3MD 1777 5.17% FROE3MD 2'606 7.58% FROE3MD 3'472 10.10%
FROE4MD 1'089 4.94% FROE4MD 1'512 6.85% FROE4MD 2'192 9.94%
FROE5MD 966 4.84% FROE5MD 1'343 6.73% FROE5MD 1'984 9.94%
Portfolio 6 Portfolio 7 Portfolio 8
RROE 11'543 9.66% RROE 11'544 9.66% RROE 11'549 9.67%

FROE1IMD 5'469 11.23% FROE1MD 5'637 11.57% FROE1MD 5'595 11.49%
FROE2MD 5'438 12.56% FROE2MD 6'118 14.13% FROE2MD 6'558 15.15%
FROE3MD 4'453 12.96% FROE3MD 5113 14.88% FROE3MD 5'500 16.01%
FROE4MD 2'886 13.08% FROE4MD 3'376 15.30% FROE4MD 3'689 16.72%
FROE5MD 2'608 13.06% FROE5MD 3'092 15.49% FROE5MD 3'358 16.82%

Portfolio 9 Portfolio 10
RROE 11'544 9.66% RROE 11'560 9.68%
FROE1MD 5'157 10.59% FROE1MD 3773 7.75%
FROE2MD 6'385 14.75% FROE2MD 4'670 10.79%
FROE3MD 5'359 15.60% FROE3MD 3'851 11.21%

FROE4MD 3'577 16.21% FROE4AMD 2'529 11.46%
FROE5MD 3248 16.27% FROE5MD 2'266 11.35%

Table 9: Realized and forecasted ROE by portfolio, thus demonstrating the data availability for each
portfolio

Again, we computed the ROE using the deflated ROE computation (EPS;/BPS;_1).
The top left-hand graph provides summary figures for all portfolios, which correspond
to the initial dataset. The remaining graphs provide the number of available forecasts
per portfolio. Portfolios 1-10 correspond to the previously mentioned portfolios, with
portfolio 1 as the bottom portfolio and portfolio 10 as the top portfolio. The percentage
values demonstrate the share of total observations. If the forecasts were evenly distrib-
uted across the portfolios, each would contain 10% of the total forecasts. Notably, the
analysts predicted considerably fewer values for portfolio 1. The number of predictions
increased steadily from portfolio 1 to portfolio 8, which had an above-average number

of forecasts. Portfolio 9 and 10 again had a smaller share of forecasts.

On the basis of the above, we concluded that analysts rarely create forecasts for firms
with negative realized ROE values. In the case of a realized loss (portfolios 1 to 3)

analysts only made predictions for a range of selected firms. The longer the forecast
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horizon, the stronger was this effect. All 10 portfolios were equally weighted, but the
number of firms assigned to each portfolio decreased in an irregular manner, with firms
in the bottom portfolios overrepresented. More profitable firms were the subject of

more forecasts.

To suppress the analyst's selection, avoid a sample bias and to increase the validity,
we only selected firms for which five-year predictions were available. If any one- to
five-year predictions were missing, we excluded that firm’s realized and the forecasted
ROE values. This procedure ensured that we could meaningfully compare the fore-
casted and realized ROE values. Table 10 analyses the remaining subset of 15’073
firms. Again, ROE values above 2 and below -2 were excluded:

N Median Mean SD N Median Mean SD
RROE 15'073 0.1372 0.1611 0.1664 RCE 15'054 641'722 4'036'044 13'248'647
FROE1 15'073 0.1491 0.1793 0.1515 RCE1IMD 14267 723'320 4'465'591 18'972'681
FROE2 15'073 0.1552 0.1792 0.1389 RCE2MD 14013 802'467 4'865'381 31'702'454
FROE3 15'073 0.1587 0.179 0.1384 RCE3MD 13'649 895'168 5'353'151 48'947'736
FROE4 15'073 0.1597 0.1775 0.1382 RCE4AMD 13'138 1'012'897 5'883'944 69'434'021
FROE5 15'073 0.16 0.1818 0.1539 FLTGMD 14'427 10.00 11.86 16.77
RNI 15073 66'083 527'786 2'172'546
FNIIMD  15'073 90'051 648'341 2'389'208
FNI2MD 14'769  103'887  738'333 2'747'367
FNISMD  14'363 116'265 825'201 3'183'401
FNIAMD 13791 130'463 911'410 3'878'516
FNISMD  13'126 145'428 1'013'138 4'382'719

Table 10: Descriptive statistics for ROE, net income, common equity, and LTG forecasts after filtering
for analyst predictions

We computed the ROE values via the deflated approach. In the above table, we observe
a reasonable increase in net income and common equity over time, which corre-
sponded to the analysts’ growth forecasts (ROE;,; / ROE;,;_;) and LTG. More im-
portantly, we notice that the realized ROE is significantly higher. This confirms that

analysts tend to forecast profitable firms.

We then matched each realized ROE value with the corresponding forecasted value
for the next five years. This method thus eliminated sample bias. Using a similar ap-
proach to that employed in previous sections, Figure 23 plots these 15’073 realized
ROE values:
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ROE from 1986 to 2015
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Figure 23: Mean of medians realized ROE in 10 predefined portfolios for a 5-year period ranging from
1986-2015 for selected firms

Surprisingly, the mean-reversion pattern substantially differs from the previous
graphs. Overall, a mean-reversion process was observable, but in a much weaker form.
The values in the portfolio formation years were much less extreme, and the lines did
not intersect. The top portfolio started with a ROE value of 0.41, while in the original
graph, including all realized observations, the first ROE value was 0.55. Even more
surprisingly, the bottom portfolio started slightly below 0 (as compared to -0.6) and
became positive as early as t,. After five years, the portfolios’ dispersion range be-
came narrower (0.09 to 0.22). Also, the portfolios ended with a considerably higher
ROE.

One of the implications of these findings could be that analysts rarely make predictions
for current losers, and if they do, the values are only slightly negative. Furthermore,
the average median realized ROE of 0.16 was clearly higher for this subset than when
all ROE values were included (0.08). Das et al. (1998) provided evidence that analysts
seem to be able to select and predict earnings for firms that will outperform others, and
our results support this statement. Moving on, Figure 24 plots the analysts’ forecasted
ROE values.
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Analysts' forecasted ROE from 1986 to 2015
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Figure 24: Mean of medians forecasted ROE in 10 predefined portfolios for a 5-year period ranging
from 1986-2015 for selected firms

The above graph indicates that analysts’ forecast a mean-reversion process. Therefore,
our results confirmed Fama and French’s (2000: 174) proposition. In t;, the top and
bottom portfolios seemed to revert slightly more quickly than the realized values. Fur-
ther, the ending values had an even narrower range (0.12 to 0.21). Except for the bot-

tom portfolios, none of the portfolios intersected each other.

Researchers such as Brown et al. (1987a) and Das et al. (1998) found that analysts’
superiority over statistical models decreased as the forecasting period increased. The
superiority may originate from the analysts’ information advantage. According to their
findings, we could expect two effects: (i) an increasing bias (more deviation from the
overall forecasted median ROE than from the realized values) as the forecasting period
becomes longer and (ii) a higher dispersion among the portfolios at longer forecast
horizons. To be consistent with the previous procedure, we subtracted the analysts’
predicted values from the realized ones. Figure 25 plots the differences between real-

ized ROE and forecasted ROE for selected portfolios:
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Forecasted ROE minus realized ROE
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Figure 25: Difference in mean of medians between forecasted ROE and realized ROE for the predefined
bottom portfolio of selected firms for a five-year period ranging from 1986-2015

When plotting the difference, the portfolios all fell very close to each other. There was
considerably less dispersion when analysts selected the firms. To visualize these dif-
ferences, we adjusted the y-axis to fit a narrower range. Nevertheless, the initial bottom
portfolios were slightly overvalued. Portfolios 9 and 10, which had the highest starting
values, became slightly negative, signifying that analysts undervalued them. Surpris-
ingly, the total dispersion among the portfolios slightly decreased from ¢, to ts. If an-
alysts had a qualitative or quantitative information or timing advantage, we would ex-

pect the bias and dispersion to grow as the duration increased.

After reconsidering the new findings, we confirm the research question, whether ana-
lysts predict a mean-reverting pattern. The mean reversion of forecasted ROE is
slightly stronger than the mean reversion of realized values. This overvaluation (un-
dervaluation) of past losers (winners) remains throughout the prediction years. The
analysts’ optimism becomes increasingly noticeable in later forecast years, so that all
of the portfolios were slightly overvalued in t5. Nevertheless, analysts’ general ability

to predict ROE was surprisingly accurate.
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Das et al. (1998) and Kross (1990) indicated that forecast accuracy grows as analyst
coverage increases. If we consider years of consecutive forecasts as a proxy for in-
creased analyst coverage, our results support the findings of Das et al. (1998) and
Kross (1990).

Further, our results confirmed the findings of Brown et al. (1987b) and Harris and
Wang (2013) that analysts’ forecast accuracy increases as firm size increases. In our
sub-sample, the firm size, measured in terms of net income and common equity, was
clearly higher, as was the accuracy of the forecasts. Likewise, the analysts’ coverage

of firms was non-random.

As noted above, a weaker form of analyst optimism was still observable. Compared to
when all analysts’ forecasts were included in the sample (p. 52) the bias was much
lower. O’Brien (1988), Butler and Lang (1991), Elgers and Lo (1994), Harris and
Wang (2013), and Francis et al. (2004) all claimed that analysts are overly optimistic.
Although their optimism was notable after five years, the analysts did undervalue the
initial winners for the years t; to t,. Based on the above findings, we would not con-

clude that analysts are overly, but to some extent optimistic.

Han et al. (2001) did not mention size of their study’s I/B/E/S sample. Nevertheless,
they compared the I/B/E/S sample to the relatively large 1993 Compustat tape. More-
over, they stated that poor past performance is positively correlated with higher fore-
cast dispersion (Han et al., 2001: 105). When taking all firms and all analysts’ forecasts
into account, our findings support this statement, because the initial bottom portfolio
deviated the most from the realized portfolio. However, when we only analyzed firms
for which analysts had provided five-year forecasts, our results did only partially align
with those of Han et al. (2001). Their unequal sample might have explained their high

observed forecast dispersion for past losers.

To our knowledge, academic literature has not yet applied the above approach of solely
including realized observations corresponding to analysts’ predictions for the entire
study period. Only Bradshaw et al. (2012) required, at minimum, a one-year earnings
prediction as criterion for including fundamental data. Just as we did for the in the

previous section, we analyze both the top and bottom portfolios in greater detail.
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4.3.1 Bottom Portfolio

First, we split the bottom portfolio into 10 sub-portfolios. It is important to note that
the sample size was much smaller. One sub-portfolio accounted for 1% of the data, or
approximately 150 observations. In Figure 26, the left-hand graph provides realized
ROE values for the 10 sub-portfolios, whereas the right-hand graph contains the fore-

casted values. Again, we adapted the scale to make the graphs more readable.
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Figure 26: Left side: Mean of medians realized ROE for the predefined bottom portfolio for a five-year
period for selected firms from 1986-2015. Right side: Mean of Medians forecasted ROE for the prede-
fined bottom portfolio for a five-year period for selected firms from 1986-2015.

Compared with the complete sub-sample, in which a clear pattern could be identified,
we faced a much more chaotic structure with numerous intersections between the port-
folios. In portfolio formation year t,, the initial values were closer to 0. The median
value for the lowest 150 observations was slightly below -0.2. This result significantly
differs from the previous results. When including all realized ROE values the lowest
sub-portfolio started at -1.4. The initial top sub-portfolio was the lowest portfolio by

ts, with the initial bottom sub-portfolio in second-to-last place.

On the right-hand side in Figure 26, the initial bottom sub-portfolio experiences a steep
increase. Also, the forecasted ROE values in t5 ranged from 0.1 to 0.2. The sub-port-
folios appear to be ordered rather randomly within a certain range. As in the other sub-
sections, Figure 27 plots the differences between the bottom sub-portfolios:
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Forecasted ROE minus realized ROE for lowest Portfolio
All Industries, Means of Medians, 1986 to 2015, Selected Firms
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Figure 27: Difference in mean of medians between forecasted ROE and realized ROE for the predefined
bottom portfolio of selected firms for a five-year period for selected firms ranging from 1986-2015

The differences among the sub-portfolios appear rather random. The top and bottom
portfolios were the most overvalued at t<. This difference could also be random, as the
variance between the portfolios was high, and the sample size was rather small. The
only consistent and visible factor in all of the sub-portfolios was the analysts’ opti-

mism.

4.3.2 Top Portfolio

Likewise, we divided the top portfolio into 10 sub-portfolios. In Figure 28, the left-
hand graph represents the realized ROE values, whereas the right-hand graph provides

the forecasted ROE values. Again, we have adapted the y-axis:
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Figure 28: Left side: Mean of medians realized ROE for the predefined top portfolio for a five-year
period for selected firms from 1986-2015. Right side: Mean of medians forecasted ROE for the prede-
fined top portfolio for a five-year period for selected firms from 1986-2015.

In terms of realized ROE, the top sub-portfolios portfolios had fewer intersections than
did the bottom sub-portfolios. Moreover, the order of the sub-portfolios did not vary

much.

For forecasted ROE, a slightly stronger mean-reversion tendency was observable in t;
is. In t,, the forecasted sub-portfolios had slightly lower values. In ts, the forecasted
sub-portfolios had less variance than the realized values. However, this could have
been a random effect due to the rather small sample size. The next step was to subtract
the realized ROE from the forecasted ROE, resulting in Figure 29:
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Forecasted ROE minus realized ROE for highest Portfolio
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Figure 29: Difference in mean of medians between forecasted ROE and realized ROE for the predefined
top portfolio of selected firms for a five-year period ranging from 1986-2015

Overall, the sub-portfolios were quite accurate. In t,, almost all sub-portfolios are
slightly underestimated the ROE. This effect persisted over the following years but in
a weaker form. The dispersion increased as the forecast horizon grew.

4.4 Forecasting ROE

Many researchers have tried to predict future ROE or improve analysts’ forecasts by
using quantitative financial statement metrics in their regressions. The literature re-
view presented the models used by Fama and French (2000) and Evans et al. (2012).
However, these models proved only partially applicable when forecasting ROE. After
all, Palepu et al. (2010: 278) mentioned that the actual ROE is not useful for predicting
the one-year-ahead ROE. Researchers’ ROE prediction models include quantitative
data but fail to utilize qualitative data and cannot predict sudden swings in ROE. As
seen in the graphical analysis of ROE, results remain extremely stable when the yearly
median of a portfolio with numerous observations is used. This delivers the impression
that a firm’s ROE does not vary much over time. However, when analyzing the sub-

portfolios (see Chapter 4.3), we found that they had a considerable amount of variance,
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4 Mean Reversion versus Analysts’ Forecasts - 4.4 Forecasting ROE

with a drastically changing ROE from one year to the next. As analysts provide indi-
vidual forecasts for each firm with all available qualitative and quantitative infor-

mation, they might be capable of more accurately predicting sizeable changes in ROE.

Therefore, an alternative approach to predicting ROE could be to correct analysts’
forecasts for the individual portfolios’ observed bias. We propose the following for-
mula for forecasting ROE:

AFROEF,, = FROEF,, — DAF?

t+i

Where AFROEF, ; is the alternative forecasted ROE for every individual firm k in year
t for i years ahead, FROEF, ; is the analysts’ forecasted ROE for every individual firm
k in year t for i years ahead, and DAFY, ; is the observed portfolio dispersion in ana-

lysts’ forecasts (FROE?, . — RROE?

A ++;) for the observed portfolio p in formation year t

for i years ahead.

Our above model uses analysts’ forecasts, which presumably includes all available
qualitative and quantitative information. Additionally, it corrects for the still unknown
bias of the individual portfolios, as presented in the previous sections. In other words,
the above model reduces the forecast bias by the absolute median error of each port-
folio. For instance, the analysts’ the five-year forecasts for all firms in the bottom port-
folio would be reduced by 5%.

We are not aware of a formula for assessing the accuracy of ROE prediction models.
Therefore, we propose the following model for evaluating the forecast accuracy of
existing ROE prediction models:
n

1 k k

—Z |FROEf,; — RROEF,;

n k=1
Where FROE, ,; stands for the forecasted ROE for every individual firm k in year t for
i years after the portfolio formation year and RROEY, ; stands for the realized ROE for
every individual firm k in portfolio formation year t for i years after the portfolio for-

mation year.

In other words, the model computes the absolute average error between a prediction

and a realized value. The lower (higher) the average error, the more (less) precise is
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the prediction model. To measure the model’s performance, we propose using the
Least Absolute Deviation method instead of the OLS that standard models employ.
Also, Evans et al.’s (2012) regressions followed the Least Absolute Deviation method

to avoid overweighting the outliers.

The above formula allows one to compare whether existing ROE prediction models,
analysts’ forecasts, or the adjusted analysts’ forecast method is the most accurate ap-
proach to forecasting ROE. However, evaluating different ROE prediction models in

terms of their accuracy has to be done in future research.
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The thesis” main research question asked whether analysts forecast mean reversion in
ROE. Our mean-reversion pattern of realized ROE was very similar to the one of von
Arx (2015: 29). The results confirmed that the top (bottom) portfolios strictly decrease
(increase) when reverting to the mean. Also, firms with initial high (low) profits re-
mained more (less) profitable after the completion of the mean-reversion process. The
most important difference was that the top and bottom portfolios had slightly more

extreme values in the portfolio formation year.

Since we could not find any existing formulas for converting EPS to ROE and com-
bining Worldscope with I/B/E/S data, we created a transformation technique to omit
differences. The forecasts’ graphical analysis answered our main research question and
showed that analysts partially predicted a mean-reverting ROE. Further analysis re-
vealed that analysts predict a stronger mean-reversion process one year after the port-
folio formation year. However, the top and bottom portfolios saw a steep increase in
t, and then remained above the other portfolios which contradicted previous studies
of realized ROE values. Also, the results indicated a strong form of analyst optimism,

particularly for two- to five-years-ahead forecasts.

The above findings were quite surprising and led to more questions. Therefore, we
split the top and the bottom portfolio into 10 sub-portfolios. The analysts’ optimism
was clearly observable for the bottom portfolio. However, we found that analysts

slightly undervalued the top portfolio in ¢, .

Further, we observed that analysts rather release predictions for large firms (measured
by their net income and common equity). Also, analysts publish drastically fewer pre-
dictions for past losers, and if they do, earnings predictions are positive. In contrast to
previous literature, we then only selected firms for which a realized ROE and five-
years-ahead predictions were available. Consequently, the sample significantly shrunk
to 15’073 firms, most of which were larger and surprisingly more profitable. There-

fore, we concluded that analysts have predictive power regarding future ROE.

After replotting the realized data, we still observed a mean-reverting ROE pattern but

in a much weaker form. We confirmed the research question when only considering
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firms that analysts made predictions for: Analysts do predict a mean-reverting process
in ROE. Furthermore, the analyst's optimism drastically declined to a few percentage
points and forecast accuracy deeply improved. Therefore, the results indicated that
analysts forecast ROE quite successfully for the firms they select. Nevertheless, a sys-
tematic bias was observable. Past losers, being part of the initial bottom portfolios,
were overvalued, whereas past winners tended to be slightly undervalued.

The final sub-section proposed an approach to reducing the ROE forecast bias. Our
ROE prediction model used analysts’ forecasts, that include both, quantitative and
qualitative information and adjusted them for the systemic bias our work observed.
Additionally, we suggested a formula for evaluating the accuracy of various ROE pre-

diction models.

We ensured comparability and validity by applying the same approach as von Arx
(2015). The very similar mean-reversion graphs of von Arx’s (2015) and this study
approves the above statement. One of the limitations of our study is the sample struc-
ture. It is conducted for a considerable amount of firms in Europe but did not compare
the results to other regions. Further, we compared analysts’ predictions of realized
ROE observations by using the median of portfolios. However, we did not compare
the ROE of individual firms. The deviation of an individual firms’ ROE from its fore-
cast might be much higher as the portfolios suggested.

The results of this thesis could be helpful increasing analysts’ forecast accuracy. Al-
ready the awareness of a systematic bias may be enough to improve future forecasts.
Analysts’ forecasts include both, quantitative and qualitative data. A model using an-
alysts’ forecasts and adjusting for the observed bias could possibly be superior in ROE
forecast accuracy than existing models. Future research could also compare the accu-
racy of existing ROE predictions models by using the proposed absolute deviation

model. This could result in more detailed knowledge about analysts’ forecasts.
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Appendix 1

AT BE CH DE DK ES FI FR GB GR IR IT NL NO PT SE Tot. VonA.

1982

N 16 42 28 186 36 35 47 139 280 0 13 48 56 33 0 73 1032 919
Median -0.07 0.07 0.07 005 0.12 0.03 0.05 0.09 0.10 0.08 0.09 0.08 0.07 -0.01 0.07

Mean -0.16 0.02 0.06 0.04 0.15 -0.06 0.06 0.03 0.09 0.07 0.03 0.08 0.06 -0.02 0.05

SD 031 027 011 026 021 043 022 031 0.15 0.08 042 0.14 047 0.25 0.24

1983

N 15 44 30 190 38 33 49 139 286 0 18 5 57 33 0 77 1059 938
Median -0.01 0.08 0.06 0.07 0.13 0.03 0.06 0.10 0.13 0.13 008 0.10 0.11 -0.03 0.09

Mean 0.01 0.07 0.05 004 0.17 -0.07 0.09 0.06 0.11 0.13 -0.01 0.09 0.14 0.00 0.07

SD 016 021 010 020 0.18 030 0.15 0.24 0.16 0.16 034 0.19 0.46 0.17 0.20

1984

N 20 43 32 207 40 35 53 152 301 0 21 51 63 34 0 80 1132 1005
Median 0.01 0.13 0.08 0.08 0.16 0.03 0.05 0.10 0.4 0.09 012 013 0.11 -0.02 0.10

Mean 0.02 0.10 0.10 0.07 0.18 0.03 0.12 0.05 0.12 0.09 0.05 0.17 0.09 0.01 0.09

SD 022 037 010 022 020 041 0.18 0.30 0.16 0.09 037 022 034 0.18 0.23

1985

N 23 45 47 219 47 41 53 160 387 2 23 62 66 42 2 80 1299 1161

Median -0.04 0.12 0.08 009 0.11 0.03 005 014 013 012 011 0.12 0.14 0.10 -0.40 -0.02 0.10

Mean -0.02 012 0.11 010 013 0.3 0.11 011 013 012 0.09 011 0.15 0.16 -0.40 0.02 0.11

SD 051 0.19 014 020 024 023 023 021 023 0.07 017 029 011 040 058 021 0.22

1986

N 28 45 57 229 47 42 55 165 438 7 26 66 65 41 10 84 1405 1275
Median 0.04 0.14 0.10 0.09 0.15 0.06 006 0.14 016 0.08 012 0.15 015 0.10 0.14 -0.04 0.12

Mean 005 013 012 010 012 013 014 011 017 022 013 018 0.13 005 0.17 -0.02 0.12

SD 023 024 011 023 028 033 027 025 026 033 016 022 015 052 0.22 025 0.25

1987

N 35 54 74 235 45 45 56 170 458 19 30 82 64 43 28 84 1522 1418
Median 0.08 0.09 008 0.09 012 010 012 016 0.19 035 017 013 0.13 011 0.22 0.00 0.14

Mean 008 008 010 011 011 012 011 013 019 039 019 014 010 020 0.24 0.03 0.14

SD 021 023 0.09 021 023 017 032 024 023 036 021 017 023 051 023 024 0.23
1988
N 42 8 118 300 60 80 63 324 825 20 33 15 104 71 33 97 2412 2249

Median 0.11 0.5 0.09 010 0.16 0.13 0.14 0.18 020 0.24 014 0.15 016 0.08 0.19 -0.02 0.15

Mean 013 0.15 010 012 019 017 020 020 021 027 020 016 0.19 0.11 023 0.03 0.17

SD 041 025 018 016 018 018 025 028 026 024 022 016 023 041 0.23 027 0.24

1989

N 44 85 128 378 98 95 83 402 1079 20 34 163 118 7 36 113 2953 2788
Median 0.14 0.15 0.10 011 0.12 014 006 0.18 017 0.26 018 0.13 016 0.14 0.13 -0.02 0.14

Mean 0.17 019 013 012 015 016 011 020 0.17 025 015 0.14 019 0.18 0.16 0.06 0.16

SD 0.18 030 014 021 014 013 024 027 030 025 014 015 021 039 011 024 0.25
1990
N 54 82 133 391 114 103 97 451 1158 21 44 168 124 81 40 137 3198 3018

Median 0.11 0.11 008 011 0.11 010 006 0.16 0.13 018 013 011 0.15 007 011 0.01 0.12
Mean 0.14 010 011 o012 014 010 0.07 014 013 0.27 007 0.11 018 0.0 0.13 0.06 0.12

SD 011 028 0.18 017 017 014 015 028 029 047 030 013 021 040 011 024 0.24
1991

N 54 84 135 412 118 111 91 469 1191 27 44 168 146 86 41 138 3315 3108
Median 0.09 0.08 0.08 0.09 0.08 008 003 012 008 014 013 0.08 0.15 0.06 0.07 -0.01 0.09
Mean 011 0.09 0.09 0.09 0.09 004 0.00 011 0.08 0.14 009 0.07 016 0.05 0.12 0.02 0.08

SD 018 028 011 023 017 024 021 029 027 022 025 014 017 042 0.24 019 0.24
1992

N 57 83 133 410 120 112 91 460 1175 44 44 166 154 89 41 137 3316 3116
Median 0.06 0.06 0.07 0.07 0.08 005 004 010 0.07 007 010 0.04 0.12 006 0.05 -0.01 0.07
Mean 0.05 0.04 0.06 0.03 0.08 -0.08 0.00 0.08 0.07 0.14 004 -0.02 012 0.06 0.05 -0.02 0.05

SD 025 029 019 029 024 035 033 025 029 028 026 025 023 057 017 0.16 0.28

1993

N 56 81 132 424 119 110 8 467 1157 74 43 150 149 80 46 135 3309 3107
Median 0.05 0.06 0.08 0.07 0.08 005 010 0.08 0.07 010 013 0.05 0.12 0.09 0.02 0.00 0.07
Mean 0.02 0.01 0.04 004 0.08 -0.08 0.14 0.04 005 0.22 0.09 -0.03 0.10 0.06 -0.02 0.03 0.04

SD 028 025 027 030 017 036 038 030 031 035 030 029 023 024 021 018 0.29

1994

N 64 8 137 460 122 114 92 450 1164 91 43 145 152 91 45 137 3392 3169
Median 0.14 0.08 0.10 009 0.12 0.08 0.16 0.11 009 0.15 012 0.05 015 0.13 0.03 0.02 0.10
Mean 011 0.09 0.10 008 0.12 004 021 010 008 0.18 010 -0.01 0.17 0.13 0.00 0.07 0.09

SD 036 024 022 033 020 035 033 023 032 033 017 028 021 024 024 020 0.28
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1995
N
Median
Mean
SD
1996
N
Median
Mean
SD
1997
N
Median
Mean
SD
1998
N
Median
Mean
SD
1999
N
Median
Mean
SD
2000
N
Median
Mean
SD
2001
N
Median
Mean
SD
2002
N
Median
Mean
SD
2003
N
Median
Mean
SD
2004
N
Median
Mean
SD
2005
N
Median
Mean
SD
2006
N
Median
Mean
SD
2007
N
Median
Mean
SD
2008
N
Median
Mean
SD

AT

61
0.15
0.19
0.27

62
0.11
0.13
0.20

81
0.12
0.17
0.30

85
0.12
0.12
0.45

87
0.09
0.10
0.49

89
0.10
0.10
0.35

83
0.07
0.00
0.25

74
0.04
-0.03
0.34

68
0.06
0.03
0.22

68
0.10
0.10
0.32

66
0.14
0.16
0.47

68
0.13
0.11
0.38

70
0.12
0.08
0.39

68
0.08
0.10
0.36

BE

81
0.09
0.10
0.18

7
0.10
0.09
0.19

90
0.15
0.16
0.27

114
0.14
0.16
0.37

112
0.15
0.17
0.39

113
0.11
0.03
0.46

106
0.08
0.03
0.38

100
0.03
0.02
0.37

104
0.07
0.01
0.32

108
0.09
0.12
0.37

121
0.12
0.09
0.41

118
0.13
0.10
0.34

117
0.12
0.11
0.36

109
0.08
0.06
0.26

CH

139
0.09
0.11
0.17

138
0.10
0.11
0.21

169
0.13
0.15
0.31

180
0.13
0.16
0.28

175
0.13
0.12
0.32

178
0.12
0.12
0.33

196
0.08
0.05
0.27

193
0.05
-0.01
0.25

190
0.07
0.04
0.30

193
0.10
0.07
0.27

191
0.11
0.11
0.24

198
0.12
0.13
0.27

195
0.14
0.12
0.31

192
0.09
0.05
0.31

DE

458
0.10
0.07
0.33

454
0.09
0.03
0.37

581
0.13
0.17
0.42

671
0.14
0.18
0.47

701
0.13
0.13
0.48

718
0.10
0.04
0.47

753
0.05
-0.02
0.41

685
0.02
-0.09
0.40

678
0.04
-0.04
0.44

689
0.07
0.03
0.45

696
0.10
0.08
0.45

712
0.12
0.07
0.43

724
0.11
0.07
0.41

720
0.07
0.04
0.37

DK

120
0.13
0.13
0.16

118
0.13
0.12
0.24

151
0.14
0.19
0.30

156
0.13
0.15
0.28

147
0.12
0.10
0.31

140
0.10
0.08
0.33

134
0.07
0.05
0.41

131
0.07
0.06
0.34

125
0.06
0.03
0.33

113
0.09
0.03
0.42

110
0.11
0.09
0.35

150
0.13
0.14
0.32

156
0.08
0.07
0.44

155
0.02
-0.06
0.36

ES

113
0.10
0.09
0.33

114
0.10
0.12
0.22

137
0.12
0.14
0.27

132
0.14
0.18
0.18

129
0.14
0.18
0.25

132
0.14
0.14
0.26

133
0.11
0.09
0.23

124
0.11
0.09
0.25

123
0.12
0.12
0.25

125
0.14
0.13
0.28

123
0.17
0.19
0.29

125
0.18
0.19
0.35

127
0.17
0.17
0.34

128
0.09
0.07
0.32

Fl

92
0.16
0.17
0.25

90
0.15
0.15
0.14

113
0.20
0.25
0.26

135
0.16
0.22
0.39

134
0.16
0.23
0.29

132
0.16
0.19
0.36

137
0.10
0.07
0.30

133
0.08
0.03
0.25

129
0.08
0.03
0.27

130
0.14
0.13
0.33

127
0.16
0.13
0.26

121
0.14
0.13
0.26

118
0.18
0.11
0.33

118
0.10
0.05
0.33

FR

433
0.09
0.07
0.25

430
0.10
0.09
0.26

617
0.14
0.19
0.36

698
0.16
0.24
0.46

744
0.17
0.23
0.46

751
0.15
0.16
0.47

739
0.11
0.08
0.41

698
0.08
0.03
0.40

684
0.08
0.04
0.33

700
0.11
0.08
0.42

686
0.14
0.13
0.42

697
0.14
0.16
0.40

687
0.14
0.14
0.34

688
0.08
0.03
0.34

GB

1173
0.11
0.09
0.31

1169
0.11
0.09
0.32

1372
0.11
0.11
0.41

1401
0.10
0.07
0.47

1279
0.07
0.05
0.42

1206
0.02
-0.01
0.44

1294
-0.02
-0.09

0.40

1361
-0.02
-0.10

0.43

1384
-0.01
-0.05

0.45

1443
0.00
0.00
0.44

1490
0.00
-0.01
0.47

1534
-0.01
-0.03

0.46

1507
-0.02
-0.05

0.44

1392
-0.02
-0.05

0.42

GR

92
0.14
0.14
0.27

92
0.13
0.15
0.21

136
0.14
0.21
0.32

146
0.15
0.17
0.26

150
0.17
0.23
0.40

211
0.13
0.18
0.29

263
0.07
0.12
0.26

274
0.05
0.07
0.28

273
0.05
0.07
0.25

274
0.07
0.08
0.32

273
0.05
0.04
0.33

262
0.07
0.07
0.33

267
0.08
0.09
0.32

251
0.04
0.00
0.31

42
0.13
0.14
0.34

41
0.09
0.11
0.22

51
0.11
0.10
0.39

53
0.14
0.12
0.42

55
0.15
0.09
0.40

59
0.12
0.04
0.43

58
0.03
-0.07
0.42

59
0.00
-0.06
0.29

57
0.04
-0.03
0.39

54
0.04
0.02
0.45

55
0.06
0.10
0.45

55
0.08
0.06
0.47

51
0.13
0.10
0.31

49
-0.02
-0.06

0.36

IT

143
0.08
0.06
0.31

141
0.09
0.09
0.27

157
0.11
0.15
0.28

179
0.13
0.18
0.28

190
0.13
0.16
0.26

210
0.10
0.11
0.34

225
0.06
-0.01
0.35

215
0.04
-0.03
0.31

219
0.04
-0.05
0.35

226
0.07
0.04
0.33

239
0.11
0.08
0.35

247
0.10
0.08
0.30

246
0.10
0.10
0.40

234
0.05
-0.01
0.36

NL

147
0.18
0.21
0.24

152
0.17
0.21
0.25

172
0.19
0.26
0.32

191
0.20
0.28
0.47

182
0.19
0.26
0.39

160
0.20
0.18
0.35

155
0.14
0.10
0.34

143
0.10
0.03
0.32

138
0.08
0.05
0.35

133
0.12
0.10
0.38

129
0.16
0.17
0.34

127
0.19
0.17
0.31

123
0.18
0.14
0.33

111
0.11
0.04
0.33

NO

93
0.15
0.13
0.30

87
0.14
0.16
0.19

154
0.16
0.20
0.46

165
0.08
0.06
0.40

151
0.06
0.04
0.43

136
0.05
-0.04
0.48

144
0.02
-0.09
0.40

152
0.00
-0.12
0.42

144
0.09
0.01
0.38

153
0.11
0.09
0.41

166
0.16
0.16
0.46

184
0.14
0.09
0.47

202
0.05
-0.02
0.51

195
0.00
-0.10
0.43

PT

54
0.06
0.06
0.18

56
0.07
0.10
0.26

85
0.07
0.11
0.23

72
0.09
0.10
0.16

68
0.10
0.11
0.20

64
0.08
0.11
0.25

66
0.05
0.01
0.29

58
0.04
-0.01
0.28

57
0.04
0.02
0.33

52
0.14
0.14
0.47

53
0.09
0.10
0.33

52
0.12
0.12
0.25

48
0.17
0.16
0.27

50
0.05
0.05
0.40

SE

144
0.00
0.06
0.23

142
0.03
0.06
0.18

177
0.02
0.05
0.33

198
0.06
0.09
0.35

201
0.03
0.04
0.45

226
0.02
-0.01
0.52

244
0.00
-0.11
0.43

282
-0.01
-0.11

0.37

271
0.00
-0.07
0.35

272
0.05
0.02
0.33

297
0.09
0.06
0.43

366
0.07
0.03
0.46

394
0.06
0.03
0.45

418
0.02
-0.03
0.43

Tot. Von A.

3385
0.10
0.10
0.28

3363
0.11
0.09
0.28

4243
0.13
0.15
0.37

4576
0.13
0.15
0.41

4505
0.12
0.13
0.41

4525
0.09
0.07
0.42

4730
0.05
-0.01
0.38

4682
0.03
-0.04
0.37

4644
0.04
-0.01
0.37

4733
0.06
0.05
0.40

4822
0.08
0.07
0.41

5016
0.08
0.06
0.40

5032
0.07
0.05
0.40

4878
0.04
0.00
0.37

3193

3164

3192

3327

3257

3646

3947

4436

4460

4471

4617

4855

4916

4720
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2009

N
Median
Mean
SD
2010

N
Median
Mean
SD
2011

N
Median
Mean
SD
2012

N
Median
Mean
SD
2013

N
Median
Mean
SD
2014

N
Median
Mean
SD
2015

N
Median
Mean
SD

AT

68
0.07
0.00
0.27

63
0.07
-0.01
0.37

63
0.08
0.01
0.34

61
0.09
0.03
0.31

58
0.09
0.03
0.23

56
0.10
0.07
0.19

31
0.11
0.13
0.13

Grand Total N

BE

107
0.08
0.04
0.27

101
0.10
0.07
0.28

94
0.08
0.02
0.28

86
0.06
-0.01
0.32

91
0.05
0.00
0.33

86
0.05
0.02
0.29

58
0.11
0.07
0.41

CH

183
0.08
0.02
0.30

183
0.10
0.08
0.26

176
0.10
0.08
0.29

175
0.08
0.07
0.24

167
0.09
0.06
0.27

164
0.10
0.07
0.24

114
0.11
0.07
0.23

DE

700
0.04
0.01
0.37

660
0.10
0.08
0.33

637
0.10
0.05
0.34

599
0.07
0.02
0.32

568
0.07
0.01
0.38

532
0.08
0.05
0.37

239
0.11
0.10
0.26

DK

148
0.01
-0.08
0.39

147
0.04
-0.06
0.44

124
0.04
-0.06
0.40

116
0.05
0.00
0.34

111
0.06
0.04
0.28

110
0.07
0.01
0.41

76
0.08
0.04
0.37

ES

127
0.04
0.05
0.33

125
0.07
0.03
0.38

122
0.07
0.06
0.28

125
0.05
-0.04
0.42

122
0.07
0.05
0.38

127
0.09
0.10
0.45

95
0.08
0.04
0.34

Fl

113
0.02
-0.01
0.34

115
0.09
0.03
0.32

113
0.07
0.03
0.29

117
0.06
0.03
0.34

117
0.08
0.03
0.30

117
0.08
0.04
0.29

114
0.10
0.07
0.32

FR

677
0.05
0.00
0.34

653
0.09
0.06
0.31

635
0.09
0.05
0.33

590
0.08
0.03
0.33

592
0.06
0.00
0.39

592
0.07
0.01
0.38

280
0.06
0.01
0.28

GB

1316
-0.01
-0.05

0.39

1209
-0.01
-0.03

0.39

1173
-0.01
-0.01

0.38

1143
-0.01
-0.04

0.36

1148
-0.01
-0.03

0.39

1093
-0.01
-0.01

0.39

839
-0.01
-0.02

0.29

GR

250
0.01
0.02
0.29

237
-0.03
-0.10

0.36

221
-0.06
-0.15

0.39

203
-0.06
-0.14

0.47

193
-0.02
-0.05

0.45

191
0.01
0.02
0.42

133
0.02
0.00
0.25

46
-0.05
-0.09

0.44

45
0.06
-0.01
0.33

41
0.05
-0.07
0.46

38
0.09
0.09
0.39

38
0.06
0.07
0.31

37
0.11
0.08
0.29

21
0.17
0.14
0.26

IT NL NO

231 102 180
0.02 0.06 0.02
-0.03 0.06 -0.05
0.35 0.26 0.48

231 101 176
0.04 012 0.01
-0.03 0.10 -0.05
0.34 026 041

222 100 183
0.05 0.10 0.00
-0.03 0.03 -0.07
0.36 0.37 0.36

218 95 176
0.04 0.08 0.06
0.00 0.05 -0.02
0.35 033 051

223 92 160
0.03 0.10 0.06
0.02 0.09 0.01
0.37 034 033

214 88 154
0.06 0.11 0.04
0.03 -0.01 -0.01
0.35 0.39 0.46

131 59 138
0.08 0.11 0.00
0.06 0.06 -0.10
0.26 024 043

PT SE

47 415
0.08 0.00
0.05 -0.04
0.38 0.43

49 409
0.10 0.03
0.19 -0.03
0.44 0.45

48 402
0.03 0.05
0.05 -0.05
032 043

47 406
0.05 0.02
0.04 -0.08
0.41 043

48 412
0.04 0.04
-0.01 -0.09
039 0.44

47 400
0.05 0.08
0.01 0.00
0.24 0.42

32 381
0.09 0.08
0.07 -0.05
0.28 0.52

Tot. Von A.

4710
0.02
-0.02
0.37

4504
0.05
0.01
0.36

4354
0.04
0.00
0.36

4195
0.04
-0.01
0.36

4140
0.04
-0.01
0.38

4008
0.05
0.02
0.38

2741
0.05
0.01
0.32

4441

3883

121130 91796
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Appendix 2

EPS EPSINE EPSIMD EPS2NE EPS2MD EPS3NE EPS3MD EPS4NE EPS4MD EPS5NE EPS5MD

1986

N 1501 1248 1248 1023 1023 387 387 25 25 0 0
Median 0.3 3.0 5.4 3.0 7.2 1.0 6.3 1.0 1.9

Mean -16.4 4.6 15.3 4.4 17.8 2.1 20.0 1.2 4.8

SD 1972.7 4.2 69.0 3.8 76.9 1.8 115.7 0.6 8.2

1987

N 2427 1641 1641 1444 1444 574 574 41 41 0 0
Median 0.3 3.0 4.7 3.0 6.4 1.0 6.6 1.0 4.7

Mean 118.2 5.2 152.8 4.7 264.5 2.3 22.6 1.2 12.8

SD 4987.8 51 5554.3 4.6 9315.6 2.2 109.4 0.5 215

1988

N 2969 1869 1869 1635 1635 436 436 40 40 6 6
Median 0.4 3.0 5.2 3.0 7.3 1.0 10.8 1.0 1.8 1.0 2.7
Mean 110.3 5.6 218.1 5.2 315 2.5 34.1 1.0 8.7 1.0 2.7
SD 4768.8 53 83318 5.0 356.8 2.3 164.1 0.2 19.1 0.0 2.1
1989

N 3233 1887 1887 1691 1691 333 333 26 26 3 3
Median 0.4 4.0 53 4.0 7.0 1.0 8.0 1.0 13 1.0 12.0
Mean 210.3 6.2 25.7 5.7 31.3 2.4 317 1.0 4.1 1.0 16.9
SD 10166.0 5.6 329.2 5.2 388.9 2.7 170.2 0.2 6.9 0.0 18.3
1990

N 3365 1922 1922 1764 1764 417 417 30 30 7 7
Median 0.3 4.0 3.8 4.0 4.8 1.0 4.1 1.0 1.2 1.0 3.3
Mean 230.4 6.3 19.1 5.6 23.8 2.6 19.4 11 7.8 1.0 23.7
SD 11747.2 5.7 201.0 5.0 218.9 2.8 75.1 0.3 22.7 0.0 50.3
1991

N 3420 2261 2261 2109 2109 642 644 38 38 5 5
Median 0.2 4.0 2.6 4.0 3.5 2.0 2.1 1.0 2.9 1.0 55
Mean 179.5 7.1 12.2 6.3 16.6 2.5 10.6 11 16.1 1.0 18.1
SD 9416.2 7.2 110.0 6.2 137.8 2.1 32.7 0.3 29.4 0.0 28.3
1992

N 3434 2347 2347 2167 2167 878 879 45 45 5 5
Median 0.1 4.0 1.6 4.0 2.6 2.0 2.4 1.0 1.9 1.0 0.7
Mean 41.7 7.7 7.6 6.8 11.6 2.8 10.4 11 6.9 1.2 14.7
SD 1804.0 8.2 97.8 7.1 89.9 2.6 24.8 0.3 15.0 0.4 28.8
1993

N 3515 2353 2353 2141 2141 1034 1035 156 157 17 18
Median 0.1 5.0 1.8 4.0 2.9 2.0 2.2 1.0 1.4 1.0 48.7
Mean -58.9 8.2 7.6 7.0 11.6 3.2 7.9 1.2 15.2 1.0 48.9
SD 4359.5 8.6 66.0 7.0 83.8 35 114.7 0.5 43.8 0.0 49.5
1994

N 3539 2523 2523 2420 2420 1387 1387 182 182 30 30
Median 0.2 5.0 2.5 4.0 3.2 2.0 3.2 1.0 2.7 1.0 8.2
Mean 56.4 8.5 10.1 7.4 12.7 4.2 11.3 1.5 16.1 1.0 37.9
SD 2644.1 8.9 73.9 7.8 94.9 5.1 91.4 0.8 38.3 0.2 51.9
1995

N 3536 2655 2655 2557 2557 1461 1461 126 126 14 14
Median 0.2 5.0 24 5.0 3.0 2.0 2.9 1.0 2.6 1.0 55.2
Mean 213.0 8.4 8.0 7.6 13.6 3.9 14.2 1.2 20.1 1.0 63.1
SD 9248.5 8.3 78.7 7.5 97.6 4.6 98.4 0.5 41.5 0.0 54.2
1996

N 4439 2878 2878 2765 2765 1615 1615 307 308 30 30
Median 0.2 5.0 2.6 4.0 33 2.0 4.2 1.0 2.1 1.0 1.4
Mean 87.6 8.1 -10106.0 7.3 34891.9 4.1 18.5 1.4 10.7 1.2 2.9
SD 3552.6 8.4 542700 7.5 1834059 4.9 132.9 0.8 28.4 0.6 4.6
1997

N 4844 3044 3044 2889 2889 1824 1826 256 257 41 41
Median 0.3 4.0 2.6 4.0 3.4 2.0 4.1 1.0 2.7 1.0 5.6
Mean 95.3 7.3 -1648.5 6.4 15414.8 3.3 33.6 1.2 140.6 1.0 28.8
SD 7344.9 7.7 180498 6.7 693568 3.7 787.2 0.6 20117 0.0 91.4
1998

N 4946 3176 3174 3041 3041 2084 2084 571 571 194 194
Median 0.2 4.0 2.3 4.0 3.0 2.0 3.3 1.0 2.3 1.0 2.3
Mean 240.1 7.3 5180.1 6.5 8430.4 3.6 66.4 15 9.8 11 10.7
SD 12948.2 7.3 290686 6.4 461962 3.7 24713 0.9 67.3 0.4 42.7

LTNE

63
1.0
18
2.9

246
1.0
1.3
1.2

298
1.0
2.1
3.5

300
1.0
18
1.6

516
1.0
1.6
17

494
1.0
15
1.2

557
1.0
1.6
2.0

450
1.0
21
3.9

495
2.0
2.7

10.7

596
2.0
21
2.2

855
1.0
2.0
2.9

976
1.0
21
2.9

1080
1.0
23
4.0

LTMN

63
10.6
11.1

6.0

246
10.0
12.1
13.0

298
10.0
9.9
4.8

300
10.0
10.8

4.6

516
10.0
10.3

8.6

494
11.0
11.7

9.5

557
10.5
11.3

9.0

450
11.0
11.7

7.9

495
11.0
12.7
11.0

596
10.0
11.7
111

855
10.2
12.0
19.9

976
11.0
12.5
18.8

1080
10.2
13.0
20.5

76
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1999
N
Median
Mean
SD
2000
N
Median
Mean
SD
2001

N
Median
Mean
SD
2002
N
Median
Mean
SD
2003
N
Median
Mean
SD
2004
N
Median
Mean
SD
2005

N
Median
Mean
SD
2006

N
Median
Mean
SD
2007

N
Median
Mean
SD
2008

N
Median
Mean
SD
2009

N
Median
Mean
SD
2010

N
Median
Mean
SD
2011

N
Median
Mean
SD
2012

N
Median
Mean
SD

EPS EPSINE EPS1IMD EPS2NE EPS2MD EPS3NE EPS3MD EPS4NE EPS4MD EPS5NE EPS5MD

5009
0.2
131.2
9775.6

5238
0.2
107.5
14227.8

5196
0.1
202.2
14081.4

5116
0.0
248.6
17687.4

5079
0.1
201.8
13949.8

5157
0.1
184.0
11787.2

5351
0.1
342.7
20752.1

5463
0.1
353.6
21460.5

5476
0.1
350.7
20128.8

5229
0.1
56.3
2856.8

4999
0.0
14.1
1171.2

4870
0.1
39.3
3554.8

4814
0.1
-71.8
4483.3

4667
0.1
36.2
2632.3

3180
4.0
6.8
7.0

3109
3.0
4.8
5.0

2808
3.0
4.8
4.8

2557
3.0
5.3
6.0

2262
3.0
5.9
6.4

2349
3.0
6.2
6.8

2720
3.0
5.6
6.3

2797
3.0
6.1
6.7

2969
3.0
6.1
6.7

2783
3.0
6.4
7.1

2784
3.0
6.6
7.6

2743
3.0
7.2
8.3

2649
3.0
7.0
8.0

2561
3.0
6.9
7.9

3180
1.8
4859.4
274283

3109
1.4
18299.5
1040335

2808
1.0
9.0

423.1

2557
1.0
-14085.5
711930

2262
1.2
21.8
452.2

2349
1.6
145
228.4

2719
15
30.4
527.9

2796
1.6
20.8
473.1

2968
15
23.8
513.7

2783
0.9
14.6
413.6

2784
1.0
9.8

201.9

2742
1.2
9.9

182.7

2648
1.2
21

141.8

2561
11
5.4

55.1

2977
4.0
6.2
6.3

2955
3.0
4.6
4.4

2682
3.0
4.6
45

2392
3.0
5.1
5.6

2188
3.0
5.8
6.2

2306
3.0
5.9
6.2

2622
3.0
5.4
6.0

2696
3.0
5.9
6.5

2873
3.0
6.0
6.4

2743
3.0
6.1
6.8

2739
3.0
6.5
7.5

2675
3.0
7.1
8.0

2586
3.0
6.9
7.8

2492
3.0
6.7
7.6

2977
2.5
12516.6
683678

2955
2.0
25359.4
1379719

2682
15
27.8
825.2

2392
15
-15037.3
736075

2188
17
21.9
346.5

2306
2.1
17.1
222.6

2621
2.1
29.1
488.6

2696
2.1
39.0
623.9

2872
2.0
32.3
638.9

2743
1.2
20.1
471.9

2739
1.4
15.3
237.4

2674
1.7
12.2
141.1

2585
1.6
11.1
128.5

2492
15
9.1

48.7

2156
2.0
3.5
3.6

2271
2.0
31
2.8

2111
2.0
3.0
2.6

1819
2.0
3.1
3.0

1689
2.0
3.5
3.3

1831
2.0
3.7
3.6

2001
2.0
3.6
35

2127
2.0
3.8
3.8

2230
2.0
4.1
4.1

2287
2.0
4.4
4.6

2342
2.0
4.9
5.4

2241
3.0
53
5.6

2142
3.0
5.3
5.6

2068
3.0
55
5.8

2157
3.3
-33.0
2644.1

2271
2.3
444.7
21979.7

2111
1.8
49.6
1564.2

1819
1.9
-13726.5
586171

1689
2.3
29.1
509.9

1831
2.5
21.0
248.7

2001
2.5
21.4
276.3

2127
2.6
314
428.7

2229
2.5
34.1
590.1

2287
1.6
50.2
1043.9

2342
1.9
217
314.5

2240
2.2
20.6
323.6

2141
2.0
13.4
142.6

2068

2.1
133
58.5

1001
1.0
1.7
1.2

1223
1.0
1.8
1.2

1139
1.0
1.6
1.0

985
1.0
1.6
11

903
1.0
17
13

949
1.0
18
13

782
1.0
1.7
1.3

1.0
1.8
1.4

733
1.0
15
0.9

1196
1.0
2.0
1.7

1221
1.0
2.1
2.0

938
1.0
2.3
2.3

870
1.0
2.3
2.2

753
1.0
21
1.9

1001
3.0
33.3
551.1

1223

3.0
13.3
53.0

1139
2.3
10.8
45.7

985
2.0
22.8
341.7

903
2.4
155
63.3

949
2.8
21.7
123.6

782
2.5
19.3
148.1

2.6
16.8
76.0

733
2.7
23.3
143.2

1196
2.1
46.1
823.2

1221
2.4
25.7
423.4

938
2.5
27.0
432.8

870
2.6
21.4
241.6

753
2.9
18.7
65.9

473
1.0
13
0.6

592
1.0
13
0.7

560
1.0
12
0.5

365
1.0
11
0.4

428
1.0
13
0.8

512
1.0
13
0.8

411
1.0
15
1.0

340
1.0
1.2
0.7

386
1.0
1.2
0.5

720
1.0
15
1.0

767
1.0
1.7
15

484
1.0
2.0
1.8

386
1.0
1.7
1.4

368
1.0
17
13

474
3.9
100.3
1753.3

592
4.1
14.1
52.0

560
2.6
11.8
26.0

365
2.2
11.0
29.0

428

2.7
18.6
89.0

512
2.9
24.0
145.8

411
2.8
16.9
39.5

340
3.0
20.0
122.7

386
4.0
27.4
132.0

720
3.1
17.5
68.2

767
3.5
17.6
36.8

484
3.4
44.7
607.9

386
4.0
18.3
43.7

368
3.9
18.8
43.2

LTNE

948
1.0
1.7
2.2

845
1.0
2.0
4.3

1002
2.0
2.6
3.4

1153
2.0
2.3
5.7

1104
2.0
2.9
3.2

999
2.0
2.2
3.1

1011
1.0
1.9
2.0

999
1.0
3.2

28.4

1099
1.0
3.5

11.6

882
1.0
3.3

10.5

958
2.0
4.7
9.7

1150
2.0
4.4
8.9

1067
2.0
4.4

10.4

987
2.0
3.6
8.2

LTMN

948
11.0
15.7
22.8

845
12.0
15.7
313

1002
10.0
11.7
311

1153
8.0
10.9
21.6

1104

8.3
10.5
17.9

999
7.2
9.8

19.8

1011
6.9
9.8

13.3

999

7.6
10.2
13.6

1099
6.8
9.5

13.8

882
5.0
6.5

18.1

958
7.6
11.8
21.0

1150
10.8
15.2
25.6

1067
8.0
11.9
24.2

987
7.8
10.9
30.0

77
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2013
N
Median
Mean
SD
2014
N
Median
Mean
sD
2015
N
Median
Mean
SD

Grand Total N

EPS EPSINE EPSIMD EPS2NE EPS2MD EPS3NE EPS3MD EPS4NE EPS4MD EPS5NE EPS5MD

4564
0.1
51.2
3439.7

4355
0.1
70.3
4578.1

2797
0.1
6.7

163.8

128548

2493
3.0
6.7
7.6

2533
3.0
6.6
7.5

2516
3.0
6.4
7.4

2492
1.2
8.0

26.0

2533
11
8.3

27.2

2516
1.2
8.2

32.9

75609

2418
3.0
6.7
7.5

2471
3.0
6.5
7.4

2469
3.0
6.5
7.3

2417
1.6
9.3

35.2

2471
1.6
9.7

31.6

2469
15
9.8

34.9

71925

2035
3.0
53
55

2099
3.0
5.2
55

2051
3.0
53
55

2034
2.1
11.9
30.7

2099
2.2
12.4
36.5

2051
2.2
125
341

48575

862
1.0
1.9
1.6

904
1.0
2.1
1.9

877
1.0
2.1
1.9

862
2.3
14.7
39.5

904
2.4
15.7
43.3

877
2.4
15.8
44.2

18073

404
1.0
1.6
11

425
1.0
1.6
13

459
1.0
18
15

404
3.8
19.8
49.5

425
3.4
20.3
55.2

459
3.9
21.7
52.5

8434

LTNE

926
2.0

8.4

644
2.0
3.9
8.7

664
2.0
3.6
9.4

LTMN

926
8.8
12.2
23.1

905
9.8
15.7
31.9

905
8.6
125
25.1

23866

Where EPS is the downloaded realized EPS from Thomson Reuters’ Worldscope,

EPS*i*NE is the number of analysts’ estimates a EPS prediction consists of i years

ahead and EPS*i*MD is the median of the analysts’ predictions for i years ahead.
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Appendix 3

Balance Sheet Items
Operating Assets

Components Worldscope item
Receivables (Net) WC02051
Inventories WC02101
Prepaid Expenses WC02140
Other Current Assets WC02149
Property, Plant and Equipment WC02501
Other Assets — Total WC02652
Investment in Associated Companies WC0256

Operating Liabilities

Components Worldscope item
Accounts Payable WC03040
Accrued Payroll WC03054
Income Taxes Payable WC03063
Deferred Taxes WC03263
Deferred Income WC03262
Other Liabilities WC03273
Provision for Risks and Charges WC03260

Financial Assets

Components Worldscope item
Cash & Short Term Investments WC02001
Long-term Receivables WC02258
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Other Investments

WC02250

Financial Obligations

Components Worldscope item
ﬁgzg-tz(rarrangstbt & Current Portion of WC03051
Other Current Liabilities WCO03066
Long-term Debt WC03251
Preferred Stock WC03451

Common Shareholder Equity

Components Worldscope item
Common Equity WC03501
Preferred Stock WC03451

Current Assets
Components Worldscope item
Cash & Short Term Investments WC02001
Receivables (Net) WC02051
Inventories WC02101
Prepaid Expenses WC02140
Other Current Assets WC02149

Current Liabilities

Components

Worldscope item

Accounts Payable

WC03040
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Short Term Debt & Current Portion of

Long-term Debt WC03051
Accrued Payroll WC03054
Income Taxes Payable WC03063
Dividends Payable WC03061
Other Current Liabilities WC03066

Income Statement Items
Operating Revenue

Components

Worldscope item

Net Sales or Revenues

WC01001

Operating Expenses

Components Worldscope item
Cost of Goods Sold WC01051
Depreciation, Depletion & Amortization | WC01151
3::1223, General & Administrative Ex- WC01101
Other Operating Expenses WC01230
Operating Expenses — Total WC01249
Other Income/Expense (Net) WC01262
After Tax Other Income/Expense WC01504
Minority Interest — Income Statement WC01501

Net Financial Expenses

Components

Worldscope item

Extraordinary Credit — Pretax

WC01253
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Extraordinary Charge — Pretax WC01254
Non-Operating Interest Income WC01266
Interest Expense on Debt WC01251
Interest Capitalized WC01255
Preferred Dividend Requirements WC01701
Foreign Currency Translation Gain/Loss | WC01351

Earnings / Net Income

Components Worldscope item
Pretax Income WC01401
-Income Tax WC01451

General Items

Components Worldscope item
Total Assets WC02999
Total Liabilities WC03351
Total Liabilities & Shareholders’ Equity | WC03999
Nation Code WC06027
Company Name WC06001
Industry Group WC06011
Net Cash Flow — Financing WC04890
Net Cash Flow — Investing WC04870
Net Cash Flow — Operating Activities WC04860
Accounting Standards Followed WC07536
Fiscal Year End Exchange Rate (US$) | WC06102
Total Debt WC03255
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Earnings Before Interest & Taxes

(EBIT) WC18191
Coings Befor et ks & D& | 105
Minority Interest — Balance Sheet WC03426
Common Shares Outstanding WC05301
Market Capitalization WC08001
Net Income After Preferred Dividends | WCO01706
Common Dividends (Cash) WC05376
Dividends per Share WC05101
Price/Book Value Ratio — Close WC09304
Price/Earnings Ratio — Close WC09104
Beta WC09802
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