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ABSTRACT

Following the seminal theoretical works of Ohlson (1995) and Feltham and Ohlson
(1995, 1996), many researchers have tried to investigate the linear information
dynamics (LID) model's validity empirically. However, empirical applications of the
LID approach to residual income-based equity valuation, such as Dechow, Hutton and
Sloan (1999) (DHS) and Myers (1999b), have produced estimates of firm value that are

substantially lower on average than corresponding observed market values.

DHS's results that show the quite large downward bias of the value estimates based on
Ohlson (1995), together with the work of Myers (1999b) that includes the RI intercept
term in the pricing model, motivate me to augment the Ohlson model in order to capture
the impact of the intercept terms on the residual income forecasts and firm values. 1
argue that the large negative bias in LID-based value estimates might be attributable to
failure to deal fully with the effects of conservative accounting in projecting residual
income. I term the augmented model, which incorporates residual income (RI) and
'other information' (OI) intercepts into the linear information dynamics, as the 'intercept-
inclusive' LID model. I also show that the Feltham and Ohlson (1995) LID model as
well as the Ohlson (1995) LID model are special cases of the 'intercept-inclusive' LID

model.

The main objective of the thesis is thus to examine whether the 'intercept-inclusive' LID

model produces more reliable value estimates than the extant Rl-based valuation




models: the Ohlson (1995) LID-type and the EBO-type valuation models. Using U.S.
(Chapter 4) and UK. (Chapter 6) data, I show that use of a LID that impounds the
effects of conservative accounting, as reflected in analyst forecast-based residual
income projections, produces value estimates that are substantially less biased than
those extant RI-based models. The thesis also addresses a potentially important issue of
the different applicability under different conditions of different RI-based valuation
models in Chapter 7. This is based on the idea that the models' relative applicability can
differ across various firm-specific characteristics and properties, because the
implementation procedures and underlying assumptions of competing models are
apparently different. Among some firm-specific ex-ante variables, earnings-to-price
ratio, market-to-book ratio and analyst-based one-year ahead RI forecast-to-book ratio

seem to be influential with regard to the applicability of models.

Despite some contributions of this study, there are also several limitations that need to
be explored in further research. In particular, value estimates based on the 'intercept-
inclusive' LID approach are very sensitive to the assumed discount rate and growth rate.
Moreover, the 'intercept-inclusive' LID model does not appear to improve the overall
accuracy of value estimates. Together with the evidence of different applicability across
firm-specific characteristics, how some firm-specific ex-ante variables can be used to
modify the models and how to estimate firm-specific discount rates and growth rates

could be important issues in further research.
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CHAPTER 1. INTRODUCTION

1.1. Introduction

1.2. Structure of the Thesis



CHAPTER 1

INTRODUCTION

1.1. Introduction

Recently, much empirical literature has emerged on the residual income valuation (RIV)
model. From these empirical studies, value estimates based on the RIV model seem to
be superior to traditional value estimates (i.e., those based on earnings, dividends, book
value or free cash flows). In fact, it is very attractive that we can value a firm using
tractable accounting information. Especially, if current residual income and current
book value can capture much of the market's expectations as Ohlson's (1995) simple

model suggests, it must be a breakthrough in accounting and finance.

Ohlson's (1995) accounting-based valuation model has been received enthusiastically by
many researchers. The Ohlson model is based on the RIV relationship and the residual
income (abnormal earnings) linear information dynamics (LID). The RIV relationship is
just a restatement of the dividend discounting model, and it has been 're-discovered'
regularly by academics. Thus, strictly speaking, the RIV relationship per se is not
Ohlson's contribution.! Ohlson's original contribution is the information dynamics,
which includes a modified AR(1) residual income generating process. This information

dynamics is still controversial among researchers empirically.

! For example, theoretical development of the residual income valuation model can be found in Preinreich
(1938) and Peasnell (1982).
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Recent studies have assessed the empirical validity of the RIV relationship and of
Ohlson's development of the relationship (Dechow, Hutton and Sloan, 1999; Hand and
Landsman, 1998; Hand and Landsman, 1999; Frankel and Lee, 1998; Myers, 1999a;
Myers, 1999b; Lee, Myers and Swaminathan, 1999; Francis, Olsson and Oswald, 2000).
(fhe approach used in Frankel and Lee (1998), Myers (1999a), Lee et al. (1999), and
Francis et al. (2000) is to estimate future residual income from analysts' earnings
forecasts, and to use these forecasts together with assumptions about terminal value to
estimate firm value.” This is often called the Edwards-Bell-Ohlson (EBO) valuation
approach. Dechow et al. (1999) (hereafter DHS) and Myers (1999b) specifically focus
on the information dynamics, with its persistence parameters, which are central to
Ohlson's development of the RIV relationship. The persistence parameters are not only
the most difficult to estimate practically, but also the most crucial part of the Ohlson
model in order to measure a firm's value. Actually, the Ohlson model's ability to
summarize the present value of future residual income in terms of observable
accounting variables and 'other information' follows directly from the linear information
dynamics (Pope and Wang, 1999). On the other hand, Hand and Landsman (1998, 1999)
test the Ohlson model without estimating persistence parameters, and compare the sign

of regression coefficients with the theoretically predicted sign of them.

This research is motivated by this growing literature, particularly by the work of DHS
and Myers (1999b), and addresses and develops the issues raised by these studies. Even

though both empirical tests using U.S. data do not firmly support the validity of the

2 Myers (1999a) specifically focuses on the terminal income (liquidation price less book value) for the
estimation of terminal value, under the assumption that a firm's life is finite.
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Ohlson model, they contribute to the empirical implementation of the RIV model in
terms of the estimation of persistence parameters and the comparison of alternative

models' forecasting ability for contemporaneous stock prices.

DHS estimate the persistence parameters of residual income (RI) and 'other information
(OI)' first, and compare the relative forecasting ability of alternative models for
explaining contemporaneous stock prices. They use pooled time-series and cross-
sectional regression analysis to estimate RI and OI persistence parameters. Following a
suggestion in Ohlson (2001), DHS estimate unobservable OI from observable analysts'
earnings forecasts. The definition of OI using observable analysts' earnings forecasts
gives a very important contribution to the practical implementation of the LID-based

valuation models.’

DHS's results are generally supportive of Ohlson's information dynamics, but suggest
that the application of those dynamics to equity pricing provides only minor
improvements over traditional and much simpler valuation models that capitalise short-
term earnings forecasts in perpetuity. That is, Ohlson's general model is outperformed in
terms of explanation of contemporaneous stock prices by a special case of the model
involving the capitalisation of analysts' forecasts in perpetuity. Moreover, there are
inconsistencies between the predictive ability for future residual income of assumed
residual income generating processes and the ability of pricing models based on those

generating processes to explain contemporaneous stock prices.

3 Liu and Ohlson (2000) and Begley and Feltham (2002) also use analysts' earnings forecasts as a means
of estimating OI variable for the Feltham and Ohlson (1995) model and the Feltham and Ohlson (1996)

model, respectively.
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DHS's result that show the quite large downward bias of the value estimates based on
Ohlson (1995), together with the work of Myers (1999b) that includes the RI intercept
term in the pricing model, motivate me to augment the Ohlson model in order to capture
the impact of the intercept terms on the residual income forecasts and firm values. I
show that the large negative bias reported in DHS and Myers (1999b) might be
attributable to a key assumption of the underlying Ohlson model. The Ohlson model,
which assumes zero mean RI and OI reverting processes, seems to fail to capture the
effects of conservative accounting. Because a non-zero mean reverting process for RI
and OI could be observed in practice, the intercept terms might have a significant
impact on forecasting future RI and valuing a firm. In the AR(1) RI (OI) process, the
mean RI (OI) is approximately the same as the corresponding intercept over one minus
the corresponding slope coefficient, so the non-zero intercept implies the non-zero mean
RI (OI). I term the augmented model, which incorporates RI and OI intercepts into the

linear information dynamics, as the 'intercept-inclusive' LID model.

I also show that the Feltham and Ohlson (1995) model is a special case of the 'intercept-
inclusive’ LID model. Feltham and Ohlson (1995) try to deal with conservative
accounting, but the empirical implementation of the Feltham and Ohlson model as in
Myers (1999b) provides evidence that it is also unlikely to cope well with conservatism.
The most important difference between the 'intercept-inclusive' model and the Feltham
and Ohlson model is the assumption of mean scaled OI. The 'intercept-inclusive' model
allows for non-zero mean scaled OI, indicating that the mean of future RI could be

different from the mean of past realised RI, but the Feltham and Ohlson model assumes
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zero mean Ol.

In this study, I examine the reliability of various RI-based valuation models using large
U.S. and UK. samples. The U.S. study is motivated by the substantial negative bias,
reported by DHS. It investigates whether the 'intercept-inclusive' LID model produces
less biased value estimates compared to the Ohlson (1995) model and a simple model in
which 1-year ahead earnings forecast is capitalised as a flat perpetuity.* In order to
facilitate comparison with DHS's results, I use data that are very similar to those used in
DHS. Empirical evidence shows that value estimates based on the ‘intercept-inclusive'
LID approach are substantially less biased than those based on the other two

approaches.

I also replicate and extend the work of DHS using U.K. data. This enables a comparison
to be made between the results for two countries. The results show that the patterns of
residual income persistence in my U.K. data are similar to those reported in both U.S.
studies (DHS and my U.S. study), even though there are some differences in the sign
and the magnitude of regression coefficients. In terms of the models' validity, the
Ohlson model seems to be outperformed by the 'intercept-inclusive’ LID model and
some EBO models. Thus, the U.K. study provides evidence similar to that from the U.S.
study. The superiority of the 'intercept-inclusive' LID model over the Ohlson model in

terms of bias and accuracy of value estimates is confirmed by various sensitivity tests.

* Note that the capitalisation of analysts' earnings forecasts in perpetuity is the same as 1-year forecast
horizon EBO model with zero residual income growth in the post-horizon period.
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Moreover, using UK. data, I explore the important issue of differences in the
applicability of valuation models. Despite the potential importance in equity valuation,
there has been little concern about the issue of the conditions under which one model
might dominate others. Because firms' accounting methods/systems and economic
properties are different from each other, it is possible for a valuation model to have
different applicability to different firms. In other words, bias and accuracy of value
estimates might be different across firm-specific characteristics such as earnings
persistence, conservatism, future potential growth and profitability, and a valuation
model might not dominate other models in all circumstances. If the usefulness of a
model consistently depends on some properties or characteristics, it would be evidence
that the model cannot be applied universally. Thus, to explore which properties and
characteristics affect the applicability of a model would be important, especially for
practitioners. In general, the 'intercept-inclusive' LID model seems to perform well for
firms with moderate earnings-to-price (E/P) ratio, market-to-book (P/B) ratio and one-
year ahead RI forecasts-to-book (FRI/B) ratio. On the other hand, the Ohlson model (the
EBO model) is likely to give relatively reliable value estimates for firms with low

(high) E/P, P/B and FRI/B.

Although the LID and the EBO approaches to RI-based valuation are particular objects
of interest to researchers in equity valuation, there is no explicit research on the
comparison of the LID and the EBO approaches, to my knowledge. Motivated by the
lack of research on the comparison of the LID and the EBO approaches, my U.K. study
includes the Ohlson LID, the ‘intercept-inclusive' LID and the EBO approaches for the

overall reliability test and the applicability test. It must be of interest to examine
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whether a certain model dominates the others. If the simpler EBO model dominates the
LID models in all cases, the process for estimating persistence parameters may offer

few benefits and the LID models need to be further modified.

1.2. Structure of the Thesis

This thesis is made up of following chapters. Chapter 2 reviews literature related to
residual income-based equity valuation. The chapter reviews the development of the
RIV model and its empirical content, including some recent empirical research. In
particular, since the seminal Ohlson (1995) LID approach, which has had a major
influence on research, is a starting point of this thesis, its information dynamics, other
information and persistence parameters are discussed from an empirical perspective. In
addition with the LID approach, the EBO approach, which is simpler but still an issue of
great interest to many researchers, is briefly discussed. For examples of the LID-based
empirical research, DHS, Myers (1999b) and Hand and Landsman (1998, 1999) are
reviewed, while Frankel and Lee (1998), Lee et al. (1999) and Francis et al. (2000) are
reviewed as examples of the EBO-based empirical research. Due to recent academic
efforts that enable us to use observable analysts' earnings forecasts for the construction
of 'other information', which is unobservable, the ability of the LID approach to value a
firm could be improved. Analysts' earnings forecasts are also a crucial component of the
EBO models, with evidence of its superiority as a proxy for market's expectations over
time-series forecasts. The last section of this chapter, therefore, reviews usefulness and

attributes of analysts' earnings forecasts in the context of equity valuation.
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Chapter 3 presents the development of the 'intercept-inclusive' LID model, which is
innovative and central to my thesis. Because Ohlson's (1995) assumption that
accounting is unbiased is unlikely to be appropriate in the presence of conservative
accounting, the intercepts of AR(1) RI and OI generating equations in the Ohlson
(1995) linear information dynamics seem to be non-zero. In other words, the non-zero
mean expected RI, which corresponds to the accounting conservatism, is captured by
the non-zero intercepts of both RI and OI generating equations in the linear information
dynamics. From the relaxation of Ohlson's implicit assumption that the unconditional
mean of RI and OI are zero, I derive the 'intercept-inclusive' LID model and show its
potential impact on valuation biases. Then, some LID-based valuation models that have
appeared in earlier studies, including the Feltham and Ohlson (1995) and Ohlson (1995)
models, are shown to be special cases of the 'intercept-inclusive' LID model. There
could be various LID-type and EBO-type valuation models according to the
assumptions of LID in the first case, and various sets of forecast horizon and terminal
value assumptions in the second case. In this thesis, I consider 9 Ohlson (1995) LID-
based models and 7 'intercept-inclusive' LID-based models according to the assumption
of OI and/or the restriction of RI and OI persistence parameters. According to the
combination of 3 forecast horizons (l-year to 3-year) and 2 future RI growth

assumptions (zero and non-zero), 6 EBO models are considered as well.

Chapter 4 examines the reliability of the 'intercept-inclusive' LID model in terms of bias
and accuracy metrics, compared to the Ohlson (1995) LID model and the 1-year horizon
EBO model with the assumption of zero future RI growth. RI and OI parameters are

estimated using DHS's empirical procedure and using U.S. data from 1950 to 1995,
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which are very similar to those used by DHS. However, practical implementation of the
'intercept-inclusive' LID approach requires a fundamental change in the scaling variable
from that used by DHS. DHS deflate RI and OI variables in the linear information
dynamics by price to control for size. Because this causes the scaling variable to be an
input to the 'intercept-inclusive' LID model, it causes circularity. In order to avoid this
circularity problem, I use book value as a scaling variable. For a supplementary test, I
investigate the effects of alternative trimming and winsorising criteria on LID

parameters and value estimates.

Chapters 5 to 7 report the results of an analysis based on U.K. data from 1969 to 1998.
Chapter 5 contains the definition of four alternative earnings measures together with
other variables, sample selection and descriptive statistics. I use two measures of
'ordinary earnings', one measure comprising ordinary earnings and all abnormal items,
and one measure comprising ordinary earnings and exceptional items. This enables me
to test the robustness of the empirical results to the use of alternative earnings measures
and to explore the effect of exceptional and/or extraordinary items on LID parameters
and value estimates. All variables used in the U.K. study except the I/B/E/S analysts'

earnings forecasts are defined in terms of Datastream items.

Chapter 6 provides the empirical results of the partial replication and extension of the
DHS study relating to the estimation of LID parameters and the examination of
competing models' reliability. I investigate the relative reliability of 22 competing
valuation models in terms of three performance metrics - bias, accuracy and

explainability - using each of four alternative earnings measures. Various sensitivity

10
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tests are then conducted by assuming different book value growth rates, residual income
growth rates, and discount rates, and by using different benchmarking stock prices and
consensus earnings forecasts. If the reliability of value estimates considerably varies by
the change of a component in the valuation model, the component should be carefully

estimated or assumed.

Chapter 7 investigates alternative models' applicability across various firm-specific
characteristics. The issue of the conditions under which one model dominates the other
models and a model performs best is explored using three approaches to RI-based
equity valuation - the Ohlson (1995) LID, the 'intercept-inclusive' LID, and the 2-year
horizon EBO with the assumption of 4% future RI growth. I address differences in the
implementation procedures and the underlying assumptions of three competing models
first, and then develop predictions about models' applicability across firm-specific
characteristics — earnings attributes, conservatism, future potential growth, firm size,
future profitability, and industry membership. Bias and accuracy of value estimates in
portfolios partitioned by each ex-ante proxy variable for a certain firm-specific
characteristic are compared by applying statistical tests for the equality and by use of
graphical illustration. Regressions of bias and accuracy on various firm-specific ex-ante

variables are also conducted in order to identify determinants of models' applicability.

Finally, Chapter 8 concludes the thesis with a summary of empirical results.

Implications and limitations of the thesis are also discussed.

11
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CHAPTER 2

LITERATURE REVIEW
2.1. Development of the Residual Income Valuation (RIV) Model

The development of Ohlson's (1995) accounting-based valuation model starts from the
assumption that firm value is 'the present value of expected dividends (PVED)', which is
a widely accepted fundamental finance concept. A basic long-known accounting
concept, the clean-surplus relation (CSR), is assumed as well. Under CSR, all changes
in the balance sheet value of shareholders' funds other than transactions with
shareholders are included in earnings. This is an important concept because it integrates
the bottom-line items in the balance sheet and income statement (i.e., book value and
earnings) so that all changes in assets/liabilities unrelated to dividends must pass

through the income statement (Ohlson, 1995).

v, =S R7E|d,,.] (Ass. 1: PVED)

=1
d =x,—(b -b_) (Ass. 2: CSR)
where ¥, is intrinsic value of equity at date ¢, d, is net dividends at date ¢, R is 1 plus the
discount rate (r), x; is earnings for the period (¢-1, £), b, is book value at date ¢, and £[']

is the expectation operator conditional on the date ¢ information.

The definition of residual income (x;), which is accounting earnings less a capital

charge based on the opening book value of equity, allows PVED to be re-expressed as

13
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the sum of book value and the present value of future residual incomes. That is, Ass. 1,

Ass. 2 and the definition of residual income (RI) yield the residual income valuation

(RIV) model.
x; =x,—rb,, (RI)
Vt =bt +2R—1Et[’ft‘:r] (RIV)

7=1

Thus, valuing a firm depends on how to estimate the second term in the right hand side
of the RIV model — the present value of future cash flows not captured by the current
book value (i.e., unrecorded goodwill). That is, the accuracy of estimated firm value
comes from the accuracy of the estimated present value of expected future residual
income. Two approaches have been developed for the estimation of the present value of
future residual income. One is the future residual income generating information
dynamics, and the other is the simpler Edwards-Bell-Ohlson (EBO) technique. Ohlson
(1995) uses information dynamics to estimate the future residual income. The dynamics
include a modified AR(1) auto-regressive process for residual income, which is called

as 'residual income generating linear information dynamics (LID)".

~a _ a ~
xt+1 - mxt +Vt + gl,t+1 (ASS 3. LID)

~

Vet =W T €
where v is information about future residual income not in current residual income (i.e.,

'other information’), & is the unpredictable, zero mean disturbance term, @ and y are

fixed persistence parameters that are non-negative and less than one.

14
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In contrast, the EBO approach is to forecast residual income for the first few years and
then estimate a 'terminal value (T¥)' relating to periods beyond the forecast horizon.
Consensus analysts' earnings forecasts and a long-term growth rate rather than the past
earnings and book values are often used for forecasting residual income. If we assume
that a firm's dividend payout ratio (div) is constant over the years, and we can get one
and two year ahead analysts' earnings forecasts and a long-term earnings growth
estimate (Lzg), then the future residual income can be estimated by a sequential

generating process (denoted SGP) as follows:

Step 1: fi}, = E, ["ft(:-l]z (roe,,, —1)b,
where roe,,, = E[roe,,,|= f..,/b,

Step 2: 1,5, = Et[%t12]= (roe,,, - r)lj

t+1

where b,,, = E, [gm ]: [1 +roe,, (1- div)]b: and roe,,, = E,[r3e,,,]= £, /b

Step 3: fi% =Et[7~5a ]=(r5et+i—7’)b,+i_1, i=34,-,T

t+i

~

where b,,., = E, .. |= 1+ 3¢, (1= div) B,
and roe,, = Et[r56,+i] = f.,(1+Ltg)™*/ b..,

t+i

Step 4: £, = E,[&0,]= £+ g, ), 12T+1 (SGP)
where f,,and f,,, are respectively one-year-ahead and two-year-ahead analysts'
earnings forecasts, £, is i-year-ahead expected residual income, roe,,; is i-year-ahead

expected return on equity, b, is i-year-ahead expected book value, div is dividend

payout ratio, Ltg is long-term growth rate, g, is average future residual income growth

15
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rate, and 7T is forecast horizon.> ¢

Given the Ohlson's information dynamics in Ass. 3, the RIV model can be rewritten in
terms of current book value, current residual income and 'other information' (Eq. 1).
Equivalently, given CSR, this equation can be restated in terms of current book value,
current earnings, dividends and 'other information'. This is why the Ohlson model is
also said to be the EBD (Earnings, Book Value, Dividends) model. It is worth noting
that market value is expressed partly by a weighted average of book value and
capitalized current earnings (adjusted for dividends). So this equation is also called
Ohlson's weighted average model (Eq. 2). Ass. 1, Ass. 2 and Ass. 3 also lead to the
returns model given in Eq. 3. On the other hand, firm value can be estimated using SGP

in the EBO framework (Eq. 4). Here, terminal value is often assumed to be the present
value of year-T residual income in perpetuity (i.e., TV =R (f.,/r)), although

expected post-horizon growth could also be incorporated.

V,=b +ox +a,v, (Eq. 1)
V,=(-k)b, + k(ﬁ x,—d,)+a,v, (Eq. 2: WAEBD)
r
Vo+d, _ R4+ A+a)s, 4 Hbu (Eq. 3)
4 4 Vir

t-1 t-1

5 Lee et al. (1999) suggest a linear fade rate to the industry median ROE instead of a long-term earnings
growth rate (Lzg) for calculating roe,,,,i = 3,4,--+,T in Step 3.
S In Step 4, expected average residual income growth rate (g,) is assumed for the post-horizon residual

. . : : -T a
income. If g, is assumed to be zero, f,!, = f,4 so that terminal valueis R™ (fr /7).
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Vt — bt + (rb—en]lah r)bt + (75€t+2 ;r)gtﬂ Feee (raeHTR_Tr)EuT—I +TV

(Eq. 4: EBO)

[ R
where o, =——, «,

o a, = R-o)\R=7) , k=ra,, and TV is terminal value.

2.2. Empirical Content of the RIV Model

2.2.1. Usefulness of the RIV model

As mentioned above, the RIV model is an equivalent form of the PVED model, given
CSR. Dechow et al. (1999), therefore, insist that "the RIV model is interpretable in the
context of the original PVED model, and the appeal to the residual income formulation
of the PVED model is redundant. Thus, it provides no new empirical implications in
and of itself". Ohlson (2001) also says that RIV should not be thought of as the formula
necessary to derive conclusions bearing on values and returns. He argues that key

implications of the Ohlson model do not substantially depend on the RIV framework.

However, RIV can usefully integrate with Ass. 1, 2, and 3 and in the process enhance
our economic intuition as to how value relates to accounting numbers. Given the clean
surplus relation, RIV implies that firm value does not depend on accounting procedures
(e.g., historical cost accounting, fair value accounting), because all changes in book
value flow through the profit and loss account. The empirical tests of Francis et al.

(2000) find that differences in firms' accounting practices and policies have little impact
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on the reliability of value estimates based on RIV.” This gives a theoretically justifiable
basis for using accounting concepts in firm valuation. Even if the intrinsic values based
on PVED, FCF (the discounted free cash flow model), and RIV are identical in theory,
the estimated values will differ in practice because the forecasted attributes and the
forecasting procedures for those value estimates are different. Francis et al. (2000),
Penman and Sougiannis (1998), and Courteau et al. (2000) compare these alternative
value estimates to observed prices. They conclude that RIV value estimates dominate
the other two theoretically equivalent value estimates in terms of their ability to
approximate to observed prices and in terms of their ability to explain observed prices.
Their study supports the usefulness of the RIV model from the practical viewpoint.®
Furthermore, RIV is advantageous because it compresses and streamlines the
mathematics. Conclusively, the role of RIV in the Ohlson model ought not to be

neglected, even if PVED and RIV theoretically yield the same solution (Ohlson, 2001).

2.2.2. Information dynamics of the LID model

In order to perform valuation using the RIV model, future residual income should be
estimated. One approach for the estimation is to construct the appropriate linear
information dynamics (LID). That is, the link between current accounting and 'other’

information and future residual income is an essential part of firm valuation, because it

" There is no difference in the accuracy of RIV value estimates for high vs. low R&D firms and high vs.
low accrual firms, although there is some evidence that RIV value estimates is a little different in terms of
the explainability of variation in stock prices according to the level of accounting discretion.

¥ Lundholm and O'Keefe (2001a, 2001b) and Penman (2001) give an interesting debate recently about
whether value estimates arising from theoretically equivalent valuation models (RIV, PVED and FCF) are

different in practice or not.

18
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determines the valuation formula.

However, information dynamics is still the most controversial part of the Ohlson model.
Which information dynamics is most appropriate in order to make economic and

accounting sense?

Ohlson (2001) says Ass. 3 is based on accounting concepts rather than analytical
advantage. Even though Ass. 3 does not explicitly say anything about dividends, it
implies that "dividends reduce current book value, but not current earnings" and "the
evolution of 'other information' is independent of dividends", which make sense in the
economic and accounting concepts. The incorporation of 'other information' also allows
for the additional information in forecasting future residual income beyond the
historical accounting information in the financial statements. Consequently, the
valuation implications of Ass. 3 combined with Ass.1 and Ass. 2 have some attraction

beyond mere simplicity in derivations via the RIV model.

In addition to Ohlson's simple information dynamics (Ass. 3), some complex
information dynamics have been developed to explain better the complicated business
world. Ohlson (1999) extends the simple information dynamics to permit two earnings'
components — core earnings and transitory earnings, and mentions that one can
introduce any information other than accounting data in the information dynamics
without loss of generality. Barth et al. (1999) utilizes the Ohlson (1999) framework by
decomposing earnings into cash flows and accruals. They conclude that both cash flows

and accruals have future residual income forecasting relevance and value explaining
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relevance incremental to residual income and book value. Similarly but more generally,
Pope and Wang (1999) establish the information dynamics with decomposed earnings to
investigate whether the earnings components are informative and value-relevant. They
contend that lagged book value and earnings components are generally relevant in
predicting aggregate residual income and in valuing the firm. A bit surprisingly, even a
value irrelevant earnings component can have an informative role in the information

dynamics according to their analysis.

While Ohlson's (1995) information dynamics make a very important contribution to the
RI-based valuation literature, it has limitations in its ability to explain a firm's
accounting and economic reality by assuming 'unbiased accounting' and making future
potential growth irrelevant. Amended information dynamics that allow conservative
accounting are proposed by Feltham and Ohlson (1995, 1996). Because conservative
accounting understates the value of operating assets systematically, Feltham and Ohlson
(1995) split a firm's activities into operating and financial activities. Thus, the
information dynamics assume that future residual operating income is generated by
current residual operating income and operating assets, and operating assets grow. The
influence of operating assets on future residual operating income captures accounting
conservatism. Here, two types of 'other information' relevant to the forecasting of future
residual income are incorporated in the linear information dynamics as well. The
evolution of each 'other information' follows an AR(1) process. Feltham and Ohlson
(1996) is similar to Feltham and Ohlson (1995), but more explicit about the sources of
accounting conservatism. Two sources of accounting conservatism included in Feltham

and Ohlson's (1996) information dynamics are i) the accounting depreciation rate
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greater than the economic depreciation rate and ii) future positive NPV investment
opportunities not reflected in current accounting numbers. Consequently, future residual
operating income is generated by current residual operating income, current capital

investment, lagged operating assets and 'other information'.

Meanwhile, Biddle et al. (2000) proposes non-linear information dynamics based on the
economic intuition that capital follows profitability. They assume that current
profitability guides a firm's capital investment decisions so that future residual income
is generally a convex function of both current profitability and capital investment

informed by current profitability.

2.2.3. Other information in the LID model

In the empirical tests of the Ohlson (1995) and the Feltham and Ohlson (1995, 1996)
model, 'other information (OI)' is often ignored by researchers because of the
unobservable nature of 'other information'. However, Ohlson (2001) contends that
"equating v to zero may be of analytical interest, but it severely reduces the model's
empirical content" and "no apparent reasons suggest that one must eliminate 'other

information' from the model, as long as one grants the observability of expected

earnings".

From this point of view, one of the greatest challenges relates to the estimation of the
'other information' variable (v) when we apply the linear information dynamics model in

practice. 'Other information' is information that is available to market actors but which
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is not capable of being inferred from historical earmnings numbers and their time series
properties. If 'other information' can be adequately incorporated into the linear
information dynamics, it should be possible to improve the model's ability to forecast
the next period's residual income and to explain firm value. Possible components of
'other information' are new patents, regulatory approval of a new drug for

pharmaceutical companies, new long-lived contracts and order backlog (Myers, 1999b).

Despite the unobservable nature of 'other information', Ohlson (2001) suggests that
analysts' consensus forecasts of next-year earnings would seem to be a reasonable proxy
for expected earnings. Thus, 'other information' can be expressed as the expected
residual income based on analysts' consensus earnings forecasts minus current residual

income multiplied by @ (Eq. 5).

If we use analyst's consensus forecasts as next-year earnings forecasts, Eq. 1 and Eq. 2

can be restated as Eq. 6 and Eq. 7, respectively;

v, = fiu— o (Eq. 5)

V,=b+(ay - wa,)x; + @, fia (Eq. 6)
R 1 Ba. 7Y

V. = pb, +ﬂ2(—;xt _dt)+ﬂ3(—}:f;+1) (Eq.7)

: a _ ~a |__
where f,,, is one-year-ahead analysts' consensus earnings forecasts, f3, —Et[x;+1]—

R(1-w)1-7)
(R-o)R-7)’

f. —rb (ie., one-year-ahead expected residual income), B, =

? See Ohlson (2001) and Hand and Landsman (1998, 1999). See Appendix 2.1 for the derivation of Eq. 7.
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= —rey and S =_L_
R-0)R-7)" 7 (R-0)R-y)

B,

Eq. 6 states that equity market value is a linear function of current book value of equity,
current residual income and next year's expected residual income. And Eq. 7 expresses
equity market value as a linear function of current book value, current net income, net
dividends and one-year-ahead net income. Here, it is worth noting that
B, + B, + B; =1, indicating that the dividend displacement property (i.e., oV, /éd, = -1)
holds in the Ohlson model (Ohlson, 2001).'° For practical purposes, we can use Eq. 6 or
Eq. 7 in place of Eq. 1 or Eq. 2 when 'other information (v)' is incorporated for testing

the Ohlson model.

Following a suggestion in Ohlson (2001), Dechow et al. (1999) uses I/B/E/S one-year
ahead analysts' earnings forecasts to estimate OI in their empirical implementation of
the Ohlson (1995) model. Liu and Ohlson (2000) apply this idea to the Feltham and
Ohlson (1995) model. They suggest that one type of OI at year #, which is a component
of the expected operating assets at year t+1, can be estimated using analysts'
intermediate-term earnings growth rate forecasts.!! The other type of OI at year ¢, which
is a component of the expected residual operating income at year #+1, is estimated as in
Dechow et al. (1999) and Ohlson (2001) (i.e., using one-year ahead analysts' earnings

forecasts). On the other hand, Begley and Feltham (2002) use analyst-based one- and

1% See Appendix 2.1 for the proof of S, + B, + 3, =1.
' Analysts' intermediate-term (five years) earnings growth rate forecasts are assumed to be closely tied
with the expected growth rates in operating assets.
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two-year ahead RI forecasts to estimate two kinds of OI included in the Feltham and
Ohlson (1996) information dynamics. These efforts in estimating unobservable 'other
information' by using observable analyst-based forecasts are an important contribution

to the empirical implementation of the linear information dynamics model.

2.2.4. Persistence parameters of the LID model

In Ohlson's information dynamics (Ass. 3), @ reflects the extent to which the current
level of residual income is likely to persist into the future, and y reflects the extent to
which 'other information' is likely to persist in the future. These persistence parameters
are restricted to be non-negative and less than one, so that future residual income and
'other information' are assumed to asymptote to its mean, respectively. The
unconditional means of residual income and 'other information' are zero in the Ohlson
(1995) model (i.e., zero intercepts). Dechow ez al. (1999) and Myers (1999b) state that
the long-run residual income seems to follow a stationary and mean reverting process as
Ohlson (1995) assumes. This means that the mean of the expected residual income does

not depend on time, and the long-run residual income asymptotes to the mean.

For empirical purposes, we can measure @ and y using their historical unconditional

sample estimates. @,, obtained by running AR(1) regression in Eq. 8, is used as an
estimate of @ in Ass. 3. Because Ohlson (1995) assumes independence between current

RI and current OI, @, can be an appropriate estimate for the real coefficient @ in Ass.

3. Given any @, we can estimate a related y if v, (f%, — ex;) is assumed to satisfy a
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simple auto-regressive process with parameter 7 (Eq. 9).

a __ a
X1 =Wy T OX, + &, (Eq. 8)

Vi =Vo 7V, + 6,5, (Eq.9)

Dechow et al. (1999) also suggest the conditional estimation of @. Actually, in the
Ohlson model, @ (as well as ) should be a firm-specific parameter. However, instead
of running a time series regression (Eq. 8) firm by firm like Myers (1999b), Dechow et
al. (1999) modify the regression equation and include some firm-specific attributes in
Eq. 8. They state that @ (the persistence of residual income) is affected by five
determinants - the magnitude of residual income (¢/), the magnitude of non-recurring
special items included within residual income (¢2), the magnitude of operating accruals
(¢3), the dividend payout ratio (div) and industry specific persistence measures (ind).
Thus, a firm-specific persistence parameter can be estimated using these five
conditioning variables as well as the level of residual income. An advantage of this
approach over time-series-based approaches is that it is possible to allow the estimated

persistence parameter to vary from period to period.

The estimation of conditional @ follows a two-step process. They first allow these 5
determinants of persistence to enter as interactive variables in Eq. 8 (Eq. 10). This might
be an intuitively appealing challenge in the context that the interactive effects can also

determine firm-specific persistence. Next, a firm-year specific persistence parameter

(/) is calculated by using the coefficients measured in the first step and firm-year
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specific attributes (Eq. 11).

X\ =@y +ox, + 0, (x g1, )+ 0, (%792, )+ 0,(x193,) + 0, (x° div, ) + 0, (x"ind ) + €,
(Eq. 10)

o] =0, +0,q1, + 0,92, + 0,43, + wdiv, + w,ind, (Eq. 11)

However, Myers (1999b) criticizes this effort to estimate a firm-specific persistence
parameter. He argues that simply adding other variables to Eq. 8 and summing the
coefficients for the conditional persistence parameter gives rise to internal inconsistency

with theory and inequilibrium price. That is, to be consistent with the theory, the time
series of the additional 5 variables (x;ql,, -+, x,ind,) should also be estimated, and the

equilibrium price should be a linear function of book value and 6 variables in Eq. 10

with complex coefficients containing up to 42 parameters.

2.3 Recent Empirical Research on the RIV Model

2.3.1. LID approach

Dechow, Hutton and Sloan (1999)

Dechow et al. (1999), first of all, consider several accounting-based valuation models

through restricting @ and y, and classify the models into 2 groups — one which ignores

'other information', and the other which includes it.
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Generally, their test shows that the models incorporating 'other information' are better
than the models ignoring it, in terms of prediction of next period residual income and
explanation of contemporaneous stock prices. But of the models incorporating 'other
information', the model using (w=1, y=0) or (w=0, y=1) — a model that
effectively capitalizes analysts' earnings forecasts for next year in perpetuity — provides
the most accurate forecasts of stock prices, while the unrestricted general Ohlson model

is the second most accurate.'?

This result is somewhat surprising because it makes the estimation of future residual
income unnecessary in firm valuation. That is, since the model using (o =1, y=0) or
(w=0, y=1) gives the closest approximation to the observed stock price, rational
expectations of future residual income might not be reflected in stock prices.
Subsequent tests suggest that the superior explanatory power of the simple
capitalization model may arise because investors over-weight information in analysts'

earnings forecasts and under-weight information in current earnings and book value.

Another test is the regression of stock prices on the variables used in the valuation
models. But in the case of regressions of price on book value and earnings (i.e., ignoring
v), stock prices appear to place too low a weight on book value and too high a weight on

earnings, compared with the value of coefficients using the historical averages of @, y,

and 7. In the case of regressions of price on book value, eamnings and the consensus

12 When we include 'other information' in pricing models, the model when w =1 and y =0 is equivalent

with the model when @ =0 and y =1, because Eq. 7 becomes V, = f,,, / r in both cases.
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analysts' forecasts of next year's earnings, stock prices place too low a weight on book

value and too high a weight on the analysts' forecast of next year's earnings as well.

One interpretation of these results is that stock prices do not reflect rational
expectations, because investors overestimate the persistence of residual income and
short-term earnings forecasts. Another possibility is that the underlying theoretical
model, which assumes that residual income is a (zero) mean reverting and is generated

by auto-regressive process, is mis-specified.

Myers (1999b)

This study examines how well four different residual income valuation models, which
are internally consistent with theory, show the predicted coefficients and the market
price. In contrast to Dechow et al. (1999), Myers (1999b) estimates the firm-specific
persistence parameters using a firm-specific time-series model. Before conducting his
analyses, he argues that recent studies by Frankel and Lee (1998) and Dechow et al.
(1999) modify the information dynamics, so violate internal consistency and the no

arbitrage assumption. He then suggests four models preserving consistency with theory.

Four information dynamics used in this study are Eq. 8 (the Ohlson (1995) LID without
OI, LIM1), Eq. 8 with current book value (the Feltham and Ohlson (1995) LID without
OI, LIM2), Eq. 8 with current book value and the capital investment (the Feltham and

Ohlson (1996) LID without OI, LIM3), and Eq. 8 with current book value and order
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backlog (the Feltham and Ohlson (1995) LID with OL, LIM4)."* LIM2 is for capturing
the conservative effect of book value, and LIM3 is for capturing the book value and
income effects of conservatism. In LIM4, order backlog is added as one of 'other

information' components to incorporate non-accounting information.

While the auto-regressive parameters of residual income in all models support the
hypothesized sign and magnitude, which are positive and less than one respectively,
they are small (median coefficients are 0.013 to 0.234). On the other hand, the efforts to
capture the conservatism effect using LIM2 and LIM3 fail to describe the time series of
residual income, even when the conservative sub-sample is used. Although
conservatism models (LIM2 and LIM3) tend to explain market value better than a
simple model (LIM1), the value estimates of all models understate market value in a
similar fashion to the results of most previous empirical studies. These results mean that
these 4 models do not explain a large portion of the market's expectations of future
residual income. Finally, the inclusion of order backlog (LIM4) has a trivial effect on

future residual income, and is not likely to improve the accuracy of value estimates.

He explains that the failure of empirical models might come from 1) too few
observations for the time-series parameters and/or 2) nonstationary time series
properties. Specifically, he states that nonstationarity of time series in the residual

income valuation model might be due to changes in growth rates, accounting procedures

13 Of course, LIM2 includes a AR(1) process to capture the evolution of book value, LIM3 includes a
equation to capture the effect of book value and capital investment on next year's book value and a AR(1)
process to capture the evolution of capital investment, and LIM4 includes two AR(1) processes to capture
the evolution of book value and order backlog.
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and production technologies.

Hand and Landsman (1998, 1999)

The objective of Hand and Landsman (1998)'s paper is to test whether v is zero or not in
an empirical application of the Ohlson model. Their estimating equations are Eq. 2
omitting the last term for the test without v and Eq. 7 for the test with v. Their testing
results show that both cases have anomalies. If v is assumed to be zero, the regression
coefficients of book value, earnings, and dividends in Eq. 2 are predicted to be positive
(0 £ 1-k<1), positive (kR/r 2 0), and negative (-1 < -k < 0), respectively. However, their
results show that the regression multiple relating dividends to equity market value is
reliably positive. On the other hand, if v impacts future residual income via Ohlson's
information dynamics, the regression coefficients of book value, earnings, dividends,
and one-year-ahead forecasted earnings in Eq. 7 are respectively predicted to be positive
(81 2 0), negative (R/r < 0), positive (-, = 0), and positive (f3/r > 0). However, the
regression results also show that the signs on the multiples on current earnings and net
capital stock outflows (they divided net dividends into common dividends and net

capital stock outflows) are opposite to the predicted ones.

In their later version of the paper (Hand and Landsman, 1999), they focus on the role of
dividends in equity valuation, and find that dividends are always positively priced.
These results sharply contrast with Miller & Modigliani's dividend displacement

property implied in the Ohlson model. Hand and Landsman (1999) also calculate the

partial derivative of the market value of equity with respect to dividends (67, /od, ) to

compare with its predicted value of minus one, and reject the dividend displacement
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property once more.

Taken together, these results conflict with value irrelevancy of dividends that the Ohlson
mode] asserts. Hand and Landsman (1998, 1999) try to explain their empirical results
through the profitability-signaling role of dividends. They also find that the positive
pricing of dividends is much larger for loss firms than for profit firms. It means that
managers of loss firms use dividends to signal future profitability. These further tests
firmly support their assertion for the profitability-signaling hypotheses. Overall, they
conclude that dividends seem to be one component of ‘other information' that is

available to market actors but is not yet captured by current financial statements.

2.3.2. EBO approach

Frankel and Lee (1998)

Frankel and Lee (1998) investigate the relation between accounting numbers and firm
value using the EBO technique (Eq. 4) rather than the information dynamics. They
directly use analysts' consensus earnings forecasts as a proxy for market expectations of

future earnings and estimate future residual income through SGP." They then measure

S———

the firm's ﬁmdamin"@lxalu@bymeans—ef.th&esﬁmated—ﬁ1t11re1g§idual income.

Through cross-sectional correlation coefficients with stock prices (P), they first show

the superiority of the analysts' earnings-based EBO value measures (V) over the

4 See Section 2.1 for SGP (Sequential Generating Process).
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historical earnings-based EBO value measures (¥,). Values based on analysts' forecasts

explain more than 64% of the variation in prices during the sample period, while

historical earnings-based values and book value explain about 49% and 36%,

respectively. Next, they state that the value-to-price ratio (¥, /P) is better than firm size

and the book-to-price ratio (B/P) in terms of the predictability of cross-sectional returns,

especially over longer time horizons. That is, firms that have higher V, / P are predicted
to earn higher long-term returns. Additionally, the predictive power of V, / P for long-

term returns remains strong, even when we consider its correlation with firm size and

B/P.

Overall, this study shows the usefulness of the EBO model based on analysts' earnings
forecasts. Thus, in addition to the estimation of persistence parameters using the
information dynamics, the EBO technique also needs to be considered, when the

residual income valuation model is assessed empirically.

Lee, Myers and Swaminathan (1999)

While recent empirical studies on the residual income valuation model investigate the
explainability of cross-sectional prices and/or expected returns, Lee ez al. (1999) focus
on the time-series relation between value and price as a cointegrated system. They
compare several competing measures of intrinsic value in terms of their tracking ability
of price variation and their predictive power for future returns. Basically, they measure
value estimates using the EBO approach (V), and compare it with traditional value

estimates — dividends (D), earnings (£), and book value (B). For V, some factors that
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can affect value estimates are considered| Those factors include i) forecast horizon (3 to
18 years), ii) earnings forecasting methad (a historical time-series model vs. a model
based on analysts' consensus forecasts), iii) risk premia (a market-wide time-varying
risk premium, a Fama-French one or three factor industry risk premium), and iv) risk

free rate (short-term T-bill yield vs. the long-term treasury bond yield). )

For evaluating of the tracking ability, they first examine the autocorrelations of dividend
yield (D/P), earnings-to-price ratio (E/P), book-to-market ratio (B/P) and value-to-price
ratio (V/P). The results show that traditional value metrics have high first-order
autocorrelations, indicating that they are either nonstationary or long-term mean
reverting. On the other hand, ¥/P measures have a lower standard deviation and a faster

rate of mean-reversion (i.e., smaller first-order autocorrelations). Espec1ally, V/P usmg

the short-term interest rate (i.e., T-bill rate) and analysts' earnings forecasts has the
| G e e e et e e et e e A
lowest ﬁrst-order autocorrelatlons 1nd1cat1ng that the choice of the riskless rate and

carins forecating method play an important role for e sccess o ¥

i & i v ity

value estimates through a regression-based forecasting method. In this method, the

average return over the next few periods is regressed on one or more explanatory

variables from the current period. By means of univariate and three multivariate

regressions, they show that V/P measures have much more s1gn1ﬁcant forecastm ng power

RNy

than traditional measures, and the predictive power of V/P is robust to the inclusion of
| traditional

other intrinsic value estimates or business cycle-related variables in the forecasting

regression.

33



Chapter 2. Literature review

In addition to the evidence about the superiority of 7, they rank alternative measures of
VIP in terms of two dimensions — predictive ability and tracking error. Alternative
measures of V are estimated using several factors mentioned above. Conclusively, the

inclusion of time-varying interest rates and analysts' earnings forecasts improve the

~.

performance of the V/P measures, while the choice of alternative forecast horizons and

risk premium are of secondary importance.

Francis, Olsson and Oswald (2000)

The objective of Francis et al.'s (2000) study is to examine whether three theoretically
equivalent valuation models - the discounted dividend (DIV) model, the discounted free
cash flow (FCF) model and the discounted abnormal earnings (AE) model - give rise to
the same value estimates in practice. The motivation is related to the typical situation in
which an investor has to decide which series of forecasts to use to value a firm. Theyﬁ

—

argue that intrinsic value estimates derived from three models can differ because-of the

—_—

different attributes of forecasted DIV, FCF and AE.P

The relative reliability of value estimates arising from the three models is compared in
terms of their accuracy and explainability. The accuracy is defined as the absolute
difference between the value estimate and the current stock price, scaled by the current
stock price, while the explainability is defined as the ability of value estimates to

explain cross-sectional variation in current stock prices. For the calculation of value

1% This study is in line with Penman and Sougiannis (1998), but uses ex-ante forecasted attributes rather
than ex-post realised attributes to estimate a firm's intrinsic value.
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estimates corresponding to each model, Francis et al. (2000) use the Value Line

database to get the market's expectations of the relevant elements in three models.'®

The results show that the AE value estimates are more accurate and explain more of the
variation in stock prices than the other two value estimates. The authors mention that
the superiority of the AE value estimates might come from the more reliance of value
estimates on book value and/or the greater precision of AE forecasts, and the superiority
is robust regardless of different accounting practices and policies. Thus, they suggest

that, under the circumstances where earnings forecasts and book values are available,

e S e A et e 4o ey e vt et eseinn,
there is little motivation to use DIV or FCF model by manipulating accounting data.

2.4. Analysts' Earnings Forecasts
2.4.1. Usefulness of analysts' earnings forecasts in accounting research

Since the underlying principle that the share price of a firm is the embodiment of the
market's expectations about its future prospects seems to be true, knowing and
quantifying market expectations is one of the most important factors in the investment
process (Rosen, 2000). In this context, the quantification of market's expectations has
long been a main concermn of both practitioners and capital market researchers.
Following the development of databases that collect and process brokerage earnings

estimates (i.e., I/B/E/S, First Call, Value Line, Zacks), it has been getting much easier

16 Value Line database is preferred to other sources because it provides a more comprehensive set of
forecasted attributes over longer horizons (Francis et al., 2000, p. 51).
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for both practitioners and researchers to access analysts' earnings forecasts for
investment decisions and research. The usefulness and the attributes of analysts'
earnings forecasts have been widely studied for the last three decades,'” and this section

reviews some of these studies in the context of equity valuation.

As mentioned in the above section, even for the LID-based equity valuation research,
analysts' earnings forecasts can play an important role as an input when defining the
'other information' variable in the linear information dynamics. Recall that analysts'
earnings forecasts can be used directly in the EBO-type models. Thus, analysts' earnings
forecasts appear as one of crucial components in many valuation models. In addition
with U.S. evidence, some European studies have found that forecasts of future earnings

are an important factor in equity valuation (Capstaff ez a/., 2001).

Earlier studies about analyst-based earnings forecasts examine whether analysts'
earnings forecasts are superior to time-series model-based earnings forecasts that rely
solely on past information. Many studies show evidence that analysts' earnings forecasts
are more accurate than time-series forecasts (Brown and Rozeff, 1978; Fried and
Givoly, 1982; Brown et al., 1987b; Brown, 1993). Capstaff et al. (1995) also provides
similar results for the UK. Brown et al. (1987b) show that the superior accuracy of
analysts' forecasts over time-series forecasts is not an artifact of i) chronological

subperiods, ii) forecast horizon, iii) forecast error definition or treatment of outliers, iv)

17 1/B/E/S Research Bibliography: Sixth Edition, edited by Lawrence Brown in 2000, consists of 579
studies related to analyst expectations.
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conditioning quarter, or v) the statistical test statistic on which inferences are drawn.'®

Instead, Brown et al. (1987b) contend that the superior accuracy of analysts' forecasts is
attributable to 1) better utilization of information existing at the forecast initiation date
for the time-series models (termed as a contemporaneous advantage), and ii) use of
information acquired after the time-series model's forecast initiation date (termed as a
timing advantage). In other words, the higher accuracy of analysts' forecasts over time-

series forecasts generally stems from analysts' broader information set.

In terms of explainability of stock returns, Brown et al. (1987a) indicate that analyst-
based earnings forecasts are generally more highly associated with abnormal stock
returns than various time-series model-based earnings forecasts. However, O'Brien
(1988) gives contradictory findings. Although her results are consistent with the higher
accuracy of analysts' forecasts over time-series forecasts, she finds that autoregressive
model forecasts explain abnormal stock returns better than analysts' forecasts. Despite
some conflicting evidence on the accuracy and the explainability of analysts' earnings
forecasts, it is common practice to implicitly assume that analyst-based earnings
forecasts are a better surrogate for market's expectations than time-series model-based

earnings forecasts (Kothari, 2001).

18 There is some extant literature that show findings against the superiority of analysts' forecasts over
time-series forecasts. These conflicting findings have led some researchers to attribute the superiority of
analysts' forecasts to an artifact of certain experimental design issues (Brown et al., 1987b).
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2.4.2. Attributes of analysts' earnings forecasts

Evidence of optimism

Besides studies that demonstrate the higher accuracy and explainability of analysts'
forecasts over time-series forecasts, many researchers have also studied the attributes of
analysts' earnings forecasts. An important question related to the properties of analysts'
earnings forecasts is whether analysts overestimate or underestimate earnings in a
systematic way. This is the question about the bias of analysts' earnings estimates. If
there is a systematic positive (negative) difference between forecasts and actuals, we

call it as optimism (pessimism).

Notwithstanding the research design differences,'® numerous past academic studies
provide evidence that analysts tend to be optimistic and the optimistic bias is evident for
most years and forecast horizons (O'Brien, 1988; De Bondt and Thaler, 1990; Brown,
1997; Brown, 1998; Richardson et al., 1999; Easterwood and Nutt, 1999). Some studies
even argue that analysts seem to be too optimistic for investors to rely on their forecasts
(Dreman and Berry, 1995; Chopra, 1998). Chopra (1998) finds that the average earnings
growth forecast is more than twice the actual growth rate. However, the median bias
seems to be quite small or unbiased, indicating that the extreme outliers hugely

influence on measures of optimism (O'Brien, 1988; Abarbanell and Lehavy, 2000a).

19 Research design across studies can be different in terms of the use of earnings forecasts (source of
forecasts (e.g. I/B/E/S or Value Line), median or mean, consensus or individual, quarterly or yearly, first
or last), the use of actual earnings (same or different source with forecasts), and/or the treatment of
outliers (trimming or winsorising, scaled or non-scaled forecast errors).
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Determinants of optimism

There are several possible explanations for the presence of an optimistic bias in analysts'
forecasts of earnings per share. These explanations generally fall in two categories. One
is economic incentives-based explanations, and the other is behavioral cognitive-bias
explanations. Among incentives-based explanations, some possible reasons why
analysts tend to bias their true predictions toward a more optimistic view could be
because 1) analysts fear jeopardizing potential investment banking business, ii) analysts
fear losing access to management as a source of information, and/or iii) analysts seek to
generate trading commissions (McNichols and O'Brien, 1997). Consistenf with these
explanations, affiliated analysts seem to forecast earnings more optimistically than
unaffiliated analysts, and managers tend to penalize analysts who produce negative
reports about their firms by limiting or cutting off analysts' future contact with them

(Das et al., 1998).

On the other hand, De Bondt and Thaler (1990) and Capstaff et al. (2001) propose a
cognitive-bias explanation for analysts' forecast optimism. They argue that analysts
systematically over-react to new earnings information and the overreaction results in the
optimistic forecasts. On the contrary, Abarbanell and Bernard (1992) find evidence that
analysts under-react to earnings information, which is consistent with the post-earnings-
announcement drift phenomenon. Recent research by Easterwood and Nutt (1999)
shows that analysts underreact to negative information and overreact to positive
information. They argue that these findings are consistent with analysts' optimism and

bring together the apparently disparate conclusions of De Bondt and Thaler (1990) and

Abarbanell and Bernard (1992).
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McNichols and O'Brien (1997) provide another explanation for analysts' optimism.
They argue that analysts choose not to publish unfavourable forecasts. That is, some
portion of the pervasive analysts' optimism is due to analysts' self-selection of stocks for
the coverage. Herding behavior among analysts could be one of other explanations for

analysts' optimism as well (Brown, 1998).

Revisions

A deterrent to analysts from issuing optimistic forecasts could be the trade-off with their
reputation. Optimistic analysts could be compensated by their employers and/or their
targeting firms, but they may face difficulty of losing their reputation and job if they
keep issuing incorrect forecasts to investors. Mikhail et al. (1999) provides evidence
that there is a significantly negative relationship between analyst turnover and relative

(not absolute) forecast accuracy. This issue is related to forecast revisions.

Bartov et al. (2000), Kasznik and McNichols (1999) and Lopez and Rees (2001)
address that the meeting or beating earnings expectations (MBE) phenomenon is partly
due to firms' earnings and expectation management, and the rewards to MBE are
significant. Thus, even though firms' general management of analysts' expectations
leads analysts to issue favorable (i.e., optimistic) forecasts, the expectation management
as the fiscal year end approaches seems to encourage analysts to closely meet the
following actual earnings because of MBE phenomenon. From this point of view,
analysts are likely to revise their forecast downward in order to get credibility from the

market. Chopra (1998) and Richardson et al. (1999) also report that analysts' forecasts
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are revised downward continuously in the course of the year.

Decline in optimism

Analysts' optimism appears to be waning in recent years. Brown (1997) shows that
analysts' optimistic bias has decreased over time and was absent for S&P 500 firms
from 1993 to 1996. Brown (1998) and Richardson et al. (1999) also provide evidence

that the bias has turned from optimism to pessimism in recent years.

Kothari (2001) summarises three hypotheses that are possibly consistent with the
decline in analysts' optimism. First, as Clement (1999), Jacob et al. (1999) and Mikhail
et al. (1999) documented in their studies, analysts' experience seems to be positively
associated with forecast accuracy. That is, by learning from past biases, analysts could
reduce their optimistic bias. Second, as shown above, analysts' incentives may have
changed. Because MBE is likely to be strongly associated with stock price, analysts
have incentives to alter their initial optimistic forecasts to the most plausible figures as
the earnings announcement date approaches. Third, the quality of data used in the
research examining analysts' forecast properties has improved. Abarbanell and Lehavy
(2000b) argue that the development of earnings definition that forecast data providers
require analysts to forecast is a main factor in explaining the recent declines in analysts'

optimism.
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2.5. Conclusions

The residual income valuation relationship has long been known, but a voluminous
body of studies on the RIV relationship has just recently done extensively by both

empirical and theoretical researchers. Even though the RIV relatlonshlp is s merely a

I T

rest@ of the long-known dividend discounting model in ﬁnance, it appeals from

the point that market values are dlrectly linked to accounting numbers. In other words,

we consider historical accounting numbers to be useful, in combination with 'other

information' not yet reflected in accounting numbers, in doing firm valuation.

Two approaches to the residual income-based valuation have been developed. The EBO
approach explores the relation between market value and the book value of equity,
residual income forecasts in the forecasting horizon and an estimate of the terminal

value for the post-horizon period. The LID approach explores the relation between

— e e e b i

— - — e

market value and observable accountmg numbers and unobservable 'other information’
by usmg the linear information dynamics originally proposed by Ohlson (1995) and
Feltham and Ohlson (1995, 1996). Because the essentlaI task in the res1dual income-
based vgl;;ﬁon is forecasting future residual income streams, the EBO and the LID
approaches try to do so through the appropriate forecast horizon assumption and

terminal value estimation in the former case and the appropriate linear information

dynamics in the latter case.

Thanks to some of the research that try to estimate unobservable 'other information’

using observable analysts' earnings forecasts, the LID approach has evolved and
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analysts' earnings forecasts have been considered as one of important elements in the
LID-based valuation as well as in the EBO-based valuation. However, most empirical
studies show evidence that both approaches systematically give biased and inaccurate
value estimates, although they are relatively superior to the traditional valuation
approaches. The unsatisfactory evidence keeps opportunities and challenges in the

valuation research wide open.
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Appendix 2.1: Derivation of Eq. 7
Vi=b,+(a, —wa,)x +a, f, (Eq. 6)
Residual income and one-year-ahead expected residual income are represented as follows:

R ®)
f;il = ft+] - Vbt (ERD)

Replacing x; and f{, with x, —rb, | and f,,, — b, , respectively, Eq. 6 can be restated as Eq.
6a:

Vi=b+(a, - wa,)(x, —rb_)) + o, (fi, — 7b,) (Eq. 6a)
From clean surplus relation (CSR), b, , =b, +d, — x, .

Replacing b,; with b, + d, — x, using CSR, Eq. 6a can be expressed as an equivalent equation
with 4 variables (b,, x,, d;and f,,,):

V,=b,+(a, - wa,)|x, —r(b, +d, - x)|+ o, (f.., — 7b,) (Eq. 6b)
Rearranging Eq. 6b in terms of b,, x,, d,and f,,,, Eq. 7 is derived:

vV, =[l-r(e, —wa,) —ra, |, + (@, — wa,)(Rx, —rd,) + a, f,,,

(Eq. 7)
= P+ B3, =d) 4 B ) i
where
B = [1~r(az1 —a)ozz)—rozz]zl—rozl +(ro-r)a, = (R—o)® —{;:;a;gﬁ:;;+(rw_r)]€
_ R*—~Rw—Ry +wy — Rro+rwy + Rrew — Rr _R-Ro-Ry+Ray _ RA-w)1-7)
(R-0)R-7y) (R-a@)R-y) (R-w)(R-7y)

rlo(R -y) - oR] _ —roy
R-w)}R-y) (R-o)R-y)

B, =r(a,—oa,)=

I
> (R-0)R-7)

@ . = R
R-w)" * (R-w)R-7)

B =ra

because ¢, =

In addition, note that
B4 p 4 p _R-Ro-Ry+Rwy-roy+Rr R’-Ro-Ry+wy _R-o)R-y) _,
e (R-w)R-7) (R-w)R~-y7)  (R-w)R-y)
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CHAPTER 3

DEVELOPMENT OF THE 'INTERCEPT-INCLUSIVE' LINEAR INFORMATION
DYNAMICS (LID) MODEL AND RESEARCH DESIGN

3.1. Development of the 'Intercept-inclusive’ LID Model

3.1.1. The potential need to allow for intercepts in LID models

Ohlson's linear information dynamics (LID) assumes that residual income (RI) follows a
zero mean reverting process. This implies that the intercept term (@, ) of the AR(1) RI
generating equation is statistically zero so that long-run average Rl is zero. However, in
practice, this assumption may prove to be too restrictive. That is, it may not hold if the
long-run average return-on-equity (ROE) is different from the long-run average
discount rate, and the accounting system is not completely unbiased. This is supported

by Dechow et al's (1999) (hereafter DHS) empirical results in that @, (-0.02) is

significantly different from zero. However they ignore the intercept term when they

forecast RI and value a firm.

Similarly, it is possible to assume a non-zero mean reverting OI process, even if Ohlson
(1995), Feltham and Ohlson (1995) and most literature based on these two outstanding
works assume that the unconditional mean of OI is zero (i.e., the intercept of the AR(1)
OI generating equation, 7,, is zero). In DHS, Ol is defined as one-year ahead analysts'
RI forecasts less the model's forecasted RI based only on current RI and its parameter

estimates. Then, the OI persistence parameters are estimated using the AR(1) OI
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generating process. In fact, like the issue of w,, this is also a matter of what
assumptions one makes. It means that y, is not necessarily zero practically, because

analysts' RI forecasts might be different from the model's forecasted RI based only on

current RI and its parameter estimates, on average. In other words, mean OI (MO is

average analysts' RI forecasts (i.e., mean of f,}) less average first-cut estimate of
expected RI (i.e., mean of @, + @,x;") so that MOI represents mean bias which might be
non-zero in practice. Thus, if we presume that a long-run average OI is not zero, y,
could impact on the value estimates. The possibility of non-zero y, is supported by
DHS's empirical result, in which y, (0.01) is significantly different from zero. Note that

7, in DHS would be greater than 0.01 if @, were considered in calculating OL.

In fact, if the stock market processes information efficiently and has unbiased
expectations, the substantial downward biases reported in prior research suggest that the
linear information dynamics used in prior research may be mis-specified. In the
presence of conservative accounting, it is unlikely to be appropriate to work with a
linear information dynamics that projects future RIs under the assumption that
accounting is unbiased, as in thé case of DHS. Non-zero RI and OI intercepts reflect the
effect of conservative accounting on RI expectations, as deducible from analysts'

earnings forecasts.

In short, Ohlson's (1995) assumption that the unconditional mean of RI and OI are zero
is just an assumption, which could be relaxed. The persistent deviations from unity in

market-to-book ratios suggest that Ohlson's implicit assumption may be inappropriate.
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Furthermore, a non-zero mean RI might be practically sensible in the context of firms
being going concerns and their maintenance of sustainable competitive advantage. One
more important point is that the additional effect of these intercept terms on value

estimates could be significant (see the numerical examples in Section 3.1.3).

3.1.2. The derivation of the 'intercept-inclusive' LID model

The above section suggests that it may be inadvisable to omit the intercepts from RI and
OI generating processes and firm valuation equations. In this section, I include the
intercepts in Ohlson's (1995) linear information dynamics and derive the 'intercept-
inclusive' LID model from the empirical perspective.”’ In the empirical test, regression
variables are often deflated by a scaling variable to control for size. For example, DHS
use regression variables on a per-share basis scaled by current market value, when the
parameters in the linear information dynamics are estimated through the pooled time-
series and cross-sectional regression analyses. Under the assumption of a non-zero mean

reverting process for RI and Ol these scaled @, and y, could be an important issue. If
we use the scaled per-share data for the purpose of estimating LID parameters, while
using the per-share data for the value estimates, scaled @, (y,) cannot be used solely
for estimating a firm's intrinsic value on the per-share basis. This is because the scaled

w, (7,) is a proportion of the scaling variable, not the actual contribution to future per-

2% The 'intercept-inclusive' LID model using the unscaled RI and OI variables in the linear information
dynamics has been developed in Appendix 3.3. This "intercept-inclusive' LID model can be used for firm-
by-firm parameter estimation and firm valuation, as in Myers (1999b). On the other hand, the practical
implementation of the 'intercept-inclusive' LID model using the sca/ed RI and OI variables in the linear
information dynamics has to be used for the pooled time-series cross-sectional parameter estimation and
firm valuation, as in DHS, in order to deal with 'the size effect’.
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share Rls and value estimates on the per-share basis. In other words, the contribution to

future RIs and value estimates from incorporating intercepts in LID in which variables
are scaled is not scaled @, (y,) itself, but scaled @, (y,) times the scaling variable. If

I set all accounting variables to be on the per-share basis, the practical estimating

equations for the LID parameters will be as in Eq. 1:

iy a

X X v
= o ot
S I
4
. L, (Eq. 1)
t+1 .t t ’
=70 +y1S_+82,t+1

t t

where S, is the scaling variable (e.g., stock price, book value) at the end of year ¢, @,
and @, (0 £ @, <1) are intercept and slope (persistence) parameters for scaled RI, v, is
OI at time ¢, y, and y, (0 < y, <1) are intercept and slope (persistence) parameters for

scaled OI and &' terms are random error terms. Prime denotes a parameter based on
scaled RI and OI per-share data, which is different from a parameter based on the

corresponding levels data of R and OI per-share.”!

Multiplying both sides by S,, Eq. 1 will be restated as Eq. 2.

~a I3 a

X =08, tox, +v, +& &
q.2)

V., =y.S, +y v, +&

w1 =Yoo, TV1V: 2,141

211 do not put the prime symbol on the slope coefficients because the slope parameters using scaled and
unscaled per-share data are the same.
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As we can notice from both equations, there is no problem when applying o, (7,)
estimated from Eq. 1 into the pricing formula, because w, (,) is just a multiple which
is the same as the real slope coefficient in Eq. 2. However, in the case of the intercept
terms, it is not that simple. Here, three important issues should be considered. First, o,
(7,) estimated from Eq. 1 is a proportion of the current scaling variable, not the level
corresponding to the per-share RI (OI). That is, since the real contribution to future RIs
and value estimates from incorporating intercepts is @,S, (7,S,), not @, (7,), it is
obvious that the scaled intercept term (i.e., @, and y,) per se should not be employed

for the value estimates directly.

Secondly, @S, is not constant over time so that future residual income series are the

function of current scaling variable as well as current RI and OI. For example, stock
price or book value as candidates for a scaling variable tend to grow generally. So, if the
annual growth rate of the scaling variable is denoted as sg, the pricing formula will be

as follows.?

V. =b +[ Ra, + Rys }St
“ T (R-SG)R-w) (R-SGYR-a)R-7y,)
), £+ R

R—Cl)l ‘ (R—a)l)(R—}’,)

(Eq. 3)

+ v,

where SG is 1 plus the growth rate in the scaling variable (sg).

22 See Appendix 3.1 for the derivation of the pricing model when regression variables are scaled.
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Unlike the valuation model based on the unscaled per-share data (see Appendix 3.3), the
practical valuation model in this study should include the current scaling variable and its
projected average growth rate. Thus, finally, the estimation of the future average growth
rate of the scaling variable becomes another important issue. Here, it is worth nothing
that mean RI (MRI) grows and future RI asymptotes to MRI (see Appendix 3.2 for

details).”

3.1.3. Implications for valuation biases reported by DHS

The key point in Eq. 3 is that the magnitude of the effect of the intercept is potentially
large, and small errors in the estimate, or ignoring the intercept altogether, could induce
large valuation errors. In this section, I provide a simple numerical example to illustrate

the potential effect on value estimates of the scaled intercept parameters @, and y,. For

this purpose, I consider the likely magnitude of the effect of such omitted items on the

value estimates reported by DHS. I will describe DHS procedure in more detail later.

Note that, since the parameters reported by DHS were estimated on the basis of data
scaled by price, the term in square brackets in Eq. 3 becomes a proportion of
contemporaneous price. Also, note that this DHS-based example is based on 'rough'

calculations using reported parameters based on DHS's total data set, which were

reported with low precision.

2 Appendix 3.2 rearranges Eq. 3 to express it with terms comprising mean values of scaled RI and OI,
and illustrates graphically where future RI streams asymptote to. Appendix 3.3 shows the case where RI
and OI variables are not scaled.
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The parameter estimates reported by DHS are as follows: @) =-0.02, @, = 0.62, y} =
0.01, y, = 0.32. At this point, note that y; and y, are the estimated parameters without

regard for w,. I first calculate the effect of disregarding the ) term, using DHS's

assumed cost of equity of 12% and the 'conservative' assumption that growth in price is
expected to be zero. Feeding the appropriate parameters into the first term in the square
brackets of Eq. 3 yields (1.12 x (-0.02)) / ((1.12 - 1) x (1.12 — 0.62)) = —0.373 (i.e., -

37.3% of price). 24

Calculation of the effect of DHS's disregard of the OI intercept term is a little more
complicated. In estimating their OI variable, DHS disregarded the @, term. On the
conservative assumption of zero growth in the parameter estimation period, I estimate
that, had DHS used @, in their measurement of OI, their OI intercept parameter
estimate would have been of the order of 0.0236 (2.36% of price) instead of 0.01 (1% of
price).” Feeding the appropriate parameters into the second term within the square
brackets in Eq. 3 yields (1.12 x 0.0236) / ((1.12 - 1) x (1.12 - 0.62) x (1.12 - 0.32)) =

0.551 (i.e., 55.1% of price).

The sum of the first and second terms in the square brackets of Eq. 3, which

respectively correspond to the effect of w; and y (re-estimated using @, -inclusive OI,

2 Myers (1999b) refers to the potential problem of failing to deal with intercept terms. However, he only
refers to the @, component. Also, Myers incorrectly states that the effect of incorporating DHS's @,

term is —~49% of price instead of ~37% of price. This appears to be due to an error in the derivation of the
@, term which, on a SG = 1 basis, he states to be R, /(R - 1)(1-®,) instead of R, /(R - 1)(R —w, ).

% The @] -exclusive mean of Ol is y;/(1-y,) =0.01/(1-0.32) = 0.0147. The &;-inclusive mean of OI
is 0.0147 + 0.02 = 0.0347. The @} -inclusive value of y; is thus 0.0347 x (1 - 0.32) =0.0236.
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Le., 0.0236), is 17.8% (of price), implying that failure to deal with the terms would
cause value estimates to be understated by 17.8% of price. This figure of 17.8% is about

two-thirds of the magnitude of the bias reported by DHS (25.9%).

The assumption of 5% growth would give omitted w, and y; effects of (1.12 x (-0.02))

/ ((1.12 = 1.05) x (1.12 — 0.62)) = —0.640 and (1.12 x 0.0246) / ((1.12 — 1.05) x (1.12 —

0.62) x (1.12 — 0.32)) = 0.984 respectively (note the change to y; = 0.0246).%6 Under

this assumption, the sum of the two terms is 34.4% of price, which is about 30% larger

than the bias reported by DHS.

3.1.4. Special cases of the 'intercept-inclusive’ LID model

In this section, I consider a number of RI-based valuation models that have appeared in

earlier studies, and show that they nest within the valuation model given by Eq. 3.

First, the 'intercept-inclusive' LID model, Eq. 3, developed for the practical purposes is
the same as the Feltham and Ohlson (1995) model, if we use book value as a scaling

variable, assume ¥, = 0, ignore OI in their book value generating process, and employ
total book value rather than operating book value. That is, S, SG, @, and @, in Eq. 3

(b, BG, @, and @, in Eq. 4) respectively correspond to b;, @,,, @,; and @,, in the

26 If we assume 5% growth, the w@;-exclusive mean of Ol is
7, /(SG—-y,) = 0.01/(1.05-0.32) = 0.0137. The @; -inclusive mean of Ol is 0.0137 +0.02 = 0.0337.
Thus, the ¢;-inclusive value of ¥4 15 0.0337 x (1.05 — 0.32) = 0.0246.
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Feltham and Ohlson (1995) model (Proposition 3, p. 705).

R, N o, s R
\%
(R-BG)YR-») ' R-o," (R-0)R-7)

t ¢

(Eq. 4)

Second, the modification of Eq. 2 by (i) eliminating the second equation and the v, term

and (ii) replacing the S; term by a constant value of one gives the empirical TIM1'
generating process examined by Myers (1999b) in a time series estimation context. This

results in the following special case of Eq. 3. w, and @, in Eq. 5 respectively

correspond to @,, and ®,, of Myers' LIM1 model (p. 8).>"*®

R, o, . (Eq. 5)

V,=b, + + X,
R-D)(R-w,) R-wo

t

Third, the elimination from Eq. 2 of the @), and y| terms gives rise to the valuation

model which appears in Ohlson (1995), and which is used as the basis for the OI-

inclusive part of DHS's study.

X! (Eq. 6)

2 Myers (1999b) incorrectly gives the second term of Eq. 5 as R, /(R-1)(1-w,) instead of R, / (R

-DR-w,).

% O'Hanlon (1994) presents a general residual income valuation model which allows for future rf:sidual
income to be generated by any class of ARIMA time spries process (i.e., ARIMA (p,d,q)). Eq. 5 is the
special case of the general model — ARIMA (1,0,0) with constant.
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3.2. Empirical Implementation Procedure

3.2.1. DHS procedure

Ohlson (1995) represents RI expectations as being generated by knowledge of (i)
current R, (ii) current 'other information' (OI) and (iii) the parameters of the RI and OI

generating process, as described by the following linear information dynamics (LID):

~a a -
X S0OX, +V, &),

~ ~ (Eq.7)
Vi =YV T 650

In Eq. 7, v, denotes Ol, @, and y, are persistence parameters for RI and OI

respectively, and the £ terms are zero-mean random error terms. The persistence
parameters are constrained to be non-negative and to be less than one. The LID in Eq. 7
thus implies that the mean value of RI is zero. Ohlson (1995) shows that the process in

Eq. 7 gives rise to the following RI-based estimate of the value of equity:

7] R
V =b + 1 xa + Y (Eq. 8)
T R-w, "t R-0)R-7)

DHS devise an Ol-inclusive empirical application of the LID-based valuation approach

depicted in Eq. 7 and Eq. 8. This comprises the following steps:
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For each year (z), the following pooled (time-series cross-sectional) regression is
estimated:

a a
j,S _ + A xj,S—] ~
=W, t 0, ——+e (Eq. 9)

,5-1 Jus-1

X

.

where the subscript s is a time index ranging from the first year of available data to

year £, x; is Rl per share for firm j, P; is market price per share for firm j, &;, and

@,, are year-specific LID parameter estimates and &, is an error term (hats denote

parameter estimates and prime denotes a parameter based on scaled RI data

compared with that based on Rl itself). &, is used as an estimate of @, in Eq. 7,
and the intercept, @y, is disregarded. On the basis of pooled data from 1976-1995,

DHS report parameter estimates of @;, equal to ~0.02 and &, , equal to 0.62.

For each year (¢), following a suggestion in Ohlson (2001), Ol is defined as:

Ve = S = D%, (Eq. 10)
where v;, is the OI for firm j at time £, S =S —(R=1b;, is the time ¢ 'full
information' analyst-based forecast of firm j's RI per share for #+1, f; ., is the time ¢
analyst earnings per share forecast for firm j for time #+1, and &, , is obtained from
estimates of Eq. 9. Note that if @y, < O then the estimated value of v;, is

understated and the magnitude of the understatement is @,, multiplied by the

scaling variable, P;,
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3. For each year (#), the following pooled (time-series cross-sectional) regression is

estimated:
vj,s :};I +},} vj,x—l +é (Eq 11)
,¢ 1,¢ . .
[)1.’5—1 Pj,s—l o

where 7,, and 7,, are year-specific parameter estimates, and &, is an error term
(hats denote parameter estimates and prime denotes a parameter based on scaled OI
data compared with that based on Ol itself). 7,, is used as an estimate of y, in Eq.
7, and the intercept, 7, ,, is disregarded. On the basis of pooled data from 1976-
1995, DHS report parameter estimates of 7,, equal to 0.01 and 7,, equal to 0.32.
Note that if 7;, is disregarded, the expected value of one-period-ahead OI based on

Eq. 11 (ie., E [Vj ]) is understated and the magnitude of the understatement is

S+l

equal to 7,, multiplied by the scaling variable, 7, .

4. For each year (), firm value is estimated for each firm based on the valuation

expression Eq. 8 using book value, R, estimated OI, the parameter estimates a”)l,,
and 7,,, and an estimate of the cost of equity. Because the estimated OI at time ¢ is a

function of the observable analyst-based time ¢ RI forecast for time #+1 ( f,5,) and

current RI, the value estimate at time # is equivalently expressed as in Eq. 12 (firm

subscript ; for variables and time subscript # for parameters are suppressed).

_@17;1 a R a Eq. 12
=bh + - x, + - ~ f+ (q' )
T RZG)R-7) T R-d)R-7)"
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As shown in Eq. 9 and 11, LID parameters in DHS are estimated based on per-share
data scaled by lagged stock price. However, scaling by stock price makes value
estimates a function of stock price when applying the ‘intercept-inclusive’ LID
approach, so a fundamental change in the scaling variable is required in this study in
order to compare the Ohlson LID-based value estimates with the 'intercept-inclusive'
LID-based value estimates. In this study, lagged book value of equity is used as a

scaling variable (see Section 3.2.2 for details about the issue of scaling variable).

3.2.2. My procedure

I augment the DHS approach by exploiting the information contained in the estimated
LID intercept parameters. As explained in Section 3.1.2, these intercepts capture
information concerning average scaled RI. However, practical implementation for

valuation requires a fundamental change in the scaling variable, if we are to avoid

making value estimates a function of market price. Multiplying Eq. 9 by P,,, shows
that the conditional expectation of x|, is a linear combination of x7,_, and the scaling
variable P, . Similarly, from Eq. 11 the conditional expectation of v, is a linear

combination of v;,_, and P;_,. In each case, the weight applied to P, , in forming the
conditional expectation is equal to the respective intercept parameter. Introducing the
intercept parameters into the valuation model will therefore cause price to be an input to

the valuation model. In order to avoid this circularity, while preserving the scaling of
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data that is necessary in cross-sectional analysis, I scale by the book value of equity.*’

Similar to Ohlson (1995), obtaining a closed form valuation expression for the
'intercept-inclusive' LID model requires me to express conditional expectations of the
RI flows for all future time periods in terms of information observable at the valuation
date. If the LID intercepts do not equal zero, the conditional expectation of RI for each
future period will depend on expected book value at the beginning of the respective
period. Therefore, the 'intercept-inclusive' LID requires a model describing the book

value dynamics. For simplicity, I assume that book value grows at a constant rate.

My modification of the Ohlson (1995) LID to include intercept parameters for RI and
OI, with scaling by book value, leads to the following LID (refer to Eq. 1 for the general

LID that allows any scaling variable):

=7, +7, -;4 + & (Eq. 13)

Z;*‘ =BG +&;,,

~

where BG is one plus the rate of growth in book value and the & terms are random error

terms. From Eq. 13, I obtain the following expectations:

2 Scaling RI by lagged book value produces the following measure (firm subscript suppressed):

ﬁa_ 5 (R-Db,, = ROE, —(R-1)> where ROE, denotes Return on Equity at time £, and is equal to

b.'~l bl—l
x,/b,_, - This measure is familiar in the managerial consulting literature as the 'spread', being the excess of
t

accounting profitability over the cost of capital.

59



Cl?apter 3. Development of the 'intercept-inclusive' linear
information dynamics (LID) model and research design

B |=ob, +o,x0 +v,
E[Vm]: ¥ob, + e (Eq. 14)
E[gm ]: BGb,

The model setup closely resembles the Feltham and Ohlson (1995) LIM. However, one
important difference is that, from the second equation in Eq. 14, expectations of OI may
also depend on book value and may thus deviate from zero on average. The empirical
analysis shows that this can be an important difference in practice. In fact, this intercept
allows the possibility that expected future RI, conditional on OI, will differ from the

average value of RI over the estimation period.*

From the RI valuation relationship and Eq. 14, it is straightforward to derive the
following valuation expression (refer to Eq. 3 for the general 'intercept-inclusive' LID

model that allows any scaling variable):

V,=b, + Bx; + By, + (B, + B,)b, (Eq. 15)
where
__ 9 _ R
& R-w,’ Py R-o,)(R-7)
Rw;
Bs :

" R-BOR-0)’

30 Recall that OI is defined to be the difference between the analyst-based forecast of RI and the forecast
of RI derived from a univariate model of RL.
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_ Ry,
(R-BG)R-w,)R~7y,)

B,

The coefficients S, and S, on book value in Eq. 15 include the estimated values of the

intercepts in the first two lines of Eq. 13, and arise because book value is the scaling
variable in Eq. 13. The Ohlson (1995) valuation model Eq. 8 is a special case: where

w,=0 - B,=0andy,=0 — B, =0.

I estimate the parameters for the first two equations in the modified LID system Eq. 13
using a direct development of the procedures used by DHS. Similar to DHS's procedure
shown in Eq. 9, in estimating the first LID equation of Eq. 13, I ignore OI and estimate

the following regression:

a xa
] N A j,5~1 A
=@y, + D, T+ € (Eq. 16)

1j.s

X
b

J»s-1 Jus-1

where @,, and @,, are year-specific parameter estimates, and &, is a random error

term.

As mentioned above, OI is defined as the difference between the full information

analyst-based forecast of RI ( f7,,,) and the implied conditional expectation of RI based

on parameter estimates from the univariate model described in Eq. 16:

Vie = fj?m - (a’)('),lbj,t + a,)l,tx;,t) (Eq. 17)
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Note that OI defined for the application of the 'Imtercept-inclusive' LID approach (Eq.
17) is different from that defined for the application of the Ohlson LID approach (Eq.

10), because @, is differently assumed (non-zero versus zero). Now, the OI dynamics

parameters are estimated based on the following regression:

Vis A Vs
b

=P 4P vl (Eq. 18)

j.s—1

where 7, and 7, are year-specific parameter estimates and é, is a random error term.

Finally, value estimates (V) are constructed for each firm (j) at each valuation date (¥)
based on Eq. 15. The following information is required as inputs to the valuation model:
RI per share ( xj’, ), estimated OI per share (v;,), book value per share (b;,), the
assumed cost of equity, estimates of the LID parameters (dg,,®d,,,7,,7;,) and
assumed values of the book value growth rate parameter, BG. Because the estimated OI
at time ¢ is a function of observable analyst-based time ¢ RI forecast for time #+1 ( f3;),

current RI and current book value, Eq. 15 is equivalently expressed as Eq. 19 (firm

subscript j for variables and time subscript ¢ for parameters are suppressed).

A _AS Al A R .
V _ + R(a)oBG a)fyl +702 bt + Aa)l}/] - xta + - - j;_H
‘" (R-BGYR-d)R-7) (R-&)R-7) (R-a,)R-7,)

(Eq. 19)
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3.2.3. Special cases

Table 3.1, Panel A summarizes the Ohlson LID model and its special cases. LID9 is the
general Ohlson LID model given by Eq. 12. The models shown in Panel A are the same

as the models used in DHS except for the separation of (@, = 0, v, = 7)) and (o, =
@,, y, = 0) cases. As DHS stated, the valuation model based on (@, = 0, 7, =7,)is
theoretically identical to the model assuming (@, = @,, 7, = 0). However, analyst-
based RI forecasts are biased practically so that , when @, = 0 is different from @,
when y, = 0. Note that for the estimation of y, in LID7, Ol is defined as analyst-based

RI forecast. That is, p, is the estimated slope coefficient from £, =y, + ¥ lag(f5,),

e
because v, = f,;, in this case.

Note also that LID1 is the book value model in which current book value is sufficient
for all expected future payoffs, and LID2 is the earnings model in which capitalized
current earnings (adjusted for dividends) is sufficient for all expected future payoffs.
LID6, which is reported by DHS as a more reliable model than the Ohlson LID model,

is the same as the EBO model that assumes 1-year forecast horizon and zero RI growth.

Table 3.1, Panel B summarizes the empirically testable special cases of Eq. 19 used in
this thesis. The special cases of the 'intercept-inclusive’ LID model are defined
according to the assumption of OI and/or the restriction of RI and OI persistence

parameters (i.e., @, and 7). In addition to some combinations of assumptions about

o, and y, ruled out by DHS, I exclude 3 more cases — (w, =1,nm00D), (o, =1, y, =
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0) and (@, =0, y, = 1) in Panel B. This is because these cases give rise to random walk

models with drift so that RI streams are non-stationary. That is, these cases violate the

assumption of mean reverting process.

In Table 3.1, Panel B, LID10, LID11 and LID12 are models when OI is ignored in the
linear information dynamics, while LID13 to LID16 are models when OI is dealt with.
LID16 represents a general 'intercept-inclusive' LID model given by Eq. 19, and LID10

to LID15 are special cases of LID16. Here, note that &,, 7; and 7, in LID10, LID13,
LID14 and LID15 except @, in LID15 are different from the parameters estimated

using the above procedures given by Eq. 16, Eq. 17 and Eq. 18. This is because the

restriction of @, =0 and/or y, =0 is conditional for the estimation of those parameters

so that the parameters estimated using the above procedures given by Eq. 16, Eq. 17 and

Eq. 18 cannot be employed directly to the corresponding pricing model.

Specifically, in LID10, LID13 and LID14, @, for year ¢ is the mean of book value-

scaled RI using data up to year ¢ (i.e., \x; /b,_1 ), because the assumption of @, =0
makes @ absorb the whole mean value of scaled RI. Similarly, the assumption of
7, =0 in LID13 and LID15 makes 7; absorb the whole mean value of scaled OI so that

7. for year ¢ is the mean of book value-scaled OI using data up to year #. Thus, 7o for

year ¢ in LIDI13 is (Zil/b,_l)—a")(’,yt(b,/b,_,) and y, for year ¢ in LIDI15 is

(7, /bs )= @5, (5, /B,) - &, x¢ /b, )- Finally, in LID14, 7 and 7, are the estimated

parameters based on the AR(1) OI regression where OI is analyst-based RI forecasts
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At e : _ ra At
less @, times book value (i.e., v, = Jia —ag,b,).

3.2.4. Some EBO models

In addition to the LID models, some EBO models are considered in this study. Although
Frankel and Lee (1998) and Lee ef al. (1999) show the evidence that the choice of
alternative forecast horizon has little effect on the results, I use three EBO models based
on different forecast horizon (7) using I/B/E/S analysts' consensus forecasts for one-

year (f,,,) to three-year ( f,,,) ahead earnings.” Here, after the explicit forecasting

period, terminal value is assumed to be the present value of year-T residual income in
perpetuity. Then, I also consider three more EBO models that allow for growth in the

post-horizon period. Note that EBO1 is the same as LID6.

The requirement of estimating terminal values usually applied in the EBO approach is
not only from earnings power (i.e., growth in the post-horizon period) but also from
measurement error consistently occurred in the measurement of earnings and book
values of equity (Penman, 1997). In other words, a terminal value is needed to correct
both errors occurring i) by truncating the horizon and ii) when forecasting attributes up
to the horizon. The error arising by truncating the horizon is of course because forecasts
of attributes beyond the horizon are omitted in the truncation. On the other hand, the

error in the forecasts to the horizon is due to the accounting rules that allow for the

' Actually, f,,,, f;.,»and fj,, are earnings forecasts for current fiscal year, next fiscal year and next

but one fiscal year, respectively.

65



Chapter 3. Development of the 'intercept-inclusive’ linear
information dynamics (LID) model and research design

differences on recognition and measurement of forecasts. Such consistent measurement
error prevents future RI streams from converging to zero and is usually the result of
conservative accounting consistently applied (Sougiannis and Yaekura, 2000). Thus, it
is essential to specify terminal value that correctly captures the effect of a firm's specific
economic fundamentals including the degree of conservatism. Myers (1999a) argues
that many reversals of accounting conservatism come about within 'terminal income'
that arises when companies are taken over, and ignoring this 'terminal income' when
estimating terminal value could be a source of unreliable intrinsic value estimates based
on the EBO approach. I leave the issue of terminal value specification in future

research, and just consider 6 EBO models generally adopted in the earlier studies.

EBO models assuming no growth in the post-horizon period:

-rb, 1
v, =b,+————f’“ B S (EBO 1)
r r
Vt=bt+ft+1—rbt +ft+2_rbt+1 (EBO2)
R R
f;+ —rb f+ —rl;t+ f+3—7'5+2
Vt=b¢+ IR t+ t2R2 1+ t rRZ t (EBO3)

EBO models assuming growth in the post-horizon period:

1/;=bt+%lib)L (EBO 4)
r—g,

v p g Lo =T Jun Z 10w (EBO 5)
o R (r-g.)R

v =p +fr+1—rbt+ft+2—rbt+1 +ft+3—rbt+§ (EBO6)
e R R? (r—g,)R
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where f,,; is i-year ahead analysts' consensus earnings forecast, b,,, is i-year ahead

estimated book value, and g, is the estimated growth rate of RI in the post-horizon

period. EBO 1 (EBO 4), EBO 2 (EBO 5) and EBO 3 (EBO 6) are respectively 1-year, 2-

year and 3-year horizon model.

3.2.5. Pricing test of competing valuation models

After measuring persistence parameters, the competing valuation models will be
compared in order to show which provides the value estimates that accord most closely
with current stock prices. At this stage, value estimates from Ohlson-type LID models,
"intercept-inclusive'-type LID models and EBO models will be computed and compared.
It is of interest to examine whether and where the 'intercept-inclusive' LID model brings
significant benefit over its special cases and other models. In contrast, if there is clear
evidence that the simpler EBO model produces more reliable value estimates in all

cases, linear information dynamics still need to be modified.

In order to run 'horse races' between different valuation models, I contrast the reliability
of value estimates from the alternative models in terms of three performance
dimensions. They are the bias metric, the accuracy metric and the explainability metric.
The bias (the accuracy) is defined as the signed (absolute) difference between the value
estimate and the current stock price, scaled by the current stock price, while the
explainability is defined as the ability of value estimates to explain cross-sectional
variation in current stock prices. Therefore, under the bias, the accuracy and the

explainability metrics, value estimates with, respectively, the closest signed forecast
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errors to zero, the smallest absolute forecast errors and the highest OLS R? are the most
reliable. The accuracy and bias of an estimated value can be of great concern to an
investor who wants to determine whether to buy, hold, or sell a firm's stock, to an
analyst who wants to provide, along with his/her earnings forecasts, a stock
recommendation, to an investment banker who wants to determine the offer price of an
IPO, or to a researcher who wants to use such a price in examining a specific research

question (Sougiannis and Yaekura, 2000)

Given the fundamental firm value, the signed forecast error and the absolute forecast
error, scaled by stock prices, can be calculated as in Eq. 20 and Eq. 21. Furthermore, the
regression of stock price on value estimate is used to get R? as the explainability metric

(Eq. 22).

FE, =(V, - P*")/ Pe" (Eq. 20)
AFE,, <[V, - B"|/ PE" (Bq. 21)
P =, + AV, +u, (Eq. 22)

where FEj, is the forecast error of stock prices, AFE,, is the absolute forecast error of
stock prices, P°" is the observed stock price at months after the end of the fiscal year
t, and V, is the fundamental value estimated by the RI-based valuation model for year z.

Note that in order to make comparable the value estimate and the stock price, I use

stock price at a few months (usually 3 months) after the fiscal year end rather than stock

price at the fiscal year end.
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Table 3.1: The competing valuation models

Panel A: The Ohlson model and its variants
When 'other information' is ignored

LIDL: o, =0 E[z]=0
V.=b
LID2: o, =1 Elxe, |=x
R
Vr =bt+_xra =X _dr
r r
LID3: o, = &, E [z |=dx
@,
=b+ ! ¢
TR
LID4: 0, = o] E[72, = o xt
~f
a
b, +— !
T w-aD
When 'other information' is incorporated
LID5: E, [)Ncril ]= Jin
(w,=0,y,=0) 1,
+E‘f;+l
LIDS: £ ]=1
(a)l=1,yl=0)0r y 1
(C()lzo,}’l:l) t_rf;+1
LID7 t+l] f;+1
(0,=0,7,=7)
VI= r (R }/l f;+]
LIDS: t+1] ﬁﬂ
(o,= @, ,7,=0)
I/y :bt (R— )f;+1
LID9 t+l] f;+1
(0=0&,,7,=7) "y . R .
1= @ 7 V=b+ ¥4 X+ 7 o
(R-d)(R~- 7) (R-@)R-7,)
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Panel B: The 'intercept-inclusive’' LID model and its variants — scaled by book value

When 'other information' is ignored
gn

LID10: o, =0 E ]=ap,

_ 24

ot (R-BG) *
LID11: &, = &, B[z |=dib, +ox°

RCOO 031 a
= l t+ A t
R-BGYR-@)  (R-&,)

LID12: w,= &7 Elxe |=ayb +ofx

V.=b + R(?)(')f b+ d)‘f X
o (R-BG)R-&]) " (R-a]) "

When 'other information' is incorporated

LID13: :+1] 1o
(@20 7,20 04BG+7y, 1 .,
¢t =0 —_—bt'*_—fnl
(R-BG)R ' R
LID14: M] 1
(a)1=0,71=}71) _b+a)oBG_aA)¢l)}¢1+77<,)b 1 P
T R-BGR-7) T R-7)7
LID1S E [ ]= 12
(a)=a3,}/=0) Y BG+7' 1 .
I Y L Lt (IO )
(R-BHR-d) (R-@)
Lm16 r+1] f:‘+1
(@,= &, 7= 7)) y oy o R@OBG-0if+7) \  —bf ., R s

t

" (R-BGYR-&)R-F) " (R-O)R-7)" R-&)R-7)
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Panel C: The EBO models

information dynamics (LID) model and research design

When zero RI growth is assumed

EBOI1:

1- year forecasting

[ t+l] fl+1

Vt :b +f;+1—'rbt

: 1
horizon ) . = ;_ S
EB02: E [ [+1] f;+1
2-year forecasting
horizon V[ = bt + -f’."'lR f;+2 = t+]
v
EBO3: ~£l] fe

3-year forecasting

horizon Vt — bt + f;+1 — rbt + .f;+2 —Zrbr+1 + f;+3 — rbt+2
R R rR*
When non-zero RI growth is assumed
EBO4: Efz]- £z,
1-year forecasting
. f:‘+l - rbt
horizon + F—g—)
EBOS: AN B
2-year forecasting
horizon V,=b+ f'”R ]2” )’;{ .
r—g.
EBOG: [ 1+1] f;n
3-year forecasting —
. _ ft+1 f;+7 — t+l ft+3 _rbt+2
horizon V,=b+ > >
R R (r-g,)R
Note:

1) The models in Panel A (B) are based on the assumption of zero (non-zero) mean reverting process of

RI and OI.

2) Book value is used as a scaling variable for the 'intercept-inclusive' LID model and its variants.
3) @, (7,) is RI (OI) persistence parameter, @, (7,) is scaled RI (OI) intercept parameter, and @/

(a)of ) is firm-specific conditional RI persistence (intercept) parameter based on DHS's methodology.

All LID parameters are year-specific (time subscript suppressed). V; is intrinsic value at year ¢, b, is
book value at year #, x* is residual income for year 4, f, is analyst-based RI forecasts for the next

year, f;.; is i-year ahead analysts' earnings forecasts, and b, ,,

is i-year ahead book value estimates. R is

1 plus the discount rate (r), BG is 1 plus future book value growth rate, and g, is future RI growth rate.
4) LID7 and LID8 are theoretically identical, but practically different. In LID7, 7, is the estimated slope

coefficient from fih=ve+ 7 lag(f, ) because v, = f3, in this case.

5)In LID10, 13 and 14, &

(x*/p_ ). mLID13, 7

parameters of AR(1) OI regression where v, = £},

! for year ¢ is the mean of book value-scaled RI using data up to year ¢ (i.e.,

(ft+l/b -1 (00, b /br 1 a,)l,r(xra/br—l)‘

o for year tis C’“ /b, ]) Dy, (b,/b,.,)- mLID14, y¢ and 7, are the estimated

In LID15, p; for year ¢ is

Ay
’_wo,/br'
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Appendix 3.1: Derivation of the 'intercept-inclusive' LID model when regression
variables are scaled

The two equations in Eq. 2, with the average future growth rate (sg) of the scaling variable, can

be combined into one equation in order to express the future residual income generating
process.

Elx.|=as8, +o,x° tv,, if =1

@,SG'S, +oElx,.] + 1SGES, +y,Ely,,, ] if t=234, 0

7

v

(a) ®) (c) (d)
(Eq. 22)

where S, is a scaling variable and SG is 1 plus the average future growth rate (sg) of the scaling
variable. Eq. 2a is a function of current scaling variable, current RI and current OI. Note that (b)
includes lagged (a) term, lagged (¢) term and lagged (d) term, and (d) includes lagged (c) term.
The expression for the present value of expected future residual income implied by expression
Eq. 2a comprises the following terms:

1. PV of S, terms arising from the inclusion of @y, is the sum of (/-i) and (1-ii).

@
1-i) PV of (a) series= ——§
(i) PV of (a) =S,
(I-ii) PV of S, terms arising from the inclusion of @y in (b)
=PV of (I-i) in declining perpetuity with the growth rate of (@, —1)

a)l a)o
R-w, R-SG '

P S jgegt isi fr the inclusi f ; 1 . (,)Sy
. f usion o1 @ 1 é
-~ PVo ; terms arismg mwom I 0 R wl R G t

2. PV of §, terms arising from the inclusion of y, is the sum of (2-i), (2-ii) and (2-iii).

(2-0) PV of (c) series = mS ;

(2-if) PV of S, terms arising from the inclusion of 7, in (d)
=PV of (2-i) in declining perpetuity with the growth rate of (¥, —1)
}/ 1 7/ (’) S
: t
R-y, R(R-SG)
(2-iii) PV of S, terms arising from the inclusion of 7, in (b)
=PV of the sum of (2-i) and (2-ii) in declining perpetuity with the growth
rate of (@, —1)

_ o 114 4 ""’b_‘sr
R-o, R-y, ) R(R-5G)
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Appendix 3.1 (continued)

- PVof S, terms arising from the inclusion of y;

gRe=r e e
R-w, R-y, | RR-5SG)| "

3. PV of v, terms is the sum of (3-i) and (3-ii).
1
R-7,
(3-ii) PV of v, terms in (b)
= PV of (3-i) in declining perpetuity with the growth rate of (@, —1)
@, 1

(3-)) PV of v, terms in (d) = v

t

Ve

R-w, R-y,

~PVofy, terms= |1+ o ! v,
R-o, | R~y

4. PV of x; terms is PV of x; in declining perpetuity with the growth rate of (@, —1).

a a)l a
~PVof x; terms= X,
R-w,

Collection of the four terms derived above gives:

Rawy; N Ry, :IS
(R-SG)R-w,) (R-SGYR-o)R-7)]"
w, R
x;+ v,
R—ml (R_wl)(R"?ﬁ)

4+

(Eq. 3)

73



Cl?apter 3. Development of the 'intercept-inclusive' linear
information dynamics (LID) model and research design

Appendix 3.2: Rearrangement of Eq. 3 to isolate mean RI and OI terms
In this Appendix, I describe the link between the intercept-related (second) term in Eq. 3 and

terms corresponding to mean values of scaled RI and O For this purpose, I assume that the

ratio of the mean of scaled RI (OI) used as a dependent variable and the mean of scaled RI ((02))
used as an explanatory variable is ¥ (Z).

x? x7
Yy =] 2L ol S

( S, J/(S:) (Eq. A3.2.1)
ORYA
s, S, (Eq. A32.2)

where the bar denotes mean.

From the second line of the generating process in Eq. 1,

Visl ’ vr

Substitution of Eq. A3.2.2 gives the following expression corresponding to the mean value of
O, as scaled by contemporaneous scaling variable:

vy 7{11
A= Eq. A3.24
(S ] Z—V] ( 1 )

r
This corresponds to the mean of the scaled difference between 'full information' analyst-based

RI forecasts and forecasts based solely on a univariate time series model of RI. From the first
line of Eq. 1,

X x; v,
=@ o, -+ = (Eq. A3.2.5)
( S, ] % (DI(SJ (S,J

Substitution of Eq. A3.2.1 and Eq. A3.2.4 gives

— [mc’, 4 o ]
T | Z7nly (Eq. A3.2.6)
S, Y-a,
which is a term corresponding to the mean 'spread’, and
— [(o{, ) ]
alliy ——ﬂl—l— (Eq. A3.2.7)
S, Y -,
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Appendix 3.2 (continued)
The following terms from Eq. 3

Rw,
(R-SGYR-w,)’
Ry,
(R-SGYR~@, ) R~-7,)

can respectively be expanded to give

wyY N — W0, _R-Y
(R-SG)Y-w,) (R-w)Y-w,) R-SG’
204 =70, R-Y —7,R _R-Z

R=SO)Y -0 )Z ~7,) +(R—wl)(Y-wl)(Z—i’l)'R—SG+ R-0)R-y)NZ~-7,) R-SG

Substitution of these expanded terms into Eq. 3 gives Eq. A3.2.8

. a)[,+zy° Ry a)(',+27°
V,=b,+ AT 1500 ) PR P . Sk “ils,
R-SG|| Y-w, R-o|" R-SG| Y-o
. R ‘v,—R_Z- Yo S,
(R—ml)(R_yl) R-5G Z_yl
(Eq. A3.2.8)

It is convenient to make the simplifying assumption that SG can be expressed as the ratio of the
mean value of RI (OI) as scaled by lagged scaling variable and the mean value of RI (OI) as
scaled by contemporaneous scaling variable. That is,

SG=(x"1S_)/ (x/8)~(x"/S)/ (x°1S)=Y

(Eq. A3.2.9)
=, /S )/ /8)= W, /8)/ (v,]S)=2
Thus, Eq. A3.2.8 can be simplified into Eq. 3.2.10.
1 @, a
V.=b SMRI,, -§,)+ x’ —(SMRI, - S,
t :+R_SG( D r) R—a)l[' ( E )]
R
+ [y, - (smo1, -s,)]
(R-@,)R~7,) ’
(Eq. A3.2.10)
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Appendix 3.2 (continued)

x? @, (SG—y,)+7! x°
where SMRI . =| =+ |=—2 1 0 —| 2| )
E (StJ (SG-a)l)(SG—yl)’SMRID s SMRI . - SG,

v, 70 x; x; v v
SMOI, =| - |=—Lo _ yo| 2o [1 % | | Yo | ] 2|2
E [S) G [S, J/(S} SG, Z [S, J/(S] SG, and bar

denotes mean.

In Eq. A3.2.10, the second term corresponds to the mean of scaled x;,,, multiplied by the

current scaling variable and capitalised (at R — SG) as a growing perpetuity. The third term
corresponds to the current deviation of RI from the product of (i) the mean value of RI as scaled
by contemporaneous scaling variable and (ii) current scaling variable, all capitalised as a

declining perpetuity (at @, /(R — @,) ). The fourth term corresponds to the current deviation of

OI from the product of (i) the mean value of OI as scaled by contemporaneous scaling variable
and (ii) current scaling variable, all capitalised as a declining perpetuity of declining perpetuities

(at R/(R—w;)(R~—y,)). Since the third and the fourth terms converge to zero, total future RI
streams are reverting to the growing product of the mean of scaled x,,, and current scaling
variable (i.e, SG*' - SMRI, - S, where i = 1,2,3,-- ). The below figure graphically illustrates
an example about where future RI streams, when regression variables are scaled, asymptote to.

w, =0.02, ®, =0.62, y, =001, , =032, R=1.12, x' =1, »,=0.1, S =2, §G = 1.04

09 T

0.8 1

0.7 +

(4) Future RI (142+3)

[
3
,

Residual Income
o
-

0.3 A

02+ N\ .-t

0.1 + %

0.0 B e e e e e
6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30
Year
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Appendix 3.2 (continued)

Note:

(1) The product of the mean of scaled X;,; (SMRIp) and current scaling variable for year t+i is

a

MRI,,, = SG"™"-SMRI, - S, , where SMRI,, = (&r_l_]
St

(2) The difference between current RI and the product of the mean of scaled X, (SMRIZ) and current
scaling variable for year #+i is

DCMRI,,; = w{(x{ —SMRI -S,), where SMRI,, = [i}
t

(3) The capitalised difference between current OI and the product of the mean of scaled v, (SMOIf) and
current scaling variable for year #+i is

pemor,, =y | 2| 1|y, —smor, -s,), where spmo01, =| 2
R-a, \7, S,

(4) Future RI for year #+i is the sum of MRI,,,, DCMRI,,, and DCMOI

t+i°
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Appendix 3.3: The 'intercept-inclusive’ LID model when regression variables are
unscaled

The 'intercept-inclusive' LID model when regression variables are unscaled is a special case of
Eq.' 3. That is, the scaling variable at time ¢ is one and the annual growth rate of the scaling
variable (sg) is zero (i.e., SG = 1) in Eq. 3. From the linear information dynamics in Eq. A3.3.1
and the similar derivation procedure in Appendix 3.1, the 'intercept-inclusive' LID model when
regression variables are unscaled can be easily derived to Eq. A3.3.2. This model can be used
for firm-by-firm parameter estimation and equity valuation in practice.

Xy =0 +ox! +v, + El,t+1
~ N (Eq. A3.3.1)
Vin =Vo 7V, t 85
R
=t +[(R o) E IR }
1 E=7) (Eq. A3.3.2)
a)l a R

+

X, + Vv,
R-o, R -, )(R-7))

On the other hand, mean residual income (MRI) and mean 'other information' (MOI) can be
approximately derived as follows. Here, if we assume non-zero ay and j, we can see that MRI
and MOI are non-zero. Actually, residual income and 'other information' asymptote to MRI and
MOI, respectively.

@, = MRI — o,MRI — MOI - (i)
Yo = MOI —y MOI - (ii)

where MRI and MOI are mean residual income and mean 'other information’, respectively.

From (ii), MOI = l_ﬁ’_ (Eq. A3.3.3)
-V
0, + MO _ &, (1=71)* 7 (Eq. A3.3.4)

and from (i) and MOI, MRI = =
1—0)1 (1'(01)(1_71)

As we can see in Eq. A3.2.2, the pricing model now has a constant term in the square bracket,
which composes 4 parameters and the discount rate. The first part of this constant term is the

effect of non-zero @, on the value estimates, while the second one is the additional effect from
the incorporation of non-zero y,. That is, the constant term in the square bracket is the

additional effect on firm's value from the incorporation of intercept terms @, and ¥, , given the

data for OI (v). Since MRI and MOI are approximately represented by Eq. A3.2.4 a.nd Eq.
A3.2.3, respectively, Eq. A3.2.2 can be restated as Eq. A3.2.5 below. Eq. A3.2.5 1mp11§s that
firm value is the sum of current book value, the present value (PV) of mean RI in perpetuity, the
PV of the difference between current and mean RI as a declining perpetuity with negative

growth rate of (@, 1), and the PV of the capitalized difference between current and mean Ol

(i.e., ( R X i (v, —MOI))in declining perpetuity with negative growth rate of (¥, -1):
R~ @, 7
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Appendix 3.3 (continued)

MRI 1)
+——(x" = MRI)

Vt'__bt+ - +
r R-o R-o,)XR~y))

(v, — MOI) (Eq. A3.2.5)

The RI streams corresponding to the last three terms of the right-hand side of the pricing model
Eq. A3.2.5 show where the total future RI streams asymptote. The figure below shows it
graphically. A firm generates MRI every year in the future, and the difference between current
and mean RI asymptotes to zero as time goes on. The capitalized difference between current and
mean Ol also converges to zero. Taken together, the total future RI streams asymptote to MRI.

@, =0.02, o, =0.62, y, =001, y, =032, R=1.12, x' =1, v,= 0.1

09 T

0.8 -

e
~

o
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]
t

(4) Future R (1+2+3)

e
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t

Residual Income

o
w
+

o
N

0.1 L.

0.0 TR .. s L S F—1 L FE—1
1 2 3 4 5 6 7 8 g 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30

Year
Note:
(1) MRI is mean residual income, and defined as
— wo(l_}/l) +7%o
(l_ml)(l—}’i) ‘

(2) i-year ahead difference between current and mean RI (DCMRI,,,) is defined as

DCMRI,,, = o) (x’ — MRI) ‘
(3) i-year ahead capitalized difference between current and mean OI (DCMOLI,,,) is defined as

DCMOL,, =7 [[R fw ][}I_H(v — Mol

(4) Future RI for year #+i is the sum of MRI, DCMRI,,; and DCMOI, ;.
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Appendix 3.3 (continued)

< Proof of the equality between Eq. A3.3.2 and Eq. A3.3.5 >
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CHAPTER 4

RELIABILITY OF THE 'INTERCEPT-INCLUSIVE' LINEAR INFORMATION
DYNAMICS (LID) MODEL: U.S. EVIDENCE

4.1. Introduction and Motivation

Recent years have seen the latest rediscovery of a theoretical valuation relationship
which expresses the economic value of a business as the sum of its accounting book
value and the present value of all of its expected future residual incomes. This most
recent rediscovery, often attributed to Ohlson (1995), follows previous rediscoveries by
Preinreich (1938) and Peasnell (1982) and has prompted an explosion of interest in the
role of residual income (RI) in valuation. Variants of RI are now regularly promoted by

. - . 32
management consultants as aids to business valuation and 'value-based management'.

A prominent strand of the academic literature on Rl-based valuation is exemplified by
the theoretical work of Ohlson (1995, 2001) and Feltham & Ohlson (1995, 1996). This
combines the RI-based valuation relationship with an assumed generating process for
RI, sometimes termed a 'linear information model' (LIM) (Feltham & Ohlson, 1995).
LIMs (LIM is termed as LID (linear information dynamics) models through this thesis)
project future RI by exploiting time series structure in RI in combination with

exogenous 'other information (OI)' reflected in the accounting system with a lag.*® Some

32 Commercial versions of RI are Economic Value Added (EVA) by Stern Stewart & Co., Qash-Flow
Return On Investment (CFROI) by Boston Consulting Group’s HOLT Value Associates, Dl‘scounted
Cash-flow Analysis (DCA) by Alcar, discounted Economic Profits (EP) by Marakon Associates, and

Economic Value Management (EVM) by KPMG Peat Marwick (Biddle ez al., 19?7), .
%3 Another approach uses explicit forecasts of R over a finite horizon, together with an estimate of the
present value of post-horizon RIs (Francis, Olsson and Oswald, 2000; Frankel and Lee, 1998; Lee, Myers

and Swaminathan, 1999).
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variants also include other accounting variables, such as book value, within the process
that generates RI expectations. The intuition is fairly straightforward. The forecasting of
RIs for the purpose of valuing a business is likely to involve the analysis of current and

past accounting numbers, together with the analysis of other sources of information.

Dechow, Hutton & Sloan (1999) (hereinafter, DHS) devise a novel approach to
application of the Ohlson (1995) 'other information'-inclusive linear information
dynamics (hereinafter, LID) approach to RI-based valuation, and apply it to U.S. data.
DHS compare LID-based value estimates, along with value estimates derived from
simpler earnings-based valuation procedures, with observed share prices. A striking
feature of DHS's results is that the Ol-inclusive valuation approach undervalues shares
by an average of about 26%.>* This undervaluation is larger than that from a simple
valuation model involving the capitalisation of one-year-ahead earnings forecasts. The
Ol-inclusive LID approach is also outperformed by this simple procedure on the
criterion of mean absolute forecast error (accuracy). DHS's results have raised concerns

about the reliability of LID-based valuation models.

This chapter is motivated by this substantial negative bias, reported by DHS, in value
estimates from an Ol-inclusive application to U.S. data of the LID approach to RI-based
valuation. It explores one potential source of bias in the LID-based value estimates
produced by approaches such as that used by DHS. DHS's LID-based value estimates

are constructed in accordance with the Ohlson (1995) LID. The Ohlson (1995) LID is

** Myers (1999b) uses an Ol-inclusive LID-based approach wherc? orfier backlog is used to proxy for O,
and reports that the median ratio of value estimate to observed price is 0.648.
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parameterised with no intercept parameters, implying that RI is expected to mean revert
to zero. Therefore, DHS's value estimates do not reflect the intercept terms from their
RI and OI generating process. Disregard for such intercept terms causes value estimates
to be based on the possibly false implicit assumption that the mean of expected future
scaled RI is zero. Casual observation of the persistent deviations from unity in market-
to-book ratios suggests that it may be inappropriate to make such an implicit
assumption. This chapter explores the impact of augmenting the procedure used by
DHS such that value estimates impound the information in intercept terms from the RI
and OI generating process. The analysis suggests that small LID intercept terms, such as
those reported by DHS, could give rise to theoretical valuation effects of a similar order
of magnitude to the bias reported by DHS. Using U.S. data similar to that used by DHS,
this study illustrates empirically the impact of such terms. The evidence confirms that
the impact can be comparable in size to, or larger than, the substantial valuation bias
reported by DHS. Importantly, for those interested in applying LID model in practical
accounting-based equity valuation, the magnitude of the intercept-related valuation
component is highly sensitive to the assumed cost of capital and the expected rate of

growth in the scaling variable.

The remainder of the chapter is structured as follows. Section 4.2 describes empirical
methodology, data and descriptive statistics and Section 4.3 shows empirical results

about the magnitude of the impact of the LID-based intercept terms in valuation models.

Section 4.4 contains concluding remarks.
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4.2. Empirical methodology and data

4.2.1. Methodology

DHS base their approach on Ohlson's (1995) LID-based valuation approach, and do not
incorporate into their value estimates the intercept terms from their LID generating
process for RI expectations. Disregard for such intercept terms would cause the
omission from value estimates of the effect of non-zero means in expected RI, and
could contribute to bias in value estimates. The possibility that omitted intercept terms
contribute to bias in LID-based value estimates motivates me to augment the DHS
approach by incorporating the intercept terms in LID and scaling data by book value.
Scaling by book value rather than by stock price adopted in DHS is to avoid circularity,
i.e., making value estimates a function of stock price. The 'intercept-inclusive' LID-
based valuation formula is derived as follows (see Chapter 3 for details about the

derivation of the 'intercept-inclusive' LID model):

V,=b,+ Bx; + By, + (B + Pob, (Eq. 1)

where V, is the value of equity at time ¢, b, is the book value of equity at time ¢, and x;

. . a)l R
73 ~a }/ * 0 ; 0 C tllE LI[:

= and =
(R - BG)(R - m,) (R-BG)R - o) (R~-7,)
intercepts corresponding to AR(1) RI and OI equations, respectively (prime indicates

parameters based on scaled data: see below for the parameter estimation procedure), and
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@, and y, are the RI and OI persistence parameters, respectively. R is one plus the

discount rate and BG is one plus the rate of growth in book value.

To enable comparison of my results about the ‘intercept-inclusive' LID approach with
the intercept-exclusive LID (the Ohlson LID) approach, as employed by DHS, I also
construct value estimates by ignoring the LID intercept parameters and redefining OI as
in DHS, but using book value as the scaling variable in estimation. Also, in order to
facilitate comparison with DHS's results, I construct an additional value estimate in
which the one-year ahead earnings forecast is capitalized as a flat perpetuity. Note that
the Ohlson LID model is a special case of Eq. 1: where @w; =y, =0. The model that
capitalizes one-year ahead earnings forecasts as a flat perpetuity is also a special case of
Eq. 1: where (@, =y;=w,=0,7,=1) or (@, =y, =y, =0,w, =1). Because this
model is the same as the 1-year forecast horizon EBO model with the assumption of

zero expected future RI growth, I term this model as the 1-year horizon EBO model.

The Ohlson LID model and the 1-year horizon EBO model are as follows:

V,=b+ Bixi + By, (Eq. 2)

1
_ (Eq.3
, (R_l)fm q.3)

where f,,, is the time ¢ analysts' earnings forecast for time #+1.

Similar to DHS, the LID parameters are estimated using the following AR(1) RI and OI

generating (pooled time-series cross-sectional) regression equations:
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x? a
=@, +O,, =L+ 8

b =W, T, ——te (Eq. 4)
s-1 5-1

Vs =P +5 Vil | &

b = 70,;‘ 71,t 'l;—+ ez,s (Eq 5)

s-1 s-1

where the subscript s is a time index ranging from the first year of available data to year
t, &, ®,,,7,, and 7, are year-specific parameter estimates, and & and &, are
random error terms. OI at time ¢ (v;) is defined as the full information analyst-based RI
forecast ( f,5, = f,,; — (R —1)b,) less the implied conditional expectation of RI based on
parameter estimates from the univariate model described in Eq. 4. Note that v, in the

'intercept-inclusive' LID approach ( f,;, —dg,b, — &, x;') is different from v, in the
Ohlson LID approach (f;, —@,,x;), so the estimated OI parameters between two

approaches are different.

In this study, Eq. 4 is estimated for each year (¢) from 1975 to 1995, using available RI

data going back to 1951.% The @,, and @,, parameter estimates for 1975 and 1976 are
used only for estimating OI, while those for 1977 to 1995 are used both for estimating
OI and as direct inputs to the value estimates. The 7, and 7, , parameter estimates are

estimated based on Eq. 5 for each year (f) from 1977 to 1995, using all available OI data
from 1975 to time ¢. Using these parameter estimates, value estimates based on Eq. 1

and Eq. 2 are then obtained for each firm at each valuation date (¢) from 1977 to 1995. 1

35 As in DHS, the range of years for which Eq. 1 is estimated is determined by the availability of earnings
forecast data for use in constructing OI estimates.
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obtain value estimates for a range of different assumed growth parameter values, and for

arange of different assumed costs of equity (see the next section for details).

For each class of value estimate, I calculate scaled differences between the value

estimates and the corresponding observed stock prices three months after the balance

sheet date (P*), as follows:

V. — P
FE, :—tP,T;_ (Eq. 6)
AFE, =|FE,| (Eq. 7)

The signed differences (denoted as FE) as in Eq. 6 are used to measure bias in the value
estimates. The absolute differences (denoted as AFE) as in Eq. 7 are used to measure

accuracy in the value estimates.

4.2.2. Data

The empirical analysis employs U.S. data that is similar to that used by DHS, and that is

drawn from a similar period. The data and the sources are detailed below.

Earnings per share and book value of equity per share

These data are collected from COMPUSTAT from 1950 to 1995. The earnings item is
earnings before extraordinary items and discontinued operations available for common
stockholders. The book value item is book value of common equity as adjusted by the
preferred stockholders' legal claims against the firm. The accounting data relating to the

periods prior to 1976 are used only for the purpose of estimating the LID parameters.
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Data for 1976 to 1995 inclusive are used both for estimating LID parameters and as the
basis for accounting inputs to the value estimates (RI and book value). Market prices of
equity at balance sheet dates, to be used only for scaling purposes in the preliminary
application of alternative LID procedures to price-scaled data, are also collected from

COMPUSTAT.

Consensus analysts' forecasts of earnings per share

These are collected from I/B/E/S. Forecasts are available from January 1976, in respect
of accounting periods ending in or after 1975, and forecasts issued up to and including
1995 are collected. Forecasts in respect of 1975, 1976 and 1977 are used exclusively for
the purpose of estimating LID parameters. Forecasts in respect of 1978 and subsequent
periods up to 1996 are used both for the purpose of estimating LID parameters and for
the purpose of constructing value estimates.*® As the measure of the period ¢ forecast of
the period #+1 earnings per share, I use the median forecast for period #+1 as at the first

month after the I/B/E/S-reported period ¢ earnings announcement.>’

Share prices
In computing the FE and AFE measures, value estimates are compared with share prices

at three months after the balance sheet date. Share price data are collected from CRSP

from 1977 to 1995.%8

3¢ Analyst's forecasts made in 1977 (1995) in respect of 1978 (1996) are matched with RI realisations for
1977 (1995) for the purpose of estimating OI at 1977 (1995).

37 The use of mean forecasts rather than median forecasts has no material effect on the results.

%8 In a preliminary test reported below, I follow DHS in constructing value estimates on the basis of
parameters derived from data scaled by stock price at the fiscal year end. For the scaling purpose, I use
fiscal year end stock prices provided by COMPUSTAT.
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Cost of equity

For some versions of the tests, I assume a constant cost of equity capital, as DHS had
done. I report results for three assumed values for the cost of equity: 10%, 12% and
14%. However, in another version, I allow the cost of equity capital to fluctuate year-
by-year. I achieve this by assuming that, for each calendar year, the cost of equity
capital is cross-sectionally constant and equal to the average risk-free rate for the
calendar year plus an assumed constant market risk premium of 5%. The average risk-
free rates are constructed from monthly observations of U.S. Treasury Bond yields for
maturities over 10 years, collected from DATASTREAM. The average of the year-
specific cost of equity estimates from 1976 to 1995 is approximately 14%, and ranges

from 11.5% (1993) to 17.9% (1981).

Growth

Four values are assumed for the growth parameter, SG: 1.00, 1.02, 1.04 and 1.06 (i.e.,
assumed growth of zero, 2%, 4% and 6%, respectively). SG corresponds to the expected
stock price growth (PG) when stock price is used as a scaling variable, while it
corresponds to the expected book value growth (BG) when book value is used as a
scaling variable. Note that the annual growth in aggregate book value in my data from
1976 to 1995 averaged 3.2%, implying an average growth parameter over the period of

1.032.%°

% In arriving at this figure, I compare the aggregate book value for all observations for which a
corresponding lagged book value is available with the corresponding aggregate lagged book value.
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The data available from COMPUSTAT, CRSP and I/B/E/S are merged. Details of
available data for firm-years from 1950 to 1995, and of the parts of this data used in the
various stages of the analysis, are summarised in Table 4.1. Accounting data for a total
of 148,712 firm-years for 1950 to 1995 are available from COMPUSTAT, after
elimination of firm-years for which book value is negative. Some observations are lost
due to the need to use lagged book value in constructing RI data, leaving 130,359
observations that could be used in LID parameter estimation. The accounting items that
are input into the value estimates are drawn entirely from data from 1976-1995. The
number of observations for periods from 1976 to 1995 for which analyst earnings
forecast data from I/B/E/S and price data from CRSP are also available is 50,679. Of
these observations, 9,382 are lost due to lack of lagged book value data, required in the
construction of RI. This left 41,297 observations that are used in constructing value

estimates for periods from 1977 to 1995.

Table 4.2 provides descriptive statistics on various scaled variables. Panel A gives
descriptive statistics on the book-to-price ratio, the earnings-to-price ratio, earnings
scaled by lagged book value and RI scaled by lagged book value for data from 1950-
1995, which are used in arriving at LID parameter estimates. Panel B gives statistics for
data from the sub-period 1976-1995, from which value estimates are constructed,
including analyst-based RI forecasts (scaled by book value) and OI estimates (scaled by
book value). Differences between the median and the mean of some variables indicate
the existence of potentially influential outliers. In order to limit the impact of outliers, I
delete from the RI and OI data used for estimation of the LID parameters the 1% most

extreme observations. However, I retain all such outliers when constructing value
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estimates, and do not delete any of extreme value estimates. Supplementary tests reveal
that the relative reliability of 3 competing models — the 'intercept-inclusive' LID model,
the Ohlson LID model and the 1-year forecast horizon EBO model with no RI growth —

are not sensitive to the method of dealing with outliers.

Table 4.2 suggests that the intercept parameters are likely to be important in LID-based
valuation. The mean (median) value of scaled RI for 1951-1995, as reported in Panel A,

is -4.6% (-1.5%) and both statistics are significantly different from zero at the 1% level.

Since these statistics relate to the data used in estimating the @,, and ®,, parameters,

estimates of @, , are likely to be negative.”’ Also, the mean (median) value of scaled OI

for 1977-1995 is 13.8% (3.1%), and both statistics are significantly different from zero

at the 1% level. Since these statistics relate to the data used in estimating the y,, and
7., parameters, estimates of y,, are likely to be positive.*’ The positive mean and

median of OI suggest that analyst-based forecasts of scaled RI are higher on average

® FromEq. 4, (x* /b, , )= w,, +@,,(x", /b, ). Define g¥ tobe g¥ ={x*/b_,)/(x7 /b, )~

(x;' / bsj/ (x;'_l / b, ) , where the bar denotes 'mean’, and g f’ is a measure of one plus the book value
growth rate over the parameter estimation period, as implied by the scaled RI series. Rearranging the first

expression with g gives (<2 /b, ,)~ @, + (@, /" Nxi [b,)~ g 0y, (g ~ @,,). g would

normally be expected to exceed one. On the basis of evidence reported by DHS and in this study, o,

would normally be expected to be less than one. Therefore, the sign of ), is likely to the same as that of
the mean of scaled RI.
“! As in footnote 40 for R, from Eq. 5, (v, /b, )=7,, + }’ui":—l /b,_,). Define g2 to be

g% = Gs / bs_l)/ (Z /bs)z (Vs / b:_l)/ (vs_] /b, ), where the bar denotes ‘mean’, and g is a measure of one
plus the book value growth rate over the parameter estimation period, as implied by the scaled OI series.

Rearranging the first expression with g gives ivx /b, )= Yo+ (7]’, / g ivs /b,., )~ g Vo &Y = 71,)-
g°" would normally be expected to exceed one. On the basis of evidence reported by DHS and in this

study, y,, would normally be expected to be less than one. Therefore, the sign of y,, is likely to the

same as that of the mean of scaled OI.
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than forecasts based on the univariate model Eq. 4. This is confirmed elsewhere in
Table 4.2. The mean and median of scaled analyst-based RI forecasts for 1977-1995
(8.3% and 1.1%) are higher than the corresponding figures for the realized Rls for 1951-
1995 (-4.6% and —1.5%), the latter being the sample on which the univariate model-

based forecasts of RI are based.®

4.3. Empirical Results

4.3.1. Scaling by stock price

Purely in order to facilitate comparison with the study by DHS, I first report in Table
4.3 bias and accuracy statistics for value estimates using parameters obtained from
price-scaled data. I recognise that scaling by price within an 'intercept-inclusive' value
estimation procedure causes price to become an input to the value estimate. Such a
procedure is not to be recommended as a means of estimating intrinsic value, and I
include these results purely for the purpose of making the connection between this study
and that by DHS. Table 4.3 reports bias and accuracy statistics for value estimates

relative to price, for a constant assumed cost of equity of 12% (as used by DHS). Bias is

“2 The significant difference revealed here between the expectations of RI implied by analyst earnings
forecasts and the RI realizations implied by the history of earnings suggests that it is unwise to infer RI
expectations from the history of RI as recorded in archival databases. This problem could be due in part to
bias in analyst earnings forecasts. Such bias is suggested by Table 4.2, which reports that the mean and
median of analyst-based RI forecasts for 1977-1995 (8.3% and 1.1%) exceed those of RI realizations for
1977-1995 (2.2% and —0.7%). The existence of such a bias is confirmed by a direct comparison of analyst
earnings forecasts with matching realized earnings for 1977-1995. Another potential contributory factor
to the unreliability of archival databases as sources of expectations concerning RI is the possibility that
the history of R, as reflected in those databases, is downward biased. Myers (1999a) argues that many
reversals of accounting conservatism come about within 'terminal income' that arises when companies are
taken over, but that this 'terminal income', and its (normally positive) associated RI, is not reflected in the

archival databases.
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measured by reference to the median and mean of FE, and accuracy is measured by
reference to the median and mean of AFE. I report results in respect of value estimates
derived from (i) the intercept-exclusive approach (i.e., the Ohlson LID approach)
employed by DHS and (ii) the 'intercept-inclusive' approach, using four assumed

expected rates of growth in the scaling variable (0%, 2%, 4%, 6%).

For comparative purposes, I also report beneath my intercept-exclusive mean bias and
mean accuracy statistics the corresponding figures reported by DHS. My statistics (-
0.214 and 0.454) are similar to those reported by DHS (-0.259 and 0.419). It is notable
that the incorporation of intercept terms eliminates the substantial negative bias (median
32.2%, mean 21.4%) that is present in the intercept-exclusive value estimates. Focusing
on the results where the median of FE is used to measure bias, a small positive bias of
less than 10% is observed for assumed growth rates of 0% and 2%, whilst more
substantial positive biases of 15.6% and 30.1% are observed for assumed growth rates
of 4% and 6% respectively. The use of the mean of FE to measure bias gives rise to a
similar pattern, although the magnitudes of the estimated positive bias are larger. I also
note that inclusion of intercept parameters has substantially less impact on the accuracy

statistics than on the bias statistics.

4.3.2. Scaling by book value

As noted earlier, an 'intercept-inclusive' valuation procedure based on price-scaled data
involves circularity, as price becomes an input to the valuation model. Therefore my

main results are based on book value-scaled data. Table 4.4 reports LID parameter
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estimates derived from pooled (time series and cross-sectional) data for the periods
1977-1995. There are several points to note here. First, with the exception of the case in

which cost of equity is assumed constant at 10%, the @, parameter is negative, which
suggests that, for these cases, the average value of the scaled RI used in deriving the o,

and @, parameter estimates are negative. Second, the @, parameter estimates are all in

the region of 0.60, which is similar to that reported by DHS (0.62) on the basis of price-
scaled data.* These estimates are rather higher than that reported by Myers (1999b)

(0.234) on the basis of time series data. Third, estimates of y, are all highly significant
and positive, in the region of 0.025 (Panel C). The positive sign of y, implies that the
average value of the scaled OI used in deriving the y, and y, parameter estimates, as

reported in Table 4.2, is positive (i.e., that analyst-based forecasts of scaled RI tend to
be higher than forecasts based on the parameters of the univariate model Eq. 4). Fourth,
OI persistence parameters (y,) are of a similar magnitude to RI persistence parameters
(@, ), but are rather higher than the corresponding OI persistence parameter estimate of

0.32 reported by DHS on the basis of price-scaled data where the OI intercept parameter

is ignored in the definition of OI Note that for the application of the Ohlson LID

approach, y, in Panel B, not 7, in Panel C, is used.

Bias and accuracy statistics for value estimates constructed on the basis of data scaled

by book value are reported in Table 4.5. As in Table 4.3, four assumed rates of expected

“ However, @, parameters are very sensitive to the trimming or winsorising criteria. See Section 4.3.3

for the effect of trimming and winsorising on LID parameters. @, parameters when estimated from price-
scaled data using most extreme 1% trimming criteria are in the region of 0.55 (unreported).
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growth are used: 0%, 2%, 4%, 6% (Annual growth in aggregate book value in the
sample for 1976-1995 averaged 3.2%). In Table 4.5, four assumptions are made
regarding the cost of equity. These assumptions are: (i) constant at 10%, (ii) constant at
12%, (ii1) constant at 14%, and (iv) equal to the risk-free rate for the year plus an
assumed constant market risk premium of 5% (As noted above, the average of the year-

specific costs of equity for 1976-1995 is about 14%).

The pattern of results reported in Table 4.5 is similar to that observed in Table 4.3.
Substantial negative biases are evident in the intercept-exclusive value estimates and in
the one-year-ahead earnings forecast capitalisation-based estimates, particularly at the
higher costs of equity and where the cost of equity varies by year. However, in the
'intercept-inclusive' value estimates, the negative biases are largely eliminated,
sometimes being replaced by positive biases. Particularly high positive biases in excess
of +100% are observed at the intersection of the lowest assumed cost of equity (10%)
and the highest assumed rate of growth (6%). At the intersection of higher assumed
costs of equity (14% and year-specific) and lower assumed rates of growth (0%, 2%,
4%), which accord more closely with the estimated costs of equity and realised growth
in the sample period, the absolute values of the biases become much smaller. For the
median-based results, the six bias statistics in this intersection are -14.0%, -11.3%, -
7.6%, -17.7%, -15.3% and -11.8%. For the mean-based results, the six bias statistics in
this intersection are 0.2%, 3.4%, 8%, -5.1%, -2.1% and 2.3%, compared with —25.9% in
DHS. These results confirm that the incorporation into value estimates of the LID
intercept parameters reflecting long run average RI and OI can mitigate valuation

biases. However, it is also evident from Table 4.5 that bias in the 'intercept-inclusive'
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value estimates is very sensitive both to the assumed cost of equity and to the assumed
rate of growth in the scaling variable. This is not surprising since the approach involves

capitalising the mean RI term as a growing perpetuity (see Chapter 3 for details).

Although Table 4.5 shows that inclusion of intercept terms can significantly improve
bias in LID-based value estimates, it provides little evidence of improvement in the
accuracy of such estimates. Particularly, inaccurate value estimates are observed for the
"intercept-inclusive' model for the lowest assumed cost of equity (10%) and the highest
assumed rate of growth (6%). Where the cost of equity is higher (14% and year-
specific), the level of accuracy of the 'intercept-inclusive' model is very similar to that of
the intercept-exclusive model. One explanation concerning the reasons for the lack of
improvement in overall valuation accuracy could be the increased dispersion in
valuation errors arising from capitalisation of mean effects as perpetuities. For example,
for the year-specific cost of equity, the dispersion in the valuation errors for the
intercept-exclusive model is 0.79, while for the 'intercept-inclusive' model it is 0.91 for
BG = 1.0, 0.93 for BG = 1.02, 0.96 for BG = 1.04 and 1.01 for BG = 1.06. A similar
pattern is observed for other assumed costs of equity. Particularly high dispersion in
valuation errors is observed where the cost of equity is assumed to be 10% and BG is

assumed to be 1.04 or 1.06.

However, the lack of improvement in overall valuation accuracy mainly arises from the
poor applicability of the 'intercept-inclusive' LID approach for low stock price firms. In
other words, although recognition of intercepts improves accuracy in one respect by

shifting large negative valuation errors closer to zero for moderate and high stock price
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firms, it reduces accuracy in another respect because it also shifts valuation errors that
are close to zero to be large positive valuation errors for low stock price firms.
Interestingly, upward shifting occurs very consistently regardless of firm-years, and the
distribution of valuation errors is highly related to stock price. Figure 4.1 illustrates this
relationship graphically. Based on a book value growth rate of 4% and year-specific
discount rates, I rank signed and absolute valuation errors by stock price and make 100
portfolios. Then, I depict the mean valuation errors (Panel A) and the mean absolute
valuation errors (Panel B) of each portfolio. There are several noteworthy results in
Figure 4.1. First, the bias pattern of the models based on the Ohlson LID and the
'intercept-inclusive' LID approaches is peculiar compared to the model based on the 1-
year forecast horizon EBO approach. Valuation errors based on the former two models
are negatively correlated with stock prices, whilst those based on the EBO model are
unlikely to be correlated with stock prices. Second, the pattern of biases arising from the
'intercept-inclusive' LID approach is very similar to that arising from the Ohlson LID
approach, but its biases are consistently shifted upward regardless of stock prices. Note
that in the area of low stock price, the 'intercept-inclusive' LID approach gives rise to
large positive bias, and is dominated by the Ohlson LID approach. Third, because of the
poor applicability of the 'intercept-inclusive' approach for low stock price firms, its
overall accuracy does not improve significantly compared to that based on the Ohlson
LID approach. Panel B confirms this phenomenon. In the area of low stock price, the
Ohlson LID approach dominates the ‘intercept-inclusive’ LID approach in terms of
accuracy. Finally, a potentially important research issue arises from these results. Figure
4.1 just shows the different applicability of each valuation model along the dimension of

stock price. One could also use other firm-specific characteristics (e.g., M/B ratio, firm
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size) in order to examine which firm-specific characteristics are determinants of a

model's applicability.

In order to examine the reason why the 'intercept-inclusive' LID approach does not
improve the overall accuracy considerably, I do a complementary test. This is to
examine the effect of conservative accounting on value estimates. I do this by
partitioning the pooled sample into 5 groups according to the market-to-book (M/B)
ratio, which is often used as a proxy indicating the degree of conservatism. Then, I re-
estimate LID parameters for each portfolio and feed them into pricing formula in order
to get value estimates.* Table 4.6 shows bias and accuracy statistics when LID
parameters are estimated separately for 5 groups partitioned by the M/B ratio. We see
here that considering conservatism when constructing value estimates seems to improve
the accuracy. Figure 4.2, Panel B also shows that in many areas of stock price, value
estimates based on separate parameter estimation are more accurate than those based on
pooled parameter estimation. These results encourage the possibility for further
improvement of the overall accuracy of the 'intercept-inclusive' LID-based value
estimates. That is, the elaborate application of the 'intercept-inclusive' LID approach

could improve the accuracy more. I leave this to further research.

* Tn order to re-estimate LID parameters, I actually classify firms rather than firm-years into 5 groups.
For this, I rank all firms by the mean value of M/B.
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4.3.3. Effects of winsorising and trimming

For the main results reported above, I trim the most extreme 1% cases of regression
variables when LID parameters are estimated, and retain all such outliers for the
purpose of constructing value estimates. In this sub-section, I investigate the effects of
winsorising and trimming on LID parameters and value estimates by adopting some
other approaches to dealing with extreme observations.* First, I delete outliers for the
purpose of LID parameter estimation as for the main results (i.e., trimming the most
extreme 1% regression variables), but construct bias and accuracy statistics after
deleting the 1% most extreme values of FE and AFE, respectively. The purpose of this
complementary test is to examine how much the overall bias and accuracy are affected
by deleting extreme outputs (i.e., FE and AFE). Table 4.7 shows that the improvement
in the overall accuracy arising by deleting extreme outputs is not much. Especially, the
relative reliability (bias and accuracy) of the three models is qualitatively similar to the
main results. One more interesting point is that the most extreme biases arising from the
application of the Ohlson and the 'intercept-inclusive' LID models are positive. Of bias
values deleted according to the 1% most extreme criteria, positive values are over 95%

for both models, while they are about 35% for the 1-year forecast horizon EBO model.

Second, I use various trimming and winsorising criteria when estimating LID
parameters, but use untrimmed (when trimming criteria are used) and winsorised (when

winsorising criteria are used) data when constructing value estimates. Criteria used to

*5 For this supplementary test, only year-specific cost of equity capital is used. Data are scaled by book
value as for the main results.
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deal with extreme outliers are as follows: no trimming/winsorising, trimming 1%,
trimming 2%, trimming 5%, winsorising 1%, winsorising 2%, and winsorising 5%.
When trimming criteria are used, I truncate the most extreme cases of regression
variables (i.e., scaled per-share data) at the stage of LID parameter estimation. On the
other hand, the winsorisation is done at the outset by reference to scaled variables in
their most primitive available form, and the winsorised values are then carried through

the various stages of the analysis.

Table 4.8 shows RI and OI parameters estimated using various trimming and
winsorising criteria. There are some points to note. First, the selection of trimming or
winsorising criteria makes RI and OI persistence parameters quite different. Second,
even in the same trimming or winsorising criteria, the percentage of outliers deleted or
winsorised makes RI and OI persistence parameters sensitive. Third, even though the
magnitude of RI and OI parameters are sensitive to the trimming and winsorising
criteria, the statistical inferences from those parameters are the same: (1) RI intercept is
negative (except for no trimming / winsorising criteria) and statistically significant, and
Ol intercept is positive and statistically significant. (ii) RI and OI persistence coefficient

is greater than zero and less than one, and statistically significant.

From feeding these different parameters to pricing models, I now examine how much
these different parameters affect the overall bias and accuracy. Table 4.9 summarizes
median and mean statistics for both bias and accuracy. First, bias and accuracy statistics
arising from the Ohlson LID approach are not sensitive to different LID parameters

estimated using different trimming and winsorising criteria, and show large negative
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bias and low accuracy consistently. This indicates that RI and OI persistence parameters
per se together with current RI and OI seem to fail to capture 'unrecorded goodwill'.
Second, bias and accuracy statistics arising from the 'intercept-inclusive' LID approach
are relatively sensitive. However, the relative reliability of competing value estimates
produced by adopting different trimming and winsorising criteria does not differ
substantially from the main results (i.e.; results with criteria of trimming 1%). This
supplementary test confirms the contribution of the 'intercept-inclusive' LID approach to
equity valuation, especially in the context of significant elimination of large negative
bias produced by applying the Ohlson LID approach. However, as discussed earlier,

further research is needed for the improvement of the overall accuracy.

4.4. Conclusions

The Dechow, Hutton & Sloan (1999) (DHS) approach to the empirical application of
the LID approach to residual income-based valuation is a novel one. It allows an
empirical application of Ohlson's (1995) model of the joint role of accounting
information and 'other information’ in the determination of share prices. Motivated by
the magnitude of the bias reported by DHS, I focus on one potential source of this bias.
I explore the possibility that the large downward bias reported by DHS may be due in
part to their non-recognition, following Ohlson (1995), of information about the mean
value of expected future residual incomes contained in the intercept terms of the
residual income generating process. In order to investigate this issue, I augment the

DHS procedure such as to recognise all intercept terms from the residual income

generating process.
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Analysis based on the augmented procedure suggests that the valuation effects
represented by such intercept terms could easily be of an order of magnitude
comparable to, or larger than, that of the bias reported by DHS. This is confirmed by
empirical analysis using a U.S. data set similar to that employed by DHS. I note,
however, that biases in value estimates from such an 'intercept-inclusive' procedure are
very sensitive to assumptions about the cost of equity and about growth. I also note that
the 'intercept-inclusive' approach does not outperform the intercept-exclusive approach

in terms of accuracy of value estimates.

There are, of course, many ways in which the approach could be further augmented in
order to improve the understanding of the joint role of accounting information and 'other
information' in the determination of share prices. Such augmentations could incorporate
such factors as time- and firm-specific estimation of the cost of equity, of expected
growth and of LID parameters. These are potentially interesting avenues for further

research.
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Figure 4.1: Distribution of valuation errors arising from 3 different models

Panel A: Signed valuation errors ( FE, =(V, — P>*)/ P®*)
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1) These graphs are based on the assumption of 4% expected rate of growth in book value and of year-
specific cost of equity capital.

2) For each model (the ‘intercept-inclusive’ LID model, the Ohlson LID model and the 1-year forecast
horizon EBO model with zero RI growth), total observations (41,297) used for the estimation of the
intrinsic value are ranked by stock price and grouped into 100 portfolios, and the mean value of signed
valuation errors (Panel A) and absolute valuation errors (Panel B) of each portfolio is depicted.
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Figure 4.2: The effect of conservatism on the 'intercept-inclusive' LID-based value
estimates: pooled vs. separate (by M/B) parameter estimation

Panel A: Signed valuation errors ( FE, = (V, — P**)/ P%*)
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1) These graphs are based on the assumption of 4% expected rate of growth in book value and of year-
specific cost of equity capital.

2) For each model (the ‘intercept-inclusive' LID model in which LID parameters are estimated using a
pooled sample and are estimated separately for each of 5 sub-samples partitioned by market-to-book
ratio), total observations (41,297) used for the estimation of the intrinsic value are ranked by stock
price and grouped into 100 portfolios, and the mean value of signed valuation errors (Panel A) and
absolute valuation errors (Panel B) of each portfolio is depicted.
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Table 4.1: Number of available firm-years

Number of
firm-years
Available from Compustat data (1950-1995) after elimination of firm-year
observations for which book value is negative
148,712
(130,359 observations from 1951-1995 are used in year-specific LID parameter
estimation. The remaining 18,353 observations could not be used because lagged
book value, required for construction of R, is missing)
Less: Observations from 1950-1975 41,686
Available observations from 1976-1995 107,026
Less: Missing I/B/E/S data 51,424
55,602
Less: Missing CRSP data 4.923
50,679
Less: Missing lagged book value data 9,382
Observations from 1977-1995 for LID value estimation (see note) 41,297

Note:

The RI inputs to the LID-based value estimates are based on financial statement data drawn from 1976-
1995 only. Due to the need to use lagged book value to construct RI, the first RI inputs to the LID-based
value estimates are from 1977. Also, an observation is lost wherever lagged book value is unavailable for
a firm-year subsequent to 1977.
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Table 4.3: Bias and accuracy - scaled by stock price, r = 12% (as in DHS)

'Intercept-inclusive' LID

Ohlson LID
§G=100 S§G=102 SG=104 SG=1.06
Median bias -0.322 0.012 0.069 0.156 0.301
Mean bias -0.214 0.130 0.190 0.281 0.433
{(Mean bias reported by DHS) (-0.259)
Median accuracy 0.400 0.276 0.273 0.281 0.342
Mean accuracy 0.454 0.394 0.408 0.441 0.525

(Mean accuracy reported by DHS) (0.419)

Note:

1) Bias and accuracy statistics are based on the variable denoted FE and AFE, respectively, as described
in Eq. 6 and Eq. 7. FE, (AFE,) is defined as the signed (absolute) difference between value estimate for
time ¢ and the observed stock price at three months after the time ¢ balance sheet date, all scaled by the
stock price at three months after the time # balance sheet date. The median and mean of each set of
statistics are reported here.

2) The figures in the second column (Ohlson LID) relate to value estimates from an adaptation of the
intercept-exclusive valuation procedure (Eq. 2) in which LID parameter estimates are derived from
data scaled by stock price instead of book value. This valuation model was used by DHS.

3) The figures in the 3rd to 6th columns (Intercept-inclusive' LID) relate to value estimates from an
adaptation of the 'intercept-inclusive' valuation procedure (Eq. 1) in which LID parameter estimates are
derived from data scaled by stock price instead of book value. SG is one plus the assumed expected
rate of growth in the scaling variable (stock price, here). I report results for assumed expected rates of
growth of zero, 2%, 4% and 6%.

4) The results reported above are based on an assumed constant cost of equity of 12%, as used by DHS.

5) These statistics are based on value estimates for 1977-1995. The number of observations used is 41,297
(see Table 4.1).
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Table 4.4: LID parameter estimates — scaled by book value, using pooled data

Panel A: RI parameter estimates

a a
“low, to, - +e
bt b[ 1141

@ @, Adj. R?
R=1.10 0.008 ( 10.69) 0.611 (130.60) 0.338
R=112 -0.001 ( -1.43) 0.598 (129.68) 0.334
R=1.14 -0.010 (-13.99) 0.585 (128.72) 0.331
R = year-specific -0.009 (-12.26) 0.586 (129.09) 0.332
Panel B: OI parameter estimates when o, is ignored

12 v
Bloy, +7, =+ e ., where v, = fii, — @, x;
b, b, '

Y N Adj. R?
R=1.10 0.027 (52.99) 0.602 (125.11) 0.318
R=1.12 0.023 (45.27) 0.589(121.56) 0.306
R=1.14 0.017 (35.97) 0.575 (117.77) 0.293
R = year-specific 0.019 (38.23) 0.568 (115.88) 0.286
Panel C: OI parameter estimates when o, is dealt with

vt+1 _ vt _ qa b a
=YtV 7-te,, »where v, = S — (@b, + @, x)
b, b, '

% n Adj. R?
R=1.10 0.026 (50.78) 0.604 (125.98) 0.321
R=112 0.026 (50.84) 0.601(125.48) 0.320
R=1.14 0.026 (51.07) 0.593 (123.47) 0.313
R = year-specific 0.024 (47.88) 0.593 (123.24) 0.312

Note:
1) t-statistics are given in parentheses.

2) The parameters reported in this table are estimated from all RI observations constructed from financial
statement data drawn from 1976-1995, which is similar to the data period for which similar parameter
estimates relating to pooled data are reported by DHS (their Tables 1 and 3). It corresponds
approximately to the period for which I/B/E/S earnings forecasts for estimation of OI are available.
Note that in deriving value estimates, I use year #-specific LID parameter estimates based on all
available data prior to time 7. (See Eq. 4 and Eq. 5, in which the parameter estimation dates are
subscripted # and the data used in arriving at the time # parameter estimates are subscripted s).

3) x* is the RI per share at time #, b, is the book value per share at time ¢, R is one plus the cost of equity,

v, is the OI per share at time ¢, and e and e, are random error terms. Four assumed values are used for

R-1: 10%, 12%, 14% and year-specific.
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Table 4.5: Bias and accuracy — scaled by book value

1-year forecast

. Ohlson
horizon EBO
(zeroRIgrowth) P SG=1.00  $G=1.02 SG=1.04 SG=1.06

'Intercept-inclusive' LID

Median bias:

R=1.10 -0.145 -0.258 0.263 0.397 0.618 1.061
R=1.12 -0.288 -0.304 0.025 0.088 0.182 0.337
R=114 -0.390 -0.343 -0.140 -0.113 -0.076 -0.019
R = year-specific -0.372 -0.339 -0.177 -0.153 -0.118 -0.064
Mean bias:

R=1.10 -0.080 -0.121 0.479 0.637 0.901 1.429
R=1.12 -0.233 -0.184 0.197 0.272 0.384 0.571
R=1.14 -0.343 -0.236 0.002 0.034 0.080 0.148
R = year-specific -0.335 -0.235 -0.051 -0.021 0.023 0.091
Median accuracy:

R=1.10 0.340 0.383 0.458 0.523 0.669 1.065
R=1.12 0.377 0.393 0.385 0.401 0.430 0.496
R=1.14 0.429 0.408 0.369 0.371 0.373 0.382
R = year-specific 0.412 0.403 0.358 0.356 0.356 0.360
Mean accuracy:

R=1.10 0.526 0.471 0.724 0.842 1.056 1.526
R=1.12 0.502 0.462 0.552 0.593 0.662 0.794
R=1.14 0.513 0.461 0.476 0.486 0.502 0.532
R = year-specific 0.504 0.457 0.453 0.461 0.474 0.500
Note:

1) R is one plus the assumed cost of equity used in arriving at RI, OI and the value estimates. Four
assumed values are used for (R—1): 10%, 12%, 14% and year-specific.

2) SG is one plus the assumed expected rate of growth in the scaling variable (book value, here). Results
are reported under the four separate assumptions that SG is constant at 1.00, 1.02, 1.04 and 1.06.

3) Bias and accuracy statistics are based on the variable denoted FE and AFE in the text (Eq. 6 and Eq.
7). FE, (AFE) is the signed (absolute) difference between the value estimate for time ¢ and the
observed share price three months after the time ¢ balance sheet date, all scaled by the share price three
months after the balance sheet date. The mean and median of each set of statistics are reported here.

4) The figures in the second column (1-year forecast horizon EBO with zero RI growth) relate to value
estimates derived from the one-year ahead earnings forecast capitalized as a flat perpetuity. The figures
in the third column (Ohlson LID) relate to value estimates derived from the intercept-exclusive
valuation model (Eq.2). The figures in the 4th to 7th columns ('Intercept-inclusive' LID) relate to value
estimates derived from the 'intercept-inclusive' valuation model (Eq. 1).

5) These statistics are based on value estimates from 1977-1995. The number of observations used is
41,297 (see Table 4.1).
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Table 4.6: The effect of conservatism on bias and accuracy

1-year forecast 'Intercept-inclusive' LID

hori Ohlson
orizon EBO LID B B B B
(zeto RI growth) §G=1.00 S§G=1.02 S§G=1.04 SG=1.06
Median bias:
Separate by M/B -0.372 -0.340 -0.210 -0.189 -0.156 -0.110
Pooled -0.372 -0.339 -0.177 -0.153 -0.118 -0.064
Mean bias:
Separate by M/B -0.335 -0.242 -0.093 -0.061 -0.015 0.059
Pooled -0.335 -0.235 -0.051 -0.021 0.023 0.091
Median accuracy:
Separate by M/B 0412 0.402 0.324 0.316 0.308 0.298
Pooled 0.412 0.403 0.358 0.356 0.356 0.360
Mean accuracy:
Separate by M/B 0.504 0.456 0.428 0.426 0.428 0.443
Pooled 0.504 0.457 0.453 0.461 0.474 0.500
Note:

1) In this table, year-specific cost of equity capital is used in arriving at RI, OI and the value estimates.

2) SG is one plus the assumed expected rate of growth in the scaling variable (book value, here)

3) Bias and accuracy statistics are based on the variable denoted FE and AFE (Eq. 6 and Eq. 7). FE,
(AFE) is the signed (absolute) difference between the value estimate for time ¢ and the observed share
price three months after the time ¢ balance sheet date, all scaled by the share price three months after
the balance sheet date. The mean and median of each set of statistics are reported here.

4) The figures in the second column (1-year forecast horizon EBO with zero RI growth) relate to value
estimates derived from the one-year ahead earnings forecast capitalized as a flat perpetuity. The figures
in the third column (Ohlson LID) relate to value estimates derived from the intercept-exclusive
valuation model (Eq.2). The figures in the 4th to 7th columns ('Intercept-inclusive' LID) relate to value
estimates derived from the 'intercept-inclusive' valuation model (Eq. 1).

5) These statistics are based on value estimates from 1977-1995. The number of observations used is
41,297 (see Table 4.1).

6) 'separate by M/B' (‘pooled') denotes the case in which LID parameters are estimated separately for 5
sub-samples partitioned by market-to-book ratio (are estimated using a pooled sample). Market-to-
book (M/B) ratio is used as a proxy to represent the degree of conservatism applied to a firm's
accounting system.
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Table 4.7: The effect of trimming extreme FE (AFE) values on bias (accuracy)

1-year forecast

. Ohlson
horizon EBO
(zero Rl growth) 11D SG=1.00 $G=1.02 SG=1.04 SG=1.06

'Intercept-inclusive' LID

Median bias:
Trimming FE -0.371 -0.343 -0.182 -0.157 -0.123 -0.069
No trimming FE -0.372 -0.339 -0.177 -0.153 -0.118 -0.064
Mean bias:
Trimming FE -0.329 -0.275 -0.097 -0.068 -0.027 0.039
No trimming FE -0.335 -0.235 -0.051 -0.021 0.023 0.091
Median accuracy:
Trimming AFE 0.409 0.399 0.354 0.352 0.353 0.356
No trimming AFE 0.412 0.403 0.358 0.356 0.356 0.360
Mean accuracy:
Trimming AFE 0.447 0.419 0.408 0414 0.425 0.448
No trimming AFE 0.504 0.457 0.453 0.461 0474 0.500
Note:

1) In this table, year-specific cost of equity capital is used in arriving at RI, OI and the value estimates.

2) SG is one plus the assumed expected rate of growth in the scaling variable. Book value is used as a
scaling variable.

3) 'Trimming FE (4FE) denotes the case in which the most extreme 1% of FE and AFE values are
truncated. Note that the trimming criteria for the LID parameter estimation is the same as the case of
'no trimming FE (AFE)' (i.e., trimming the most extreme 1% regression variables in the scaled per-
share form).

4) These statistics are based on value estimates from 1977-1995. The total number of observations used is
41,297 (see Table 4.1). Trimming the most extreme 1% of FE and AFE values gives 40,885
observations.
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Table 4.8: The effect of trimming / winsorising on parameter estimation

Panel A: RI parameter estimates

a

a

Chapter 4. Reliability of the 'intercept-inclusive' linear
information dynamics (LID) model: U.S. evidence

aZz =, + 0, X oie

bt bt L+l

@ w, Adj. R N
No trimming / winsorising 0.040 ( 2.16) 0.468 (157.63) 0.423 33947
Trimming 1% -0.009 (-12.26) 0.586 (129.09) 0.332 33485
Trimming 2% -0.007 (-11.11) 0.644 (132.94) 0.349 32971
Trimming 5% -0.006 (-11.77) 0.701 (135.43) 0.368 31487
Winsorising 1% -0.012 (-14.30) 0.402 (108.53) 0.258 33947
Winsorising 2% -0.010 (-12.49) 0.492 (122.11) 0.305 33947
Winsorising 5% -0.007 (-11.38) 0.612 (139.63) 0.365 33947
Panel B: OI parameter estimates when RI intercept (@, ) is ignored

Virt =%, +7, i+ e ., where v, =fia —o,x/
b, b,

% 7 Adj. R? N
No trimming / winsorising 0.019 ( 2.66) 0.588 (388.57) 0.816 33947
Trimming 1% 0.019 (38.23) 0.568 (115.88) 0.286 33512
Trimming 2% 0.020 (45.05) 0.530 (100.45) 0.234 33007
Trimming 5% 0.020 (52.97) 0.454 ( 77.98) 0.162 31467
Winsorising 1% 0.010 (20.76) 0.721 (186.14) 0.505 33947
Winsorising 2% 0.013 (27.82) 0.659 (159.01) 0.427 33947
Winsorising 5% 0.018 (42.02) 0.534 (116.59) 0.286 33947
Panel C: OI parameter estimates when Rl intercept (@, ) is dealt with

vt+1 _— vt _ fa a
—— =YtV te , where vt_ft+1_(a)o,zbt+a)1,txt)
b, b,

% " Adj. R? N
No trimming / winsorising 0.021 ( 3.05) 0.588 (389.37) 0.817 33947
Trimming 1% 0.024 (47.88) 0.593 (123.24) 0312 33512
Trimming 2% 0.025 (53.49) 0.551 (106.13) 0.254 33003
Trimming 5% 0.023 (59.36) 0.475 ( 82.51) 0.178 31481
Winsorising 1% 0.015 (29.50) 0.744 (195.43) 0.530 33947
Winsorising 2% 0.017 (35.54) 0.683 (167.98) 0.454 33947
Winsorising 5% 0.020 (47.31) 0.559 (124.18) 0312 33947

Note:

1) Year-specific cost of equity capital is employed and book value is used as a scaling variable.

2) "Trimming' denotes that the most extreme regression variables in the scaled per-share form are
truncated for the purpose of LID parameter estimation, but are retained for the purpose of constructing
value estimates.

3) 'Winsorising' denotes that the most extreme scaled per-share variables in their most primitive form are
winsorised, and the winsorised values are then carried for both purposes of LID parameter and intrinsic

value estimation.
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Table 4.9: The effect of trimming / winsorising on bias and accuracy

1-year forecast

. Ohlson
horizon EBO
(zero Rl growth) P SG=1.00 SG=1.02 SG=1.04  SG=1.06

'Intercept-inclusive' LID

Median bias:
NoT/W -0.372 -0.354 -0.273 -0.272 -0.270 -0.267
Trimming 1% -0.372 -0.339 -0.177 -0.153 -0.118 -0.064
Trimming 2% -0.372 -0.336 -0.132 -0.100 -0.055 0.013
Trimming 5% -0.372 -0.332 -0.098 -0.059 -0.006 0.076
Winsorising 1% -0.373 -0.347 -0.276 -0.271 -0.265 -0.256
Winsorising 2% -0.374 -0.345 -0.252 -0.242 -0.227 -0.203
Winsorising 5% -0.374 -0.346 -0.208 -0.187 -0.157 -0.110
Mean bias:
NoT/W -0.335 -0.272 -0.110 -0.086 -0.051 0.007
Trimming 1% -0.335 -0.235 -0.051 -0.021 0.023 0.091
Trimming 2% -0.335 -0.227 0.000 0.038 0.092 0.178
Trimming 5% -0.335 -0.216 0.042 0.086 0.149 0.248
Winsorising 1% -0.344 -0.269 -0.152 -0.136 -0.113 -0.078
Winsorising 2% -0.341 -0.261 -0.128 -0.108 -0.079 -0.034
Winsorising 5% -0.332 -0.254 -0.083 -0.054 -0.013 0.052
Median accuracy:
NoT/W 0.412 0.408 0.428 0.450 0.486 0.544
Trimming 1% 0412 0.403 0.358 0.356 0.356 0.360
Trimming 2% 0.412 0.401 0.352 0.353 0.356 0.370
Trimming 5% 0.412 0.399 0.348 0.351 0.361 0.382
Winsorising 1% 0.412 0.401 0.393 0.396 0.400 0.404
Winsorising 2% 0412 0.402 0.385 0.385 0.385 0.386
Winsorising 5% 0.411 0.405 0.371 0.369 0.367 0.369
Mean accuracy:
NoT/W 0.504 0.474 0.526 0.555 0.602 0.686
Trimming 1% 0.504 0.457 0.453 0.461 0.474 0.500
Trimming 2% 0.504 0.461 0.463 0.474 0.494 0.534
Trimming 5% 0.504 0.467 0.475 0.490 0.516 0.567
Winsorising 1% 0.484 0.437 0.459 0.469 0.484 0.508
Winsorising 2% 0.478 0.438 0.451 0.459 0.471 0.492
Winsorising 5% 0.463 0.434 0.439 0.446 0.459 0.484
Note:

1) Year-specific cost of equity capital is employed and book value is used as a scaling variable.

2) 'Trimming' denotes that the most extreme regression variables in the scaled per-share form are
truncated for the purpose of LID parameter estimation, but are retained for the purpose of constructing
value estimates.

3) "Winsorising' denotes that the most extreme scaled per-share variables in their most primitive form are
winsorised, and the winsorised values are then carried for both purposes of LID parameter and intrinsic
value estimation.

4)No T/ W denotes that neither trimming nor winsorising is applied.
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CHAPTER 5

UK. DATA AND VARIABLES

5.1. Earnings Measures

The clean surplus relation is one of the basic assumptions in the residual income
valuation approach. However, it is difficult to get long time series of U.K. earnings
numbers that completely satisfy the clean surplus relation. This is partly because it is
only recently (1992) that the U.K. accounting standard FRS 3 required that all the
information relating to changes in shareholders' funds be conveniently summarised as a
note to the financial statements or in a primary statement. So for practical purposes, it is
necessary to work with 'dirty surplus' earnings constructs. However, there are a number

of dirty surplus earnings constructs that could potentially be used in valuation studies.

Therefore, instead of trying to get earnings numbers that satisfy the clean surplus
relation, I try to investigate the sensitivity of my results to different earnings measures.
In the study, I use two measures of 'ordinary earnings'. In addition, I use one measure
comprising ordinary earnings plus exceptional and extraordinary items, and one
measure comprising ordinary earnings plus exceptional items.*® The empirical work is
performed using each of these four measures. This enables me to test the robustness of
the results to the use of alternative measures of 'ordinary earnings' and to explore the

effect of exceptional and/or extraordinary items when I estimate persistence parameters

6 The terms 'exceptional items' and 'extraordinary items' used through the thesis are as before FRS 3,
unless otherwise stated. Reclassified exceptional items after FRS 3 consist of '(previous) exceptional
items' and '(previous) extraordinary items'.
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and form estimates of fundamental value.

3.1.1. Earnings before exceptional and extraordinary items (X1)

The first measure is pre-exceptional and pre-extraordinary earnings (denoted X1). X1 is
Datastream item (DS henceforth) 210 (earned for ordinary-adjusted).*’ This is the net
profit after tax, minority interests and preference dividends before exceptional and
extraordinary earnings. Thus, this does not include any items not relating to the normal
trading activities of the company. DS 210 is the adjusted figure using published and
estimated accounting numbers, and is available for the sample period (1969-1998).%8
Even though there were some changes in U.K. income reporting standards, mainly
through SSAP 6 (Extraordinary items and prior year adjustments) being superseded by
FRS 3 (Reporting financial performance) with effect from 1993, DS 210 appears to be
consistent across both reporting regimes because it is stated on a pre-exceptional and

pre-extraordinary basis.

A description of the relationship between published accounting numbers and DS 210,
illustrated by examples drawn from companies' published numbers, is given in
Appendix 5.3, Table A5.3.1. Unfortunately a number of cases were found in which
Datastream had made clear errors in adjusting the published numbers to arrive at DS

210.°° The existence of such errors has meant that, in collating my data, I have had to

7 See Appendix 5.1 for Datastream definition.

8 Details of sample period and observations will be dealt with in a later section (Section 5.3).
* See Appendix 5.2 for the development of U.K. income reporting standards.

% See Appendix 5.4 for examples of Datastream errors.
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incorporate screening procedures aimed at identifying and eliminating such errors. For

details, see Section 5.3 in which I describe the data collation procedures in detail.

5.1.2. Full-tax adjusted earnings before exceptional and extraordinary items (X2)

DS 210 (X1) is potentially prone to a discontinuity due to a major change in tax
accounting which occurred in the late 1970s with the introduction in SSAP 15
(Accounting for deferred tax) of partial recognition of the tax effect of timing
differences.”’ In order to deal with this discontinuity, Datastream introduced an
alternative measure of ordinary earnings: full-tax adjusted pre-exceptional and pre-
extraordinary earnings (denoted X2). This is DS 182 (earned for ordinary — full tax).
The definition of this earnings measure is the same as X1 except that, for periods after
the implementation of SSAP 15, the earnings number is adjusted to reflect the tax
charge as it would have been prior to SSAP 15. The total amount of the unprovided
deferred tax balance must be disclosed in the notes to the financial statements, and DS
182 is the earnings adjusted to reflect a full provision for deferred tax. DS 182 is
available for the sample period (1969-1998) and is consistent across the SSAP 6 and
FRS 3 reporting regimes because it is stated on a pre-exceptional and pre-extraordinary

basis like X1.%2

However, the adjustment made by Datastream to arrive at DS 182 is itself inconsistent.

As shown in Table 5.1, the Datastream adjustment to get from DS 210 to DS 182 has

5! See Appendix 5.5 for SSAP 15.
52 See Appendix 5.3, Table A5.3.2 for examples of the relationship between X2 (DS 182) and the
published profit figure for (a) the pre-FRS 3 regime and (b) the post-FRS 3 regime.
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not been made consistently over the years, even if relevant information on the tax
charge has been disclosed consistently in the notes to the financial statements.
Consequently, both of the 'ordinary earnings' items (DS 210 and DS 182) from
Datastream are not completely consistent across the sample period. In order to ensure
that my results are not dependent upon the choice of Datastream's measure of ordinary

earnings, I use both of these measures (DS 210 and DS 182) in my subsequent analysis.

5.1.3. Earnings after exceptional and extraordinary items (X3)

While some people contend that net profit/loss should not be distorted by abnormal,
unusual and non-recurring transactions, others advocate a more inclusive concept of
income that reflects the effects of a larger proportion of all recorded transactions.
Therefore, 1 also use post-exceptional and post-extraordinary earnings (denoted X3).
This is the net profit after tax, minority interests and preference dividends after
exceptional and extraordinary earnings. X3 is actually closer to Dechow et al.'s (1999)
earnings definition (earnings before extraordinary items), because the definition of
extraordinary items in the U.S. is similar to that used in the FRS 3 regime. That is, very
few of the extraordinary items of the pre-FRS 3 regime in the UK. are classified as

extraordinary items under U.S. GAAP.

By the way, DS 625 (earned for ordinary), which is a key item for this measure, is
inconsistent between the pre-FRS 3 and post-FRS 3 regimes, as well as being available
only after the mid-1980s. DS 625 in the post-FRS 3 regime is the same as X3, because

extraordinary items have effectively been abolished and reclassified into exceptional
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items after FRS 3, while DS 625 in the pre-FRS 3 regime is published post-exceptional
and pre-extraordinary earnings. Accordingly, post-tax extraordinary items should be
added to DS 625 to arrive at X3 in the pre-FRS 3 regime. DS 193 (extraordinary items —
after tax) is the Datastream item corresponding to post-tax extraordinary items. For the
period when DS 625 is not available (i.e., before the mid-1980s), X1 and exceptional
items will be used in place of DS 625 (i.e., DS 625 = X1 + DS 194 (exceptional items)
+ DS 208 (exchange adjustments — any after-tax adjustments)).”> See Appendix 5.3,
Table A5.3.3 for examples of the relationship between X3 and the published profit

figure.

5.1.4. Earnings after exceptional items, but before extraordinary items (X4)

My final measure, which is conceptually similar to the measure used in the U.S. study
by Dechow et al. (1999), is earnings inclusive of exceptional items, but exclusive of
extraordinary items.”* Exceptional items are defined in SSAP 6 and FRS 3 as being
'material items which derive from events or transactions that fall within the ordinary
activities of the reporting entity, and which need to be disclosed separately by virtue of
their size or incidence'. Thus, this measure, X4, is considered as earnings inclusive of all
ordinary activities of the company. As mentioned above, DS 625 is the same as X4 in
the pre-FRS 3 regime, but includes items previously treated as extraordinary in the post-

FRS 3 regime. Thus, to be consistent with DS 625 from the pre-FRS3 accounting

%3 See Appendix 5.6 for the relation between DS 625 and DS 210 (X1).

3% However, while FRS 3 effectively eliminates the occasion of any extraordinary items, U.S. GAAP
recognises that there may be occasions when some items (e.g. result of an earthquake or expropriation)
can be properly treated as extraordinary items.
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regime, post-tax extraordinary items re-classified as exceptional in the post-FRS3
regime should be subtracted from DS 625 of the post-FRS 3 accounting regime. This
item is approximately the same as DS 1083 (Total special items) less DS 1094 (Tax on
special items) and DS 1097 (Minority interest in special items), which were newly
created by Datastream after the implementation of FRS 3.°° As the case of X3, X1 and
exceptional items will be used for the period when DS 625 is not available (i.e., X4 =
DS 625 = X1 + DS 194 + DS 208). Table 5.2 summarises 4 earnings measures defined

in terms of Datastream items.

5.1.5. Other candidates for earnings measures

It may be worth searching for earnings measures that could be more relevant to firms'
performance than the four earnings measures described above. Here, I suggest two
candidates for future research.’® One is a measure recommended by IIMR (Institute of
Investment Management and Research) and the other is pro-forma earnings (or

operating earnings) such as I/B/E/S actuals.

The IIMR has proposed in the wake of the requirement in FRS 3 that companies report a
more all-inclusive measure of earnings. The objective of IIMR 'headline' earnings is to
provide an unambiguous reference point for all users and the basis for more reliable

forecasts. One motivation for using the IMR measure in a further study could be that it

** See Appendix 5.3, Table A5.3.4 for examples of the relationship between X4 and the published profit

figure.

% Because of the lack of data, it is difficult to do time-series cross-sectional analysis used in the study
with these two other earnings measures. The selected firms who have enough data of these two other
earnings measures can be used for further research, despite the possibility of selection bias.
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is claimed to be a better concept of 'maintainable' earnings, and another reason is to
have a number that is relatively likely to be consistent with I/B/E/S earnings forecasts,
compared to earnings measures reported in other archival database such as Datastream.
IIMR earnings include all the trading profits and losses for the year, but excludes profits
and losses on capital items such as fixed assets. Specifically, items excluded from
published FRS 3 earnings to arrive at IIMR earnings are (i) profit or loss on the sale or
termination of an operation, (ii) profit or loss on the disposal of fixed assets, (iii)
amortisation of goodwill, (iv) bid defence costs, (v) diminution in value of fixed assets,
(vi) profit or loss on capital reorganisation of long term debt, and (vii) profit or loss on
disposal of trade investments. Unfortunately, Datastream items for (iii) to (vii) do not
exist separately. Therefore, only DS 1079 (Profit or loss on termination of operations)
for (i) and DS 1081 (Profit or loss on sale of fixed assets) for (ii) can be used to define
the IIMR earnings measure. And since the Datastream items required for constructing
the IIMR numbers were not available prior to FRS 3, the IIMR earnings construct can
be used only for the post-FRS 3 regime. For the post-FRS 3 regime, the proxy of the
IIMR headline earings is post-FRS 3 published earnings (DS 625) minus DS 1079 and
DS 1081 after tax and minority interests. Another source of IIMR earnings is the Extel
database, which offers [IMR EPS. Since some but not all firms present IIMR EPS as
well as EPS required under the FRS 3 regime, the Extel database also has limitations for
researchers seeking to adopt IIMR earnings because of the possibility of selection bias

and the short time period available.

An alternative candidate for an earnings measure is the pro-forma I/B/E/S actual

earnings. The I/B/E/S glossary (19™ ed.) defines its earnings as earnings after
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discontinued operations, extra-ordinary charges, and other non-operating items have
been backed out. "I/B/E/S adjusts reported earnings to match analysts' forecasts. This is
why I/B/E/S actuals may not agree with 'published actuals' obtained from other sources.
Consequently, reported earnings on the I/B/E/S database may not exactly match
earnings that appear in a company's earnings releases”. Even though it is not clear yet
whether most investors rely on this modified definition of earnings rather than earnings
reported in the financial statements, it may be worth comparing this alternative earnings
measure with GAAP earnings. Bradshaw, Moberg and Sloan (2000) contend that pro-
forma I/B/E/S earnings are increasingly tracked by analysts and priced by investors.”’
However, as in the case of IIMR earnings, the I/B/E/S actual earnings data are not
sufficient for the purpose of this study. So I also leave the potential usage of the I/B/E/S

actual earnings measure to future research.

5.1.6. I/B/E/S earnings forecasts

Besides the four earnings measures discussed above, I use I/B/E/S earnings forecasts to
produce approximate figures of 'other information (OI)' and to estimate future residual
income directly for the EBO value estimates. Thus, I/B/E/S earnings forecasts play an
important role in both equity valuation approaches, the linear information dynamics
(LID) approach and the EBO approach. Because the I/B/E/S mean consensus forecasts
may be affected by extreme values, I use median consensus forecasts for the main

results. Then, mean forecasts will be used in order to test the sensitivity of alternative

57 In the earlier research, Philbrick and Ricks (1991) report that the actual EPS numbers reported by
COMPUSTAT are more accurate than those reported by I/B/E/S.
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consensus earnings forecasts.

Despite the important role of analysts' consensus earnings forecasts in equity valuation,
one critical limitation exists when employing these forecasts. As mentioned in the above
sub-section, the I/B/E/S definition of earnings may be different from the definition of
any earnings measure reported in Datastream. That is, it is difficult to find an earnings
measure that exactly corresponds to I/B/E/S earnings from four earnings definitions
used in this study. This gives rise to one potential problem when we calculate the proxy
of 'other information' using I/B/E/S earnings forecasts. That is, as we can see in the

~a

definition of 'other information', i.e., v, = f}, — E, [xm], 'other information' contains
one of the four Datastream earnings measures and the Datastream earnings relevant
residual income (RI) persistence (and intercept) parameters as well as I/B/E/S earnings
forecasts. So 'other information' is constructed using two kinds of earnings measures,
whose definitions are not exactly consistent. In principle, it is possible to use the actual
earnings numbers reported by I/B/E/S for current residual income and the relevant
persistence (and intercept) parameters to estimate 'other information' and firms' intrinsic

value. However, the relatively short time series of available I/B/E/S data limit the

practicability of this approach.

5.2. Other Variables and Definitions

In order to calculate residual income, the discount rate » should be measured. Dechow et
al. (1999) use the long-run U.S. industrial average discount rate (12%), but I adopt year-

average discount rates that vary over the years. Specifically, I use 12-month average
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discount rates up to the fiscal year end month in order to allocate more reasonable year-
average discount rates to each firm-year. For example, if a firm's fiscal year end month
is January 1998, average discount rate from February 1997 to January 1998 is more
suitable for the firm's business activity than that from January 1998 to December 1998.
Even though some people (e.g. Frankel and Lee, 1998) find that varying the discount
rate has little effect on this kind of research, I think a time varying rate is more
reasonable.’® In this thesis, # is considered to be approximately equal to 5% plus year-
average of U.K. Gross Redemption Yield on 20 year Gilts, because U.K. average risk
premium is supposed to be 5% or so. The average discount rate over the sample period
(1969 — 1998) is 15.5%.% Table 5.3 shows UK. Gross Redemption Yield on 20 year

Gilts over the sample period.

Variables other than earnings measures are similar to Dechow et al. (1999), but are
defined in terms of their Datastream items. In this study, all empirical analyses are based

on the per-share data. Table 5.4 summarises variables used in the study.

P and b: Stock price (P) is market value (Datastream code MV) divided by the number
of ordinary shares in issue (Datastream code NS). NS is the adjusted figure for
subsequent capital actions (e.g., stock splits, stock dividends). Thus, P is the same as the
adjusted stock price (Datastream code P). P is the fiscal year end price and is used as a

scaling variable in some versions of my analysis. Note that P is differentiated from

%8 Lee et al. (1999) indicate that time-varying discount rates are an essential part of valuation models in
their time-series applications. Furthermore, the firm-year specific discount rate would be most reasonable
because equity valuation is a task applied on a firm-year basis (Sougiannis and Yaekura, 2000).

% If the annualized 3-month U.K. Treasury bill rate is used, the average discount rate over the sample

period is about 15%.
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P®", which is used as a benchmark of the estimated intrinsic values (see below for

details). Book value per share () is the total share capital and reserves excluding

preference capital (DS 305, Equity capital and reserves) divided by NS.

q2 — q4: q2, q3 and g4 are respectively defined as absolute value of exceptional items
(EXC), extraordinary items (EXT) and all abnormal items (4EX), divided by lagged
book value. And each variable is used as one of the determinants of the firm-specific
persistence parameter. However, since I use 4 different earnings measures in this study,
the effect of exceptional and/or extraordinary items on residual income varies according
to earnings measures. Firstly, in the case of X1 and X2, which exclude exceptional and
extraordinary items, any exceptional and extraordinary items should not be used as a
determinant of the firm-specific persistence parameter. Next, when we use X3 (X4), the
magnitude of all abnormal items, ¢4 (the magnitude of exceptional items, g2) will be a
relevant determinant, accordingly AEX (EXC) will be.®? In Datastream terms, EXC is
[(DS 194 + DS 208) — (DS 1083 — DS 1094 — DS 1097)] / NS, EXT (extraordinary
items) is [(DS 1083 — DS 1094 — DS 1097) + DS 193] / NS, and AEX is (DS 194 + DS

208 + DS 193) / NS.

g5: 5 is defined as the magnitude of operating accruals, and is | 04,/ TA,.;| where T4
is total assets (DS 392, Total assets).’! As Sloan (1996) suggests, operating accruals

(OA) is computed as follows: OA4, = (ACA; — ACASH;) — (ACL, — ASTD, — ATP,) — DEP,,

% Tn the case of X3, one can alternatively examine the effect of the magnitude of exceptional items (¢2)
and the magnitude of extraordinary items (¢3) on residual income separately.

8! All unadjusted accounting numbers reported in Datastream are divided by NS so that the adjusted per-
share numbers are used through the study, even though it is not explicitly stated.
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where CA is current assets (DS 376, Total current assets), CASH is cash/cash
equivalents (DS 375, Total cash and equivalent), CL is current liabilities (DS 389, Total
current liabilities), STD is debt included in current liabilities (DS 309, Borrowings
repayable within 1 year), 7P is income taxes payable (DS 381, Current taxation), and

DEP is depreciation and amortization expense (DS 136, Depreciation).

div: The dividend payout ratio (div) is defined as dividends divided by earnings. For the

dividend payout ratio of firm-years that have negative earnings, I divide dividends by
total assets times median ROA for the year (i.e., d, /(TA, x ROA,), where ROA, is

median ROA for year 7).%? In addition, to ensure that the dividend payout ratio should
not be greater than 100%, I set div = 1 if div is larger than 1. In Datastream terms,

dividend (d) is DS 187 (Ordinary dividends — net).

ind: Industry-year specific persistence parameter (ind;) is @, ,, in the regression equation

a
it+1

X =0, +@;, X1, +E; .1, Where i represents each industry. For industry i and year ¢,
all available i industry data from 1969 to year ¢ are used. However, in order to avoid
getting unreasonable parameters arising from the insufficient pooled data, I set 1969 to
1978 industry-year specific parameters equal to 1979 industry-year specific parameter

for every industry groups except 'information technology' industrial sector (denoted as

62 Median ROAs for the year are shown in Appendix 5.7. In the U.K., the long-run median ROAs for
alternative earnings are 5.1 to 5.7%. Similarly, the long-run mean ROA (earnings before extraordinary
items divided by total assets) in the U.S. is 6% or so (Lee et al., 1999).
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IMT) and 'utilities' industrial sector (denoted as UTL).* For the same reason, I set 1969

to 1987 (1994) industry-year specific parameters equal to 1988 (1995) parameter for

IMT (UTL).

RD: Research and development expenditures include regular write-offs to the P/L
account of R&D capitalised in the balance sheet as well as amounts expended in the

year that are not capitalised. This is DS 119 (Research and development).

P": In order to make comparable the stock price and the earnings announcement, I use

stock prices observed at 3 to 7 months after the fiscal year end. A variety of reporting
lags are used in order to test the sensitivity of my results to the assumed lag. Stock
prices as reported 3 to 7 months after the end of the fiscal year, but adjusted for
subsequent capital actions (e.g., stock splits, stock dividends), are obtained from

Datastream (Datastream code P — adjusted price).

5.3. Data Collation and Sample Selection

All data used in this study were extracted from Datastream except consensus earnings
forecasts from I/B/E/S. Firstly, all possible U.K. industrial companies were collected
from Datastream - the sample includes the dead firms in order to avoid survivorship

bias. The company list initially consists of total 2,641 firms over the sample period from

% For industry-year specific persistence parameters, I use FTSE Level 3 classification. FTSE Level 3
industry groups are Resources (RSR), Basic industries (BIN), General industries (GIN), Cyclical
consumer goods (CGD), Non-cyclical consumer goods (NCG), Cyclical services (CSV), Non-cyclical
services (NSV), Utilities (UTL), and Information technology (IMT).
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1969 to 1998. The 30-year period is chosen to get as much firm-year data as possible.
Another reason to set the starting year as 1969 is that missing values (especially
earnings data) are more common prior to the late 1960s in Datastream. Before obtaining
total firm-year observations, I deleted some observations that have missing earnings,

book value, or stock price, which are core variables in this study.

Furthermore, I found some clear errors that Datastream made, even though most of
them are trivial and random. These trivial and random errors may have little effect on
my results because this study is conducted with a large number of firm-year
observations. However, I corrected as many errors as I could. First of all, I corrected
large critical errors that Datastream made while adjusting the published numbers to
arrive at DS 210, even though the corrections are likely to have little effect on the final
results. Some critical errors were found in DS 981 (adjustments to operating profit) that
has a large effect on DS 210. Firstly, I collected 39 firm-years for which the absolute
value of DS 981 is grea;er than 100% of the absolute value of DS 625 (earned for
ordinary), and 32 firm-years that have large negative DS 981 less than minus £10
million. I then investigated 11 firm-years from each set. Among 22 firm-years, 2
(Lasmo, 31/12/94 and Cadbury Schweppes, 31/12/94) have completely wrong numbers
in DS 981.% But, fortunately, I can conclude that these errors do not occur

systematically.

On the other hand, I corrected cases in which values were reported for DS 1083, DS

% DS 981 of Lasmo and Cadbury were —222,000 and —114,800, respectively. But I found that they should
be respectively about —17,000 (Total exceptional profit for the year, note 3) and 23,000 (Exceptional item
— Spain restructuring costs, note 2) from the Financial Statements.
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1094 and DS 1097 in the pre-FRS 3 regime, for which these items should not be
available. Especially, many dead companies had large numbers on DS 1094. Also, 7
firm-year observations had non-zero numbers on DS 193 in the post-FRS 3 regime,
although after the introduction of FRS 3 in the U.K. GAAP, DS 193 has been effectively

abolished (i.e., zero). Thus, I set these numbers to zero.

Finally, I found that some DS 210 and DS 182 that have zero values do not actually
represent zero earnings. They represent missing values so that these cases were deleted
as well.®* I also found other data entry errors. Total assets (DS 392) should not be zero
and current liabilities (DS 389) should not be negative. Also, there were some missing
values in DS 376 (current assets), DS 375 (cash and equivalent), DS 389, DS 381
(current taxation), DS 136 (depreciation) and DS 187 (dividends). So I collated these
data entry errors with the numbers in the financial statement and corrected them.

Appendix 5.4 summarises the errors that Datastream had made.

After collating and correcting data, total 30,277 firm-year observations were obtained.
Among these, 449 cases (1.5%) had negative book values so I deleted those cases,
because some versions of my data analysis require book value as a scaling variable.
Therefore, available data from Datastream during 1969 to 1998 after eliminating
negative book values are 29,828 firm-years. This is one of the primary data sets that is

used for estimation of RI persistence parameters.®® Because RI is defined in terms of

% These cases were only found during 1969 to 1971.

% Note that because RI is defined in terms of lagged book value and AR(1) RI regression equation is used
for the estimation of RI parameters, total observations available for RI persistence parameters are 25,187.
It means that the first and second observations of each firm can not be used for the purpose of RI

parameter estimation.
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lagged book value, total observations for the calculation of RI is 27,435, and are
available for the periods 1970-1998. Then, this data set is merged with I/B/E/S analysts'
earnings forecasts data. Because I/B/E/S provides analysts' earnings forecasts for U.K.
firms only for 1990 onwards, total observations for the calculation of OI are
significantly reduced to 8,346. This is another primary data set that is used for the
estimation of OI persistence parameters.’” Note here that analysts' earnings forecasts
made in respect of year #+1 are matched with RI realizations for year ¢ for the purpose
of estimating OI at year ¢. Finally, 6,835 observations from 1991 to 1998 are used for
the purpose of the estimation of firms' intrinsic values, because the 1989 OI parameter
cannot be estimated and the 1990 OI parameter is estimated with a small number of

observations. Table 5.5 shows details of U.K. sample construction.

Also Appendix 5.8 shows the distribution of firm-year observations. As shown in Panel
A, total firm-year observations vary according to variables included in the analysis. It
means that the number of firm-year observations vary depending on the number of lags
in the dependent and/or independent variables. Thus, if pooled AR(1) and AR(4)
analyses based upon the residual income variable are conducted, total firm-year
observations that can be used are 25,187 and 19,753, respectively. Note also that many
firms have a small number of observations. In Panel A (B), 878 (546) firms have data
points less than or equal to 5 (3) that is about 37% of the total firms in each set. The
average number of observations per firm is 12.5 (5.7) for the periods 1969-1998 (1989-

1998).

7 Note also that because AR(1) OI regression equation is used for the estimation of OI parameters, total
observations available for OI persistence parameters are 6,875. It means that the first observations of each
firm can not be used for the purpose of OI parameter estimation.
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5.4. Descriptive Statistics

Table 5.6, Panel A shows the descriptive statistics of the main raw variables in per-share
form — 4 earnings measures, stock price and book value. The distribution of all these
variables is long-tailed, which means that accounting variables and stock price tend to
have high density around their median.® Conversely, there are potentially influential
outliers in the data set. Therefore, the trimming or winsorising criteria should be applied
in the data analysis in order to avoid the effect of extreme outliers. In this U.K. study, I
delete the 1% most extreme outliers for the estimation of RI and OI persistence

parameters. However, I retain all data for the test of reliability of value estimates.

On the other hand, mean values of each variable are much higher than median values,
which means that the distribution of all variables tends to be right-skewed.®® Right-
skewness of stock price is because some firms have extremely large stock prices that
dominate the stock market. Meanwhile, right-skewness of earnings variables and book
value is because the accounting system is conservative. That is, the accounting system
tends to postpone the recognition of revenues/gains and accelerate the recognition of
expenses/losses (Myers, 1999a). Together with Table 5.6, Panel B, we can see that

firms' stock price, earnings and book value have increased over time.

Table 5.6, Panel A also presents the descriptive statistics of RI. The negative median

8 90% of each variable is centrally dense within 0.2 — 0.5% of the corresponding range.
% Even though mean value of X3 is also much higher than median value of it, its skewness is negative.
The negative skewness of X3 seems to be caused by large negative extraordinary items.
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(mean) residual income regardless of earnings measures is consistent with previous
research and is because ROE is smaller than the discount rate, on average.’® There are
two possible reasons why the median (mean) values of RI in Panel B are higher than
those in Panel A. One is that the discount rate has fallen recently so that many ROE
values exceed the discount rate. Based on 8,346 observations from 1989 to 1998, the
median (mean) discount rate is just 13.3% (13.6%), while the median (mean) ROE is
about 14% (16-17%). The other reason is that firms' earnings seem to have increased
more than firms' book value, on average, over time. Compared to median values for the
periods 1969-1998, median values of earnings for the periods 1989-1998 have increased

more than 60%, while median values of book value have increased about 40%.

Table 5.6, Panel A also shows the relationship between alternative earnings measures.
The mean of X1 is larger than the mean of X3 or X4, because the exceptional (EXC)
and extraordinary (EXT) items, especially large items, tend to occur as losses rather than
profits, in general, so that their mean values are negative, on average. We can see that
AEX (all abnormal items), EXC and EXT tend to have large negative numbers. As
described in Appendix 5.6, X1 is approximately X3 minus AEX (0.102 + 0.038), or X4
minus EXC (0.132 + 0.008). In addition, X1 is X2 plus S4 (full tax adjustments after

SSAP 15) (0.126 + 0.014), and X3 is X4 plus EXT (0.132 — 0.030).

On the other hand, Table 5.6, Panel B shows statistics of analysts' earnings forecasts and

'other information'. First, median (mean) value of one-year ahead analysts' earnings

" Long-run median (mean) ROEs are less than 13.4% (14.8%) regardless of earnings measures. Thus,
these ROEs of U.K. industrial companies are less than the cost of capital (15-15.5%), on average.
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forecasts are positive and greater than the median (mean) value of realized earnings,
which means that analysts tend to forecast earnings optimistically. The optimistic
behavior of analysts is consistent with evidence reported in prior studies (e.g., O'Brien,
1988; De Bondt and Thaler, 1990; Brown, 1997; Brown, 1998; Richardson et al., 1999;

Easterwood and Nutt, 1999).

Second, median (mean) value of analysts' earnings forecasts is increasing in forecasting
windows. That is, two-year ahead analysts' earnings forecasts are larger than one-year
ahead analysts' earnings forecasts, and three-year ahead analysts' earnings forecasts are
larger than two-year ahead analysts' earnings forecasts. This indicates that analysts' tend
to be more optimistic when they forecast earnings over a longer time horizon.”! The
tendency of the incremental optimism over forecasting windows is also consistent with
previous research, and it may, at least partly, cause the superiority (in terms of bias and
accuracy) of longer horizon EBO models reported in Sougiannis and Yaekura (2000).

727 \which means that analysts-based

Third, 'other information' is positive, on average,
forecasts of RI are higher than RI forecasts based on the univariate AR(1) RI generating
equation. The mean of analyst-based RI forecasts for 1989-1998 is —3.3% (unreported),

while the corresponding figure for the realized Rls for 1969-1998 is —11.8% to —15.9%.

! In order to make median (mean) values of 1 to 3-year ahead earnings forecasts comparable, the number
of observations are reduced to 3,711, but the evidence of the incremental optimism over forecasting
windows does not change. In this case, the median (mean) values of 1 to 2-year ahead earnings forecasts
are respectively 0.151 (0.196) and 0.175 (0.226).

72 The negative mean value of Ol based on X1 is caused by one extremely large negative OI (-132). The
numbers in parentheses show mean and standard deviation of OI when one extremely large negative Ol is
deleted.

" The intercept of AR(1) RI regression is incorporated into the calculation of OI. If the intercept
parameter is ignored in the calculation of OI, and one extremely large negative Ol is deleted, the median
(mean) value of Ol is still positive, but smaller than the corresponding figures in Table 5.6, Panel B.
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Note that the sample for the periods 1969-1998 is used for the univariate AR(1) RI

generating process.

Table 5.7 describes the properties of some main variables using ratios. Here, the
earnings measure X4, which is conceptually similar to the earnings measure employed
in Dechow et al.'s (1999) U.S. study, is used. Overall, magnitudes and signs of figures
from the U.K. sample are very consistent with corresponding U.S. figures reported in
Chapter 4, even though the sample period is different. Panel A is based on the sample
from 1969 to 1998 and Panel B from 1989 to 1998. From these two panels, 1) book-to-
market ratio and earnings-to-price ratio have decreased over time, and ii) firms'
profitability (earnings-to-lagged book ratio, i.e., ROE) and abnormal returns (RI-to-
lagged book ratio, i.e., the spread between ROE and cost of capital) have increased over
time. Also, as U.S. study in Chapter 4, 1) the median and mean value of scaled OI
(2.9% and 15.6%) are positive, and 2) the median and mean of scaled analysts-based RI
forecasts for 1989-1998 (2.2% and 11.1%) are higher than the corresponding figures of

the realized Rls (-2.2% and —1%) for 1969-1998.
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Table 5.1: Examples of inconsistency in Datastream's post-SSAP 15 adjustment
(£,000)

Example 1 : SCAPA Group

91 92 93 94 95 96 97 98

Effect on P/L account tax charge of

SSAP 15 (per note to Financial 384 -50 527 400 | 2400 400 [ 2000 | -500
Statement)
SSAP 15 adjustment of Datastream 384 -50 0 0 0 0| 2000 -500

Example 2 : Cadbury Schweppes

90 91 92 93 94 95 96 97

Effect on P/L account tax charge of

SSAP 15 (per note to Financial 6200 | 2200 | 1700 | 7900 | 3200 | 7000 | -3000 | -4000
Statement)
SSAP 15 adjustment of Datastream 6200 | 2200 | 1700 0 0] 7000 0 0

Note : Relevant notes in Financial statement of SCAPA Group (1998) and Cadbury Schweppes (1992) are
respectively "Had full provision for deferred taxation been made for the whole Group then there would
have been an additional credit of £0.5m (£2.0m charge in the case of 1997)" and "The charge of £94.2m
has been reduced by £1.7m in respect of tax at the current year's rate on timing differences for which
deferred tax has not been provided".

Table 5.2: Four earnings definitions and Datastream items™

Pre-FRS3 Post-FRS3 General
X1 | DS210 DS 210 DS 210
X2 | DS182 DS 182 DS 182
X3 | DS625+DS193 | DS 625" DS 625 + DS 193
X4 | DS 6257 DS 625 — (DS 1083 — DS 1094 DS 625 — (DS 1083 — DS 1094
—-DS 1097) -DS 1097)

Note:

1) DS 193 still exists after FRS 3, but its numbers are all zero.

2)DS 1083, 1094 and 1097 do not exist before FRS 3.

3)X1 is pre-exceptional and pre-extraordinary earnings, X2 is full-tax adjusted pre-exceptional and pre-
extraordinary earnings, X3 is post-exceptional and post-extraordinary earnings and X4 is post-
exceptional and pre-extraordinary earnings.

™ See Appendix 5.6 for relations and differences between 4 alternative earnings measures.
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Table 5.3: U.K. Gross Redemption Yield on 20 year Gilts (%)

1969

1970 1971 1972 1973 1974 1975 1976 1977 1978

9.04

9.21 8.85 8.90 10.71 14.77 14.39 14.43 12.72 12.47

1979

1980 1981 1982 1983 1984 1985 1986 1987 1988

12.99

13.78 14.74 12.88 10.80 10.69 10.62 9.87 9.47 9.36

1989

1990 1991 1992 1993 1994 1995 1996 1997 1998

9.58

11.08 9.92 9.12 7.87 8.05 8.25 8.10 7.09 5.47

Note: Redemption Yield shown in this table is year average from January to December. Note that year-
specific Redemption Yield used in the study is 12 month average up to the fiscal year end month.

Table 5.4: Other variables and definitions

Variable General Definition
X, Earnings per share for year ¢
XI: Earnings before exceptional and extraordinary items
X2: Full-tax adjusted earnings before exceptional and extraordinary items
X3: Earnings after exceptional and extraordinary items
X4: Earnings after exceptional, but before extraordinary items
Sfitn Analysts' earnings forecasts at year ¢ for year t+n
MV, Market value of equity at the end of year ¢
P Stock price at the end of year ¢
b, Book value per share at the end of year ¢
x; (=RI) | Residual income for year z.
1L Analyst-based residual income forecasts at year ¢ for year #+n
ql, Magnitude of residual income (= |x,“ /b l)
q2, Magnitude of exceptional items (= |EXC,/b,,1)
q3, Magnitude of extraordinary items (= |Ex T,/ b, I)
q4, Magnitude of all exceptional and extraordinary items (= |AEX,/ b.; | )
q5, Magnitude of operating accruals (= |04,/ T4, | )
div, Dividend payout ratio (= d, / x,)
ind, Historical persistence of residual income for firms in the same industry
v, (=0I,) | Other information for year ¢ (= f}, — E, [)7,‘11])
RD, Research and development expenditures during year ¢
pen Contemporaneous stock price measured at # months after the end of fiscal year ¢
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Table 5.5: Number of firms and firm-year observations

Number of
Firm-years
Available from Datastream for which all accounting data and market value exist
(1969-1998) 30,277
Less: Observations for which book value was negative 449
Available from Datastream after elimination of firm-year observations for which
book value was negative (1969-1998) 29,828
Less: First observation of each firm 2,393
Total observations available for the calculation of RI (1970-1998) 27,435
Less: Observations for which I/B/E/S data were unavailable 19,089
Total observations available for the calculation of OI (1989-1998) 8,346
Less: 1989 or 1990 observations 1,511
Total observations for the estimation of value estimates (1991-1998) _6,835
Total observations available for the estimation of RI persistence parameters (1971-
1998) = 29828 — 2393 — 2248 (second observation of each firm) 25,187
Total observations available for the estimation of OI persistence parameters (1990-
1999) = 8346 — 1471 (first observation of each firm) 6,875

Note:

1) If there is a discontinuity less than or equal to 24 months in a firm's data series, I consider the adjacent
two data points continuous so that I apply the time-series cross-sectional analyses as normal.
Otherwise, 1 treat the data series, separated at the discontinuity, as the data of two different firms.

2) Under this criterion, deleting negative book value causes 45 cases of discontinuity. In addition, there

are 3 more cases of discontinuity where a firm's data series itself contains discontinuity.

3) Thus, even though the total number of firms from 1969 to 1998 is 2,345, I treat as if there are 2,393
firms. Similarly, even though the total number of firms from 1989 to 1998 used for the calculation of

Ol is 1,395, I treat as if there are 1,471 firms.
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Panel A: 1969 to 1998 (€3]
N Mean Std Min 1% Ql Median Q3 99% Max

X1 29828| 0.1407 2.007 -81| -0.336f 0.021| 0.066 0.143 1.197 125
X2 29828 0.126] 1.832 -81| -0.329] 0.020f 0.060| 0.132 1.115 98
X3 29828 0.102| 2.580 -161} -0.621} 0.018{ 0.063| 0.143 1.311 129
X4 29828| 0.132| 2.112 -123} -0453| 0.021| 0.067] 0.145 1.262 126
p 29828| 1.905| 17.497| 0.001] 0.024/ 0305 0.758 1.700| 12.460 1753
b 29828 1.691| 14.214] 0.00002| 0.016f 0.265| 0.577| 1.160| 13.293 764
AEX| 29828| -0.038| 1.421 -131| -0.509| -0.006 0| 0.003] 0.316 71
EXC| 29828 -0.008 0.439 -49| -0.198] -0.001 0| 0.002] 0.140 9.5
EXT| 29828| -0.030| 1.330 -1231  -0.369| -0.001 0 0| 0.232 71
SA 29828| 0.014( 0.419 -3.4| -0.025 0 0 0.004[ 0.155 58
RII 27435 -0.118| 2.692 -215| -1.486] -0.064| -0.009| 0.021| 0.309 89
RI2 | 27435 -0.132] 2.713 -214) -1.517{ -0.073| -0.014] 0.014| 0.283 89
RI3 | 27435] -0.159| 3.651 -301 -1.729 -0.072f -0.009{ 0.022} 0.400 89
RI4 | 27435 -0.126] 2.847 -223( -1.520| -0.065| -0.008( 0.022( 0.319 89
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Table 5.6 (continued)
Panel B: 1989 to 1998 (€3)
N Mean Std Min 1% Q1 Median Q3 99% Max
X1 8346 0.172 1.333 -8.5| -0.239| 0.047| 0.110f 0.203] 0.959 98
X2 8346| 0.167| 1.293 -8.5| -0.236| 0.047| 0.109| 0.200{ 0.949 98
X3 8346 0.125| 1.391 -41| -0.597{ 0.038{ 0.105] 0.200| 1.070 98
X4 8346| 0.158| 1.437 -22| -0.387| 0.045| 0.108] 0.200{ 0.973 98
p 8346| 2.576| 19935/ 0.001| 0.120{ 0.797| 1.571] 2.828| 11.721 1753
b 8346 1.523| 7.609( 0.002| 0.039{ 0425| 0.801 1.447| 9.858 545
RII 8346 -0.040] 1.209 -29 -0.986| -0.054| 0.004| 0.054| 0.327 89
RI2 8346, -0.045] 1.225 -29 -0.992| -0.057{ 0.002| 0.052, 0.319 89
RI3 8346 -0.087 2.006 -127) -1.325} -0.072| 0.001| 0.054| 0.442 89
RI4 8346 -0.054 1.270 -36| -1.113} -0.061 0.003 0.053 0.321 89
Jerr 8346, 0.178| 0.255| -2.197 -0.063| 0.065| 0.131| 0.227| 0.884 9.0

Sz 7424 0.206( 0.301| -1.136] 0.001 0.081 0.152 0.255 0.980 11.0

foes 3711]  0237| 0244| -0.619] 0.011] 0102 0183 0304] 0988 6.7

oIl | 8346 -0.003| 1490| -132| -0.556| -0.004| 0018 0.048 0.405 7.2
(8345)| (0.013)| (0.374)

oI2| 8346] 0.010| 1451 -128| -0476] 0.002| 0.024] 0.056| 0434 73
(8345)| (0.025)| (0.361)

o3| 8346| 0023 1464 -117| -0.595| -0.001| 0.027| 0.069 0522 45
(8345)| (0.037)| (0.716)

ol4| 8346| 0003| 1.507| -131| -0.578| -0.004| 0.019| 0.054| 0479 16

(8345)| (0.019)| (0.468)

Note:

1) P is fiscal year end stock price, X1 is pre-exceptional and pre-extraordinary earnings, X2 is full-tax
adjusted pre-exceptional and pre-extraordinary earnings, X3 is post-exceptional and post-extraordinary
eamings, X4 is post-exceptional and pre-extraordinary earnings, and b is book value per share.

2) AEX represents all exceptional and post-tax extraordinary items, i.e., (DS 194 + DS 208 + DS 193).
EXC represents exceptional items defined in the pre-FRS regime, i.e., [(DS 194 + DS 208) — (DS 1083
— DS 1094 — DS 1097)]. EXT represents post-tax extraordinary items defined in the pre-FRS regime,
i.e., (DS 1083 — DS 1094 — DS 1097) + DS 193. S4 represents full-tax adjustments after SSAP15, i.e.,
DS 209. RIi is residual income based on Xi.

3) f+n is n-year ahead median analysts' earnings forecasts from I/B/E/S.

4) OI is defined as analysts-based RI forecasts less RI forecasts based on the univariate AR(1) RI
generating equation, when RI intercept is incorporated and book value is used as a scaling variable.

Thatis, OI, = f,,, —rb, —@,,b, — @, ,RI,. Oliis 'other information' based on Xi.

5) The numbers in parentheses reported in Of rows are results after deleting one extremely negative O/
values —i.e., -132 of O11, -128 of OI2, -117 of OI3 and -131 of O/4.
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Table 5.7: Descriptive statistics (ratios) — based on X4

Panel A: 1969 to 1998

N |Mean | 1% | QI |Median| Q3 | 99%
Book / price (b, /P ) 29828| 1.299| 0.071| 0.437| 0.791| 1.390| 8.081
Earnings / price (x, /P, ) 29828| 0.086] -0.660| 0.052| 0.085| 0.137| 0.736
Earnings / lagged book ( x, /b,_, ) 27435| 0.145| -0.511| 0.069| 0.134| 0211 0.791
RI/ lagged book (x /b,_, ) 27435| -0.010| -0.658| -0.089| -0.022 0.057| 0.650

Panel B: 1989 to 1998

N Mean 1% Ql ([Median| Q3 99%

Book / price (b, /P ) 8346| 0.727| 0.057| 0.337| 0.538| 0.854| 3.378
Earnings / price (x, /P, ) 8346| 0.050| -0.545| 0.047| 0.068| 0.093| 0.242
Earnings / lagged book (x, /b,_, ) 8346| 0.164| -0.531| 0.073| 0.140| 0.225| 0.949
RI/ lagged book (x° /b, ) 8346| 0.028| -0.666| -0.064| 0.006{ 0.089| 0.807

Analyst-based RI forecast / book ( £, /b,) | 8346| 0.111] -0.303| -0.039| 0.022| 0.107| 1.442

01/ book (v, /b, ) 8346| 0.156| -0.142| -0.005| 0.029| 0.083| 1.571

Note:

1) The earnings measure used here is earnings before extraordinary items (X4), which is similar to the
earnings measure used in Dechow ef al.'s (1999) U.S. study.

2) The mean of the discount rate based on 1969-1998 (1989-1998) sample is 15.5% (13.6%).

3) £, is analysts-based RI forecasts. That is, f% = f,,, —rb, where fi,; is one-year ahead median

analysts' earnings forecasts from I/B/E/S.
4) OI (=v) is defined as analysts-based RI forecasts less RI forecasts based on the univariate AR(1) RI
generating equation, when RI intercept is incorporated and book value is used as a scaling variable.

Thatis, OI, ='f,,, — b, - ,,b, ~ @, RI,.

1
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Appendix 5.1: Extracts from Datastream manual

1) Item 210 (Earned for ordinary — adjusted)

General: Net profit after tax, minority interests and preference dividends. This is the adjusted
earnings using the adjusted pre-tax profit and taxation charge, i.e., excluding pre-tax
extraordinary items, non-operating provisions and transfers to tax-exempt reserves,
exchange gains/losses and any other items not relating to the normal trading activities of
the company.

210 = 175 (After tax profit — adjusted) — 176 (Minority interests) — 177 (Other
adjustments) — 180 (Preference dividend — gross) — 181 (Preference dividend for period) —
629 (Directors bonuses).

UK: 210 = 175 — 176 — 177 — 180 — 181 + 205 (Supplementary tax equalisation) + 206
(Adjustment to irrecoverable advance corporation tax) — 629 (for UK companies, item 629
is only applicable to miscellaneous financials).

2) Item 182 (Earned for ordinary — full tax)

General: This is the net profit after tax, minority interest and preference dividends.
182 =175 — 176 — 207 (Minorities — supplementary tax) — 177 — 181.

UK: The definition is similar to that for item 210 (Earned for ordinary — adjusted) except that
supplementary tax may have been deducted from item 210 to provide a comparable
earnings figure between accounts published before and after 1980, when the UK
accounting standard SSAP15 was issued.

3) Item 625 (Earned for ordinary)

General: This is the net profit after tax, minority interest and preference dividends, but before
any post-tax extraordinary items, using the published unadjusted figures.
625 = 154 (Pre-tax profit) — 203 (Total tax charge) — [1086 (Minority interests) or 176
(Minority interests)] — 629 — 177 — 181 [+622(Associates after-tax profit)].

4) Item 193 (Extraordinary items)

General: Extraordinary items as defined by the company will be entered here. The item applies
only for companies which show extraordinary items after tax.

5) Item 194 (Exceptional items)

General: This is the sum of all adjustments made to published pre-tax profit. Also included are
the adjustments made to published tax (Notional tax adjustment, item 185) and prior year
tax (item 199).

UK (IND:FRS3): 194 = 989 (Total tax adjustment) — 1097 — 981 (Adjustments to operating
profit) + 1083 + 1091 (Other non-operating adjustments) — 1090 (Adjustments to associate
profits)

6) Item 1083 (Total special items)

General: A Datastream created title reflecting the total of exceptional amounts shown in the
published P&L statements between operating profit or loss and non-trading
income/expense and individually highlighted at items 1079, 1080, 1081 and 1082.

1083 = 1079 (Profits of losses on termination of operations) - 1080 (Reorganization or
restructuring costs) + 1081 (Profits or losses on sale of fixed assets) + 1082 (Other special
gains/losses)
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Chapter 5. U.K. data and variables

Appendix 5.1 (continued)

7) Item 1094 (Tax on special items)

General: This is the tax as specified by the company relating to amounts shown at item 1083.

8) Item 1097 (Minority interest in special items)

General: The share of 'special items' relating to minorities.

9) Item 208 (Exchange adjustments)
General: Any after-tax adjustments are included here.

10) Item 376 (Total current assets)

General: This includes stock, work in progress, debtors, cash and equivalent and any other
current assets. Accounts receivable after 1 year are included.

11) Item 375 (Total cash and equivalent)

General: This includes cash, bank balances, short-term loans and deposits and investments
shown under current assets.

12) Item 389 (Total current liabilities)

General: This includes current provisions, creditors, borrowings repayable within 1 year and any
other current liabilities. It also includes trade accounts payable after 1 year.

13) Item 309 (Borrowings repayable within 1 year)

General: This shows bank overdrafts, loans and other short-term borrowings. The current
portion of long-term loans is also included.

14) Item 381 (Current taxation)

General: Corporation tax due for payment in less than one year.

UK: This includes any advance corporation tax on dividends shown separately by the company.

15) Item 136 (Depreciation)

General: This represents provisions for amounts written off (AWO), and depreciation of fixed
assets and assets leased in.

16) Item 392 (Total assets)

General: This relates to the total assets employed by the company.
392 = 339 (Total fixed assets — net) + 344 (Total intangibles) + 356 (Total investments
including associates) + 359 (Other assets) + 376 (Total current assets)

17) Item 187 (Ordinary dividends)

General: This relates to net amounts paid on ordinary shares, and also includes the variable
amount paid on participating preference shares.

18) Item 119 (Research and development)

General: This figure includes regular write-offs to the profit and loss account of research and
development capitalised in the balance sheet. Also included are amounts expended in the
year which are not capitalised.
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Chapter 5. UK. data and variables

Appendix 5.2: The development of U.K. income reporting standards

1) SSAP 6 (1974; Extraordinary Items and Prior Year Adjustments)
- Prior to SSAP 6, unusual or non-recurring transactions were frequently accounted for as

reserve movements. Moreover, there was the subjectivity in determining whether or not an
event was unusual or non-recurring.

SSAP 6 required most extraordinary or prior year items to be accounted for through the
P&L account, but not through reserves. It also required the separate disclosure of the
profit/loss on extraordinary items after the profit/loss on ordinary activities.

However, there were significant inconsistencies between different companies on disclosing
the effect of similar events in the P&L account, because SSAP 6 inadvertently caused the
development of a multiplicity of items classified as extraordinary.

2) SSAP 6 (1986, revised)

The revised SSAP 6 was aimed at reducing the problem of inconsistency in classification of
extraordinary items by means of defining 'ordinary activities', 'exceptional items' and
‘extraordinary items' and giving the extended list of examples.

However, as the Research Committee of ICAS (Institute of Chartered Accountants in
Scotland) identified later, there were some shortcomings in the UK income reporting
standards such as the adherence to legal form rather than economic substance, the use of
cost rather than value, the concentration on the past rather than the future, and the interest in
profit rather than wealth.

3) FRS 3 (1992; Reporting Financial Performance)

The main objective of FRS 3 is to ameliorate some of these shortcomings. That is, it is 'to
require reporting entities falling within its scope to highlight a range of important
components of financial performance to aid users in understanding the performance
achieved by a reporting entity in a period and to assist them in forming a basis for their
assessment of future results and cash flows'.

A basic rule in FRS 3 is that all recognised gains and losses must appear on the face of the
P&L account unless specifically permitted or required to be taken direct to reserves by law
or by accounting standards.

The P&L account has been reshaped as a layered format. The new format highlights
important components of firm's performance — 1) the results of continuing operations
including the results of acquisitions, 2) the results of discontinued operations, 3) profits and
losses on the sale or termination of an operation, costs of a fundamental reorganisation or
restructuring, and profits or losses on the disposal of fixed assets, and 4) extraordinary
items.

Extraordinary items are effectively abolished. Most items which were previously classified
as extraordinary items are to be treated as exceptional items.

All exceptional items should be included under the statutory format headings to which they
relate.

Especially, certain types of exceptional items should be shown separately on the face of the
P&L account after operating profit and before interest. These are 1) profits or losses on the
sale or termination of an operation, 2) costs of a fundamental reorganisation or
restructuring, and 3) profits of losses on the disposal of fixed assets. These items represent
most of items treated as extraordinary under SSAP 6 regime.

FRS 3 introduces a new primary financial statement in the form of a 'Statement of total
recognised gains and losses' to reflect the reporting of changes in wealth.
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Chapter 5. UK. data and variables
Appendix 5.4: Examples of Datastream errors

Examples of Datastream errors that I found when I collected data from Datastream in November
1999 are as follows.

1) DS 981

When published earnings numbers (DS 625) were adjusted to arrive at DS 210, Datastream
made some clear errors in DS 981 of some companies. But it was impossible to correct all of
these errors because I had to manage thousands of firm-year data. So I investigated only large
negative DS 981, and corrected some data using the numbers in the financial statements.

2) DS 1094 and DS 1097 before FRS 3

Lots of dead companies had numbers on DS 1094 and DS 1097 in the pre-FRS 3 regime. These
items should be available only after the implementation of FRS 3. So I corrected these errors.

3) DS 1083 before FRS 3

DS 1083 before FRS 3 that had value zero were found in 46 firm-year observations. This item
also should not be available before FRS 3. So I corrected these errors.

4) DS 193 after FRS 3

7 firm-year observations had non-zero value in DS 193 after FRS 3. I set this item to zero
because this item was effectively abolished with the introduction of FRS 3.

5) No annualisation

1 found some data that were not annualized, but I assumed these errors were made randomly. So
1 left these items as they were.

6) DS 210 and DS 182 that have zero values

I found that some zero earnings numbers actually represent missing values, not zero values.
These cases were found during 1969 to 1971, and deleted.

7) Other data entry errors

Other data entry errors were found in DS 392 (total assets) and DS 389 (current liabilities) etc.
For example, DS 392 should not be zero and DS 389 should not be negative. And I found some
missing values in DS 376 (current assets), DS 375 (cash and equivalent), DS 389, DS 381
(current taxation), DS 136 (depreciation) and DS 187 (dividends). I collated these data entry
errors with the numbers in the financial statements and corrected them. However, DS 381 in
Datastream is a very noisy item. It represents just 'corporation tax' for some cases as its
definition implies, but for some other cases it includes 'other taxation' and/or 'social security'
because no item is categorised as 'corporation tax' in the financial statement.
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Chapter 5. U.K. data and variables

Appendix 5.5: SSAP 15 (Accounting for deferred tax)

1) Need for a statement

- Taxable profits are often substantially different from accounting profits because of the
existence of ‘permanent differences' and 'timing differences'.

- Permanent differences come from non-taxable income or non-allowable expenditure (e.g.,
dividend income, government grant income, entertainment expenditure)

- Timing differences arise when certain items of income or expenditure are included in the
computation of taxable profit in one period and in the financial accounts in another.
Deferred tax is the tax that relates to timing differences.

2) Three approaches to account for the tax effects of timing differences

- Flow through approach: Only the tax payable in respect of a period should be charged in
that period. So no provision for deferred tax would be made.

- Full provision approach: Financial statements for a period should recognise the full tax
effects of all timing differences.

- Partial provision approach: Deferred tax should be accounted for to the extent that it is
probable that a liability or asset will crystallise and should not be accounted for to the
extent that it is probable that a liability or asset will not crystallise.

3) Two computation methods for deferred tax

- Deferral method: The tax effects of timing differences are regarded as deferrals of taxation
payable or recoverable to be allocated to future periods when the differences reverse.
Balances on the deferred taxation account are regarded as deferred credits or charges, and
are not revised on the changes in the rate of taxation.

- Liability method: The tax effects of timing differences are regarded as liabilities for taxes
payable in the future or as assets representing recoverable taxes. Whenever there is a
change in the rate of taxation, there will be a revision of the opening balance of deferred
taxation.

4) SSAP 15
- Since the original publication of SSAP 15 in 1978, the basic rules of accounting for deferred
tax have not changed significantly (i.e., partial provision approach and liability method).

< The development of accounting for deferred taxation in the U.K. >

Approach for deferred tax provision Computation method for deferred tax
ED 11 (1973) - Full provision - Deferral method
SSAP 11 (1975) - Full provision - Deferral or liability method
ED 19 (1977) - Full provision generally - Liability method

- Partial provision under some
conditions (not explained precisely)

SSAP 15 (1978) - Partial provision generally - Liability or deferral method
- Full provision on short-term timing
differences
ED 33 (1983) - Partial provision - Liability method implicitly
SSAP 15 - Partial provision - Liability method
(1985, revised)
SSAP 15 - Partial provision generally - Liability method
(1992, amended) - Full provision on post-retirement
costs
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Chapter 5. U.K. data and variables
Appendix 5.6: Relations and differences between 4 earnings measures

1) X1 vs. X2

X1 (DS 210, earned for ordinary — adjusted) and X2 (DS 182, earned for ordinary — full tax) are
exactly the same before the issue of SSAP 15, while, subsequent to SSAP 15, X1 is different
from X2 by the difference between full tax charge and tax charge after applying deferred
taxation in the SSAP 15 regime. The two items differ by the amount of DS 209 (Total SSAP 15
adjustments)”.

X1=X2+DS 209

2) X1 vs. DS 625

The relations between X1 and X3 or X4 depend on the relationship between X1 and DS 625
(earned for ordinary), a core item of X3 and X4. X1 should be the same as DS 625 less
exceptional items (DS 194) according to their definitions. In other words, the only reconciling
item between DS 210 and DS 625 is normally DS 194. This is true both before and after FRS 3.
However, DS 208 (Exchange adjustments after tax) in pre-FRS 3 occasionally arose as an
additional reconciling item, because DS 210 does not include after-tax exchange adjustments,
while DS 625 does.”

X1=DS 625—-DS 194 - DS 208

< Example for relations between X1 and DS 625 (Unilever) >

1988 1989 1990 1991 1992 1993
DS 625 830000 | 1050000 | 1108000 | 1148000 | 1286000 | 1291000
DS 194 20000 66000 52000 32000 9000 | -156000
DS 208 14000 23000 10000 3000 -2000 0
X1 (DS 210) 796000 961000 | 1046000 | 1113000 | 1279000 | 1447000

Note: FRS 3 has been applied from 1993.

3) X1 vs. X3

As X3 includes all exceptional and extraordinary items, but X1 excludes them, all exceptional
items and post-tax extraordinary items should be taken away from X3 to reconcile it with X1.

X1 =X3— (DS 194 + DS 208 + DS 193)

where DS 193 is extraordinary items after tax

5 DS 209 is an additional charge or credit that would be adjusted if full provision for deferred taxation

has been made.
76 DS 208 is included in DS 1082 (Other special items) in the post-FRS 3 regime. In other words, DS 208

has been effectively eliminated after FRS 3, even if the item still exists in Datastream.
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Appendix 5.6 (continued)

4) X1 vs. X4

As X4 includes exceptional items, but X1 does not, exceptional items defined in the pre-FRS
regime should be deducted from X4 to reconcile it with X1.

X1 =X4 - (DS 194 + DS 208) + (DS 1083 — DS 1094 — DS 1097)

where DS 1083 is total special items, DS 1094 is tax on special items,

and DS 1097 is minority interests in special items

5) X3 vs. X4

By definition, the difference between X3 and X4 should be post-tax extraordinary items,
because X3 includes all exceptional and extraordinary items, while X4 includes only
exceptional items. In the FRS 3 regime, DS 1083 — DS 1094 — DS 1097 represents most of
former extraordinary items.

X3 =X4+ (DS 1083 —DS 1094 — DS 1097) + DS 193

< Relations and differences between 4 earnings measures >

X2 X3 X4
X1 +209 — (194 + 208 + 193) —[(194 +208) — (1083 — 1094 — 1097))]
X2 - — (194 + 208 + 193) — 209 —[(194 +208) — (1083 — 1094 — 1097)] - 209
X3 - ; + [(1083 — 1094 — 1097) + 193]

Note:

1) All numbers indicate Datastream items.

2) Xi in the first column = Xj in the first row + Xij

3)DS 1083, 1094 and 1097 do not exist before FRS3.

4)DS 1083 =DS 1079 — DS 1080 + DS 1081 + DS 1082

5)DS 193 and 208 exist in Datastream after FRS3, but are effectively abolished (i.e., zero).

6) Generally, (DS 194 + DS 208 + DS 193) represents all exceptional and post-tax extraordinary items,
[(DS 194 + DS 208) — (DS 1083 — DS 1094 — DS 1097)] represents exceptional items defined in the
pre-FRS regime, and (DS 1083 — DS 1094 — DS 1097) + DS 193 represents post-tax extraordinary
items defined in the pre-FRS regime.
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Appendix 5.7: Median ROA for year in the U.K.

X1 X2 X3 X4
69 4.7% 4.7% 4.9% 4.9%
70 4.8% 4.8% 5.0% 5.0%
71 5.5% 5.5% 5.6% 5.6%
72 6.1% 6.1% 6.4% 6.4%
73 6.5% 6.5% 6.7% 6.5%
74 5.2% 5.2% 5.2% 5.2%
75 4.8% 4.8% 4.8% 4.8%
76 5.1% 5.1% 5.3% 5.2%
77 5.8% 5.3% 5.9% 6.0%
78 6.4% 5.3% 6.4% 6.5%
79 6.5% 4.7% 6.8% 6.8%
80 5.3% 3.8% 5.6% 5.7%
81 4.2% 3.0% 4.6% 4.9%
82 4.1% 2.9% 3.9% 4.2%
83 4.6% 3.4% 4.4% 4.8%
84 5.4% 4.2% 4.8% 5.5%
85 5.5% 4.8% 5.6% 5.7%
86 6.3% 5.8% 6.3% 6.4%
87 7.1% 6.9% 7.2% 7.3%
88 7.7% 7.3% 7.9% 7.8%
89 7.0% 6.8% 7.4% 7.2%
90 6.1% 6.0% 6.2% 6.2%
91 4.7% 4.5% 4.5% 4.8%
92 4.4% 4.2% 4.0% 4.4%
93 4.7% 4.6% 4.6% 4.7%
94 5.6% 5.4% 5.5% 5.5%
95 5.9% 5.7% 5.8% 5.8%
96 5.8% 5.6% 5.6% 5.7%
97 6.0% 6.0% 5.6% 5.8%
98 6.1% 6.1% 5.6% 5.7%
Average 5.7% 5.1% 5.6% 5.7%

Note: ROA is defined as earnings (X1 to X4) divided by total assets (DS 392).
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Appendix 5.8: Distribution of firm-year observations

Panel A: Data set from 1969 to 1998

No. of obs. | No. of firms | Cumulative | No. of obs. 1 year 2 year 5 year
per firm no. of firms lagged obs. | lagged obs. | lagged obs.
31 8 8 248 240 232 208
30 197 205 5910 5713 5516 4925
29 36 241 1044 1008 972 864
28 29 270 812 783 754 667
27 134 404 3618 3484 3350 2948
26 49 453 1274 1225 1176 1029
25 35 488 875 840 805 700
24 24 512 576 552 528 456
23 16 528 368 352 336 288
22 20 548 440 420 400 340
21 24 572 504 480 456 384
20 36 608 720 684 648 540
19 47 655 893 846 799 658
18 57 712 1026 969 912 741
17 64 776 1088 1024 960 768
16 43 819 688 645 602 473
15 62 881 930 868 806 620
14 57 938 798 741 684 513
13 72 1010 936 864 792 576
12 73 1083 876 803 730 511
11 82 1165 902 820 738 492
10 81 1246 810 729 648 405
9 74 1320 666 592 518 296
8 52 1372 416 364 312 156
7 52 1424 364 312 260 104
6 91 1515 546 455 364 91
5 141 1656 705 564 423 0
4 126 1782 504 378 252 0
3 214 1996 642 428 214 0
2 252 2248 504 252 0 0
1 145 2393 145 0 0 0
Total 2393 29828 27435 25187 19753
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Appendix 5.8 (continued)

Panel B: Data set from 1989 to 1998

No. of obs. No. of firms Cumulative No. of obs. 1 year
per firm no. of firms lagged obs.

11 6 6 66 60

10 313 319 3130 2817

9 167 486 1503 1336

8 108 594 864 756

7 69 663 483 414

6 62 725 372 310

5 76 801 380 304

4 124 925 496 372

3 164 1089 492 328

2 178 1267 356 178

1 204 1471 204 0

Total 1471 8346 6875

Note: Some companies changed their fiscal year end more than once during the sample period (1969-
1998). Thus, those companies have more fiscal years than the number of calendar years. That is why the
number of observations per firm more than 30 exists over the 30-year sample period (see Panel A). For
the same reason, the number of observations per firm more than 10 exists over the 10-year sample period
(see Panel B). However, the change of the fiscal year end does not affect the time-series analysis severely,
because the annualized accounting data from Datastream have been used.
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CHAPTER 6

RELIABILITY OF COMPETING VALUATION MODELS: U.K. EVIDENCE

6.1. Introduction and Motivation

As equity valuation based on the residual income valuation (RIV) relationship is
becoming standard in accounting-based capital market research, many researchers have
tried to examine the validity of the RIV model empirically. However, both the Ohlson
(1995)-type and the Feltham and Ohlson (1995)-type linear information dynamics (LID)
approach and the Edwards-Bell-Ohlson (EBO) approach are unlikely to represent the
market's expectations satisfactorily, even though those residual income-based valuation
approaches generally outperform the traditional valuation approaches — e.g. book value-
based valuation approach and earnings-based valuation approach (Dechow, Hutton and

Sloan, 1999; Sougiannis and Yaekura, 2000).

In particular, the empirical results in which value estimates based on the RIV models
produce large negative forecast errors can make practitioners suspicious of the practical
usefulness of these valuation models. Dechow, Hutton and Sloan (1999) (hereafter
DHS) report a negative bias of about 26% in value estimates derived by applying
Ohlson's (1995) linear information dynamics model, and the median ratio of the value
estimate to the observed stock price reported by Myers (1999b) is 0.411 for LIM1
(Linear information dynamics model (LIM) incorporating RI intercept, but not 'other
information (OI)"), 0.644 for LIM2 (LIM incorporating RI intercept, book value and its

growth, but not OI), 0.924 for LIM3 (LIM incorporating RI intercept, book value and its
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growth, and capital investment and its growth, but not OI), and 0.648 for LIM4 (LIM
incorporating RI intercept, book value and its growth, order backlog and its growth).77
Moreover, value estimates based on the EBO approach are also much lower than

observed stock prices on average (e.g. Lee ef al., 1999; Sougiannis and Yaekura, 2000).

This study is motivated by the large negative bias of value estimates arising from the
application of the RIV models reported in previous empirical studies. I suspect that this
large negative bias may be caused by model mis-specification. The main objective is,
thus, to examine the validity of the 'intercept-inclusive' LID model developed in
Chapter 3 in comparison with the Ohlson (1995) LID model and the EBO model using
all UK. industrial firms. I gave some indication of the relative superiority of value
estimates based on the 'intercept-inclusive' LID model in terms of bias and accuracy

using U.S. data in Chapter 4. This chapter provides evidence for the U.K.

This study is different from the U.S. study in Chapter 4 in the following respects. First, I
compare various valuation models, although the main focus is on the Ohlson LID model
(denoted as LIDY), the 'intercept-inclusive' LID model (denoted as LID16) and 2-year

horizon EBO models (denoted as EBO2 and EBO5).”®” The competing valuation

77 Note that Myers' (1999b) additional term in each pricing model related to RI intercept (i.e., ) is
incorrectly derived. (1-@,,) in LIM1's ¢, and w,, in LIM2 and LIM3's ¢, should be (1+r-w,, ) and

(1+r) @,, , respectively.

7 Precisely, the Ohlson LID model is the OI-inclusive general Ohlson (1995) model, the ‘intercept-
inclusive' LID model is the ‘intercept and OI'-inclusive modified LID model and EBO2 (EBOS) is 2-year
horizon EBO model under the assumption of zero (non-zero) RI growth.

7 Among the total observations (6,835) for the pricing test, the observations that have 2-year ahead
analysts' earnings forecasts are 5,958, while the observations that have 3-year ahead analysts' earnings
forecasts are only 3,033. Thus, 2-year horizon EBO model seems to be more comparable with LID

models than 3-year horizon EBO model.
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models consist of the Ohlson LID and its variants (total 9 models: LID1 — LIDY), the
'intercept-inclusive' LID and its variants (total 7 models: LID10 — LID16) and 6 EBO
models (EBO1 — EBO6). See Chapter 3 for the details of 22 models. To my knowledge,
there is little empirical research comparing the EBO-type and the LID-type valuation

models, so this is an additional motivation of this study.

Second, I use four alternative earnings measures in order to examine the sensitivity of
the results to different earnings measures. If the alternative earnings measures give
significantly different value estimates, the choice of earnings measure would be an

important issue in the residual income-based equity valuation research.

Third, in addition to two performance metrics — bias and accuracy — used in the U.S.
study of Chapter 4, the association between value estimates and observed stock prices
(explainability) is also examined. However, since those concerned with equity valuation
seek to estimate a firm's intrinsic value correctly, the ability of value estimates to
explain variation in observed stock prices is not as appropriate as bias and accuracy
metrics. Francis et al. (1999) state that, of the three metrics, they believe accuracy best
captures individual investors' loss functions, and bias assists in understanding the
accuracy results. Also, Holthausen and Watts (2001) state that “choosing between the
accuracy and association criteria requires an accounting and standard setting theory. If
the FASB is interested in investors being able to use the information to generate their
own estimates of value, association is the appropriate test. If the FASB is interested in
income measuring value, accuracy might be the appropriate test”. Thus, the accuracy

and bias test seem to be more appropriate in this study, because we are interested in the
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valuation model measuring the intrinsic value. The explainability test is peripheral.

Finally, various sensitivity tests are also conducted. For the main results, valuation
models are constructed as follows. 1) The future RI growth rate is assumed as 4% for
EBO4 — EBO6. 2) The future book value growth rate is assumed as 4% for the
'intercept-inclusive' LID model and its variants (i.e., LID10 — LID16). 3) The cost of
capital is assumed to be 5% plus the fiscal year average U.K. redemption yield on 20
year gilts. 4) To be comparable with value estimates, stock prices at 3 months after the
fiscal year end are used as benchmarks. 5) For consensus earnings forecasts, median
analysts' forecasts from I/B/E/S are used. Assumptions are varied in the subsequent

analyses in order to investigate the sensitivity of the results to the assumptions made.

The remainder of this chapter is structured as follows. In the next section 6.2, some
research questions and research design relevant to the LID parameter estimation and the
pricing test are described. Section 6.3 shows the replicated results of DHS using the
UK. data. In Section 6.4, the reliability of value estimates derived from 22 competing
valuation models is tested and compared. Section 6.5 contains the sensitivity test and

Section 6.6 concludes.
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0.2. Research Questions and Research Design

6.2.1. Research questions

Estimation of LID parameters

In the Ohlson Model, persistence parameters are very important because they determine
the pricing formula. Estimation of persistence parameters is peculiar to all LID models.
Even though analysts' earnings forecasts are commonly employed in the EBO approach,
the estimation of future residual income for the EBO value estimates is not crystallized.
It means that various approaches can be applied to the estimation of future residual
income. On the other hand, the estimation of persistence parameters suggested by
Ohlson (1995) is performed through the fixed framework called the linear information
dynamics. Therefore, when the Ohlson model is criticized in terms of its validity, it 1s
not the RIV model itself, but the assumed linear information dynamics. There is of
course much room to modify Ohlson's (1995) linear information dynamics in order to
better estimate the intrinsic value. One good example is the Feltham and Ohlson (1995)
model, which incorporates conservative effects in the linear information dynamics. The
inclusion of intercept terms in the Ohlson (1995) linear information dynamics is also a

way to better estimate the intrinsic value.

My research starts from the replication of DHS's work for the estimation of persistence
parameters using U.K. industrial data. This enables me to investigate whether the results
of the two countries are consistent or not. At this stage, the same question as DHS's is

also investigated: Is the AR(1) process sufficient for the forecast of future residual
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income? If it is proved that the AR(1) process is sufficient, the procedure to estimate a

firm's value is very simple and straightforward.

More related questions about the parameters that are necessary for the LID models
would be as follows. Are the sign and/or the magnitude of the parameters similar to the
results of the U.S. study? Additionally, since I use four different earnings measures,
whether different earnings measures give rise to different parameters will be another
research question. If LID parameters significantly depend on earnings measures, it is
worth investigating which earnings measure provides the persistence parameters that
have quick mean reversion and high explanatory power, and why. A related question

would be how much abnormal items impact on the forecast of future residual income.

Next, there may be differences in parameters according to scaling variables. In
empirical research, it is common to deflate variables by a scaling variable in order to
control for the effect of size. Since I use stock price as a scaling variable for the
replication of DHS, but book value for the application of the 'intercept-inclusive' LID

model, it may be worth examining whether different scaling variables cause large

differences in the estimated LID parameters.

In addition, it may also be worth noting how much OI intercept and persistence
parameters change according to the definition of OL OI is defined as the difference
between analyst-based RI forecasts and univariate AR(1) model-based RI forecasts.
Thus, if we ignore intercept terms in the linear information dynamics, the univariate

AR(1) model-based RI forecast equals the RI persistence parameter times current
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residual income, while if we incorporate intercept terms, the mechanical model-based
RI forecast additionally includes the RI intercept parameter times the current scaling

variable.

Pricing test

As most empirical research shows, the Ohlson model does not completely explain the
market's expectations. There might be two possibilities. One is that Ohlson's model may
be mis-specified or too restrictive, and the other is that the applicability of the Ohlson
model may be different under different circumstances. If the second possibility is true in
the real world, a pooled analysis including all industrial firms might give rise to
misleading inferences on the validity of the Ohlson model. Thus, an important research
question relates to the potentially differing level of applicability of the Ohlson model
and other RIV models in different circumstances. I deal with this research question in

Chapter 7.

As I mentioned before, the main objective of this chapter is to examine the validity of
the various residual income-based valuation models. Thus, after estimating parameters
for the LID models, I am going to provide U.K. evidence regarding which of the value
estimates from the alternative RIV models generally gives the intrinsic value estimate
which is closest to current stock prices using a pooled sample. In other words, my main
research question is about the reliability of the RIV models. Specifically, the related
questions would be as follows. 1) Which valuation model's value estimates dominate
other models' value estimates in terms of bias, accuracy and explainability? 2) Is the

superiority of a certain valuation model or the relative ranks of competing models
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consistent regardless of the choice of earnings measures? 3) Which earnings measure
generally enhances the validity of the RIV models? 4) How much do exceptional and/or

extraordinary items affect firm valuation?

6.2.2. Research design about the estimation of the LID parameters®®

Estimation of unconditional RI persistence parameters (o )*!

To measure RI persistence parameters, I firstly use the pooled time-series and cross-
sectional regression analysis by running an equation based on Ohlson's AR(1)
information dynamics (Eq. 1). At this stage, all regression variables on a per-share basis
are scaled by stock price or book value at the end of year ¢ in order to control for size.
Scaling by stock price or book value at the end of year ¢ for all regression variables is
adopted in all subsequent analyses related to the estimation of RI and OI parameters. As
a scaling variable, stock price is used for the purpose of replicating DHS and of
comparing the U.K. results with the DHS's U.S. study, while book value is used for the
purpose of applying the 'intercept-inclusive' LID model and of comparing all competing

valuation models used in this study.

Xy =0 + O X; + &, (Eq. 1)
a

Xjy =@ + O X;] +@,x + WX, + DX 5+ Epy (Eq. 2)

Xiy =@ + O X, + @b, + &, (Eq. 3)

8 The estimation of the LID parameters is an extended replication of DHS.
81 See Appendix 6.1 for the relevant practical issue when estimating RI parameters when OI is dealt with.
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a __ a b
X =@y T O X, +@,0, +&,, (Eq. 4)

a —
Xy =0y + O X, +@,b,_, +&,, (Eq. 5)

For the purpose of replicating DHS and of comparing the UK. results with the DHS's
U.S. study, the resultant persistence parameters from Eq. 1 are then compared with the
persistence parameters of another model with 3 additional lagged residual income terms
(Eq. 2) and with an additional book value term (Eq. 3). These analyses are exactly the
same as DHS, so the objectives at this stage are to examine whether the results using
UK. data are consistent with those using U.S. data. The AR(4) model in Eq. 2 is
applied to investigate whether the AR(1) process is sufficient for future residual income
generation. Also, lagged book value, which is a component of current residual income,
is added to check whether it affects the residual income generating process. If the AR(1)
process is sufficient, the lagged book value should not play an informative role on the

future residual income generation.

In addition, I try to explore other models with a book value term. In Eq. 4, current book
value rather than lagged book value is employed as proposed by Myers ( 1999b).% Thus,
o, in Eq. 4 is a conservatism parameter, and is predicted to be greater than zero. On the
other hand, Eq. 5 is the regression equation of future residual income on the
components of current residual income — i.e., current earnings and lagged book value.

The purpose of this equation is to examine the effect of the components separately, and

82 Even though Feltham and Ohlson (1995) use operating income and operating assets to capture the
conservative accounting, Myers (1999b) states that the empirical results using Feltham and Ohlson (1995)

model and Eq. 4 are very similar.
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to compare with @, in Eq. 1.

Effects of abnormal items on RI persistence parameters

One of the objectives for which I try to use alternative earnings measures is how much
exceptional and/or extraordinary items affect future residual income. Besides the direct
comparison between parameters estimated by alternative earnings measures,
multivariate regression of future residual income on current residual income and

abnormal items are performed to specify the effects of those items.

Let X3 and X4 to be earnings inclusive of all abnormal items (4EX) and earnings
inclusive of just exceptional items (EXC), respectively.® The multivariate regressions to
investigate the effects of abnormal items are in the following Eq. 6, Eq. 7 and Eq. 8. All
equations are driven to show how much current abnormal items included in earnings
play an informational role for forecasting next-year aggregate residual income. Since
abnormal profits and losses tend to occur once in a while so that next year's earnings
(residual incomes) tend to return to the level that a firm can achieve normally, the
corresponding regression coefficients are all predicted to negatively relate with future

residual income. Thus, all coefficients that are related to abnormal items (@, to w,) are

predicted to be negative.

X3;

t+1

=w, + 0, X3} + 0, EXC, + 0, EXT, + ¢, (Eq. 6)

X3

t+1

=0, +w,X3] +w,AEX, + ¢, (Eq. 7)

8 For details of earnings definitions, see Chapter 5, Section 5.1.
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X4}, =0, +0,X4] +0,EXC, +¢,, (Eq. 8)

where “a” denotes residual income (abnormal earnings). Eq. 6 and Eq. 7 are the same
with respect to investigating the effect on future residual income of all abnormal items.
Eq. 6 is just to separate the effect of all abnormal items using exceptional items and

extraordinary items (EXT).

Estimation of conditional firm-specific @

Next, firm-specific persistence parameters are estimated. I define 5 determinants for the
conditional persistence parameter, and replicate as DHS suggests. However, since I use
4 alternative earnings measures (see Chapter 5, Section 5.1 for alternative earnings
definitions), the item corresponding to special items (g2 in DHS) needs to be varied
according to the earnings measure that is used. General equations to estimate firm-

specific persistence parameters are Eq. 9 and Eq. 10.

X' =@, +ox, +a,(x,ql,_)+, (x1q92,.)) + @,(x",q3,) + 05 (x,g4,,) + (Eq. 9)

@5(x,q5,_,) + @, (x/,div, ) + wy(xind, ) + &,

ol =0, + 0,91, + 0,92, + ©,93, + 0594, + W45, + w,div, + wgind, (Eq. 10)

where g1 is the magnitude of residual income, ¢2 is the magnitude of exceptional items,
g3 is the magnitude of extraordinary items, g4 is the magnitude of all abnormal items,
g5 is the magnitude of accounting accruals, div is the dividend payout ratio, and ind is

. . . 4
the industry-year specific persistence measures.®

8 See Chapter 5, Section 5.2 for the details of variable definitions.
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The variables in Eq. 9 are expected to have attributes to determine the degree of the
persistence of residual income. The predicted signs of the corresponding coefficients are

discussed below:

ql: The magnitude of residual income represents the absolute value of the abnormal
accounting rates of return (ARR). Intuitively, it is difficult for a firm to sustain
extremely high abnormal ARR because competition is likely to eliminate the firm's
competitive advantage (O'Hanlon, 1997; Freeman et al., 1982). Similarly, if a firm
experiences extremely low abnormal ARR, the management may practice 'income
manipulation' to maximize short-run abnormal ARR (Brooks and Buckmaster, 1976;
Freeman et al., 1982). Thus, the residual income for firms with large g/ tends to be less

persistent (i.e., mean revert more quickly) than for firms with small ¢, so that @, in

Eq. 9 is expected to be negative.

g2 — q4: The abnormal items such as exceptional items, extraordinary items are likely to
be more transitory than earnings from firms' normal activities. That is, the magnitude of
such abnormal items is negatively related with the persistence of residual income, so the

corresponding coefficients of g2 to g4 (i.e., @, to w;) are all predicted to be negative.

g5: Residual income is less persistent when accruals comprise a large proportion of

current earnings (Barth et al, 1999). Thus the coefficient of the magnitude of

accounting accruals (@) is predicted to be negative.

171



Chapter 6. Reliability of competing valuation models: U.K. evidence

div. This is the most controversial part in Eq. 9. DHS predict the corresponding
coefficient of div to be negative, because firms with growth opportunities are considered
to have lower dividend payout ratios. However, as Hand and Landsman (1998, 1999)
show, dividend can be considered as a component of OI that plays a positive

informational role for predicting future residual income.

ind: The relationship between industry-specific and firm-specific persistence parameters
is predicted to be positive, because industry-specific factors are relatively stable over
time so that historical persistence of a certain industry has the positive effect on the

persistence of firms in the same industry (DHS).

Estimation of OI and its persistence

As Ohlson (2001) and DHS suggest, OI is measured by means of I/B/E/S analysts'
consensus earnings forecasts. Since the estimated future residual income can be defined
as one-year-ahead analysts' earnings forecasts less a capital charge based on the current
book value, Ol is reasonably estimated by the following equation (Eq. 11). That is, Ol is
defined as analyst-based RI forecast less mechanical AR(1) RI model-based RI forecast.

Given OI (v), it is easy to estimate the persistence parameter, y , using Eq. 12.

v, =ftil _Er [$t11]=ft+1 _rbt _Et [}It‘il] (Eq- 11)
Vg =Yoo t Ve T &y (Eq. 12)

~a |- a a . .
where E, [xm] is w,x; or w, +w,x; depending upon the assumption of @, .
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6.3. Replication of Dechow, Hutton & Sloan (1999) — scaled by stock price

6.3.1. Estimation of @ and y

Here, I present the estimating process and results of the U.K. RI and OI persistence

parameters (@ and y). The methodology is mainly based on DHS. All regression

variables on the per-share basis are scaled by stock price at the end of year ¢ in order to
control for size,* because the analysis is conducted on a pooled basis, not on a firm-by-
firm basis. Moreover, the most extreme 1% of each regression variable is deleted in all

regression analysis to remove the effect of extreme data points.

Pooled o with one lag

Since residual income variables are on a per-share basis, current stock price is used as a
deflator. Thus, the variables in the estimating equation in Table 6.1 for residual income
persistence parameters are implicitly the scaled per-share data. This equation can be
used for the parameters of all LID models regardless of the incorporation of OI, as long
as we assume that the OI variable is independent with the RI variable in the same time

horizon.®® This equation is equivalent to Ohlson (1995)'s linear information dynamics

8 Practically, Ohlson's AR(1) model will be equivalently x/ = @, + @,x,", + &, when we estimate the
persistence parameter with historical residual income. Thus, regression variables are scaled by lagged
stock price so that a regression equation is like x;' / P’ =, +w x, / Pi+e.

8 Bven under the assumption of the independence between RI and O, the estimated intercept ), is the

real intercept plus mean OI. Thus, it is difficult to estimate the real intercept in practice. In this study, the
estimated intercept @, is used as a proxy of the real intercept, despite the possibility of some noise.
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without OI, except that regression variables in this equation are scaled. An empirical
estimate of Ohlson's linear information dynamics should allow for a non-zero intercept
if we assume that the discount rate differs from the average long-run ROE (Myers,

1999b).%” Note that @, estimated from this equation is a proportion of current stock

price, not the level of (per-share) residual income.

Table 6.1 shows the persistence parameters for 4 different earnings measures. The

intercepts (w,) of all earnings measures are negative and significantly different from

zero. This is consistent with prior research (e.g. Dechow et al. 1999, Myers 1999b).
Myers (1999b) states that this is because the average discount rate is higher than the

average ROE. The persistence parameters (@,) are 0.502 to 0.667, and statistically

significant. Thus, Ohlson's hypothesis that 0 < @, <1 is strongly supported.

More importantly, the persistence parameters of pre-exceptional and pre-extraordinary
eamings (i.e., X1 and X2) have larger coefficients than other earnings, because they are
more closely related to firms' normal trading activities which is supposed to be more
permanent. From this viewpoint, it is not surprising thaf X3 has the lowest coefficient
amongst the four earnings measures, because this includes all transitory earnings. And
from the coefficient of X4, exceptional items seem to be much more permanent than
extraordinary items. The relative magnitude of explanatory power (R?) between
alternative earnings measures has a similar pattern with that of RI persistence. Year-

specific residual income persistence parameters that are estimated using all available

8 The mean (median) ROE based on X1 to X4 in the UK. are 14.8% (13.2%), 13.7% (11.9%), 13.5%
(13.1%), and 14.4% (13.4%), respectively.
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data from 1969 through the forecast year are shown in Panel B.

In order to examine the effects of abnormal items, 3 multivariate regressions with
abnormal items are conducted. In the second equation in Table 6.2, X3 is earnings
inclusive of all abnormal items so that the variable representing all abnormal items is
included in the right-hand side of the equation. The purpose of conducting the first
equation in Table 6.2 is to investigate the effects of the components (i.e., exceptional
and extraordinary items) of all abnormal items separately. Similarly, the variable
corresponding to exceptional items is included in the third equation, because X4 is

earnings inclusive of exceptional items, but not extraordinary items.

The results of these multivariate regression analyses are summarized in Table 6.2. Note
that controlling for exceptional and extraordinary items causes @, to rise to a level that
is similar to that for @, (X1) and @, (X2) in Table 6.1. Here, the coefficients of
variables corresponding to abnormal items (i.e., ®,, @, and ®,) are all statistically
significant and negative as expected, and the magnitude of these numbers is relatively
large. Thus, the smaller persistence parameters of X3 and X4 compared to those of X1
and X2 in Table 6.1 arise because the abnormal items included in X3 and X4 give rise to
a decline in residual income persistence. Especially, we see that extraordinary items

have a larger decremental effect than exceptional items. These results from multivariate

regressions make sense and are consistent with the pattern of coefficients in Table 6.1.
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Pooled & with four lags

DHS also run the auto-regression model with four lags in order to explore whether
Ohlson's AR(1) process is sufficient to describe the generation of residual income. Table
6.3 presents the same analysis. The intercepts of all earnings measures are negative and
significant, and the coefficients of lag one residual income are significant. And, in the
case of X3 that is most similar to DHS's earnings definition, the coefficient of 2 year
lagged residual income is significant and positive as in DHS's results. However, in the
case of other earnings measures, those coefficients are negative. Moreover, somewhat
differently from DHS's results, some coefficients of 3 and 4 year lagged residual income
are significant. Nonetheless, the magnitude of the coefficients of these additional lags
suggests that the lags have negligible impact on future residual income in general.®®
Thus, the AR(1) process proposed by Ohlson (1995) is relatively sufficient to forecast

the future residual income.

Pooled w with book value

Here, I include book value as another explanatory variable, because the assumption that
only current residual income has an informational role to forecast future residual income
is too restrictive. Table 6.4, Panel A is just the replication of DHS. Consistent with
DHS, the book value has a negative and significant coefficient, and its addition causes a
decline in the coefficient on residual income. The higher R? compared to that of Table

6.1 also shows that book value gives additional information to the future residual

8 1f I extend to include up to 5 year lagged residual income, the coefficient of 4 year lagged residual
income becomes non-significant, but the coefficient of 5 year lagged residual income becomes .
significant. Moreover, because the correlation between dependent variable and 4 year lagged r§s1dual
income is too low, 4 year lagged residual income seems to have little effect on future residual income.

176



Chapter 6. Reliability of competing valuation models: U.K. evidence

Income generating process.

The model in Table 6.4, Panel B is similar to that in Panel A, but it is based on Myers
(1999b) which includes current book value rather than lagged book value in order to
capture the conservative accounting effect on the future residual income. The results are
also consistent with Myers (1999b). Firstly, the intercepts of all cases are 0.032 or so
and significantly positive (median 0.07, Myers (1999b)). Secondly, the conservatism

parameters (w,) are significantly negative in all cases when they are predicted to be
positive (i.e., 0 < @, < 1), which means that this model does not explain the

conservatism effect on information dynamics either. This is really to do with the fact
that RI used to estimate the model is negative on average.®® Compared to Panel A, all
coefficients and explanatory powers are larger and more significant. It makes sense that
the current book value has more ability to forecast future residual income than the past

book value.

Panel C of Table 6.4 shows the regression of future residual income on the components
of current residual income (i.e., current earnings and one year lagged book value). We
see that earnings have an incremental effect on future residual income, while lagged
book value has a decremental effect. Compared to Table 6.1, the explanatory power is
larger in all cases, which means that the decomposition of current residual income
describes future residual income more accurately, even though the cost of equity is the

missing component here. Since the cost of equity is cross-sectionally constant for each

% Although expected future negative RI would indicate 'aggressive accounting' (i.e., book value > market
value), this is not happening here.
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year, its omission seems to have a small effect. Taken together with Panel A, B, and C,
the inclusion of book value to the Ohlson's information dynamics and the
decomposition of residual income are likely to have more ability to explain future
residual income. Note that in this study, the 'intercept-inclusive' LID approach in which
the regression variables are scaled by book value actually incorporates the effect of

book value on the future residual income.

Firm-'speciﬁc o (o))

Using the determinants of DHS for firm-specific conditional @, I run the equation in
Table 6.5, Panel A. The only difference is that DHS uses just one earnings measure,
while I use four different earnings measures. Thus, instead of the magnitude of special
items used in DHS, I need the magnitude of the abnormal items corresponding to each
earnings measure. That is, I have to define the magnitude of all abnormal items for X3
and the magnitude of exceptional items for X4. In the case of X3, I try to run two
regressions. One is with the magnitude of all abnormal items, and the other is with the
components of all abnormal items (i.e., after decomposing it into exceptional and

extraordinary items).

As shown in Table 6.5, Panel A, the coefficients of residual income (@, ) are significant
in all cases, and range from 0.68 to 0.72 (0.61 in DHS). And as predicted, the

coefficients of the magnitude of residual income (@, ), the coefficients of the magnitude
of abnormal items (@,, @,, and ®,) and the magnitude of accounting accruals (@)

are significantly negative for all earnings constructs. Moreover, industry-specific RI
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persistence seems to be positively related to the RI persistence of a firm that belongs to
the industry, as predicted. These results are consistent with DHS. However, the
coefficients of dividend payout ratio are large and significantly positive when it is
predicted to be negative, so are very inconsistent with DHS. As Hand and Landsman
(1998, 1999) says, dividend payout policy seems to play a positive informational role

for future residual income.

Table 6.5, Panel B shows the distribution of the conditional firm-specific persistence

parameters (»” ). The mean (median) of @/ is 0.70 to 0.79 (0.78 to 0.93). And more
than 92% of firm-years have persistence parameter greater than zero and less than 1
regardless of earnings measures. It is also worth noting that most firm-years (more than

86%) have a high persistence parameter that is greater than 0.5.

Estimation of y

Here, I produce the estimates of the OI persistence parameter. The estimation process of
OI persistence is like that of RI persistence, even though there is an inconsistency
problem when analysts' earnings forecasts from I/B/E/S are used for the calculation of
OL. This is because none of the four earnings constructs matches exactly the I/B/E/S
earnings forecasts. Leaving this limitation to further research, I here use all four

earnings measures and book value from Datastream.

In Table 6.6, Panel A, all intercepts are significantly positive, and similar to DHS's
result (0.01). OI persistence parameters are also significant, and range from 0.32 to 0.37

(0.32 in DHS). Thus, OI persistence using the UK. data is quite similar to that using the
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U.S. data. To be consistent with DHS's approach, I assume zero-mean residual income
reversion and define OI as analyst-based RI forecasts minus the mechanical model-
based RI forecasts ignoring the RI intercept. Panel B shows the year-specific OI
persistence parameters that are estimated using all available data from 1989 through the

forecast year.

6.3.2. Reliability of alternative value estimates

Before conducting a reliability test on alternative value estimates, I examine the RI
forecasting ability of those valuation models. The RI forecasting ability of the assumed
LID process, reported in Table 6.7, shows that the magnitude of absolute forecast errors
is somewhat different to DHS, but the pattern is consistent. As with DHS, the LID
process incorporating OI produces the most accurate RI forecasts, and the absolute RI
forecast errors derived by applying such LID process (i.e., the LID process for LID5-
LID9 models) are significantly lower than other LID processes (i.e., the LID process for
LID1-LID4 models) at 1% level. Note that the next year's RI forecasts are just analyst-

based RI forecasts when Ol is incorporated in the LID process.

Table 6.8 presents the reliability of alternative valuation models in terms of bias,
accuracy and explainability. In Panel A, the relative ranks of median bias among
competing value estimates are exactly the same as DHS,” but mean bias suggests that

the Ohlson LID model (LID9) seems to dominate most of its special cases. I believe that

% DHS only reported the mean values of bias and accuracy.
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the median value is more appropriate for the comparison of value estimates than the
mean value, because the mean value can be considerably affected by the extreme
outliers. So I will mainly focus on the median values in this study. Panel B shows the
statistical test for differences of median and mean bias. For the test of median (mean)
differences, the sign test and the Wilcoxon signed rank test (student's t test) are used for
the paired sample.”’ Even though the median bias of LID9 is significantly different from
that of LID6, two median figures are very similar, indicating that LID9 together with
LID6 performs well among 9 models. However, the value estimates based on LID9
substantially underestimate the observed stock prices by about 29% (mean) or 43%

(median) of the price (mean 26% in DHS).

On the other hand, median and mean accuracy, reported in Panel C, shows very
consistent results with DHS. LID6 and LID7 significantly dominate LID9 in terms of
accuracy. Note that DHS ignored LID7 that assumes (@, =0, y, = 7,), because it is
theoretically identical to LID8 that assumes (@, = @,, y, = 0). But LID7 can be
different from LID8 practically, so I include it in the set of competing valuation
models.”? In Panel E, LID9 is also outperformed by LID6 and LID7 in terms of
explainability. Thus, as DHS conclude, Table 6.8 generally suggests that value estimates

just capitalising one-year ahead earnings forecasts in perpetuity (LID6) seem to

dominate the Ohlson LID model-based value estimates in terms of all performance

°' I believe that the sign test is most appropriate in this study because almost all test variables (the
difference between forecast errors of 2 different model-based value estimates) are not normally

distributed and are not symmetric.
?2 As shown in the note to Table 6.6, y, for LID7 is 0.735 to 0.835, and it is different from ¢, for LID8

(0.502 to 0.693).
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metrics.

Overall, the replication for the estimation of RI and OI persistence parameters and the
examination of the models' relative reliability using the UK. data gives quite similar
results with DHS's U.S. study. The choice of alternative earnings measures is unlikely to

make any significant difference in the relative validity of alternative valuation models.

6.4. Reliability of Competing Valuation Models — scaled by book value

In Section 6.3, stock price is used as a scaling variable in order to make the replicated
results comparable with those reported in DHS. DHS ignored intercept terms, which
contains information about the mean. I wish to explore the effect of taking account of
these. If I include intercept terms, then the scaling variable appears in the pricing model.
Thus, scaling by stock price causes stock price to be an input to the pricing model, so
that the pricing model is unlikely to be useful to practitioners or to academics.
Therefore, for the subsequent analysis, I use book value as an alternative scaling

variable.

6.4.1. Estimation of @ and y

Table 6.9 reports the RI and OI persistence parameters when book value is used as a
scaling variable. The pooled unconditional RI persistence parameters (@, ), reported in

Panel A, show a similar pattern and magnitude to those in Table 6.1, but the intercepts
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(@,) seem to be getting closer to zero. Based on X1 earnings measures, @, is not
statistically different from zero. And the magnitude of @, based on X2, X3 and X4 is
very small compared to that in Table 6.1. The relative magnitude of explanatory power
(adjusted R?) between models based on alternative earnings measures has a similar

pattern with that of RI persistence. Year-specific RI persistence parameters that are fed

to the pricing formula as well as the calculation of OI are shown in Panel B.

Table 6.10, Panel A presents the coefficients on the determinants of firm-specific
persistence parameters using exactly the same method as was used in Table 6.5, but
using regression variables scaled by book value rather than stock price. The sign of all
coefficients except @, (the coefficient of the magnitude of residual income) is
consistent with that reported in Table 6.5, but the magnitude is very different.
Especially, the coefficients of residual income (@,) are much smaller than the
corresponding coefficients in Table 6.5. However, as shown in Table 6.10, Panel B, the
distribution of the resultant firm-specific persistence parameters is not much different
from that in Table 6.5. The mean (median) of @/ is 0.71 to 0.80 (0.74 to 0.80). And
most of firm-specific persistence parameters (more than 89%) are in the range of zero

and one, which is Ohlson's (1995) hypothesis.

Panel A and Panel C in Table 6.11 respectively report OI persistence parameters when

w, is ignored and incorporated. The OI intercepts (7, ) and persistence coefficients (7,)

in both panels are very similar regardless of the assumption for RI reverting process.

This is because the estimated @, in Table 6.9 is very small so that its inclusion for the

183



Chapter 6. Reliability of competing valuation models: U.K. evidence

calculation of OI has little effect on the OI numbers. By the way, scaling by book value
rather than stock price (see Table 6.6, Panel A) seems to induce larger 7, and 7,. As we
mentioned earlier in Chapter 3, a small change in y, as well as ignoring or

incorporating it could give rise to large difference in the value estimates.

Table 6.12 reports parameters under the restriction of w, and/or y,. Because the
restriction of @, and/or y, make the equations in linear information dynamics different
from the original equations, the RI and OI persistence parameters estimated in Table 6.9
and Table 6.11 cannot be used directly for the corresponding pricing model. For
example, if intercepts are not incorporated and @, is assumed as zero (i.e., LID7), Ol is
defined as one-year ahead analyst-based RI forecasts ( f,;,) rather than £}, minus @,
times RI. Therefore, OI persistence parameters are estimated from the regression of
scaled f,%, on lagged scaled f,},. For the same reason, @, for LID10, LID13 and
LID14 (Panel B), 7, for LID13 (Panel C), y, and y, for LID14 (Panel D), and y, for

LID15 (Panel E) should be estimated separately. Notes 6 to 10 describes the estimating

process or the estimators briefly.”

6.4.2. Reliability of alternative value estimates

The reliability tests of 22 valuation models are summarized in Table 6.13. First, Panel A

shows the bias of models' value estimates from the observed stock prices. Regardless of

% For details of the estimating process or the estimators, see Chapter 3.
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earnings measures, the relative ranks of median (mean) signed forecast errors of
alternative value estimates are very consistent. Most notably, the development of the
'intercept-inclusive' LID model (LID16) in order to capture the effect of intercept terms
on the value estimates removes most of the downward bias of the value estimates based
on the Ohlson LID model (LID9). And LID16 also dominates the EBO models by large
difference in the bias. The median (mean) bias of LID16 ranges from -17.6% to -22.5%
(-0.3% to 7.7%) of price according to earnings measures. A little bit surprisingly,

LID13, which is a special case of LID16 that assumes (@, =0, 7, =0) and

incorporates OI, also generates quite good value estimates in terms of bias. The median
(mean) bias of LID13 is about -20% (5%) of price and is very similar to that of LID16.
On the other hand, LID15, which is another special case of LID16 that assumes

A

(w, =d,, 7, =0) and incorporates O, gives rise to almost zero median bias, but quite

large upward mean bias. Note that just assuming non-zero mean RI reversion without
incorporating OI in the pricing model (i.e., LID10 — LID12) gives more downward bias

(i.e., performs worse) than that caused by the implementation of the Ohlson model.

Panel B reports the test for differences of median and mean bias. It is based on earnings
measure X4, but the results based on the other 3 earnings measures are very similar in
terms of the significance of differences. If 2 samples (i.e., forecast errors of 2 different
model-based value estimates) are paired, the sign test and the student t test are
respectively used for median and mean differences. If 2 samples have different
observations (e.g. forecast errors of LID16 vs. EBOS), the Mann-Whitney U test (i.e.,
Wilcoxon rank sum test) and two-sample t test are respectively used for median and

mean differences. From Panel B, we see that median and mean bias of LID16 are
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significantly different from those of other models at 1% level.

Panel C in Table 6.13 reports the absolute forecast errors of alternative value estimates
as a metric of accuracy. The median values of accuracy also evidence that LID16 gives
quite accurate value estimates. As shown in Panel D, the median accuracy of LID16 is
statistically outperformed by that of EBOS5 and EBO6, but the differences are small.
Moreover, the development of LID16 gives rise to about 7% improvement in accuracy
against LID9. The median accuracy figures show that the EBO models, the 'intercept-
inclusive' LID model and some of its variants (LID13 and LID15) generally outperform
the Ohlson LID model and its variants. However, LID10, LID11 and LID12, which are
also variants of the 'intercept-inclusive' LID model that assume non-zero mean RI

reversion and no OI, have the worst accuracy.

On the other hand, the mean accuracy of LID16 is not good. I guess this is partly
because the additional term included in LID16 from the incorporation of the intercepts
is sensitive so that LID16 tends to produce more extreme value estimates than the
Ohlson model. In other words, although recognition of intercepts improves accuracy in
one respect by shifting the centre of the distribution of valuation errors closer to zero, it
reduces it in another respect because capitalization of mean effects as perpetuities

increases the dispersion in valuation errors.

In order to examine why the mean accuracy of LID16 does not improve much, I plot
forecast errors based on LID9, LID16, EBO2 and EBOS in Figure 6.1. Here, the dark

line depicts observed stock prices, and the pale line represents forecast errors as a
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percentage of observed stock prices. A large number of valuation errors of LID9, EBO2
and EBOS are located below stock prices, indicating that those valuation models
produce large negative bias overall. On the other hand, LID16 shifts the distribution of
valuation errors upward so that it eliminates most of the negative bias resulting from
applying LID9. However, we see that in the area of low stock prices, LID16 produces
large positive forecast errors much more than LID9, EBO2 and EBOS. This could be
one explanation for the poor mean accuracy of LID16. Unreported tests show that if we
just focus on stock prices (scaled by lagged stock price) greater than 0.66 (about 80% of
total firm-years), the mean accuracy of LID16 improves from 0.557 to 0.481 and
dominates that of other LID models. LID9 improves its mean accuracy only by 0.01

(from 0.509 to 0.499).

Finally, Panel E in Table 6.13 presents the explainability of the competing value
estimates. Unlike the relative superiority of LID16 in terms of bias and (median)
accuracy, the ability of its value estimates to explain cross-sectional variation in current
stock prices is not high. The explainability of LID16 is outperformed by the Ohlson
model and some of its variants (LID6 and LID7) as well as all EBO models. As
mentioned above, however, the explainability seems to be less appropriate than bias and

accuracy for this kind of valuation research.

Figure 6.2 graphically illustrates the reliability of alternative valuation models.
Regardless of earnings measures, the graphs are very similar to each other, so I present
only the case of X4. Here, the bias in the X axis is 1 minus absolute values of median

signed forecast error and the accuracy in the Y axis is 1 minus median absolute forecast
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error. So, the upper right point represents the most reliable value estimates. The graph
illustrates that there is a relatively strong relation between bias and accuracy. That is, if
a model generates value estimates that have low bias, its value estimates seem to have
high accuracy. There is little difference in accuracy between LID16 and EBO5 (EBO6),
but the difference in the bias between two models is significant. Consequently, LID16

seems to produce quite reliable value estimates in bias and accuracy metrics.

Taken together, value estimates based on the EBO models are generally likely to be
reliable in all performance metrics (bias, accuracy and explainability). However, since
the bias and accuracy metric might be more appropriate in the reliability test of the
valuation models, the 'intercept-inclusive' model (LID16) seems to have superior
reliability to most of other models. LID 16 considerably improves the high bias and the
low accuracy arising from the implementation of the Ohlson model. Especially, my
effort to improve the large downward bias of the value estimates based on the Ohlson

model seems to be very successful.

6.5. Sensitivity Test

This section provides some sensitivity tests. If the reliability of value estimates
considerably varies according to the change of an ingredient in the residual income
valuation model, the ingredient must be carefully estimated or assumed. Estimation
errors or unreasonable assumptions of a critical ingredient can lead to serious errors in

value estimates.
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6.5.1. Sensitivity to book value growth rate

In Table 6.14, I report results for 5 assumed values of the book value growth rate: 0%,
2%, 4%, 6% and 8%. Here, earnings before extraordinary items (X4) are used, but
results when other earnings measures are used are very similar. Value estimates based
on the 'intercept-inclusive' LID model and its variants (i.e., LID10 — LID16) vary
according to different assumptions on book value growth, because only those pricing
models contain book value growth as an ingredient of the pricing formula. Note that
value estimates of LID10 — LID16 reported in Table 6.13 are based on 4% book value
growth rates. The assumption of 4% growth rate for the main results is ad hoc so that
investigating the extent to which results are sensitive to book value growth rate is

important.”*

As shown in Table 6.14, Panel A, value estimates of LID10 — LID12 and LID14 are not
very sensitive to book value growth in terms of bias, while value estimates based on
LID13, LID15 and LID16 are likely to be sensitive. Especially, LID15-based value
estimates are so sensitive to book value growth that there is large positive bias at 6%
and 8% book value growth. However, the deviation of LID16-based value estimates
from zero seems to be still less than that of other value estimates for all assumed book

value growth rates, indicating that LID16-based value estimates outperform other value

% The median (mean) value of book value to lagged book value from 1991 to 1998 is 4.0% (11.7%).
While, the median (mean) book value to the median (mean) lagged book value in the same period is 1.4%

(-2.6%).
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estimates in terms of bias. It is interesting that bias of relatively high performers (i.e.,
LID13, LID15 and LID16) moves upward in book value growth, while bias of other

models moves downward.

As with the bias metric, Table 6.14, Panel B shows that the superiority of median
accuracy of LID16-based value estimates persists regardless of what assumption is
made regarding the book value growth rate. The change in median accuracy of those
value estimates in response to variation in the assumed book value growth is small. On
the other hand, the association between LID16-based value estimates and observed
stock prices is still low, and the EBO models and the Ohlson LID and some its variants
(LID6 — LID8) outperform this model. Overall, the assumption of book value growth
rate has little effect on the relative ranking of various models' value estimates in terms

of all performance metrics — bias, accuracy and explainability.

6.5.2. Sensitivity to residual income growth rate

In this study, 6 different EBO models are used for the test of reliability of value
estimates. EBO1 — EBO3 (EBO4 — EBO6) are constructed under the assumption of zero
(non-zero) residual income growth rate, so the first, second and third figures of the
second column in each panel of Table 6.15 (i.e., g, = 0%) respectively represent
corresponding figures of EBO1, EBO2 and EBO3. The assumption of 0% or 4% for
future residual income growth rate is also ad hoc, so that it is worth examining the effect

of different residual income growth on the reliability of value estimates.
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Table 6.15, Panel A provides bias figures. All median and mean bias figures except for
the mean bias of EBO4-based value estimates show that negative bias seems to improve
in line with increases in the assumed residual income growth rate. The median bias of
EBO5-based value estimates is -26% of stock price. However, this figure is still
outperformed by LID16-based bias figures reported in Table 6.14, Panel A. Accuracy
reported in Table 6.15, Panel B also shows that the median accuracy figures of EBO-
based value estimates does not change much according to the assumption of residual
income growth. Especially, when the 2 or 3-year horizon EBO model assuming non-
zero residual income growth is used, the maximum change in median accuracy in the
assumed four residual income growth rates is just 2.2% (EBOS5) and 2.5% (EBOG6).
However, the mean accuracy of EBO-based value estimates seems to be sensitive to the

assumed residual income growth rate.

EBOS5 and EBO6 give the best median accuracy when the residual income growth rate
is 6%. But EBO models assuming zero residual income growth seem to outperform
corresponding EBO models assuming non-zero residual income growth in terms of
mean accuracy. Similar to the pattern of mean accuracy, the ability of EBO1 — EBO3
models to explain variation in the observed stock prices is better than that of the same
horizon EBO models with the non-zero residual income growth assumption (i.e., EBO4
— EBOG6). We see that the explainability of the EBO-based value estimates is quite

sensitive to the assumed residual income growth rate.
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6.5.3. Sensitivity to discount rate

For the main results reported in Table 6.13, year-specific discount rates are used. Even
though I believe that time-varying discount rates are more reasonable than constant
discount rates in equity valuation, I report results for 5 assumed values of the discount
rate (10%, 12%, 14%, 16% and 18%) and compare them with results for time-varying
discount rates. Theoretically, the firm-year specific discount rates should be applied,
because equity valuation is a task performed on a firm at a specific point in time.
However, in practice, especially in pooled cross-sectional time-series analyses such as
this study, there is little consensus as to how the discount rate should be determined.
Frankel and Lee (1998) used 3 different constant discount rates (11%, 12% and 13%)
and 2 industry-specific discount rates based on a one-factor and a three-factor model of
Fama and French (1997), and stated that varying the discount rate had little effect on
their results. By contrast, Lee ef al. (1999) indicated that time-varying discount rates are
an essential part of valuation models in their time-series applications. Sougiannis and
Yaekura (2000) also found that different assumptions about discount rates made their
results differ. Specifically, the constant discount rate of 12% had the best performance in
terms of bias and accuracy of value estimates, with second the year-specific, third the

industry-specific and last the firm-specific discount rates.

In Table 6.16, Panel A, most models' value estimates deviate from the observed stock
prices least of all when discount rates are assumed as a constant 10%. The constant

discount rate of 12% also gives better performance in terms of bias than year-specific
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discount rates in most models. However, the purpose of equity valuation is not seeking
for best discount rates that gives best value estimates. If unreasonable discount rates had
the best performance, it rather raises a suspicion that a model may be mis-specified.
Even if value estimates arising from LID16 give bias figures that are very sensitive to
discount rates, they less deviate from the observed stock prices when assuming
reasonable discount rates (12 — 16% as well as year-specific discount rates), compared

to most models.

Accuracy figures in Panel B also have a similar pattern to bias figures. Most models'
value estimates are most accurate when discount rates are assumed constant at 10% or
12%, but LID16-based value estimates are most accurate when discount rates are
assumed constant at 14% or when year-specific rates are used. In terms of relative
accuracy ranking of various valuation models, EBO models seem to dominate LID
models at a discount rate of 10% and 12%, and LID16 seems to outperform other
models at a discount rate of 14% and 16%. In terms of explainability, EBO models
except EBO4 have the best ability to explain variation of stock prices regardless of the
different assumption about the discount rate, and LID16 explains less than LID9 in most
of cases. Overall, value estimates of LID16 are quite sensitive to discount rates in all
performance metrics, but the relative ranking at reasonable discount rates (12-16%) is

very similar to the results when year-specific discount rates are used.
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6.5.4. Sensitivity to benchmarking stock price

For the main results reported in Table 6.13, the observed stock prices at 3 months after
the fiscal year end are used as a benchmark, because investors can acquire the firms'
information through the issue of the financial statements at 3 months after the fiscal
year end in most cases. Here, I use other benchmarking stock prices of 4 to 7 months

after the fiscal year end in order to investigate the robustness of the results.

As shown in Table 6.17, Panel A, B and C, value estimates are not sensitive in terms of
their bias, accuracy and explainability according to different benchmarking stock prices.
And regardless of benchmarking stock prices, their relative ranking is similar to that
when stock prices at 3 months after the fiscal year end are used. However, even if
differences in bias, accuracy and explainability figures for a certain model are not
significantly different from each other according to different benchmarks, there are
some interesting points. First, in terms of bias, most models' value estimates have the
best performance in bias metric when stock prices at 3 and 7 months after the fiscal year
end are used. On the other hand, when stock prices at 3 and 4 months after the fiscal
year end are compared to value estimates, most models give the most accurate value
estimates. The most inaccurate value estimates are observed in all valuation models
except the 'intercept and other information-inclusive’ models (i.e., LID13 — LID16)
when stock prices at 5 months after the fiscal year end are used as a benchmark. Finally,
in terms of explainability, most models' value estimates provide the best ability to

explain variation of stock prices when stock prices at 3 and 5 months after the fiscal
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year end are used. Thus, regardless of performance metrics, stock prices at 3 months
after the fiscal year end seems to be a reasonable benchmark for the purpose of testing

the reliability of value estimates.

6.5.5. Sensitivity to consensus earnings forecasts

For the main results in Table 6.13, median consensus earnings forecasts from I/B/E/S
are used because median values are less affected by extreme outliers. Here, resuits using
mean consensus earnings forecasts are reported in order to examine how different
results are. From Table 6.18, we see that the differences of bias, accuracy and
explainability figures are trivial, indicating that the choice of consensus earnings
forecasts from I/B/E/S does not matter. Actually, the distribution of median and mean

consensus earnings forecasts (not reported) is almost identical.

6.6. Conclusions

This study provides the relative reliability test of 22 competing valuation models. The
main objective of the study is to examine whether the incorporation of RI and OI
intercepts in the Ohlson (1995) linear information dynamics improves the quality of
value estimates in terms of three performance metrics — bias, accuracy and
explainability. DHS investigated the validity of the Ohlson (1995) LID model, but
concluded that the Ohlson model is outperformed by its special case that capitalizes just

one-year ahead earnings forecasts in perpetuity. More strikingly, the Ohlson model
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produces a large negative bias of about 26%. This study is motivated by this large
negative bias based on the Ohlson model. The DHS implementation disregards intercept
terms from linear information dynamics, which assumes that expected future RI is zero
on average. This study relaxes the assumption of zero mean RI reversion, and
investigates the validity of the 'intercept-inclusive' LID model by comparison with other

LID and EBO models.

This study starts from the replication of DHS using the U.K. data. The replicated results
are very consistent with DHS's U.S. study in terms of the estimated RI and OI
parameters and the relative validity of the Ohlson LID model and its variants. Four
earnings measures used in this study in order to test the robustness of the results are
unlikely to make any significant difference in the relative validity of various valuation

models.

Next, in order to investigate the reliability of the 'intercept-inclusive' LID model, book
value rather than stock price is used as a scaling variable, because the scaling variable
appears in the pricing formula and the pricing model is therefore unlikely to be useful if
stock price is used as a scaling variable. The test results show that the 'intercept-
inclusive'’ LID model eliminates most large negative bias derived by applying the
Ohlson LID model, and gives quite good median accuracy. However, the mean accuracy
of the 'intercept-inclusive' LID model does not improve much. I guess that this may be
caused partly by more outliers produced by the model and partly by high sensitivity of

the additional term comprising intercept parameters, especially to low price stocks.
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Finally, some sensitivity tests show that the relative ranking of competing valuation
models in terms of bias, accuracy and explainability is not very sensitive to the
assumption of future book value and residual income growth and to the use of
alternative benchmarking stock prices and consensus analysts' earnings forecasts.
However, bias, accuracy and explainability figures of models are very sensitive to some

ingredients, especially to the discount rate.

Overall, the development of the 'intercept-inclusive' model seems to give quite good
value estimates in terms of bias and median accuracy. However, the reasons why the

model fails to improve the mean accuracy needs to be explored in further research.
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Figure 6.1: Distribution o fforecast errors —scaled by book value, based on X4

Panel A: LID9-based value estimates

Panel B: LID16-based value estimates
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Figure 6.1 (continued)

Panel C: EB02-based value estimates

10

5

Panel D: EB05-based value estimates

-5 L

Note: The dark line depicts observed stock prices, and the pale lines represent forecast errors as a
percentage of observed stock prices. The pale lines above (under) the dark line indicate that value
estimates are overestimated (underestimated). In order to focus on forecast errors around stock prices, the
Y axis is adjusted to range from-5 to 10. So some extremely large positive or negative forecast errors are
cut off at 10 and -5, respectively.
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Figure 6.2: Reliability of value estimates — scaled by book value, based on X4

0.650
EBO6
® EBOS °
= EBOS o *EBO2 LID16 .
g * LID15
B BO1 .
§ 0.550 ® e EBO4 LID13
8 LID7 o
2
3 [ ]
S LiD9
2 [}
< ups LiD8
8
5 Lip2 $ o1
E [ ] )
K Lpg LD3e g
E 0.450 *
® o * LD
3 LID12
<
[ ]
LID10
0.350 ) . . . . ; .
0.350 0.450 0.550 0.650 0.750 0.850 0.950 1.050
Bias (1 - abs[median forecast error])
Note:

1) This graph is based on median bias and median accuracy of value estimates when earnings measure
X4 is used. The plots based on four alternative earnings measures are similar to each other.

2) The X axis and the Y axis indicate bias and accuracy respectively, but to make the graph more
understandable, the horizontal axis is defined as 1 minus absolute value of median forecast error and
the vertical axis is defined as 1 minus median absolute forecast error. Thus, the point on the top-right
corner represents the most accurate and unbiased value estimate.

3) EBOLI is the same as LID6.
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Table 6.1: Unconditional o with one lag — scaled by stock price

a __ a
xt+1 - 600 + a)lxt + 8t+1

Panel A: Pooled @

X1 X2 X3 X4
@, -0.018™ -0.021™" -0.032™" -0.021™
(-18.92) (-23.36) (-24.61) (-20.33)
o, 0.631"" 0.667"" 0.502"" 0.590™"
(148.31) (168.15) (103.62) (132.83)
Adj. R? 0.470 0.533 0.302 0.416
N 24813 24816 24773 24802
Panel B: Year-specific @
X1 X2 X3 X4
, o, , o, @, w, w, w,
89 -0.023 | 0649 | -0.028 | 0.693 -0.033 0.542 -0.023 0.611
90 0.023 | 0.649 | -0.028 | 0.693 -0.033 0.540 | -0.024 | 0.611
91 0024 | 0648 | -0.029 | 0.691 -0.035 0.536 | -0.026 | 0.609
92 0.024 | 0.649 | -0.028 | 0.690 | -0.036 | 0.535 -0.026 | 0.608
93 -0.023 0.642 | -0.027 | 0.681 -0.036 | 0529 | -0.026 | 0.603
94 0.022 | 0636 | -0.026 | 0.673 -0.035 0.518 -0.024 | 0.597
95 -0.021 0.633 | -0.025 | 0.670 | -0.034 | 0.514 -0.023 0.594
96 -0.020 | 0.632 | -0.024 | 0.668 -0.033 0.511 -0.023 0.591
97 0.019 | 0633 | -0022 | 0.669 | -0.032 | 0509 | -0.022 | 0.592
98 -0.018 | 0.631 -0.021 0.667 | -0.032 | 0502 | -0.021 0.590
Note:

1) The estimation of @ is based on 29,828 firm-year observations from 1969 to 1998. The total
observations available for AR(1) regression, however, are 25,187 from 1971 to 1998 because 2-year
lagged book value is required for construction of lagged RI.

2) All regression variables on the per-share basis are scaled by stock price at the end of year 7.

3) Figures in parentheses are t-statistics.

4) The most extreme 1% of regression variables are deleted.

5) The discount rate », which varies over the years, is 5% plus 12-month average (up to fiscal year end
month) of the U.K. Gross Redemption Yield on 20 year Gilts.

6) *** ** * show that the coefficient is significantly different from zero at the 1%, 5%, and 10% levels,
respectively.

7) X1 is pre-exceptional and pre-extraordinary earnings, X2 is full-tax adjusted pre-exceptional and pre-
extraordinary earnings, X3 is post-exceptional and post-extraordinary earnings, X4 is post-exceptional

and pre-extraordinary eamings, and x,a denotes residual income for period .

201



Chapter 6. Reliability of competing valuation models: U.K. evidence

Table 6.2: Effects of abnormal items — scaled by stock price

X3¢

w1 =@y + @0, X3 + 0, EXC, + 0, EXT, + ¢
X3!, =0, + ©,X3! + 0, AEX, + &,,, (Column X3y)
X47, =0y +0,X4; + 0,EXC, + ¢,,, (Column X4)

(Column X3,)

X3, X3, X4
o, -0.022™" -0.023™" -0.016™"
(-18.66) (-18.81) (-16.60)
o, 0.671°" 0.663™" 0.636™"
(123.44) (123.90) (142.30)
@, -0.596™" - -0.616™
(-18.82) - (-23.60)
o -0.684™" - -
(-36.24) - -
@, - -0.682"" -
- (-46.34) -
Adj. R? 0.387 0.386 0.451
N 24514 24675 24651
Note:

1) The estimation of @ is based on 29,828 firm-year observations from 1969 to 1998. The total
observations available for AR(1) regression, however, are 25,187 from 1971 to 1998 because 2-year
lagged book value is required for construction of lagged RI.

2) All regression variables on the per-share basis are scaled by stock price at the end of year ¢.

3) Figures in parentheses are t-statistics.

4) The most extreme 1% of regression variables are deleted.

5) The discount rate r, which varies over the years, is 5% plus 12-month average (up to fiscal year end
month) of the U.K. Gross Redemption Yield on 20 year Gilts.

6) *** ** * show that the coefficient is significantly different from zero at the 1%, 5%, and 10% levels,
respectively.

7) X3 is post-exceptional and post-extraordinary earnings, X4 is post-exceptional and pre-extraordinary

earnings and x,a denotes residual income for period z.
8) EXC is exceptional items, EXT is extraordinary items, and 4EX is all abnormal items (i.e., EXC +

EXT)

9) The results in column X3, are from equation X3’ = @, + 0, X3! + ®,EXC, + 0,EXT, +¢,,,, While the

t+1

results in column X3y, are from X3!, = @, + 0, X3] + w,AEX, +¢,,,

t+1
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Table 6.3: Pooled unconditional o with four lags — scaled by stock price

a _ a a a a
X =Wy +a)1xt +w,_x,_1 +a)3x,_2 +a)4xt_3 + &

t+1

X1 X2 X3 X4
o, -0.018"™ -0.021™ -0.030™" -0.021™
(-15.76) (-19.46) (-19.49) (-16.91)
@, 0.680"™" 0.695™" 0.480™" 0.615™
(101.50) (104.84) (70.83) (90.69)
@, -0.045™ -0.019™ 0.047" -0.015"
(-5.55) (-2.33) (5.97) (-1.87)
2 -0.017" 0.004 -0.006 -0.019"
(-2.07) (0.47) (-0.65) (-2.18)
@, 0.084™" 0.055™" 0.074™" 0.081™
(11.24) (7.60) (9.28) (10.53)
Adj. R? 0.493 0.556 0.318 0.432
N 19215 19232 19133 19189
Note:

1) The estimation of @ is based on 29,828 firm-year observations from 1969 to 1998. The total
observations available for AR(4) regression, however, are 19,753 from 1974 to 1998 because 5-year
lagged book value is required for construction of 4-year lagged RI.

2) All regression variables on the per-share basis are scaled by stock price at the end of year ¢.

3) Figures in parentheses are t-statistics.

4) The most extreme 1% of regression variables are deleted.

5) The discount rate », which varies over the years, is 5% plus 12-month average (up to fiscal year end
month) of the UK. Gross Redemption Yield on 20 year Gilts.

6) *** k% * show that the coefficient is significantly different from zero at the 1%, 5%, and 10% levels,
respectively.

7) X1 is pre-exceptional and pre-extraordinary earnings, X2 is full-tax adjusted pre-exceptional and pre-
extraordinary earnings, X3 is post-exceptional and post-extraordinary earnings, X4 is post-exceptional

and pre-extraordinary earnings and x:z denotes residual income for period ¢.
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Table 6.4: Pooled unconditional o with book value — scaled by stock price

Panel A: x/,, =0, + o x; + w,b,_, +¢,,,
X1 X2 X3 X4
o, 0.021™ 0.018"™ 0.026™" 0.022""
(16.12) (15.29) (15.66) (15.90)
o, 0.448""" 0.459™" 0317 0.410™"
(75.57) (79.16) (53.61) (69.30)
@, -0.048™" -0.053™" -0.067"" -0.052"™
(-42.69) (-47.88) (-49.85) (-44.19)
Adj. R? 0.501 0.568 0.358 0.453
N 24727 24738 24664 24709
Panel B: x;,, = o, + o,x; + w,b, +¢,,,
X1 X2 X3 X4
o, 0.033™ 0.032™" 0.032"™ 0.032"™
(27.68) (28.96) (19.49) (24.68)
o, 0.455™" 0.460™" 0.363"" 0.429™
(92.42) (98.60) (69.85) (85.25)
@, -0.057"" -0.063™" -0.065™" -0.057™
(-60.65) (-70.23) (-55.42) (-57.58)
Adj. R? 0.539 0.609 0.377 0.484
N 24706 24717 24641 24687
Panel C: x;,, =, + ox, + w,b,_, + &,
X1 X2 X3 X4
o, 0.030™" 0.027™ 0.030™" 0.029™
(23.10) (22.79) (18.15) (20.99)
o, 0391 0.393™ 0.305™" 0.370™"
(63.60) (63.65) (50.49) (60.61)
@, -0.125™ -0.132" -0.122"™ -0.122""
(-153.78) (-174.10) (-113.90) (-138.42)
Adj. R? 0.501 0.560 0.366 0.451
N 24709 24710 24656 24689
Note:

1) The estimation of @ is based on 29,828 firm-year observations from 1969 to 1998. The total
observations available for each regression, however, are 25,187 from 1971 to 1998 because 2-year
lagged book value is required for one of the explanatory variables.

2) All regression variables on the per-share basis are scaled by stock price at the end of year 7.

3) Figures in parentheses are t-statistics.

4) The most extreme 1% of regression variables are deleted.

5) The discount rate r, which varies over the years, is 5% plus 12-month average (up to fiscal year end
month) of the UK. Gross Redemption Yield on 20 year Gilts.

6) *** ** * show that the coefficient is significantly different from zero at the 1%, 5%, and 10% levels,
respectively.

7) X1 is pre-exceptional and pre-extraordinary earnings, X2 is full-tax adjusted pre-exceptional and pre-
extraordinary earnings, X3 is post-exceptional and post-extraordinary earnings, X4 is post-exceptional

and pre-extraordinary earnings and x," denotes residual income for period ¢.
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Panel A: Determinants of o’

X =@, +ox., +o, (xq1,.,) + o, (x192,)) + @,(x,q3,_)) + o (x,g4,_,) +

D(X2195,1) + @, (6, div, ) + 0y (x],ind, ) + &,

X1 X2 X3, X3, X4
o, -0.011"™ -0.012™ -0.018™ -0.019™ -0.012™
(-12.02) (-13.90) (-15.30) (-15.53) (-12.57)
o, 0.680"" 0.697"" 0.719™ 0.704™" 0.707""
(37.47) (42.43) (44.56) (45.49) (38.63)
@, -0.600™" -0.728™" -0.332"™" -0.248™ -0.526™
(-15.99) (-20.67) (-7.84) (-6.43) (-13.32)
@, - - -0.424™" - -0.374"™
- - (-2.60) - (-2.53)
@, - - -1.336™ - -
- - (-18.38) - -
@5 - - - -1.186™ -
- - - (-10.17) -
@ -1.005™" -0.940™" -0.794™ -0.838"™ -0.966™"
(-13.98) (-14.38) (-9.33) (-10.17) (-12.50)
o, 0.270™* 0.265"" 0.282" 0.292"" 0.299™"
(14.87) (18.87) (12.00) (12.58) (14.75)
@y 0.182" 0.231™ 0.115™ 0.104™ 0.125™
9.31) (13.24) (6.38) (5.83) (6.16)
Adj. R? 0.476 0.561 0.360 0.356 0.438
N 24446 24476 24228 24344 24325
Note:

1) The estimation of @ is based on 29,828 firm-year observations from 1969 to 1998. The total
observations available for regression, however, are 25,187 from 1971 to 1998 because 2-year lagged
book value is required for explanatory variables.

2) All regression variables on the per-share basis are scaled by stock price at the end of year #-1.

3) Figures in parentheses are t-statistics.

4) The most extreme 1% of regression variables are deleted.

5) The discount rate r, which varies over the years, is 5% plus 12-month average (up to fiscal year end
month) of the U.K. Gross Redemption Yield on 20 year Gilts.

6) *** ** * ghow that the coefficient is significantly different from zero at the 1%, 5%, and 10% levels,
respectively.

7) X1 is pre-exceptional and pre-extraordinary earnings, X2 is full-tax adjusted pre-exceptional and pre-
extraordinary earnings, X3 is post-exceptional and post-extraordinary earnings, X4 is post-exceptional

and pre-extraordinary earnings and xt“ denotes residual income for period #.

8) The regression equations of X3, and X3, are the same except that the regression equation of X3,
includes exceptional and extraordinary items separately, while the regression equation of X3, includes
those items (i.e., all abnormal items) in an explanatory variable.
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Panel B: Distribution of conditional @ (@)
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o] = o, + 0,91, + 0,92, + 0,43, + 0,94, + ©,q5, + ,div, + wind,

o’ (X1) ' (X2) o’ (X3,) o’ (X3y) o’ (X4)

N 8346 8346 8346 8346 8346

Mean 0.744 0.788 0.713 0.703 0.747

Std 0.518 0.624 0.556 0.491 0.488

1% -0.049 -0.127 -0.493 -0.416 -0.058

5% 0.426 0.429 0.325 0.312 0.414

10% 0.553 0.581 0.515 0.506 0.543

Ql 0.699 0.742 0.691 0.679 0.698

Median 0.797 0.851 0.793 0.779 0.800

Q3 0.867 0.925 0.856 0.841 0.868

90% 0.922 0.981 0.911 0.897 0.929

95% 0.952 1.011 0.944 0.930 0.963

99% 1.003 1.068 0.998 0.984 1.019

0<w’ <1 98% 92% 97% 97% 97%

05<w’ <1 91% 86% 90% 90% 90%

Note:

9) ql,is defined as |x; /b, ,|;

q2, is defined as |EXC, / b,_l| where EXC is exceptional items;

q3, is defined as |EXTt / b,_1| where EXT is extraordinary items;

g4, is defined as |AEX L/ bt_1| where AEX is all exceptional and extraordinary items;

q5, is defined as |OAr / TA,_1| where OA is the operating accruals and 74 is the total assets

04, is calculated as follows;

04, = (AC4, — ACASH,) - (ACL, - ASTD, — ATF))- DEF,
where ACA is the change of current assets, ACASH is the change of cash/cash equivalent,
ACL is the change of current liabilities, ASTD is the change of debt included in current
liabilities, ATP is the change of income taxes payable, DEP is depreciation and

amortization expense

div, is dividend payout ratio, i.e., d, / x,,, where d, is the net ordinary dividends;

ind, is defined as the first order autoregressive coefficient from residual income autoregression
for all firms in the same industry.

10) The total firm-year observations used for the distribution of firm-specific @ (ie., o’ ) are 8,346
from 1989 to 1998.
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Table 6.6: Unconditional y - scaled by stock price

Panel A: Pooled y

Chapter 6. Reliability of competing valuation models: U.K. evidence

Vin =V t7 v, €

t+1

X1 X2 X3 X4
Yo 0.009™ 0.009™" 0.014™ 0.011°"
(13.68) (14.75) (15.40) (15.39)
71 0.354"™ 0.366"" 0.323™ 0337
(36.67) (37.85) (32.63) (33.68)
Adj. R? 0.166 0.174 0.136 0.143
N 6779 6775 6768 6773
Panel B: Year-specific ¥
X1 X2 X3 X4
Yo 7 Vo 71 Yo V4 Yo Vi
91 0.001 0.421 0.002 0.454 0.006 0.405 0.004 0.382
92 0.003 0.383 0.004 0.396 0.009 0.379 0.006 0.381
93 0.006 0.351 0.007 0.359 0.009 0.364 0.008 0.342
94 0.007 0.333 0.008 0.348 0.010 0.333 0.009 0.321
95 0.007 0.337 0.008 0.350 0.010 0.324 0.009 0.330
96 0.007 0.338 0.009 0.347 0.011 0.317 0.010 0.317
97 0.008 0.341 0.009 0.354 0.012 0.316 0.010 0.324
98 0.009 0.354 0.009 0.366 0.014 0.323 0.011 0.337
Note:

1) The estimation of y is based on 8,346 firm-year observations from 1989 to 1998. The total

observations available for AR(A) regression, however, are 6,875 from 1990 to 1998 because a lagged
OI is used as the explanatug’\—/’ajriable‘ I/B/E/S earnings forecasts for UK. firms are available only
after 1990.

2) All regression variables on the per-share basis are scaled by stock price at the end of year .

3) Figures in parentheses are t-statistics.

4) The most extreme 1% of regression variables are deleted.

5) The discount rate », which varies over the years, is 5% plus 12-month average (up to fiscal year end
month) of the UK. Gross Redemption Yield on 20 year Gilts.

6) *** ** * show that the coefficient is significantly different from zero at the 1%, 5%, and 10% levels,
respectively.

7) X1 is pre-exceptional and pre-extraordinary earnings, X2 is full-tax adjusted pre-exceptional and pre-
extraordinary earnings, X3 is post-exceptional and post-extraordinary earnings, X4 is post-exceptional

and pre-extraordinary earnings and xt" denotes residual income for period ¢.

8) v, is defined as f, —w, x;. f,}, is one-year ahead residual income forecasts, and is defined as

£, —rb,, where f,  is the first one-year ahead I/B/E/S median earnings forecasts (FY1) measured
after the earnings announcement for year 7.
9) For the case of LID7 (i.e., @, =0 and OI is incorporated), y, should be estimated from the regression

a
+1

a

of scaled f,/, on lagged scaled f,;,, because v, = f,
0.735 to 0.835.

in this case. y, in this case is in the range of
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Table 6.7: Residual income forecasting ability — scaled by stock price

AFE,, =}Ez [‘xta+1]_xta+l /P,
X1 X2 X3 X4

LID1 0.035 0.035 0.038 0.036

(0.067) (0.067) (0.090) (0.074)

LID2 0.020 0.020 0.028 0.022

(0.061) (0.060) (0.107) (0.074)

LID3 0.022 0.021 0.029 0.024

(0.052) (0.052) (0.084) (0.062)

LID4 0.022 0.022 0.029 0.024

(0.053) (0.054) (0.113) (0.064)

LIDS-LID9 0.016™ 0.016™ 0.020™ 0.017™

(0.043) (0.043) (0.069) (0.051)

Note:

1) Residual income forecasting ability is defined as the absolute difference between the forecasted

2)
3)

4)

5)

residual income and the realized residual income for year #+1, scaled by stock price at the end of year
t. The figures shown in the table are median values. The mean values are shown in parentheses.
Firm-year observations used for the absolute forecast errors are 6,875 from 1990 to 1998.

X1 is pre-exceptional and pre-extraordinary earnings, X2 is full-tax adjusted pre-exceptional and pre-
extraordinary earnings, X3 is post-exceptional and post-extraordinary earnings, X4 is post-exceptional

and pre-extraordinary earnings and Xx; denotes residual income for period .

Firm-specific persistence parameters used in 4th column (i.e., X3) for LID4 come from the result
related to X3, in Table 6.5. However, the median and mean absolute forecast errors are very similar to
those calculated when firm-specific persistence parameters from the result related to X3y, are used.

t (}) indicates that the median (mean) absolute forecast errors of LIDS5-LID9 are significantly
different from those of other four models at 1% level. The sign test or Wilcoxon signed rank test (T
test) is used for the test of median (mean) differences.
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Chapter 6. Reliability of competing valuation models: U.K. evidence

Panel A: Bias (FE,, =(V, — P°)/ P°*)

X1 X2 X3 X4
LID! -0.476 (-0.282) -0.476 (-0.282) -0.476 (-0.282) -0.476 (-0.282)
LID2 -0.512 (-0.677) -0.517 (-0.684) -0.529 (-0.953) -0.521 (-0.789)
LID3 -0.487 (-0.352) -0.489 (-0.365) -0.496 (-0.361) -0.492 (-0.360)
LID4 -0.500 (-0.378) -0.511 (-0.310) -0.510 (-0.382) -0.513 (-0.393)
LID5 -0.461 (-0.294) -0.461 (-0.294) -0.461 (-0.294) -0.461 (-0.294)
LID6 -0.431 (-0.371) -0.431 (-0.371) -0.431 (-0.371) -0.431 (-0.371)
LID7 -0.440 (-0.322) -0.440 (-0.322) -0.440 (-0.322) -0.440 (-0.322)
LIDS -0.445 (-0.310) -0.445 (-0.312) -0.449 (-0.305) -0.447 (-0.308)
LID9 -0.434 (-0.290) -0.428 (-0.287) -0.434 (-0.280) -0.433 (-0.285)

Panel B: Test for differences of median and mean bias

The sign test (superscripted by S) and the Wilcoxon signed rank test (superscripted by W) are used for the
test of median differences, while the student's t test is used for the test of mean differences. Note that each
two samples for the test are paired. The median (mean) bias of value estimates based on LID6 and LID9
is significantly different from the median (mean) bias of almost all other model-based value estimates at
the 1% level. This panel only includes the results of the test for median (mean) differences whose p-
value is larger than 1%. Figures in parentheses are p-values of test statistics.

X1 X2 X3 X4
LID6 LID9 LID6 LID9 LID6 LID9 LID6 LID9
Test for differences of median bias
- . vs. LID9¥ | vs. LID6" - - - vs. LID7®
(0.025) (0.025) (0.981)
Test for differences of mean bias
vs.LID3 | vs.LID1 | vs.LID3 | vs.LID1 | vs.LID3 | vs.LIDI vs. LID3 | vs.LID1
(0.099) (0.104) (0.553) (0.415) (0.378) (0.535) (0.338) (0.581)
vs. LID4 | vs.LIDS | vs.LID4 | vs.LID4 | vs.LID4 vs. LID4
(0.564) (0.217) (0.540) (0.817) (0.328) (0.051)
vs. LID5
(0.049)
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Table 6.8 (continued)
Panel C: Accuracy ( AFE,, = ]V, — P|/ P*)
X1 X2 X3 X4

LID1 0.537 (0.581) 0.537 (0.581) 0.537 (0.581) 0.537 (0.581)
LID2 0.521(0.763) 0.526 (0.768) 0.542 (1.061) 0.530 (0.870)
LID3 0.522 (0.559) 0.524 (0.560) 0.537 (0.579) 0.529 (0.568)
LID4 0.526 (0.547) 0.531 (0.665) 0.535 (0.555) 0.536 (0.556)
LIDS 0.512 (0.546) 0.512 (0.546) 0.512 (0.546) 0.512 (0.546)
LID6 0.447 (0.482) 0.447 (0.482) 0.447 (0.482) 0.447 (0.482)
LID7 0.471 (0.491) 0.471 (0.491) 0.471 (0.491) 0.471 (0.491)
LIDS 0.485 (0.510) 0.483 (0.505) 0.494 (0.521) 0.489 (0.514)
LID9 0.477 (0.502) 0.473 (0.498) 0.484 (0.517) 0.479 (0.508)

Panel D: Test for differences of median and mean accuracy

The sign test (superscripted by S) and the Wilcoxon signed rank test (superscripted by W) are used for the
test of median differences, while the student's t test is used for the test of mean differences. Note that each
two samples for the test are paired. The median (mean) accuracy of value estimates based on LID6 and
LID?9 is significantly different from the median (mean) accuracy of almost all other model-based value
estimates at the 1% level. This panel only includes the results of the test for median (mean)
differences whose p-value is larger than 1%. Figures in parentheses are p-values of test statistics.

X1 X2 X3 X4
LID6 LID9 LID6 LID9 LID6 LID9 LID6 LID9
Test for differences of median bias
- vs. LID2® - - - - - ]
(0.029)
Test for differences of mean bias
vs. LID7 - vs.LID4 | vs.LID4 | vs.LID7 | vs.LID8 | vs.LID7 -
(0.213) (0.068) (0.095) (0.213) (0.014) (0.213)
vs. LID7 | vs.LID6
(0.213) (0.020)
vs. LID9
(0.020)
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Table 6.8 (continued)

Panel E: Explainability (R” of P =1, + A,V, +u,)

X1 X2 X3 X4
LID1 0.338 0.338 0.338 0.338
LID2 0.500 0.502 0.366 0.439
LID3 0.408 0.409 0.381 0.388
LID4 0.446 0.449 0.427 0.418
LIDS 0.395 0.395 0.395 0.395
LID6 0.618 0.618 0.618 0.618
LID7 0.507 0.507 0.507 0.507
LID§ 0.464 0.472 0.440 0.457
LID9 0.478 0.487 0.450 0.461

Note:

1) Bias (Accuracy) is defined as the signed (absolute) difference between the value estimates and the
current stock price, scaled by the current stock price. The figures shown in Panel A and C are median
values. The mean values are shown in parentheses.

2) Explainability (Panel E) is defined as the ability of value estimates to explain cross-sectional variation
in current stock prices (i.e., OLS R?).

3) Firm-year observations used for bias (accuracy) tests are 6,835 from 1991 to 1998. While, firm-year
observations used for explainability tests are 6,717 to 6,728 from 1991 to 1998 because the most
extreme 1% of regression variables are deleted.

4) X1 is pre-exceptional and pre-extraordinary earnings, X2 is full-tax adjusted pre-exceptional and pre-
extraordinary earnings, X3 is post-exceptional and post-extraordinary eamings, and X4 is post-
exceptional and pre-extraordinary earnings.

5) Firm-specific persistence parameters used in 4th column (i.e., X3) of each panel for LID4 come from
the result related to X3, in Table 6.5. However, the signed (absolute) forecast error and R? are very
similar to those calculated when firm-specific persistence parameters from the result related to X3y are
used.

6) P is the observed stock price at 3 months after the fiscal year end, and ¥, is the estimated intrinsic

value.
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Table 6.9: Unconditional @ — scaled by book value

a

Xy =0y +0,x;] +€,,
Panel A: Pooled w
X1 X2 X3 X4
o, -0.0002 -0.005™" -0.009™ -0.002"
(-0.22) (-7.46) (-8.89) (-2.12)
o, 0.608""" 0.615™" 0.437"" 0.559"
(126.92) (131.57) (84.01) (112.85)
Adj. R? 0.394 0.411 0.222 0.340
N 24788 24788 24768 24773
Panel B: Year-specific o
X1 X2 X3 X4
W, , , o, W, o, @, ,
89 -0.002 0.628 -0.009 0.635 -0.006 0.483 | -0.0002 | 0.608
90 -0.003 0.631 -0.010 0.638 -0.008 0.479 -0.002 0.608
91 -0.005 0.624 -0.012 0.629 -0.011 0.470 -0.004 0.598
92 -0.006 0.616 -0.012 0.620 -0.013 0.469 -0.005 0.588
93 -0.005 0.608 -0.012 0.612 -0.013 0.457 -0.006 0.572
94 -0.004 0.599 -0.011 0.603 -0.012 0.442 -0.005 0.563
95 -0.003 0.599 -0.009 0.604 -0.012 0.437 -0.004 0.561
96 -0.002 0.603 -0.008 0.607 -0.011 0.437 -0.003 0.561
97 -0.001 0.603 -0.007 0.608 -0.010 0.433 -0.002 0.555
98 -0.0002 | 0.608 -0.005 0.615 -0.009 0.437 -0.002 0.559
Note:

1) The estimation of @ is based on 29,828 firm-year observations from 1969 to 1998. The total
observations available for AR(1) regression, however, are 25,187 from 1971 to 1998 because 2-year
lagged book value is required for construction of lagged RI.

2) All regression variables on the per-share basis are scaled by book value at the end of year ¢.

3) Figures in parentheses are t-statistics.

4) The most extreme 1% of regression variables are deleted.

5) The discount rate r, which varies over the years, is 5% plus 12-month average (up to fiscal year end
month) of the U.K. Gross Redemption Yield on 20 year Gilts.

6) *** ** * show that the coefficient is significantly different from zero at the 1%, 5%, and 10% levels,
respectively.

7) X1 is pre-exceptional and pre-extraordinary earnings, X2 is full-tax adjusted pre-exceptional and pre-
extraordinary earnings, X3 is post-exceptional and post-extraordinary earnings, X4 is post-exceptional

and pre-extraordinary earnings, and x; denotes residual income for period ¢.
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Table 6.10: Firm-specific conditional o (w’ ) — scaled by book value

Chapter 6. Reliability of competing valuation models: U.K. evidence

Panel A: Determinants of o’
x,” =, + a),x,"_l + @, (x,“_lql,_, )+ @, (x:’_qu,_l) +a, (xrd-lq3:—1) + @; (xrn—lq41—1) +

@s(x,,q5, ) + @, (x,div, ) + o, (x;,ind, )+ &,

X1 X2 X3, X3, X4
@, 0.011" -0.001™ -0.006™" -0.006™" -0.001
(1.90) (-2.00) (-5.91) (-5.65) (-0.66)
o, 0.108™ 0.138™ 0.487""" 0.393™" 0.342""
(2.63) (3.46) (12.01) (10.09) (7.85)
@, -0.004 -0.053" 0.062" 0.083"™ 0.041
(-0.16) (-1.94) (2.32) (3.25) (1.47)
@, - - -1.358"™ - -1.742"
- - (-10.54) - (-14.70)
o, - - -1.556™" - -
- - (-28.26) - -
@s - - - -1.297™ -
- - - (-31.18) -
g -0.600™" -0.591™ -0.437™" -0.397"" -0.520™
(-9.61) (-9.75) (-6.40) (-6.02) (-7.86)
@, 0.547"" 0.520"" 0.356™" 0.403™" 0.487"
(26.19) (28.59) (13.55) (15.40) (21.44)
@y 0.794™" 0.778™" 0.396™" 0.485™" 0.491™
(12.61) (12.63) (5.14) (6.53) (7.04)
Adj. R? 0.436 0.461 0.323 0.315 0.403
N 24522 24520 24354 24455 24410
Note:

1) The estimation of @ is based on 29,828 firm-year observations from 1969 to 1998. The total
observations available for regression, however, are 25,187 from 1971 to 1998 because 2-year lagged
book value is required for explanatory variables.

2) All regression variables on the per-share basis are scaled by book value at the end of year #-1.

3) Figures in parentheses are t-statistics.

4) The most extreme 1% of regression variables are deleted.

5) The discount rate r, which varies over the years, is 5% plus 12-month average (up to fiscal year end
month) of the U.K. Gross Redemption Yield on 20 year Gilts.

6) *** ** * show that the coefficient is significantly different from zero at the 1%, 5%, and 10% levels,
respectively.

7) X1 is pre-exceptional and pre-extraordinary earnings, X2 is full-tax adjusted pre-exceptional and pre-
extraordinary earnings, X3 is post-exceptional and post-extraordinary earnings, X4 is post-exceptional

and pre-extraordinary earnings and xt” denotes residual income for period .

8) The regression equations of X3, and X3, are the same except that the regression equation of X3,
includes exceptional and extraordinary items separately, while the regression equation of X3, includes
those items (i.e., all abnormal items) in an explanatory variable.
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Table 6.10 (continued)

Panel B: Distribution of conditional w (@)

Chapter 6. Reliability of competing valuation models: UK. evidence

o] = o, + 0,91, + 0,92, + 0,43, + 0,94, + ©,q5, + 0,div, + wind,
w’ (X1) o’ (X2) o’ (X3,) o’ (X3y) w’ (X4)

N 8346 8346 8346 8346 8346

Mean 0.793 0.803 0.714 0.705 0.780

Std 0.157 0.173 0.443 0.356 0.194

1% 0.425 0.425 -0.389 -0.182 0.219

5% 0.545 0.554 0.390 0.412 0.529

10% 0.605 0.618 0.558 0.541 0.606

Q1 0.707 0.720 0.694 0.668 0.717

Median 0.788 0.803 0.769 0.742 0.793

Q3 0.880 0.889 0.825 0.808 0.868

90% 1.006 1.005 0.899 0.892 0.972

95% 1.057 1.059 0.952 0.951 1.027

99% 1.133 1.161 1.011 1.033 1.089

0<w’ <1 89% 89% 97% 96% 92%

05< o’ <1 87% 87% 91% 90% 88%

Note:

9) g1, is defined as x; /b5

g2, is defined as |EXC, / bt-]l where EXC is exceptional items;

g3, is defined as I EXT,/ b,_ll where EXT is extraordinary items;

g4, is defined as |4EX, / b,_,| where AEX is all exceptional and extraordinary items;

g5, is defined as |OA, / TAH] where OA is the operating accruals and 74 is the total assets

04, is calculated as follows;
04, = (AC4, — ACASH,) - (ACL, - ASTD, - ATF))— DEF,
where ACA is the change of current assets, ACASH is the change of cash/cash equivalent,
ACL is the change of current liabilities, ASTD is the change of debt included in current
liabilities, ATP is the change of income taxes payable, DEP is depreciation and
amortization expense

div, is dividend payout ratio, i.e., d, / x,,, where d, is the net ordinary dividends;

ind, is defined as the first order autoregressive coefficient from a residual income
autoregression for all firms in the same industry.

10) The total firm-year observations used for the distribution of firm-specific @ (i.e., o’ ) are 8,346
from 1989 to 1998.

214



Chapter 6. Reliability of competing valuation models: U.K. evidence

Table 6.11: Unconditional y - scaled by book value

Via =Vo TV, t€

Panel A: Pooled y when v, = £}, o, x;

t+1

X1 X2 X3 X4
Yo 0.015™ 0.016™" 0.025™ 0.020™"
(12.20) (12.92) (15.43) (14.94)
7 0.529™" 0.526™" 0.501"" 0.493™"
(58.19) (58.67) (52.49) (53.98)
Adj. R? 0.333 0.337 0.289 0.301
N 6783 6782 6780 6782
Panel B: Year-specific y when v, = f, — o, ,x;
X1 X2 X3 X4
7o 7 Yo e Ve 7 Yo V1
91 0.0004 | 0.472 0.002 0.466 0.004 0.550 0.002 0.526
92 0.004 0.437 0.006 0.429 0.009 0.524 0.008 0.450
93 0.009 0.449 0.010 0.443 0.015 0.472 0.012 0.433
94 0.012 0.456 0.013 0.450 0.019 0.449 0.016 0.440
95 0.012 0.477 0.013 0.477 0.020 0.458 0.016 0.444
96 0.013 0.474 0.014 0.472 0.021 0.462 0.018 0.441
97 0.014 0.506 0.015 0.503 0.022 0.488 0.019 0.471
98 0.015 0.529 0.016 0.526 0.025 0.501 0.020 0.493
Panel C: Pooled y when v, = £, —w, b, — o, ,x,
X1 X2 X3 X4
Yo 0.017" 0.021™ 0.031"™ 0.023™
(13.53) (16.46) (19.03) (16.43)
7 0.530™" 0.527"™" 0.507"" 0.494""
(58.82) (59.36) (54.03) (54.56)
Adj. R? 0.338 0.342 0.301 0.305
N 6783 6782 6780 6782
Panel D: Year-specific y when v, = f,{, — 0, b, — o, ,x/
X1 X2 X3 X4
Yo /4 Yo 71 Yo 71 Yo Vi
91 0.004 0.475 0.009 0.473 0.010 0.558 0.005 0.528
92 0.007 0.438 0.012 0.437 0.016 0.530 0.011 0.451
93 0.012 0.452 0.017 0.452 0.022 0.479 0.016 0.436
94 0.015 0.459 0.019 0.459 0.026 0.457 0.019 0.443
95 0.015 0.480 0.019 0.478 0.027 0.466 0.019 0.446
96 0.016 0.476 0.020 0.474 0.028 0.470 0.020 0.444
97 0.016 0.508 0.020 0.505 0.029 0.494 0.021 0.474
98 0.017 0.530 0.021 0.527 0.031 0.507 0.023 0.494
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Note:
1) The estimation of y is based on 8,346 firm-year observations from 1989 to 1998. The total
observations available for AR(1) regression, however, are 6,875 from 1990 to 1998 because lagged OI

is used for explanatory variable. I/B/E/S earnings forecasts for U.K. firms are available only after
1990.

2) All regression variables on the per-share basis are scaled by book value at the end of year ¢.

3) Figures in parentheses are t-statistics.

4) The most extreme 1% of regression variables are deleted.

5) The discount rate r, which varies over the years, is 5% plus 12-month average (up to fiscal year end
month) of the U.K. Gross Redemption Yield on 20 year Gilts.

6) *** ** * show that the coefficient is significantly different from zero at the 1%, 5%, and 10% levels,
respectively.

7) X1 is pre-exceptional and pre-extraordinary earnings, X2 is full-tax adjusted pre-exceptional and pre-
extraordinary earnings, X3 is post-exceptional and post-extraordinary earnings, X4 is post-exceptional
and pre-extraordinary earnings and x,’ denotes residual income for period .

8) v, is defined as f,5, — w, ,x; forPanel Aand B and as f;, — @, b, — @, x/ for Panel Cand D. f},

is one-year ahead residual income forecasts, and is defined as f, , —rb,, where f,,, is the first one-

year ahead I/B/E/S median earnings forecasts (FY1) measured after the earnings announcement for
year ¢.
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Table 6.12: Parameters under the restriction of @ and/or y, — scaled by book value

Panel A: y, when @, =0 (in LID7)

91 0.805
92 0.791
93 0.794
94 0.814
95 0.842
96 0.850
97 0.849
98 0.866

Panel B: @, when @, =0 (in LID10, LID13 and LID14)

X1 X2 X3 X4
89 -0.018 -0.034 -0.020 -0.014
90 -0.018 -0.033 -0.019 -0.013
91 -0.019 -0.033 -0.022 -0.015
92 -0.020 -0.034 -0.025 -0.017
93 -0.021 -0.035 -0.027 -0.019
94 -0.020 -0.033 -0.026 -0.018
95 -0.019 -0.032 -0.026 -0.018
96 -0.018 -0.030 -0.025 -0.017
97 -0.017 -0.029 -0.024 -0.016
98 -0.016 -0.027 -0.024 -0.016

Panel C: y, when @, =0 and y, =0 (in LID13)

X1 X2 X3 X4
91 0.076 0.093 0.078 0.071
92 0.065 0.082 0.068 0.061
93 0.065 0.081 0.068 0.060
94 0.067 0.083 0.071 0.063
95 0.068 0.084 0.073 0.065
96 0.069 0.084 0.074 0.066
97 0.072 0.087 0.078 0.069
98 0.077 0.091 0.082 0.074

217



Chapter 6. Reliability of competing valuation models: U.K. evidence

Table 6.12 (continued)

Panel D: y, and y, when @, =0and y, = #, (in LID14)

X1 X2 X3 X4
Yo 71 Yo 7 Vo /4 Yo /4
91 -0.022 0.806 -0.019 0.816 -0.020 0.808 -0.022 0.803
92 -0.010 0.792 -0.007 0.799 -0.008 0.793 -0.011 0.789
93 -0.000 0.805 0.002 0.808 0.001 0.808 -0.001 0.802
94 0.006 0.829 0.008 0.834 0.008 0.834 0.006 0.826
95 0.007 0.857 0.008 0.863 0.008 0.862 0.006 0.855
96 0.008 0.865 0.010 0.871 0.009 0.870 0.008 0.864
97 0.011 0.863 0.013 0.869 0.013 0.868 0.011 0.862
98 0.013 0.879 0.014 0.886 0.014 0.884 0.013 0.878

Panel E: ¥, when o, = &, and y, =0 (in LID15)

X1 X2 X3 X4
91 0.039 0.048 0.053 0.039
92 0.037 0.045 0.054 0.039
93 0.040 0.048 0.056 0.042
94 0.042 0.050 0.059 0.045
95 0.043 0.052 0.061 0.046
96 0.044 0.053 0.062 0.048
97 0.046 0.054 0.065 0.050
98 0.048 0.056 0.068 0.053

Note:
1) The estimation of @ (Panel B) is based on 29,828 firm-year observations from 1969 to 1998, while

the estimation of y is based on 8,346 firm-year observations from 1989 to 1998.

2) All regression variables on the per-share basis are scaled by book value at the end of year .

3) The most extreme 1% of regression variables are deleted.

4) The discount rate r, which varies over the years, is 5% plus 12-month average (up to fiscal year end
month) of the UK. Gross Redemption Yield on 20 year Gilts.

5) X1 is pre-exceptional and pre-extraordinary earnings, X2 is full-tax adjusted pre-exceptional and pre-
extraordinary earnings, X3 is post-exceptional and post-extraordinary earnings, and X4 is post-
exceptional and pre-extraordinary earnings.

6) In Panel A, y, is the estimated slope coefficient from the regression of book value-scaled f,il on

lagged book value-scaled f9, because v, = f,}, in this case.

7) In Panel B, @, for year ¢ is the mean of book value-scaled RI using data up to year ¢ (i.e., (x," /b,_1 ),

where bar denotes 'mean').
8) In Panel C, y, for year ¢ is (frj1 /b, )— @,, (b, /b,
9) InPanel D, 7, and y, are the estimated parameters of AR(1) Ol regression where v, = £}, — @, b,

10) In Panel E, y, for year s (f,jl /b,., ) ~w,,(b, /b)) - @, (xf /b,., )
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Table 6.13: Reliability test — scaled by book value

Panel A: Bias (FE,, =(V, - P*)/ P**)

Chapter 6. Reliability of competing valuation models: UK. evidence

X1

X2

X3

X4

LID1
LID2
LID3
LID4
LID5
LID6
LID7
LID8
LID9
LID10
LID11
LID12
LID13
LID14
LID15
LID16
EBO1
EBO2
EBO3
EBO4
EBOS5
EBO6

-0.476 (-0.282)
-0.512 (-0.677)
-0.486 (-0.345)
-0.524 (-0.535)
-0.461 (-0.294)
-0.431 (-0.371)
-0.430 (-0.319)
-0.447 (-0.308)
-0.427 (-0.280)
-0.584 (-0.429)
-0.528 (-0.403)
-0.540 (-0.568)
-0.211 (0.050)
-0.466 (-0.343)
-0.033 (0.266)
-0.225 (-0.003)
-0.431 (-0.371)
-0.393 (-0.313)
-0.405 (-0.334)
-0.413 (-0.402)
-0.370 (-0.312)
-0.372 (-0.324)

-0.476 (-0.282)
-0.517 (-0.684)
-0.487 (-0.347)
-0.527 (-0.455)
-0.461 (-0.294)
-0.431 (-0.371)
-0.430 (-0.319)
-0.447 (-0.308)
-0.426 (-0.280)
-0.657 (-0.527)
-0.606 (-0.509)
-0.616 (-0.559)
-0.197 (0.069)
-0.468 (-0.350)
-0.005 (0.304)
-0.199 (0.031)
-0.431 (-0.371)
-0.392 (-0.312)
-0.404 (-0.332)
-0.413 (-0.402)
-0.369 (-0.311)
-0.371 (-0.321)

-0.476 (-0.282)
-0.529 (-0.953)
-0.494 (-0.343)
-0.512 (-0.385)
-0.461 (-0.294)
-0.431 (-0.371)
-0.430 (-0.319)
-0.451 (-0.302)
-0.432 (-0.271)
-0.620 (-0.475)
-0.600 (-0.489)
-0.631 (-0.548)
-0.220 (0.037)
-0.455 (-0.330)
-0.059 (0.241)
-0.176 (0.077)
0431 (-0.371)
-0.393 (-0.313)
-0.402 (-0.335)
-0.413 (-0.402)
-0.370 (-0.312)
-0.371 (-0.324)

-0.476 (-0.282)
-0.521 (-0.789)
-0.491 (-0.354)
-0.528 (-0.471)
-0.461 (-0.294)
-0.431 (-0.371)
-0.430 (-0.319)
-0.448 (-0.307)
-0.428 (-0.274)
-0.574 (-0.415)
-0.536 (-0.414)
-0.553 (-0.519)
-0.219 (0.038)
-0.461 (-0.337)
-0.040 (0.262)
-0.186 (0.060)
-0.431 (-0.371)
-0.393 (-0.313)
-0.405 (-0.335)
-0.413 (-0.402)
-0.370 (-0.312)
-0.373 (-0.324)
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Table 6.13 (continued)

Panel B: Test for differences of median and mean bias — based on X4

For the test of median differences, the sign test is used when two samples are paired, while the Mann-
Whitney U test (Wilcoxon rank sum test) is used when two samples have different observations. For the
test of mean differences, the student's t test is used when two samples are paired, while the two-sample t
test is used when two samples have different observations. The median (mean) bias of value estimates
based on LIDY, LID16, EBO2 and EBOS is significantly different from the median (mean) bias of almost
all other model-based value estimates at the 1% level. This panel only includes the results of the test
for median (mean) differences whose p-value is larger than 1%. Figures in parentheses are p-values of
test statistics. Even though this panel only reports the test results based on X4, the results based on the
three other earnings measures are very similar in terms of the significance of differences.

LID9 ' LID16 EBO2 EBOS
Test for differences of median bias
- - vs. EBO6 vs. EBO6
(0.631) (0.161)
Test for differences of mean bias
vs. LID1 - vs. LID1 vs. LID1
(0.109) (0.038) (0.085)
vs. EBOS vs. LID5 vs. LID3
(0.015) (0.172) (0.012)
vs. LID7 vs. LID5
(0.566) (0.273)
vs. LID8 vs. LID7
(0.643) (0.635)
vs. LID14 vs. LID8
(0.032) (0.731)
vs. EBO3 vs. LID9
(0.074) (0.015)
vs. EBOS vs. LID14
(0.936) (0.089)
vs. EBO6 vs. EBO2
(0.457) (0.936)
vs. EBO3
(0.147)
vs. EBO6
(0.509)
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Table 6.13 (continued)
Panel C: Accuracy ( AFE,, =|V, - B[/ P)
X1 X2 X3 X4
LIDI 0.537 (0.581) 0.537 (0.581) 0.537 (0.581) 0.537 (0.581)
LID2 0.521 (0.763) 0.526 (0.768) 0.542 (1.061) 0.530 (0.870)
LID3 0.523 (0.560) 0.524 (0.560) 0.537 (0.577) 0.530 (0.567)
LID4 0.549 (0.742) 0.557 (0.735) 0.538 (0.562) 0.546 (0.635)
LID5 0.512 (0.546) 0.512 (0.546) 0.512 (0.546) 0.512 (0.546)
LID6 0.447 (0.482) 0.447 (0.482) 0.447 (0.482) 0.447 (0.482)
LID7 0.460 (0.480) 0.460 (0.480) 0.460 (0.480) 0.460 (0.480)
LIDS8 0.487 (0.513) 0.487 (0.513) 0.498 (0.527) 0.491 (0.517)
LID9 0.472 (0.501) 0.472 (0.500) 0.482 (0.517) 0.477 (0.509)
LID10 0.610 (0.609) 0.670 (0.646) 0.640 (0.628) 0.603 (0.606)
LID11 0.558 (0.573) 0.618 (0.614) 0.615 (0.618) 0.563 (0.582)
LID12 0.565 (0.768) 0.634 (0.915) 0.642 (0.655) 0.571 (0.665)
LID13 0.436 (0.593) 0.436 (0.599) 0.437 (0.588) 0.437 (0.589)
LID14 0.519 (0.546) 0.521 (0.552) 0.512 (0.542) 0.517 (0.543)
LID15 0.410 (0.653) 0.413 (0.674) 0.416 (0.652) 0.413 (0.654)
LID16 0.409 (0.530) 0.403 (0.540) 0.406 (0.569) 0.402 (0.557)
EBO1 0.447 (0.482) 0.447 (0.482) 0.447 (0.482) 0.447 (0.482)
EBO2 0.408 (0.433) 0.407 (0.432) 0.408 (0.433) 0.408 (0.433)
EBO3 0.417 (0.431) 0.415 (0.430) 0.415 (0.431) 0.416 (0.431)
EBO4 0.448 (0.582) 0.448 (0.582) 0.448 (0.582) 0.448 (0.582)
EBOS 0.397 (0.495) 0.397 (0.494) 0.395 (0.495) 0.397 (0.495)
EBO6 0.395 (0.471) 0.396 (0.470) 0.397 (0.471) 0.396 (0.472)

221



Chapter 6. Reliability of competing valuation models: U.K. evidence

Table 6.13 (continued)

Panel D: Test for differences of median and mean accuracy — based on X4

For the test of median differences, the sign test is used when two samples are paired, while the Mann-
Whitney U test (Wilcoxon rank sum test) is used when two samples have different observations. For the
test of mean differences, the student's t test is used when two samples are paired, while the two-sample t
test is used when two samples have different observations. The median (mean) accuracy of value
estimates based on LID9, LID16, EBO2 and EBOS is significantly different from the median (mean)
accuracy of almost all other model-based value estimates at the 1% level. This panel only includes the
results of the test for median (mean) differences whose p-value is larger than 1%. Figures in
parentheses are p-values of test statistics. Even though this panel only reports the test results based on X4,
the results based on the three other earnings measures are very similar in terms of the significance of

differences.

LID9 LID16 EBO2 EBOS
Test for differences of median accuracy
- vs. EBO3 vs. EBO3 vs. EBO3
(0.068) (0.032) (0.186)
vs. EBO4 vs. EBO6 vs. EBO6
(0.014) (0.394) (0.999)
vs. EBO6
(0.020)
Test for differences of mean accuracy
vs. EBOS vs. LID3 vs. EBO3 vs. LID6
(0.315) (0.124) (0.902) (0.328)
vs. LID5 vs. LID7
(0.100) (0.276)
vs. LID14 vs. LID8
(0.090) (0.116)
vs. EBO4 vs. LID9
(0.014) (0.315)
vs. EBO1
(0.328)
vs. EBO6
(0.154)
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Table 6.13 (continued)

Panel E: Explainability (R* of P** =4, + 4V, +u,)

X1 X2 X3 X4
LID1 0.338 0.338 0.338 0.338
LID2 0.500 0.502 0.366 0.439
LID3 0.397 0.398 0.361 0.386
LID4 0.308 0.263 0.425 0.379
LIDS 0.395 0.395 0.395 0.395
LID6 0.618 0.618 0.618 0.618
LID7 0.540 0.540 0.540 0.540
LID§ 0.457 0.458 0.429 0.451
LID9 0.485 0.484 0.454 0.469
LID10 0.333 0.329 0.325 0.328
LID11 0414 0.427 0.373 0.394
LID12 0.289 0.170 0.415 0.356
LID13 0.391 0.391 0.391 0.391
LID14 0.474 0.469 0.477 0.478
LID15 0.416 0.418 0.404 0.416
LID16 0.457 0.454 0.434 0.442
EBO1 0.618 0.618 0.618 0.618
EBO2 0.669 0.667 0.669 0.669
EBO3 0.671 0.668 0.670 0.671
EBO4 0.513 0.513 0.513 0.513
EBOS 0.585 0.585 0.585 0.586
EBO6 0.586 0.585 0.586 0.587

Note:

1) Bias (Accuracy) is defined as the signed (absolute) difference between the value estimates and the
current stock price, scaled by the current stock price. The figures shown in Panel A and C are median
values. The mean values are shown in parentheses.

2) Explainability (Panel E) is defined as the ability of value estimates to explain cross-sectional variation
in current stock prices (i.e., OLS R?)

3) Firm-year observations used for bias (accuracy) tests are 6,835 from 1991 to 1998 for all models
except 2-year horizon EBO models (5,958) and 3-year horizon EBO models (3,033). While firm-year
observations used for explainability tests range from 6,705 to 6,728 from 1991 to 1998 for all models
except 2-year horizon EBO models (about 5,870) and 3-year horizon EBO models (about 2,988). The
number of observations used for explainability tests is the figure after deleting the most extreme 1% of
regression variables.

4) X1 is pre-exceptional and pre-extraordinary earnings, X2 is full-tax adjusted pre-exceptional and pre-
extraordinary earnings, X3 is post-exceptional and post-extraordinary earnings, and X4 is post-
exceptional and pre-extraordinary earnings.

5) Firm-specific persistence parameters used in 4th column (i.e., X3) of each panel for LID4 come from
the result related to X3, in Table 6.10.

6) Pf’3 is the observed stock price at 3 months after the fiscal year end, and V, is the estimated intrinsic

value.
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Table 6.14: Sensitivity to book value growth rate — scaled by book value, based on X4
Panel A: Bias (FE,, =(V, - P°)/ P*)

bg=0% bg=2% bg=4% bg = 6% bg=8%
LIDI0 | -0.544 (-0.374) | -0.557 (:0.391) | -0.574 (-0.415) | -0.604 (-0.452) | -0.657 (-0.522)
LIDI1 | -0.522(-0.396) | -0.528 (-0.403) | -0.536 (-0.414) | -0.548 (-0.430) | -0.571 (-0.459)
LID12 -0.546 (-0.505) | -0.549 (-0.511) | -0.553 (-0.519) | -0.561 (-0.532) | -0.574 (-0.555)
LIDI3 | -0.290 (-0.061) | -0.261 (-0.020) | -0.219 (0.038) | -0.154 (0.130) | -0.035 (0.304)
LIDI4 | -0.449 (-0.327) | -0.456 (-:0.332) | -0.461 (-0.337) | -0.472 (-0.342) | -0.473 (-0.334)
LIDI5S | -0.162(0.088) | -0.109 (0.159) | -0.040 (0.262) | 0.078 (0.426) | 0.285(0.737)
LIDI6 | -0.257 (-0.043) | -0.227 (:0.002) | -0.186 (0.060) | -0.115(0.159) | 0.005 (0.353)
Panel B: Accuracy (AFE,, =V, - P°|/ %)
bg=0% bg =2% bg=4% bg = 6% bg =8%
LIDI0 | 0.581(0.595) | 0.590(0.599) | 0.603(0.606) | 0.625(0.620) | 0.671(0.653)
LIDI1 | 0.553(0.577) | 0.558(0.579) | 0.563(0.582) | 0.573(0.587) | 0.591(0.598)
LIDI2 | 0.563(0.656) | 0.566(0.660) | 0.571(0.665) | 0.578(0.674) | 0.589 (0.689)
LIDI3 | 0.447(0.562) | 0.440(0.571) | 0.437(0.589) | 0.429(0.624) | 0.438(0.712)
LIDI4 | 0.491(0.507) | 0.505(0.521) | 0.517(0.543) | 0.537(0.580) | 0.569 (0.659)
LIDIS | 0.406(0.572) | 0.409(0.602) | 0.413(0.654) | 0.435(0.752) | 0.502 (0.978)
LIDI6 | 0.415(0.521) | 0.409(0.534) | 0.402(0.557) | 0.406(0.603) | 0.432(0.721)
Panel C: Explainability (R® of P = A, + AV, +u,)
bg = 0% bg = 2% bg = 4% bg = 6% bg = 8%
LID10 0.333 0.332 0.328 0.325 0.306
LID11 0.392 0.394 0.394 0.397 0.403
LID12 0.362 0.359 0.356 0.352 0.334
LID13 0.392 0.391 0.391 0.386 0.376
LID1(4 0.528 0.510 0.478 0.425 0.347
LID15 0.423 0.418 0.416 0.404 0.389
LID16 0.451 0.447 0.442 0.429 0.407
Note:

1) Bias (Accuracy) is defined as the signed (absolute) difference between the value estimates and the
current stock price, scaled by the current stock price. The figures shown in Panel A and B are median
values. The mean values are shown in parentheses.

2) Explainability (Panel C) is defined as the ability of value estimates to explain cross-sectional variation
in current stock prices (i.e., OLS R?)

3) Earnings before extraordinary items (i.e., X4) is used.

4) bg denotes future book value growth rate.

5) Pf’3 is the observed stock price at 3 months after the fiscal year end, and V/, is the estimated intrinsic

value.

224



/

Chapter 6. Reliability of competing valuation models: U.K. evidence -

Table 6.15: Sensitivity to residual income growth rate — scaled by book value, based

on X4
Panel A: Bias (FE,, =(V, — P*)/ P°*)
g,=0% g,=2% g, = 4% g, = 6% g,=8%
EBO4 -0.431 -0.432 -0.413 -0.384 -0.328
(-0.371) (-0.384) (-0.402) (-0.425) (-0.454)
EBOS5 -0.393 -0.387 -0.370 -0.331 -0.262
(-0.313) (-0.313) (-0.312) (-0.310) (-0.300)
EBO6 -0.405 -0.392 -0.373 -0.336 -0.266
(-0.335) (-0.331) (-0.324) (-0.312) (-0.287)
Panel B: Accuracy (AFE,, = |V, - P/ P%)
g, =0% g,=2% g,=4% g,=6% g,= 8%
EBO4 0.447 0.451 0.448 0.453 0.504
(0.482) (0.519) (0.582) (0.698) (0.957)
EBOS 0.408 0.408 0.397 0.386 0.407
(0.433) (0.455) (0.495) (0.569) (0.735)
EBO6 0.416 0.407 0.396 0.377 0.382
(0.431) (0.446) (0.472) (0.520) (0.635)
Panel C: Explainability (R* of P = 4, + 4,V, +u,)
g =0% g =2% g, =4% g, =6% g, =8%
EBO4 0.618 0.557 0.513 0.420 0.295
EBOS 0.669 0.610 0.586 0.487 O.v365
EBO6 0.671 0.639 0.587 0.497 0.384
Note:

1) Bias (Accuracy) is defined as the signed (absolute) difference between the value estimates and the
current stock price, scaled by the current stock price. The figures shown in Panel A and B are median
values. The mean values are shown in parentheses.

2) Explainability (Panel C) is defined as the ability of value estimates to explain cross-sectional variation
in current stock prices (i.e., OLS R?)

3) Earnings before extraordinary items (i.e., X4) is used.

4) g, denotes future residual income growth rate.

5) P** is the observed stock price at 3 months after the fiscal year end, and ¥, is the estimated intrinsic

value.
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Table 6.16: Sensitivity to discount rate — scaled by book value, based on X4

Panel A: Bias (FE,, =(V, - P*)/ P*?)

Year-specific r=10% r=12% r=14% r=16% r=18%
LIDI | -0.476 (-0.282) | -0.476 (-0.282) | -0.476 (-0.282) | -0.476 (-0.282) | -0.476 (-0.282) | -0.476 (-0.282)
LID2 | -0.521(-0.789) | -0.520 (-0.976) | -0.524 (-0.861) | -0.524 (-0.778) | -0.522 (-0.716) | -0.520 (-0.668)
LID3 | -0.491 (-0.354) | -0.496 (-0.373) | -0.494 (-0.365) | -0.492 (-0.356) | -0.491 (-0.349) | -0.490 (-0.343)
LID4 | -0.528 (-0.471) | -0.480 (0.022) | -0.497 (-0.629) | -0.514 (-0.146) | -0.527 (-0.504) | -0.517 (-0.388)
LIDS | -0.461 (-0.294) | -0.444 (-0.272) | -0.454 (-0.285) | -0.463 (-0.298) | -0.473 (-0.310) | -0.482 (-0.322)
LID6 | -0.431(-0.371) | -0.241 (-0.173) | -0.368 (-0.311) | -0.458 (-0.409) | -0.526 (-0.483) | -0.579 (-0.541)
LID7 | -0.430(-0.319) | -0.352 (-0.233) | -0.403 (-0.291) | -0.444 (-0.337) | -0.478 (-0.373) | -0.505 (-0.402)
LID8 | -0.448 (-0.307) | -0.411 (-0.261) | -0.434 (-0.290) | -0.455 (-0.315) | -0.473 (-0.337) | -0.490 (-0.356)
LID9 | -0.428 (-0.274) | -0.364 (-0.185) | -0.406 (-0.243) | -0.441 (-0.289) | -0.472 (-0.329) | -0.499 (-0.364)
LID10 | -0.574 (-0.415) | -0.098 (0.239) | -0.323 (-0.071) | -0.459 (-0.257) | -0.549 (-0.381) | -0.613 (-0.469)
LIDI1 | -0.536 (-0.414) | -0.044 (0.253) | -0.288 (-0.080) | -0.431 (-0.269) | -0.523 (-0.392) | -0.587 (-0.475)
LID12 | -0.553 (-0.519) | -0.001 (-0.916) | -0.213 (-0.422) | -0.396 (-0.057) | -0.542 (-0.533) | -0.609 (-0.519)
LIDI3 | -0.219(0.038) | 0.259(0.699) | -0.060 (0.264) | -0.249 (0.003) | -0.376 (-0.171) | -0.467 (-0.295)
LID14 | -0.461 (-0.337) | -0.213 (-0.007) | -0.400 (-0.260) | -0.513 (-0.412) | -0.589 (-0.513) | -0.645 (-0.584)
LIDI5S | -0.040 (0.262) | 1.126 (1.844) | 0.366 (0.808) | -0.064 (0.222) | -0.322 (-0.127) | -0.496 (-0.359)
LIDI6 | -0.186(0.060) | 0.877(1.494) | 0.194(0.562) | -0.200 (0.032) | -0.437 (-0.284) | -0.590 (-0.489)
EBOl | -0.431 (-0371) | -0.241 (-0.173) | -0.368 (-0.311) | -0.458 (-0.409) | -0.526 (-0.483) | -0.579 (-0.541)
EBO2 | -0.393 (-0.313) | -0.164 (-0.054) | -0.310 (-0.221) | -0.414 (-0.339) | -0.493 (-0.428) | -0.554 (-0.497)
EBO3 | -0.405 (-0.335) | -0.171 (-0.064) | -0.322 (-0.236) | -0.430 (-0.358) | -0.511 (-0.449) | -0.573 (-0.520)
EBO4 | -0.413 (-0.402) | -0.095 (-0.101) | -0.321 (-0.325) | -0.457 (-0.460) | -0.547 (-0.550) | -0.612 (-0.615)
EBO5 | -0.370 (-0.312) | 0.005(0.095) | -0.252 (-0.185) | -0.406 (-0.353) | -0.509 (-0.465) | -0.583 (-0.545)
EBO6 | -0.373 (-0.324) | 0.010(0.096) | -0.254(-0.190) | -0.410 (-0.361) | -0.515 (-0.475) | -0.589 (-0.556)
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Table 6.16 (continued)
Panel B: Accuracy (AFE,, =|V, — P**|/ P**)
Year-specific r=10% r=12% r=14% r=16% r=18%

LIDI 0.537(0.581) | 0.537(0.581) | 0.537(0.581) | 0.537(0.581) | 0.537(0.581) | 0.537(0.581)
LID2 0.530 (0.870) | 0.531(1.060) | 0.534(0.938) | 0.532(0.856) | 0.530(0.797) | 0.531(0.753)
LID3 0.530(0.567) | 0.531(0.569) | 0.529 (0.568) | 0.529 (0.568) | 0.531(0.567) | 0.531(0.567)
LID4 0.546 (0.635) | 0.546 (1.457) | 0.553 (1.557) | 0.554(1.958) | 0.549 (0.804) | 0.542(0.568)
LID5 0.512(0.546) | 0.502(0.545) | 0.509 (0.546) | 0.515(0.548) | 0.520(0.550) | 0.526 (0.552)
LID6 0.447 (0.482) | 0.311(0.416) | 0.392(0.449) | 0.469(0.496) | 0.532(0.542) | 0.583 (0.584)
LID7 0.460 (0.480) | 0.404 (0.451) | 0.437(0.467) | 0.470(0.487) | 0.497 (0.505) | 0.520(0.521)
LID8 0.491(0.517) | 0.464(0.505) | 0.479 (0.511) | 0.494(0.519) | 0.508 (0.527) | 0.521 (0.534)
LID9 0.477 (0.509) | 0.441(0.505) | 0.462(0.507) | 0.483(0.514) | 0.505(0.522) | 0.527(0.532)
LIDIO | 0.603 (0.606) | 0.455(0.710) | 0.479 (0.602) | 0.531(0.584) | 0.585(0.598) | 0.633 (0.623)
LIDI1 | 0.563 (0.582) | 0.434(0.698) | 0.448(0.575) | 0.499(0.560) | 0.552(0.578) | 0.602 (0.606)
LID12 | 0.571(0.665) | 0.551(3.643) | 0.452(1.504) | 0.480(1.400) | 0.563 (0.821) | 0.622(0.638)
LIDI3 | 0.437(0.589) | 0.503(0.968) | 0.431(0.691) | 0.443(0.586) | 0.477(0.554) | 0.518(0.555)
LID14 | 0.517(0.543) | 0.435(0.547) | 0.469(0.502) | 0.535(0.530) | 0.597 (0.574) | 0.649 (0.620)
LIDIS | 0413 (0.654) | 1.127(1.940) | 0.525(1.025) | 0.404(0.637) | 0.441(0.526) | 0.524(0.537)
LIDI6 | 0.402(0.557) | 0.887(1.606) | 0.442(0.827) | 0.402(0.546) | 0.484(0.513) | 0.601(0.579)
EBO1 | 0.447(0.482) | 0311(0.416) | 0.392(0.449) | 0.469(0.496) | 0.532(0.542) | 0.583(0.584)
EBO2 | 0.408(0.433) | 0.261(0.368) | 0.343(0.397) | 0.428(0.449) | 0.501 (0.503) | 0.558 (0.552)
EBO3 | 0.416(0.431) | 0.244(0339) | 0.347(0.385) | 0.438(0.448) | 0.516(0.508) | 0.576(0.561)
EBO4 | 0.448(0.582) | 0.311(0.607) | 0.379(0.560) | 0.473(0.589) | 0.555(0.631) | 0.617(0.672)
EBOS | 0.397(0.495) | 0.262(0.539) | 0.320(0.474) | 0.423(0.512) | 0.518(0.565) | 0.588(0.615)
EBO6 | 0396 (0.472) | 0.242(0.486) | 0.311(0.438) | 0.426(0.492) | 0.521(0.554) | 0.593 (0.609)
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Table 6.16 (continued)
Panel C: Explainability (R2 of Pf’3 =, + AV, +u,)
Year-specific r=10% r=12% r=14% r=16% r=18%

LID1 0.338 0.338 0.338 0.338 0.338 0.338
LID2 0.439 0.366 0.418 0.443 0.457 0.464
LID3 0.386 0.400 0.392 0.387 0.381 0.378
LID4 0.379 0.156 0.156 0.158 0.314 0.433
LID5 0.395 0.393 0.393 0.393 0.393 0.393
LID6 0.618 0.625 0.625 0.625 0.625 0.625
LID7 0.540 0.551 0.544 0.533 0.523 0.514
LID8 0.451 0.453 0.450 0.446 0.443 0.439
LID9 0.469 0.462 0.464 0.462 0.464 0.466
LID10 0.328 0.326 0.326 0.326 0.326 0.326
LID11 0.394 0.363 0.368 0.376 0.378 0.383
LID12 0.356 0.096 0.215 0.252 0.301 0.404
LID13 0.391 0.349 0.355 0.363 0.371 0.379
LID14 0.478 0.483 0.509 0.534 0.551 0.557
LID15 0.416 0.358 0.375 0.396 0.416 0.436
LID16 0.442 0.374 0.397 0.424 0.455 0.502
EBO1 0.618 0.625 0.625 0.625 0.625 0.625
EBO2 0.669 0.655 0.656 0.657 0.658 0.658
EBO3 0.671 0.667 0.671 0.672 0.672 0.673
EBO4 0.513 0.515 0.515 0.515 0.515 0.515
EBOS 0.586 0.575 0.577 0.579 0.580 0.582
EBO6 0.587 0.576 0.580 0.584 0.590 0.591

Note:
1) Bias (Accuracy) is defined as the signed (absolute) difference between the value estimates and the

current stock price, scaled by the current stock price. The figures shown in Panel A and B are median

values. The mean values are shown in parentheses.
2) Explainability (Panel C) is defined as the ability of value estimates to explain cross-sectional variation

in current stock prices (i.e., OLS R?)
3) Earnings before extraordinary items (i.e., X4) is used.
4) r denotes future discount rate.
5) R°’3 is the observed stock price at 3 months after the fiscal year end, and V is the estimated intrinsic

value.
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Table 6.17: Sensitivity to benchmarking stock price — scaled by book value, based on

Panel A: Bias (FE, =(V, - P*")/ P®")

X4

Pc,3

t

Pc,4

t

PC,S

t

PC.6

t

Pc,7

t

LID1
LID2
LID3
LID4
LID5
LID6
LID7
LID8
LID9
LID10
LID11
LID12
LID13
LID14
LID15
LID16
EBO1
EBO2
EBO3
EBO4
EBOS
EBO6

-0.476 (-0.282)
-0.521 (-0.789)
-0.491 (-0.354)
-0.528 (-0.471)
-0.461 (-0.294)
-0.431 (-0.371)
-0.430 (-0.319)
-0.448 (-0.307)
-0.428 (-0.274)
-0.574 (-0.415)
-0.536 (-0.414)
-0.553 (-0.519)
-0.219 (0.038)
-0.461 (-0.337)
-0.040 (0.262)
-0.186 (0.060)
-0.431 (-0.371)
-0.393 (-0.313)
-0.405 (-0.335)
-0.413 (-0.402)
-0.370 (-0.312)
-0.373 (-0.324)

-0.482 (-0.291)
-0.532 (-0.798)
-0.500 (-0.363)
-0.534 (-0.478)
-0.469 (-0.303)
-0.439 (-0.381)
-0.439 (-0.329)
-0.458 (-0.316)
-0.437 (-0.284)
-0.580 (-0.422)
-0.544 (-0.422)
-0.561 (-0.525)
-0.232 (0.025)
-0.472 (-0.344)
-0.049 (0.246)
-0.195 (0.047)
-0.439 (-0.381)
-0.403 (-0.324)
-0.415 (-0.348)
-0.426 (-0.412)
-0.381 (-0.324)
-0.386 (-0.337)

-0.485 (-0.292)
-0.535 (-0.794)
-0.506 (-0.363)
-0.537 (-0.480)
-0.473 (-0.305)
-0.444 (-0.383)
-0.444 (-0.330)
-0.463 (-0.317)
-0.441 (-0.286)
-0.583 (-0.423)
-0.549 (-0.422)
-0.565 (-0.527)
-0.234 (0.024)
-0.476 (-0.344)
-0.056 (0.245)
-0.203 (0.046)
-0.444 (-0.383)
-0.411 (-0.331)
-0.416 (-0.353)
-0.434 (-0.414)
-0.388 (-0.332)
-0.389 (-0.344)

-0.478 (-0.277)
-0.530 (-0.793)
-0.498 (-0.349)
-0.530 (-0.469)
-0.462 (-0.289)
-0.439 (-0.371)
-0.432 (-0.316)
-0.453 (-0.302)
-0.430 (-0.270)
-0.575 (-0.410)
-0.541 (-0.410)
-0.559 (-0.518)
-0.219 (0.047)
-0.467 (-0.330)
-0.040 (0.273)
-0.188 (0.070)
-0.439 (-0.371)
-0.404 (-0.315)
-0.409 (-0.343)
-0.429 (-0.403)
-0.382 (-0.315)
-0.382 (-0.335)

-0.475 (-0.259)
-0.527 (-0.795)
-0.494 (-0.334)
-0.525 (-0.461)
-0.463 (-0.272)
-0.435 (-0.359)
-0.429 (-0.301)
-0.449 (-0.286)
-0.424 (-0.253)
-0.573 (-0.395)
-0.538 (-0.396)
-0.555 (-0.510)
-0.217 (0.072)
-0.472 (-0.319)
-0.034 (0.303)
-0.184 (0.094)
-0.435 (-0.359)
-0.399 (-0.303)
-0.405 (-0.335)
-0.427 (-0.394)
-0.377 (-0.305)
-0.380 (-0.330)
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Table 6.17 (continued)
Panel B: Accuracy (AFE,, =|V, - P"|/ P")
pfﬂ Rc,4 ch’s Rc,é ch
LID1 0.537(0.581) | 0.542(0.584) | 0.547(0.589) | 0.544(0.593) | 0.546 (0.604)
LID2 0.530(0.870) | 0.541(0.880) | 0.544(0.881) | 0.541(0.892) | 0.541(0.904)
LID3 0.530(0.567) | 0.537(0.572) | 0.545(0.578) | 0.541(0.579) | 0.543(0.587)
LID4 0.546 (0.635) | 0.556(0.641) | 0.562(0.647) | 0.556(0.648) | 0.558 (0.656)
LID5 0.512(0.546) | 0.518(0.551) | 0.526(0.556) | 0.522(0.558) | 0.522(0.569)
LID6 0.447 (0.482) | 0.458(0.492) | 0.464(0.499) | 0.460(0.497) | 0.460 (0.501)
LID7 0.460 (0.480) | 0.469 (0.487) | 0.474(0.495) | 0.467(0.494) | 0.467 (0.501)
LID8 0.491(0.517) | 0.498(0.522) | 0.505(0.528) | 0.500(0.529) | 0.500 (0.539)
LID9 0.477(0.509) | 0.484(0.514) | 0.491(0.520) | 0.483(0.522) | 0.484(0.532)
LID10 | 0.603 (0.606) | 0.609(0.611) | 0.613(0.615) | 0.609 (0.616) | 0.609 (0.623)
LIDI1 | 0.563(0.582) | 0.570(0.587) | 0.575(0.592) | 0.571(0.593) | 0.572(0.598)
LID12 | 0.571(0.665 | 0.579(0.671) | 0.584(0.676) | 0.581(0.677) | 0.579 (0.686)
LIDI3 | 0437(0.589) | 0.440(0.588) | 0.443(0.594) | 0.444(0.607) | 0.450(0.630)
LID14 | 0517(0.543) | 0.525(0.549) | 0.528(0.555) | 0.528(0.559) | 0.535(0.568)
LIDI5 | 0413 (0.654) | 0416(0.650) | 0.422(0.657) | 0.426(0.677) | 0.432(0.706)
LID16 | 0.402(0.557) | 0411(0.558) | 0.413(0.564) | 0.418(0.578) | 0.421(0.600)
EBO1 0.447 (0.482) | 0.458(0.492) | 0.464(0.499) | 0.460(0.497) | 0.460(0.501)
EBO2 | 0.408(0.433) | 0.417(0441) | 0.427(0.447) | 0421(0.450) | 0.421(0.451)
EBO3 | 0.416(0.431) | 0.425(0.440) | 0.425(0.440) | 0.418(0.434) | 0.416(0.432)
EBO4 | 0448(0.582) | 0458(0.592) | 0.466(0.599) | 0.465(0.600) | 0.468 (0.608)
EBO5 | 0.397(0.495) | 0405(0.501) | 0.413(0.507) | 0.415(0.513) | 0.414(0.516)
EBO6 | 0.396(0.472) | 0.404(0.478) | 0.408(0477) | 0.403(0473) | 0.406(0474)
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Table 6.17 (continued)

Panel C: Explainability (R® of P*" = 4, + AV, +u,)

Ec,a pet pes R”’6 P,C’7
LID1 0.338 0.330 0.338 0.325 0.326
LID2 0.439 0.431 0.438 0.432 0.421
LID3 0.386 0.382 0.391 0.377 0.378
LID4 0.379 0.368 0.374 0.361 0.359
LID5 0.395 0.386 0.395 0.381 0.381
LID6 0.618 0.609 0.616 0.607 0.597
LID7 0.540 0.530 0.539 0.527 0.523
LID8 0.451 0.442 0.451 0.439 0.438
LID9 0.469 0.461 0.470 0.459 0.456
LID10 0.328 0.321 0.329 0.316 0.316
LID11 0.394 0.390 0.398 0.384 0.385
LID12 0.356 0.346 0.348 0.336 0.332
LID13 0.391 0.383 0.390 0.375 0.375
LID14 0.478 0.467 0.467 0.460 0.457
LID15 0.416 0.406 0.413 0.399 0.397
LID16 0.442 0.434 0.441 0.431 0.427
EBO1 0.618 0.609 0.616 0.607 0.597
EBO2 0.669 0.664 0.671 0.663 0.651
EBO3 0.671 0.668 0.678 0.677 0.680
EBO4 0.513 0.506 0.517 0.506 0.492
EBOS 0.586 0.582 0.590 0.585 0.559
EBO6 0.587 0.585 0.596 0.597 0.601

Note:
1) Bias (Accuracy) is defined as the signed (absolute) difference between the value estimates and the

current stock price, scaled by the current stock price. The figures shown in Panel A and B are median

values. The mean values are shown in parentheses.
2) Explainability (Panel C) is defined as the ability of value estimates to explain cross-sectional variation

in current stock prices (i.e., OLS R?)
3) Earnings before extraordinary items (i.e., X4) is used.
4) P is the observed stock price at n months after the fiscal year end, and ¥, is the estimated intrinsic

value.
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Table 6.18: Sensitivity to consensus earnings forecasts — scaled by book value, based

on X4
Bias Accuracy Explainability

Median Mean Median Mean Median Mean
LID1 -0.476 (-0.282) | -0.476 (-0.282) | 0.537(0.581) | 0.537 (0.581) 0.338 0.338
LID2 -0.521 (-0.789) | -0.521 (-0.789) | 0.530(0.870) | 0.530 (0.870) 0.439 0.439
LID3 -0.491 (-0.354) | -0.491 (-0.354) | 0.530(0.567) | 0.530(0.567) 0.386 0.386
LID4 -0.528 (-0.471) | -0.528 (-0.471) | 0.546 (0.635) | 0.546 (0.635) 0.379 0.379
LIDS -0.461 (-0.294) | -0.461 (-0.294) | 0.512(0.546) | 0.511 (0.546) 0.395 0.395
LID6 -0.431 (-0.371) | -0.430 (-0.371) | 0.447 (0.482) | 0.445(0.482) 0.618 0.620
LID7 -0.430 (-0.319) | -0.429 (-0.318) | 0.460 (0.480) | 0.461 (0.481) 0.540 0.536
LIDS8 -0.448 (-0.307) | -0.448 (-0.307) | 0.491(0.517) | 0.491(0.517) 0.451 0.451
LID9 -0.428 (-0.274) | -0.429 (-0.275) | 0.477 (0.509) | 0.477 (0.508) 0.469 0471
LID10 -0.574 (-0.415) | -0.574 (-0.415) | 0.603 (0.606) | 0.603 (0.606) 0.328 0.328
LID11 -0.536 (-0.414) { -0.536 (-0.414) | 0.563(0.582) | 0.563 (0.582) 0.394 0.394
LID12 -0.553 (-0.519) | -0.553 (-0.519) | 0.571 (0.665) | 0.571 (0.665) 0.356 0.356
LID13 -0.219 (0.038) | -0.218 (0.040) | 0.437(0.589) | 0.437(0.589) 0.391 0.391
LID14 -0.461 (-0.337) | -0.464 (-0.339) | 0.517(0.543) | 0.517(0.543) 0.478 0.479
LID15 -0.040 (0.262) | -0.036 (0.266) | 0.413 (0.654) | 0.413 (0.656) 0416 0.415
LID16 -0.186 (0.060) | -0.183 (0.064) | 0.402 (0.557) | 0.401 (0.558) 0.442 0.440
EBO1 -0.431 (-0.371) | -0.430 (-0.371) | 0.447(0.482) | 0.445(0.482) 0.618 0.620
EBO2 -0.393 (-0.313) | -0.392 (-0.312) | 0.408 (0.433) | 0.408 (0.432) 0.669 0.672
EBO3 -0.405 (-0.335) | -0.405(-0.334) | 0.416(0.431) | 0.416(0.431) 0.671 0.672
EBO4 -0.413 (-0.402) | -0.410 (-0.400) | 0.448 (0.582) | 0.445(0.582) 0.513 0.517
EBOS -0.370 (-0.312) | -0.368 (-0.311) | 0.397(0.495) | 0.394 (0.494) 0.586 0.588
EBO6 -0.373 (-0.324) | -0.373 (-0.324) | 0.396(0.472) | 0.397(0.472) 0.587 0.589

Note:

1) Bias (Accuracy) is defined as the signed (absolute) difference between the value estimates and the
current stock price, scaled by the current stock price. The figures shown in column ‘bias' and 'accuracy’
are median values. The mean values are shown in parentheses.

2) Explainability is defined as the ability of value estimates to explain cross-sectional variation in current
stock prices (i.e., OLS R?)

3) Earnings before extraordinary items (i.e., X4) is used.

4) Median and mean in the second row denote respectively median and mean analysts earnings forecasts

provided by I/B/E/S.
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Appendix 6.1: The practical issue of estimating RI parameters when OI is dealt with

Wheg we incorporate Ol in the linear information dynamics by using analysts' earnings forecasts, a
prgctlcal issue about the estimation of RI parameters could arise. This is because the parameters are
estimated using Eq. 1 practically, despite the real equation including the OI variable. Since we want to
estimate @, and @, in Eq. 1 using historical data, a corresponding estimating equation should be the

following form theoretically.

a

X =@, +ox, +v,_ +u (Eq. A6.1.1
17vt-1 t-1 1t q

However, OI (v) is unobservable in this equation. Even though analysts' earnings forecasts can be used to
estimate OI, we first need to estimate @, and @, in Eq. 1 because v, is defined as f}¢, — @, — @, x/ .

Consequently, we have to use another equation for estimating @, and @, empirically. The alternative
estimating equation for Eq. A6.1.1 is as follows:

X' =@y +@X, + Uy, (Eq. A6.1.2)

Here, @, and @, are apparently different from @, and @, , respectively, because @, and @, comprise

the effect of omitting variable, v. Turning first to the issue of estimating ,, one thing we could

reasonably assume is the independence between RI and OI. Since OI is defined as information about
future residual income not captured by historical accounting numbers, this assumption seems to be
rational. Thus, under the assumption that there is no correlation between RI and OI variables in the right-

hand side of Eq. A6.1.1, @/ estimated from Eq. A6.1.2 appears to be a reasonable estimate for the real

coefficient o, .

Let's consider the next issue about estimating @, . Even in the above assumption, @, is not equal to @, .
Since all effects of omitting OI variable are absorbed into the intercept term, @, will be @, plus mean OI
(MOI). Thus, the real intercept term @, can be estimated, as long as MOI is available. However, ‘other
information' cannot be measured without @,, because it is defined as f}, — @, —w,x; . Thus, it is
difficult to estimate @, in practice. In this study, @, estimated Eq. A6.1.2 is used as a proxy of the real

intercept term @), despite the possibility of some noise.
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CHAPTER 7

APPLICABILITY OF COMPETING VALUATION MODELS: U.K. EVIDENCE

7.1. Introduction and Motivation

Even though all 'linear information dynamics (LID)' approaches and 'Edwards-Bell-
Ohlson (EBO)' approaches are rooted in the well-known residual income valuation
(RIV) relationship, the implementation procedures and the underlying assumptions are
different under each approach, so the resulting value estimates can vary. The LID
valuation approach is based on the idea that historical accounting information plays a
major role in predicting future residual incomes, so that the estimated LID parameters
and current accounting and 'other information' are sufficient for the estimation of a
firm's intrinsic value. On the other hand, the EBO valuation approach uses analysts'
earnings forecasts directly to arrive at forecasts of future residual incomes within a
forecast horizon. These are used together with assumptions about residual income
growth in the post-horizon period to arrive at value estimates.” There could be various
LID-type and EBO-type valuation models according to the assumptions of LID in the

first case, and various sets of forecast horizon and terminal value (TV) assumptions in

the second case.

% Strictly speaking, an EBO valuation approach could use any kind of residual income forecasts. For
example, a mechanical time-series equation using historical accounting data can be used to forecast future
earnings (or residual incomes). Most empirical studies show that EBO approaches usin_g analysts'
carnings forecasts are superior to those using mechanical earnings forecasts (see Francis, Olsson and
Oswald, 1999; Frankel and Lee, 1998) in EBO approach. I shall only consider EBO valuation approaches

that use analysts' earnings forecasts.
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Following the seminal theoretical works of Ohlson (1995) and Feltham and Ohlson
(1995, 1996), many researchers have tried to investigate the LID model's validity
empirically. However, the unobservable nature of 'other information (OD)'in LID has led
many researchers to ignore OI in the empirical implementation of Ohlson (1995) and
Feltham and Ohlson (1995, 1996). Some effort to seck a good proxy of OI has been
made more recently in order to incorporate OI in the empirical examination of LID
models. These include Dechow, Hutton and Sloan (1999), Myers (1999b), Ohlson
(2001), Liu and Ohlson (2000), and Begley and Feltham (2000).”® Besides, many
researchers have also tried to modify the original LID of Ohlson (1995) and Feltham
and Ohlson (1995, 1996) (Biddle, Chen and Zhang, 2000; Ota, 2000; Pope and Wang,
1999; Choi, O'Hanlon and Pope, 2002). Despite the efforts devoted to the LID
approaches, the EBO approaches are also still booming in the equity valuation area.
Frankel and Lee (1998) and Lee, Myers and Swaminathan (1999) compare various EBO
valuation models with traditional or time-series valuation models. And Francis, Olsson
and Oswald (2000), Penman and Sougiannis (1998), and Courteau, Kao and Richardson
(2000) compare the EBO approach-based residual income (RI) valuation models with

the theoretically identical 'present value of expected dividend (PVED)' model and

'discounted cash flow (DCF)' model.”’

% Myers (1999b) uses order backlog as a proxy of 'OT, while the other papers use analysts' earnings
forecasts for the calculation of 'OI'.

97 Lundholm and O'Keefe (2001a) argue that the claim of the RIV model's superiority over the
theoretically equivalent ‘present value of expected dividend (PVI.ED)f model and 'Fliscounted cash flow
(DCF)' model is flawed as a consequence of 3 commonly occurring implementation errors — labeled as .
'the inconsistent forecasts error', 'the incorrect discount rate error’ and 'the missing cash flow error'. Their
critique does not address the comparison of two alternative approaches to RI~basgd valuation (LID gnd
EBO). These two approaches contain obviously different procedures and assumptions when predicting the
future residual incomes, so that the examination of the relative superiority of models is still an empirical

issue.

236



Chapter 7. Applicability of competing valuation models: U.K. evidence

However, in spite of a large amount of work on the LID and EBO approaches to equity
valuation, most researchers just concentrate on the average reliability of the competing
valuation models. For example, Dechow, Hutton and Sloan (1999) compare 8 LID
models using the pooled data in terms of bias and accuracy, and conclude that Ohlson's
(1995) Ol-inclusive LID approach is, on average, outperformed by a simple valuation

model that capitalises just one-year ahead earnings forecasts.

The issue of the conditions under which one model dominates the other models remains
unanswered, and I intend to address it here. A company's accounting methods/systems
and economic properties could make one class of valuation model more applicable than
other classes in the case of that company. Therefore, it is likely that a particular model
will dominate other models in some, but not all circumstances. This issue is quite
important especially for practitioners, because equity valuation is a task that must be

carried out on a firm-by-firm basis ultimately.

A recent study that deals with the different applicability under different conditions of
different accounting-based valuation models is Sougiannis and Yaekura (2000). They
compare the accuracy of 5 models — the EBO model with the assumed TV (COMBO),
the earnings capitalisation model (CM), the EBO model without TV (RIM), the book
value model (BVM) and the earnings model (ERM) — and show that COMBO
dominates the other four models, on average. However, only in 48% of firm-years is the
value estimate given by COMBO the most accurate of the value estimates given by the

various models. CM, RIM, BVM and ERM give the highest accuracy for 18%, 13%,
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11% and 10% of the sample firm-years. They show that the different ex-ante prdperties
of each firm can result in different applicability of those models. T hus, even though a

model performs best on average, we cannot conclude that the model gives the most

reliable value estimates in all cases.

My research is in line with Sougiannis and Yaekura (2000) in the context of the
examination of various models' reliability in certain circumstances. However,
Sougiannis and Yaekura (2000) only focus on the comparison of the EBO approach-
based models and the earnings capitalization model. Although the LID and the EBO
approaches are particular objects of interest to researchers in equity valuation, there is
no explicit research that compares the LID and the EBO approaches, to my
knowledge.”® Together with the limited amount of previous work on the applicability of
various valuation models, the lack of research on the comparison of the LID and the
EBO valuation models motivates me to investigate under what conditions EBO models
are more appropriate than LID models, and vice versa. Also, it is of interest whether the
modification of the Ohlson (1995) LID through the incorporation of intercept terms
would give more reliable value estimates in many circumstances. Thus, in this chapter, I
compare the applicability of three approaches to valuation - the 'other information'-
inclusive Ohlson (1995) LID model (henceforth, the Ohlson LID or LID9 unless
otherwise stated), the 'other information' and 'intercept-inclusive LID model with the

assumption of 4% book value growth (henceforth, the 'intercept-inclusive' LID or

% 1n Dechow, Hutton and Sloan (1999), the model which capitalises the one-year ahead analysts' earnings
forecasts is the same as the one-year horizon EBO model with no growth in the post-hori.zon period.
However, they consider this model as a special case of Ohlson (1995) model and do not include any more

EBO approach-based models in their research.
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LID16 unless otherwise stated), and the 2-year horizon EBO model with the assumption

of 4% residual income growth (henceforth, the EBO or EBOS5 unless otherwise

stated).”

The choice of three general models for the applicability test is firstly based on the
previous chapter that examines the overall bias and accuracy of various valuation
models in the U.K. The results show that these three models seem to give relatively
accurate and unbiased value estimates compared to their variants. Moreover, since the
objective of the models' applicability test in this chapter is to compare three different
approaches to Rl-based equity valuation, it could be more appropriate to use the most
comprehensive model for each approach. Table 7.1, Panel A summarises 'central
tendency' and 'extreme tendency' of value estimates arising from the adoption of three
general models as well as their overall median and mean accuracy figures. 'Central
tendency' is defined as the percentage of firm-years where the value estimate is within
15% of the observed stock price, while 'extreme tendency' is defined as the percentage
of firm-years where the value estimate is outside the range from -100% to +100% of the
observed stock price. Thus, for a specific valuation model, a firm-year whose value
estimate is categorised as 'central tendency' (‘extreme tendency’) can be thought as a
good (bad) performer. Book value model (LID1), earnings model (LID2) and one-year

ahead earnings capitalisation model (EBO1) are used just as naive' benchmarks.'*

% See Chapter 3 for details of the development of the intercept-inclusive' LID mo<.iel. Chapter 4 anq
Chapter 6 show US and UK evidence that the 'intercept-inclusive' LID approach gives the most unbiased
value estimates on average compared to the Ohlson LID and the EBO approaches. o

19 Median and mean figures relating to the first 5 models in Table 7.1, Panel A are a bit d1ffer§nt from
those in Chapter 6. This is because firm-years whose 2-year ahegd earnings forecasts are missing are
deleted in order to compare more precisely models' relative applicability through the same firm-years.

Consequently, total observations for the first 5 models are 5,958 as those for EBOS rather than 6,835.
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In Table 7.1, Panel A, it is interesting that none of the three general models dominates
the other two in all aspects. The 'intercept-inclusive' LID model (LID16) dominates in
terms of median accuracy, central tendency and the number of negative value estimates.
However, LID16 is dominated in terms of mean accuracy and extreme tendency.
Similarly, the EBO model (EBO5) dominates in terms of both median and mean
accuracy and the number of the most accurate value estimates, but is dominated in terms
of the number of negative value estimates and the number of the least accurate value
estimates.'’ On the other hand, the Ohlson LID model (LIDY) gives much fewer
extreme value estimates, although it seems to be inferior to the other two models in
terms of median accuracy, central tendency and the number of the most accurate value
estimates. One more interesting point to note here is that, as in Sougiannis and
Yaekura's (2000) study, even simpler models such as LID1, LID2 and EBO1 give the
most accurate value estimates in some firm-years. This result indicates that even simple
models can be most appropriate in some cases. Thus examining the conditions under

which these simple models are the best is also a worthwhile objective for further

research.

Table 7.1, Panel B contains some noteworthy preliminary results about whether firm-
specific characteristics determine central tendency and extreme tendency of value

estimates. Here, eight firm-specific variables are used: earnings-to-price (E/P) ratio,

191 The percentage shown in the columns 'most accurate’ and 'least accurate' in Table 7.1, Panel A is the
relative percentage of 6 models. If we focus on just three general models, LID9, LID16 and EBOS
respectively give the most (least) accurate value estimates for 18.6% (54.1%), 37.8% (17.0%) and 43.6%

(29.0%).
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market-to-book (P/B) ratio, R&D-to-book (RD/B) ratio, book value growth (BG), firm
size (LMV, logarithm of market value), analyst-based 1-year ahead RI-to-book (FRI/B)
ratio, stock price (P) and current residual income (RD. 1t is interesting that good
performers (firm-years whose value estimate is categorised as 'central tendency') and
bad performers (firm-years whose value estimate is categorised as 'extreme tendency’)
occur in almost all portfolios formed by firm-specific ex-ante variables, indicating that
none of the eight variables solely and completely determines central tendency and
extreme tendency of value estimates. However, the frequency of good performers and
bad performers seems to be different according to the level of some firm-specific
variables such as E/P, P/B, FRI/B and RI. In particular, many bad performers occur in
the extreme level of variables (i.e., first and/or tenth decile portfolios) regardless of
models and firm-specific variables. Altogether, these results support the possibility of
the different applicability of valuation models and the combined impact of some firm-

specific variables, rather than a sole variable, on the models' applicability.

In the next section 7.2, I develop predictions about the applicability of 3 general models
(the Ohlson LID, the ‘intercept-inclusive' LID and the EBO) across various conditions.
Section 7.3 describes the construction of portfolios according to those conditions, and

Section 7.4 presents the empirical results. Section 7.5 concludes with some discussion

of limitations of the study.
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7.2. Predictions about the Applicability of Models

7.2.1. Differences in competing models

Rl-based valuation models present a value estimate as a function of current book value
and the present value of expected future residual income. However, there are a number
of different approaches to the implementation of the RI valuation relationship. The
approaches that I intend to explore here are the Ohlson LID approach (LID9), the
'intercept-inclusive' LID approach with the assumed future book value growth rate of
4% (LID16), and the EBO approach with the assumed future residual income growth
rate of 4% (EBOS). Before developing predictions about the models' applicability, it is
worthwhile to compare the differences between these 3 approaches. Figure 7.1
illustrates how much value estimates based on different approaches can differ, even
though models in each panel use or predict the same (or very similar) RI forecasts for
the next 2 years. Although the present value of future residual incomes presented in
Figure 7.1 depends on some parameter estimates and assumptions, this rough example
shows that the patterns of future RI streams can be very different from each other. This
implies that the different model specification itself can give rise to significantly
different value estimates. Thus, analysing and forecasting which pattern a firm's future
RI will follow could be an important issue in equity valuation. Ex-ante firm
characteristics may be able to explain which model fits a firm best. Before developing

predictions about the issue of 'firm characteristic-model fit', the characteristics of three

models that can derive different value estimates are discussed below.
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'Historical’' vs. 'Forecast'

First, we can divide these approaches into two types — 'historical' type and 'forecast'
type. The two LID approaches referred to above use historical accounting numbers to
estimate RI and OI persistence (and intercept) parameters, and adopt those parameters
in the pricing model to estimate an intrinsic value. Although these two LID approaches
use one-year ahead earnings forecasts for the calculation of 'other information', which is
an important component in the linear information dynamics, I term these LID
approaches as ‘'historical' because historical accounting numbers are more important
components of the valuation model. On the other hand, the EBO approach is based on
forecasted Rls and terminal values, so I term the EBO approach as 'forecast' type.'%*
These ‘historical' type and 'forecast' type approaches can produce different value
estimates empirically, because historical earnings and forecasted earnings convey

different information to market participants.

It is generally said that analysts who act as financial experts and information
intermediaries provide more value-relevant information than the historical financial
statements do. The superiority of analysts' forecasts over historical accounting numbers
in terms of information content are supported by many previous studies (Fried and
Givoly, 1982; Brown et al., 1987a; Brown et al., 1987b). In this context, 'forecast'-type
valuation approaches may work better than 'historical'-type valuation approaches, on

average. However, it is also possible that historical accounting numbers give quite

12 Obviously, forecasts could be inferred by analysis of past accounting numbers. However, the EBO
approach does not explicitly use inputs derived from historical accounting numbers.
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sufficient information for some firmg' equity value. The possible superiority of

'historical'-type approaches over 'forecast’-type approaches can be explained by doubts

on the quality of analysts' earnings forecasts. Prior research documented that 1) the
analysts' forecasts are optimistically biased and inaccurate (Fried and Givoly, 1982,
O'Brien, 1988; Richardson et al, 1999; Easterwood and Nutt, 1999), 2) the analysts'
forecasts sometimes reflect the politics rather than the true profitability of firms in order
to get firms' inside information easily (Das e al., 1998), and 3) the analysts' forecasts do

not reflect all of the expected payoffs over firms' life (Sougiannis and Yaekura, 2000).

In short, the LID (EBO) approaches primarily focus on historical earnings (analysts'
forecasts) in the valuation model. Thus, if historical earnings (analysts' forecasts)
provide quite sufficient value-relevant information, the LID (EBO) approaches may
work better than the EBO (LID) approaches. Because both historical earnings and
analysts' forecasts may be complementary information sources for equity valuation, a
potentially superior valuation model could be developed if the model can capture and
summarize both sets of information. A feature of the 'intercept-inclusive' LID approach

developed here is that it does capture both sets of information to some extent, and

especially the OI intercept (¥, ) brings in the history of forecasts.'”

103 ypegs s ) : i ‘other information' in LID approach
Utilisation of analysts' earnings forecasts for the calculation of'o

(Dechow e al., 1999; Ohlson, 2001; Liu and Ohlson, 2000; ngley and Felthm-l’ 2002) ma’11<‘icls : lfl;ge

contribution in the context of summarizing both historical earnings and analysts forecz'l_sts. us, i -

future development of superior model could be the modification of those models. The 'intercept-inclusive

LID approach developed in this thesis could be one of those efforts.
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'Unbiased' vs. 'Biased' (Accounting Conservatism)

The second difference between the 3 general models is related to model specification.
Let's compare the two LID approaches first. The Ohlson LID approach and the
'intercept-inclusive' LID approach are based on different assumptions about the firms'
accounting systems. The Ohlson LID approach assumes that the accounting system is
unbiased (i.e., zero intercept in AR(1) RI and OI generating equations) so that residual
incomes revert to zero eventually. In this context, the Ohlson LID approach could work
relatively well in the circumstance where the firms' accounting system is relatively
unbiased. On the other hand, the 'intercept-inclusive' LID approach allows for a biased
accounting system (i.e., non-zero intercept in AR(1) RI and OI generating equations), so
that residual income is expected to converge to a non-zero mean RI, which is included
in the pricing model to capture the bias of the accounting system. Since conservative
accounting is more common, the value estimates based on the 'intercept-inclusive' LID
approach could be more reliable than those based on the Ohlson LID approach, on

average, as shown in Chapter 6.

However, it is worth noting that the additional term in the 'intercept-inclusive' LID
model is quite sensitive to both the discount rate and the growth rate (of the scaling
variable) practically. For this reason, it could be possible that the ‘intercept-inclusive'
LID approach gives more biased and less accurate value estimates than the Ohlson LID
approach in the unbiased accounting environment, if the additional term fails to capture

the unbiasedness precisely.'” These cases can happen more severely when we adopt

19 Theoretically, the additional term must be zero if accounting system is completely unbiased.
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pooled persistence/intercept parameters and constant discount/growth rate rather than

firm-specific parameters and rates.

In the case of the EBO approaches, the terminal value is considered as an adjuster of
accounting conservatism as well as a reflector of residual income growth. Thus, the
estimation of terminal value is the most important task when one employs the EBO
approach in equity valuation. However, the large downward bias as shown in previous
studies seems to indicate that the terminal value estimators in most studies are not well
specified. Sougiannis and Yaekura (2000) documented that the valuation bias will be
invariant to the level of conservatism if the terminal value captures the conservatism

effect well, but their terminal value estimators also failed to adjust the effect totally.

In short, the Ohlson LID model is specified under the assumption of unbiased
accounting, while the 'intercept-inclusive' LID model and the EBO model with terminal
value are specified in order to capture the effect of biased accounting (i.e., mainly
conservatism). Because the practice of conservative accounting is prevalent, the
'intercept-inclusive' LID approach and the EBO approach could provide more reliable
value estimates than the Ohlson LID approach, on average. The relative conservatism-
adjusting ability of the additional term in the 'intercept-inclusive' LID model and the

terminal value in the EBO model depends on how one specifies those terms in each

model.
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'Growth'

Finally, the assumptions of each model regarding firms' growth are different. This issue
is quite related to the conservatism issue discussed in the above. Note that the additional
intercept-related term in the 'intercept-inclusive' LID model and the terminal value in
the EBO model are each a reflector of firms' growth as well as an adjustment for firms'
conservatism. On the other hand, the Ohlson LID approach does not explicitly deal with
firms' growth. Again, the relative growth-reflecting ability of both reflectors depends on
how one forecasts and extrapolates firms' potential future growth (specifically, growth
of the scaling variable in the case of the 'intercept-inclusive' LID approach and growth
of residual income in the case of the EBO approach). The misestimate of firms' growth
could create large measurement error because both reflectors (or adjusters) capture a

considerable portion of firms' value.

Diagram 7.1: Characteristics of three models

Ohlson (1995) Intercept-inclusive
EBO Approach
LID Approach LID Approach
Information Historical’ Historical” Forecast
Accounting System Unbiased Biased / Unbiased™ Biased / Unbiased””
Growth No Yes /No™ Yes/No™

* Note that the Ol-inclusive LID approach does capture earnings forecasts as well as historic patterns, and

is therefore not entirely 'historical'.

** The additional term in the ‘intercept-inclusive' LID model from the incorporation of RI and OI
intercepts and the terminal value in the EBO model allow for biased accounting system and future
growth. In theory, these terms will be zero for unbiased accounting system and zero future growth.

7.2.2. Predictions

A model's applicability can be considered in two ways. In the case where a model
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provides more (or less) reliable value estimates than the other models in the same
condition, it is the model's relative applicability against the other models - labeled as
'applicability across models'. On the other hand, in the case where a model offers more
(or less) reliable value estimates for a certain condition (e.g. high conservatism) than for
the other conditions (e.g. low conservatism), it is the models' relative applicability
across the condition (e.g. conservatism) — labeled as 'applicability across conditions'. In
this section, I develop predictions about the models' applicability in both aspects. The
models' applicability test is mainly conducted by comparing median bias and accuracy
measures rather than mean measures, because median measures are less affected by

extreme outliers.

Diagram 7.2: 'Applicability across models' and 'applicability across conditions'

Model
1 2 3
A A A
PF1 <— >
PF2 |« >
[}
S
S| PF3 <+ >
Q
&)
PF4 |4 >
< —»
PES v v v

Note: ¢— indicates 'applicability across models’ (i.e. comparison of bias or accuracy beWeen mgdels,
under a specific condition). 4P indicates 'applicability across conditlion.s’ (ie. comparison of p}as or
accuracy between conditions, under a specific model). PEI to PF§ mdlpates portfolios partlltloned
according to firm-specific ex-ante characteristics such as earnings-to-price ratio, market-to-book ratio.
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Model and Earnings Attributes Fit

In equity valuation, one of the most common perspectives is that stock prices are
determined by the market's expectations of a firm's future performance. Investors can
rely on both historical and forecasted information to predict a firm's future payoffs and
make a decision for their investment, and this is quite reasonable assuming that
investors recognise the relative importance of historical and forecasted information for a
certain firm. If historical earnings are poor indicators of a firm's future performance,
investors are likely to focus more on analysts' earnings forecasts than on historical
earnings (Tse and Yaansah, 1999). In contrast, if historical earnings offer sufficient
information for a firm's future performance, investors seem to have little incentive to
use analysts' earnings forecasts. Note that, on average, analysts' earnings forecasts are
also biased and inaccurate as a number of previous studies show, even though they are
the most comprehensive sources providing information about a firm's future payoffs
(Sougiannis and Yaekura, 2000). As mentioned before, the LID approaches are mainly
based on historical accounting information (current and past earnings and book values),

while the EBO approaches are largely based on analysts' earnings forecasts.

Tse and Yaahsah (1999) use the earnings-to-price (E/P) ratio as a proxy for earnings
attributes. An extreme (high and low) E/P ratio means that earnings contain a large
portion of abnormal items (exceptional and extraordinary items) which are likely to be
transitory, while a moderate E/P ratio means that earnings are likely to be relatively
permanent. It might be more difficult in practice that one can project high volatile and
transitory earnings into future prospects regardless of valuation approaches. Note also

that much of the information in analysts' forecasts could be inferred from the analysis of
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past earnings in most cases. Thus, if all other conditions are the same, the performance
of the EBO approach relative to the LID approaches might be expected to be weaker for
moderate E/P firms. It is because historical earnings could be good indicators of a firm's
future performance so both approaches can be largely based on historical earnings. Even
though analysts can use other value-relevant information for moderate E/P firms, their
relative contribution is expected to be small. It is even possible that, in some cases, the
LID approaches might give less measurement error than the EBO approach for

moderate E/P firms.

On the other hand, the performance of the EBO approach relative to the LID approaches
might be expected to be stronger for extreme E/P firms because here historical earnings
are not very informative for a firm's future payoffs, and analysts could offer significant
other value-relevant information. So far, I have not developed any prediction about the
relative applicability between two LID approaches. However, if other conditions are not
controlled at all, the 'intercept-inclusive' LID approach is expected to be more suitable
than the Ohlson LID approach in all cases of E/P ratios because accounting
conservatism is almost universally observed. The details about the relationship between

conservatism and models' applicability are discussed next.

Model and Conservatism Fit
Accounting conservatism is one of the most important topics in accounting research.
However, there is no generally accepted practical definition of conservatism. A

descriptive definition of accounting conservatism is that revenue and gains are
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recognised slowly, but expense and losses quickly. That is, accounting conservatism
causes earnings to reflect bad news in a more timely manner than good news. Another
definition of conservatism relates to how accounting reflects investment. Thus, one
could also define conservatism in terms of undervaluation of investments at the outset.
From the above definitions of conservatism, several measures can be used empirically

to gauge the degree of accounting conservatism.'%’

Some recent studies show that the value relevance of accounting earnings has declined
over time (Brown, Lo and Lys, 1999; Francis and Schipper, 1999; Collins, Maydew and
Weiss, 1997; Lev and Zarowin, 1999), and the degree of earnings conservatism has
increased in recent years (Givoly and Hayn, 2000). Because of the properties of
earnings conservatism, it is quite possible that conservatism works to lessen the
information content of accounting earnings. Besides, the large negative abnormal items
that are recently more common in firms' accounting systems could make the quality of

earnings worse in terms of valuation.

In the context of valuation, conservatism makes historical earnings less important. If
investors recognise that conservatism is prevalent in their target firm, they may
concentrate on analysts' forecasted information rather than historical information. Thus,
in general, the EBO approach is likely to be more appropriate than the Ohlson LID

approach for high conservatism firms. As noted above, the EBO approach allows for a

19 Givoly and Hayn (2000) uses four kinds of measures to estimate accounting conservatism: 1) the level
and rate of accumulation over time of negative nonoperating accruals, 2) measures based on the earnings-
return association during periods of good news and bad news, 3) the skewness and the variability of

earnings relative to cash flows, and 4) the market-to-book ratio.
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conservatism effect through terminal value that could adjust firms' conservatism. In this
context, the 'intercept-inclusive' LID approach could also be more appropriate than the
Ohlson LID approach for high conservatism firms, even though both approaches mainly
use historical information. Note that intercept terms included in LID capture omitted
information in RI and OI auto-regressive equations, and the additional term comprising
intercept (and persistence) parameters and discount/growth rates in the pricing model
could work as an adjuster of firms' conservatism. However, it is difficult to predict the
relative conservatism-adjusting ability between the 'intercept-inclusive' LID model and
the EBO model. Probably, the relative conservatism-adjusting ability depends on the
specification of the terminal value term in the EBO model and of the additional
intercept term in the 'intercept-inclusive' LID model. On the other hand, since the
Ohlson LID approach is specified under the assumption that the accounting system is
unbiased (i.e., no conservatism), it may be relatively more appropriate than the other
two approaches for non- or low-conservatism firms. In the extreme case of a firm whose
accounting system is completely unbiased, historical earnings totally represent the firm's

past performance in a timely manner so that they could be good indicators of the firm's

future performance.

In terms of each model's relative applicability across conservatism, the Ohlson LID
approach is predicted to be more appropriate for non- or low-conservatism firms than
for high conservatism firms. However, in the case of the 'intercept-inclusive' and the
EBO approaches, this is again a matter of model specification. Theoretically, the
relative reliability must not vary according to the level of conservatism if the terminal

value in the EBO model and the additional term in the 'intercept-inclusive' model can
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capture the effect of conservatism totally. But practically, the consistent valuation errors
shown in prior studies may indicate that those two adjusters do not completely capture
the conservatism effect. If the pooled sub-sample is used in practice as in this study, the
sensitivity of those two adjusters could be larger (i.e., more biased and inaccurate) for
non- or low-conservatism firms than for high conservatism firms. Thus, the ‘intercept-
inclusive' LID and the EBO approaches are predicted to be more appropriate for high-

conservatism firms.

For the measurement of conservatism, several proxies are devised empirically. Among
them, I use 2 ratios - the market-to-book (P/B) ratio and the R&D-to-book (RD/B) ratio.
To the extent that equity valuation by investors is based on the present value of future
residual incomes, the P/B ratio would tend to be higher when accounting measurement
is more conservative (Givoly and Hayn, 2000). And it is expected that higher levels of
conservatism occur for high RD/B firms as more R&D capital will be missing from the
book values of those firms relative to low RD/B firms (Sougiannis and Yaekura, 2000;

Amir, Lev and Sougiannis, 1999).

Model and Growth Fit

Sougiannis and Yaekura (2000) documented that higher RD/B ratio (i.e., higher
conservatism) is consistent with higher growth. The summary statistics in their paper
show that the median values of the present value of expected residual income over the
four-year forecast horizon (PVRI), the analysts' expected EPS growth rate (GR) and the
one-year growth in expected residual income (Ks) of the high RD/B portfolio are

significantly larger than the corresponding values of the low RD/B and zero RD/B
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portfolios. That is, the RD/B ratio is likely to capture growth as well as conservatism
effects. Hayn (1995) also stated that earnings reported by growing companies may not
be indicative of their future prospects, because current earnings of these firms not only
fail to capture the future growth potential but also tend to be distorted by the expensing
of large intangible investments. A good example is some internet firms. The current
earnings of those firms are very small or even negative but until recently the market's

expectations (i.e., stock price) for many of those firms was very high.

As mentioned above, the additional term of the 'intercept-inclusive' LID approach and
the terminal value of the EBO approach also operate as a reflector of firms' future
growth. On the other hand, the Ohlson LID approach does not consider firms' future
growth in the pricing model. Thus, the 'intercept-inclusive' LID approach and the EBO
approach are expected to be relatively more suitable than the Ohlson LID approach for
high growth firms, and vice versa for low growth firms. In this study, I use historical
book value growth rate, calculated as current book value per share over previous book

value per share, as a proxy for firms' future growth potential.

Model and Size Fit

Even though firm size itself is not an economic fundamental, it seems to be highly
correlated with other firm specific properties. In particular, the information content of
accounting earnings can vary according to firm size. Earnings reported by large firms
may be sufficient for those firms' future prospects, because of the relatively low

volatility (i.e, high persistence) of earnings series. Amir, Lev and Sougiannis (1999)
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also state that analysts' relative contribution to investors is smaller (larger) for large
(small) firms. In this context, the LID approaches are expected to be more appropriate

than the EBO approach for large firms, and vice versa for small firms.

In terms of the models' applicability across firm size, the Ohlson LID and the 'intercept-
inclusive' LID approaches may produce more reliable value estimates for large firms
than for small firms, because earnings of small firms are likely to be less indicative of
those firms' future performance. Hayn's (1995) study, which examined the information
content of losses, indirectly mentioned the relationship between firm size and the
information content. “Losses are less informative about firms' future prospects, and the
presence of losses is more pronounced for small firms”. The EBO approach is also
predicted to give more reliable value estimates for large firms than for small firms.
Although the analysts' relative contribution over financial statement information may be
larger for small firms, the absolute contribution would be larger for large firms because
large firms have a richer information environment and offer greater benefits from
acquiring information. This means that the private-search activities for non-earnings
information are more concentrated on large firms, so that analysts' earnings forecasts are
more accurate for large firms (Freeman, 1987). Consequently, investors rely more on

analysts' earnings forecasts of large firms than of small firms (Francis, Olsson and

Oswald, 1999).

Model and Forecasted Profitability Fit

Even though the LID approaches use one-year ahead RI forecasts for the calculation of
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OI, the main components of LID models are historical information. Thus, forecasted
profitability may be an important ex-ante determinant to distinguish the models'
applicability. Future profitability could be related to firms' accounting conservatism and
future growth potential. If a firm's accounting system is highly conservative so that the
recognition of a large portion of revenue and gains are delayed to the future, its future
profitability will be large. Thus, it makes sense that the accounting conservatism and the
forecasted profitability are positively and largely correlated (see the correlation
coefficient between P/B and FRI/B in Table 7.3). Moreover, it is reasonable assuming
that a firm's future growth potential and future profitability are also positively
correlated. In this sense, the predictions about model and forecasted profitability fit
could be similar to the predictions about model and conservatism fit and model and
growth fit. For forecasted profitability, analyst-based one-year ahead RI forecast-to-
book value (FRI/B) ratio will be used in this study. Thus, the ‘intercept-inclusive' LID
approach and the EBO approach are expected to be relatively more appropriate than the

Ohlson LID approach for high FRI/B firms, and vice versa for low FRI/B firms.

Model and Industry Fit

Even though Sougiannis and Yaekura (2000) documented that industry membership is
not a factor affecting the models' applicability, I still suspect that industry characteristics
could be related to a particular model's superiority. The level of conservatism of the
pharmaceutical industry seems to be different from that of food & drug retailers. And
the growth opportunities of software & computer service industry are likely to be larger

than those of gas distributors. Thus, I predict that the models' relative validity is

different across industries.
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In order to examine the model-industry fit, I first categorise industry groups according
to technology evolution — low-tech industry and high-tech industry. This kind of
grouping seems to be highly related to firms' growth and conservatism. Secondly, FTSE
global classification is used to examine models' applicability for each industry group -
nine industry groups excluding 'financials'. Among 9 industry groups, 'utilities'
(regulated industry) and 'information technology' (high-tech industry) will be specially
examined because of their different industry characteristics. In general, the regulated
firms and the low-tech firms are stable and less conservative, but high-tech firms have
growth opportunities and high conservatism. Therefore, historical accounting
information seems to play a larger role in regulated and low-tech industry than in high-
tech industry, and analysts' contribution seems to be larger in high-tech industry than in
low-tech and regulated industry (Amir, Lev and Sougiannis, 1999). Thus, as with the
relationship between models and conservatism (or growth, forecasted profitability), the
Ohlson LID approach is predicted to be relatively more suitable for regulated and low-
tech industry, and the ‘intercept-inclusive' LID and the EBO approaches are likely to be
relatively more suitable for high-tech industry. If the models' applicability consistently

depends on industry-specific attributes, industry characteristics will be important

determinants of firm valuation.
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7.3. Constructing Portfolios and Descriptive Statistics

In order to investigate the effect of firm specific properties on the bias and the accuracy
of competing value estimates, various ex-ante variables are considered. These include
earnings-to-price (E/P) ratio, market-to-book (P/B) ratio, R&D-to-book (RD/B) ratio,
book value growth (BG), firm size (LMV), analyst-based RI forecast-to-book (FRI/B)
ratio, technology innovation and industry groups. E/P ratio is used as a proxy measure
for earnings persistence and P/B ratio and RD/B ratio are used as a proxy for accounting

conservatism.

Earnings-to-Price (E/P) ratio

Table 7.2, Panel A shows descriptive statistics of quintile portfolios formed by earnings-
to-price (E/P) ratio. Each portfolio has 1,191 or 1,192 firm-years. The lowest E/P
portfolio has a median E/P ratio of -0.8% and mean E/P ratio of -11.6%, while the
highest E/P portfolio has median E/P ratio of 11.0% and mean E/P ratio of 13.3%.
Without the extreme E/P portfolios (PF1 and PF5), the distribution of E/P ratios (PF2 -
PF4) seems to be close to the normal distribution, because median and mean values are
quite similar. The association between E/P and other variables is not likely to be clear.
In other words, the level of other variables doesn't seem to be monotonic from low E/P
portfolio to high E/P portfolio. This relation is confirmed by low correlation between

E/P and other variables shown in Table 7.3.
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Market-to-Book (P/B) ratio

Similar to E/P portfolios, quintile portfolios are constructed according to the level of the
market-to-book (P/B) ratio. Median (mean) value changes quite dramatically portfolio
by portfolio - 0.79 (0.75) in PF1, 1.90 (1.91) in PF3, 4.90 (7.74) in PFS5. Note that
median and mean P/B in PF1 to PF4 are similar, but mean value is much larger than
median value in the case of PF5. The statistics also confirm that the accounting
conservatism is a pervasive phenomenon in U.K. companies recently. The median and
mean P/B ratio in the highest P/B portfolio are 4.90 and 7.74, indicating that the stock
price for companies in this portfolio is determined largely by the market's expectations
on future potential payoffs. Unlike in Panel A, the portfolios constructed using the level
of P/B ratio show a monotonic pattern in RD/B, LMV, FRI/B, P and R], indicating that
these variables seem to be positively correlated with P/B ratio. In other words, more
conservative firms tend to have higher R&D investment, market value (price) and
current and future residual income. Spearman rank correlation coefficients with other

variables except E/P ratio are all significant and highly positive (Table 7.3).

R&D-to-Book (RD/B) ratio

Because there are many firms with zero R&D, it is difficult to construct equal size
portfolios. Another problem related to RD/B portfolios is that R&D used here
(Datastream item 119) consists of regular write-offs of the capitalised R&D as well as
amounts expensed in the year that are not capitalised. Thus, some amounts in this figure
stem from the capitalised R&D investment, so that RD/B ratio cannot precisely capture
the expensed R&D investment missing from the book value in the year. However, as a

proxy of accounting conservatism, RD/B ratio seems to be in line with P/B ratio,
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another proxy of accounting conservatism. That is, the median P/B ratio is 1.76 for the
low RD/B portfolio compared to 2.86 for the high RD/B portfolio. The median (mean)
R&D investment in the low RD/B portfolio is 1.1% (1.3%) of book value, while in the

high RD/B portfolio it is 8.5% (15.7%).

Book value growth (BG)

Even though the average book value growth rate in the sample period (1991-1998) is
about 4%, many firm-years have a negative growth rate (PF1 and PF2) or very high
growth rate (PF5). Thus, BG calculated by current book value per share over previous
book value per share might not be a good proxy for future potential growth. Despite this
limitation, BG will be used as one of the ex-ante variables for the models' applicability

test.

Other variables

The logarithm of the market value (LMV) is used as a proxy for firm size, and the
analyst-based RI forecast-to-book (FRI/B) ratio is used as a firm's future profitability.
Compared with the historical average RI (median -0.002, mean -0.066), the median
(mean) FRI/B of the pooled data is positive, suggesting that analysts are optimistic.
Note, however, that there are also many negative FRI/B firms. The fact that the
correlation between FRI/B and P/B is very high (see Table 7.3) makes sense because
highly conservative firms will achieve high profitability in the future (i.e., high
unrecorded goodwill). Table 7.2, Panel G summarises portfolios constructed according

to technology innovation. As shown in Appendix 7.2, 15 industries are categorised as
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high-tech industry (836 firm-years) and 14 industries as low-tech industry (849 firm-
years). This categorisation is similar to Francis and Schipper (1999), but industry
classification is based on FTSE level 5 classification. High-tech firms tend to be more
conservative (higher P/B and RD/B), fast growing (higher BG), smaller (smaller LMV),
and profitable (higher FRI/B and RI). Also, Table 7.2, Panel H shows portfolios formed
by FTSE level 3 industry classification. Among 9 industry groups, UTL (utilities) and
IMT (information technology) seem to have different industry characteristics compared
with other industry groups. In the case of UTL, E/P, P/B, LMV, P and RI are quite
different from other industry groups, while in the case of IMT, P/B, RD/B, BG, FRI/B

and P are very odd compared with other industry groups.

7.4. Empirical Results

7.4.1. Applicability of alternative valuation models

In order to examine the applicability of alternative valuation models, I present statistical
testing and graphical illustration. First, as shown in Table 7.4, I partition firm-years
according to firm-specific ex-ante characteristics into portfolios (usually quintile
portfolios), then compare bias and accuracy of value estimates across models and
conditions. In Table 7.4, bold numbers indicate the most unbiased and the most accurate
median and mean value estimates across models given a specified condition. Wilcoxon
signed rank test and paired t test are used for the equality test of medians and means,

respectively, and more than two bold numbers in one portfolio indicates that these
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numbers are not significantly different from each other.'® On the other hand, # indicates
the most unbiased and the most accurate median and mean value estimates across
conditions given a specified model. Wilcoxon rank sum test and t test (Cochran t test for
two samples with unequal variances and pooled t test for two samples with equal
variances) are used for the equality test of medians and means, respectively.'”’ Here,
more than two #s in one model indicates that these numbers are not significantly
different from each other. Second, as shown in Figure 7.2, I partition firm-years
according to firm-specific ex-ante characteristics into 100 percentile portfolios, and the
median value of signed valuation errors and absolute valuation errors of each portfolio
are depicted graphically. This graphical illustration helps us understand conditions

under which models give rise to the different level of applicability.

Across E/P (Table 7.4, Panel A; Figure 7.2, Panel A.]1 & A.2)

Table 7.4, Panel A shows that for portfolios PF2 to PF4, value estimates based on the
'intercept-inclusive' LID model seem to be less biased than those based on the Ohlson
model and the EBO model, but statistically similar to the EBO model-based value
estimates in terms of accuracy (see bold numbers). Moreover, most #s in this model
(mean bias -0.102, median accuracy 0.332 and mean accuracy 0.373) are found in PF4,
indicating that value estimates in PF4 seem to be less biased and more accurate
compared to those in other E/P portfolios. Thus, the 'intercept-inclusive' LID model

seems to give reliable value estimates for moderate E/P firms (PF2 - PF4) across models

196 Note that each two samples in a specified condition (e.g., LID9- and LID16-based value estimates in

the lowest E/P ratio portfolio) for the equality test are paired (i.e., dependent). .
197 Note that each two samples in a specified model (e.g., value estimates in PF1 and PF2 that are derived

from applying LID9 model) for the equality test are independent.
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and conditions in terms of bias and accuracy as predicted, indicating that this model
captures well high residual income (or earnings) persistence from historical accounting
data. However, the 'intercept-inclusive' LID model is very unreliable for extreme E/P
firms (PF1 and PF5). Note that this model causes quite large positive bias
(overestimation of 27.9% in PF1 and 32.5% in PF5, on average) and inaccuracy (75.6%

in PF1 and 58.9% in PF5, on average) for extreme E/P firms.

On the other hand, the EBO model seems to perform best for high E/P firms (PF5)
across models (see bold numbers in PF5) and conditions (see #s in EBOS5). This may be
explained by the analysts' larger contribution in this portfolio than in other portfolios
over the information in the financial statements. Alternatively or supplementarily, this
might be explained by high E/P ratios encouraging analysts to forecast earnings more
optimistically. The optimistic earnings forecasts shifts the EBO value estimates, that are
commonly undervalued as previous empirical studies show, to the positive direction
(i.e., to be more close to stock price). However, the EBO model is not likely to be more

appropriate than the LID models for low E/P firms (PF1), to be inconsistent with my

1% the short-term earnings is

expectation. If current earnings are negative or very low,
more likely to be forecasted as negative or very low by analysts, even though the long-
term earnings can more precisely reflect the market's expectations. Thus, the short-term
horizon EBO model could fail to capture the market's expectations. Another possible

explanation about the weak fit between low E/P and the EBO model is the existence of

negative value estimates. The fact that 67.7% (unreported) of total negative value

18 \ fedian E/P ratio is negative up to the 11th percentile portfolios, and 54% of firm-years in the first
quintile portfolio has negative earnings.
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estimates derived from the adaptation of the EBO model belong to the first quintile

portfolio formed by E/P ratio may, at least partially, affect the weak fit.

The Ohlson LID model, on the other hand, seems to give relatively good value estimates
for extreme E/P firms, although the evidence is not very strong. Compared to the other
two models, the Ohlson LID model gives relatively high accuracy for low E/P firms
(median accuracy 0.492, mean accuracy 0.616), and compared to different E/P levels, it
performs well for high E/P firms (median accuracy 0.325, mean accuracy 0.437). This
result is not consistent with my expectation. This implies that capturing high persistence
from historical data is not enough to value a firm using the Ohlson LID approach. As
shown in Table 7.2, Panel A, the average P/B ratio in the highest E/P portfolio (PF5) is
1.581, which is quite small compared to that in other E/P portfolios. Thus, the
superiority of the Ohlson LID model in the highest E/P portfolio over moderate E/P
portfolios may be because the effect of conservatism dilutes quite largely the effect of
earnings persistence on the applicability of the Ohlson LID model. Notwithstanding, it
is surprising that the Ohlson LID model performs relatively better for extreme E/P firms

rather than for moderate E/P firms.

Panel A in both Table 7.4 and Figure 7.2 also show that all three models perform well
for relatively high E/P firms. However, the terms 'moderate’ and 'extreme' are
ambiguous and subjective. If we accept extreme E/P ratios to be bottom and top 1-2%,

all models are likely to be more appropriate for moderate E/P firms than for extreme E/P
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firms.'® Altogether, my several expectations about the model-earnings attributes fit are
partially supported. The performance of the EBO approach relative to the 'intercept-
inclusive' LID approach seems to be weak for moderate E/P firms than for high extreme
E/P firms. However, this is not the case for its relative performance over the Ohlson
LID approach and for low extreme E/P firms. The 'intercept-inclusive' LID dominates
the Ohlson LID just for moderate E/P firms, but not for extreme E/P firms. If we ignore
very extreme E/P cases, the 'intercept-inclusive' LID approach seems to be more reliable

than the other two models in most cases.''°

Across P/B (Table 7.4, Panel B; Figure 7.2, Panel B.1 & B.2)

The results shown in Table 7.4, Panel B and Figure 7.2, Panel B are relatively consistent
with my expectations about the model-conservatism fit. First, the Ohlson LID model
dominates the 'intercept-inclusive' LID and the EBO models for low P/B (i.e., non-
conservatism or low conservatism) firms and vice versa for moderate and high P/B (i.e.,
high conservatism) firms (compare numbers horizontally). Especially, between the 11th
percentile (median P/B of 0.8) and the 26th percentile (median P/B of 1.2) portfolios,
the superiority of the Ohlson LID model looks stronger (see Figure 7.2, Panel B.1 &
B.2). Note that median and mean P/B ratio is greater than 1.3 for portfolios PF2 - PF5
as shown in Table 7.2, Panel B, indicating that accounting conservatism is pervasive in
the U.K. during the sample period, 1991-1998. Second, the Ohlson LID model seems to

be more appropriate for low P/B firms than for moderate and high P/B firms, and the

19 11 fact, median (mean) E/P ratio of bottom and top 1-2% is extremely small or large compared to that

of the rest.
110 A1) three models are largely unreliable for very extreme E/P firms, indicating that none of models

cannot capture the effect of extremely abnormal E/P ratios to the valuation formula.
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'intercept-inclusive' LID and the EBO models are likely to be more appropriate for

moderate P/B firms than for extreme P/B firms (compare numbers vertically).

Additionally, for moderate conservatism firms (PF2 and PF3), the 'Intercept-inclusive'
LID model dominates the other two models, while for high conservatism firms (PF4 and
PF5), the EBO model dominates the other two models. This result implies that the EBO
model (the 'intercept-inclusive' LID model) adjusts high (moderate) conservatism better
than the 'intercept-inclusive' LID model (the EBO model). Another interesting point is
that, as shown in Figure 7.2, Panel B, the bias and accuracy patterns based on the LID
approach and the EBO approach are quite different from each other. The bias based on
the LID approach monotonically changes from overestimation to underestimation as the
P/B ratio increases, while the EBO approach consistently gives underestimated value
estimates regardless of the level of P/B ratio. Related to these bias patterns, the accuracy
pattern based on the LID model seems to be quadratic, not linear, while that based on
the EBO model seems to be linear (moderately decreasing).!!! Especially, when P/B
ratio is between 1.3 and 2.0 (between 30th percentile and 54th percentile portfolios),
median absolute valuation errors of each portfolio from the application of the 'intercept-
inclusive' LID model are around 18% of stock price (unreported), which is quite
reliable.''? Note also that even though the overall change in bias and accuracy is quite
large in response to change of P/B ratio, the volatility from one portfolio to the next

portfolio is not so large for all three models. This means that P/B ratio could be one of

Il The accuracy pattern based on the Ohlson model is also quadratic if we consider the whole portfolios
(Figure 7.2, Panel B.2), but if we ignore some extremely low P/B portfolios, it is close to linear

(increasing) rather than quadratic. . . .
112 p o a1l that median absolute forecast error of the 'intercept-inclusive' LID model using the pooled data

is 39.5% of stock price.
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the most important determinants on the applicability of the valuation model.

Across RD/B (Table 7.4, Panel C; Figure 7.2, Panel C.1 & C.2)

For another proxy of accounting conservatism, RD/B ratio is used in this study.
However, the relationship between RD/B ratio and models' applicability is not clear.
Notwithstanding, all models seem to perform better for low RD/B firms than for high
RD/B firms (see #s in each model). For zero or low RD/B firms, the 'intercept-inclusive'
LID model is likely to dominate the other two models in terms of median bias (-0.159
and -0.169) and accuracy (0.391 and 0.340), while for high RD/B firms, the EBO model
seems to dominate the LID models (see median bias of -0.372 and median accuracy of
0.403). Regardless of the level of RD/B ratio, the 'intercept-inclusive' LID and the EBO
models seem to dominate the Ohlson model. Datastream item (DS 119) used for R&D
investment, as mentioned in Section 7.3, may cause weak or inconsistent evidence
against my expectations. DS 119 consists of both regular write-offs and amounts
expended in the year, so that R&D investment doesn't exactly represent the missing
amounts from the book value in the year. Dividing capitalised R&D and expended R&D

may help to examine the models' applicability more clearly.

Across BG (Table 7.4, Panel D; Figure 7.2, Panel D.1 & D.2)

The relationship between BG and models' applicability is not clear. First, from the
median accuracy numbers in Table 7.4, Panel D, the 'intercept-inclusive' LID and the
EBO approaches are likely to be more accurate than the Ohlson LID approach

regardless of the level of book value growth rate. However the mean accuracy numbers
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show a different story. Compared with the EBO model, the "intercept-inclusive' LID
model gives less biased value estimates in most percentile and quintile portfolios.
However, in terms of accuracy, the 'intercept-inclusive' LID model seems to be only
dominant in the 3rd quintile portfolio (PF3, median accuracy 0.340 versus 0.410).
Second, both LID models perform relatively better for the 2nd and 3rd quintile
portfolios, while the EBO model performs better for the 4th quintile portfolio (see #s in
each model). An additional interesting point is that the accuracy pattern of the
'Intercept-inclusive' LID and the Ohlson LID models seems to be quadratic to the level
of BG but not in the case of the EBO model. The utilisation of BG as a proxy of firms'
future growth could be a source of the inconsistency of the results with regard to my
expectations, because historical book value growth cannot fully capture a firm's future
potential growth. The utilisation of another growth proxy (e.g., long-term earnings

growth forecast) might be able to improve the applicability test.

Across firm size (Table 7.4, Panel E; Figure 7.2, Panel E.1 & E.2)

Consistent with my expectations about the model-firm size fit, the 'intercept-inclusive'
LID model gives rise to smaller absolute valuation errors for large firms (PF5) relative
to other models (see bold numbers in PF5). This model also performs relatively well in
most size portfolios except PF1 in terms of bias. However, for small firms (PF1), it
gives large positive bias (mean bias of 0.489) and low accuracy (mean accuracy of
0.746). On the other hand, the Ohlson model performs well for small firms across
models (see bold numbers in PF1 and PF2) and conditions (see #s in LID9). This result
is not consistent with my expectations. Why is the Ohlson model more appropriate for

small firms rather than for large firms? Probably, this is because stock price of these

268



Chapter 7. Applicability of competing valuation models: U.K. evidence

small firms is quite similar to their book value in many cases, except some growing
high-tech firms. Note that the Ohlson model gives quite similar value estimate to the

book value, because unrecorded goodwill captured by the Ohlson model is negligible in

most cases.

If we compare the EBO model with only the 'intercept-inclusive' LID model, my
expectations seem to be supported partly. The EBO model gives more accurate value
estimates than the 'intercept-inclusive' LID model for small and moderate firms (PF1 -
PF3). However, inconsistent with my expectations, it seems to be better for small firms
than for large firms. Probably, this is because analysts' absolute as well as relative
contribution over historical information is larger for small firms than for large firms. It
may be true in the sense that information about small firms is much more private than
that about large firms so that analysts' relatively small efforts to reflect small firms'
private information into their eamnings forecasts could add a significant amount to

historical information.

Across FRI/B (Table 7.4, Panel F; Figure 7.2, Panel F.1 & F.2)

There is a relatively clear relationship between FRI/B ratio and models' applicability.
Consistent with my expectations about the model-future profitability fit, the 'intercept-
inclusive' LID and the EBO models seem to dominate the Ohlson model for high FRI/B
firms, and vice versa for low FRUB firms (compare numbers horizontally). The Ohlson
model is likely to be better for low FRI/B firms than for high FRIB firms, and vice

versa for the EBO model (compare numbers vertically). However, the 'intercept-
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inclusive' LID model seems to perform better for moderate FRI/B firms rather than for
high FRI/B firms. In fact, the pattern of bias and accuracy in FRI/B portfolios is very
similar to that in P/B portfolios. As shown in Figure 7.2, Panel F.2, the accuracy pattern
based on the 'intercept-inclusive' and the Ohlson LID models seems to be quadratic to
the level of FRI/B ratio, while the absolute valuation errors based on the EBO model
seem to decrease in the level of FRI/B ratio. This is not surprising because FRI/B and
P/B have a very high positive correlation coefficient (see Table 7.3: Pearson coefficient
of 0.821 and Spearman coefficient of 0.742). Consequently, FRI/B ratio can also be

used as an important determinant of the applicability of the valuation model.

Across technology innovation and industry sectors (Table 7.4, Panel G & H)

As shown in Table 7.4, Panel G value estimates based on the Ohlson model seem to be
less biased and more accurate for low-tech industry than for high-tech industry (see #s
in LID9) so that my expectations about the model-industry fit is supported. However, to
be inconsistent with my expectations, the 'intercept-inclusive' LID and the EBO models
also perform better for low-tech industry than for high-tech industry. The results shown
in Panel G are consistent with those in Panel H. All three models seem to give most
accurate value estimates for the 'utilities' industry and least (or not good) value estimates
for 'information technology' industry. Why do all three models not fit well for high-tech
industry? Among some possible explanations, the mis-specification of the model could

be most plausible. That is, all three models fail to capture markets' expectations

regarding potential growth and profitability for high-tech firms.

The evidence for the applicability across models seems to be mixed and unclear. The
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'intercept-inclusive' LID approach gives less biased value estimates than other models
for most industry groups except 'utilities' and 'information technology' industry groups.
For 'utilities' and 'information technology' industry groups, it respectively gives quite
large upward bias and downward bias, so the EBO model outperforms it. The
superiority of models across the industry sectors is more mixed in terms of accuracy.
The EBO model seems to give more accurate value estimates for the ‘utilities' industry

compared to other models.

7.4.2. Determinants of valuation errors

Table 7.5, Panel A shows regression of value-to-price (V/P) ratio on various firm-
specific ex-ante variables and industry dummy variables. The coefficients of all ex-ante
variables are significantly different from zero, indicating that these variables are the
determinants of (signed) valuation errors regardless of valuation models. Specifically,
P/B and firm size (LMV) seems to be the most important determinants of valuation
errors derived from the application of the Ohlson LID and the ‘intercept-inclusive' LID
models. On the other hand, FRI/B and P/B are the most influential variables for the
applicability of the EBO model in terms of bias. V/P ratio decreases as P/B and LMV
(FRI/B) increases (decreases). Interestingly, V/P ratio increases in the level of E/P and

RD/B ratio in the case of the EBO model, while it decreases in the case of the LID

models.

Another interesting result in Table 7.5, Panel A is that industry membership is generally
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unlikely to affect to V/P ratio for all models, indicating that valuation bias is not
determined by which industry a firm belongs to. However, the 'utilities’ industry sector

shows different characteristics. The coefficient on this industry dummy is significantly

positive for all models.

As mentioned in the above section, valuation errors could be non-linear with respect to
some ex-ante variables. Therefore, it may be useful to include quadratic terms of
variables into the regression equation. Table 7.5, Panel B shows that disregarding
industry dummies, but regarding quadratic terms of other variables increases R’
considerably for the Ohlson LID and the 'intercept-inclusive' LID models (in the case of
the EBO model, moderate decrease). Almost all variables including quadratic terms
seem to be significant. In particular, the P/B ratio and its quadratic term are very
significant for the case of the Ohlson LID and the 'intercept-inclusive' LID models, and
FRI/B ratio and its quadratic term for the case of the EBO model. This means that
accounting conservatism and future profitability are quite related to the applicability of

the LID models and the EBO models, respectively.

Consistent with Sougiannis and Yaekura (2000), the coefficient on P/B is negative,
while the coefficient on (P/B)? is positive (Sougiannis and Yaekura (2000) use valuation
error (i.e., 1 - V/P) as the dependent variable and book-to-market ratio and its quadratic
terms as independent variables). This implies that V/P decreases as P/B increases and
after reaching a minimum, V/P increases again. Thus, V/P is a convex function of P/B
for all models. On the other hand, V/P is a concave function of FRI/B for all models. As

to E/P, V/P is convex for the LID models, but concave for the EBO model.
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The regression model in Table 7.6, Panel A is the same as that in Table 7.5, Panel A
except that absolute valuation error rather than V/P is used as the dependent variable.
Similar to the previous regression analysis, industry membership is unlikely to be an
important determinant of the accuracy of the valuation model, even though the
coefficients of some industry dummies are significantly different from zero in the case
of the EBO model. The most important variables to determine the absolute valuation
errors are P/B and E/P for the Ohlson LID model, LMV and E/P for the 'intercept-
inclusive' LID model, and FRI/B and E/P for the EBO model. It is worth noting that E/P
is universally an important determinant in the accuracy of value estimates. Again, the
regression results after disregarding industry dummies and introducing quadratic terms
are shown in Table 7.6, Panel B. Here, we can see that (E/P)z, P/B, (P/B)2 and FRI/B are
largely associated with the accuracy of value estimates derived from applying the
Ohlson LID model, while FRI/B and (FRI/B)® are the most important determinants of
the accuracy of the EBO-based value estimates. As to the 'intercept-inclusive' LID
model, (E/P)* and (P/B)* are the most influential variables on the accuracy of value
estimates. Taken together with previous graphical and portfolio analysis, E/P, P/B and
FRI/B seem to be the most influential ex-ante variables on the applicability of valuation

models. Thus, considering these firm-specific variables when adopting a model to value

a firm could be helpful in practice.

One interesting point to note here is that R? is substantially smaller than R? in Table 7.5,
indicating that firm-specific ex-ante variables used in this study explain bias of value

estimates very well, but not accuracy of value estimates. Omitted variables are one
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possible explanation, but the mis-specification of regression models seems to be more
related to the quite different R between two regression models. While bias figures seem
to be a linear or a quadratic non-linear function of firm-specific variables, accuracy
figures may be a more complex non-linear function of those firm-specific variables.
Thus, identifying determinants of accuracy (of value estimates) and better relations

between determinants and accuracy needs to be further studied

7.5. Conclusions

This study is motivated by concern about the issue of the conditions under which a
valuation model dominates other models. In this study, three general valuation models
are considered; the 'other information'-inclusive Ohlson (1995) LID model (the Ohlson
LID), the 'other information' and 'intercept™-inclusive LID model with the assumption of
4% book value growth rate (the 'intercept-inclusive' LID) and 2-year horizon EBO
model with the assumption of a 4% residual income growth rate (the EBO). It is
interesting that none of the three general models dominates the other two in all aspects
such as median accuracy, mean accuracy, central tendency, and extreme tendency. The
Ohlson LID, the 'intercept-inclusive' LID and the EBO approaches respectively give the
most accurate value estimates for 18.6%, 37.8% and 43.6% of 5,958 firm-years. Thus,
the objective of this study is to examine which firm characteristic can explain these
comparable figures - 18.6%, 37.8% and 43.6%. Because these three valuation

approaches contain apparently different procedures and assumptions, the models'

relative applicability across conditions can vary.
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The firm-specific ex-ante variables to examine the models' relative applicability are
earnings-to-price (E/P) ratio, market-to-book (P/B) ratio, R&D-to-book (RD/B) ratio,
book value growth (BG), firm size (logarithm of market value; LMYV), analyst-based RI
forecast-to-book (FRIB) ratio, technology innovation and industry groups. Among
these ex-ante variables, E/P, P/B and FRI/B seem to be the most influential variables on
the applicability of models. Compared to other models, the 'intercept-inclusive' LID
model performs relatively well for moderate E/P, P/B and FRI/B firms, while the
Ohlson LID model performs relatively well for low E/P, P/B and FRI/B firms. On the
other hand, the EBO model seems to give relatively reliable value estimates for high

E/P, P/B and FRI/B firms.

The relationship between models' relative applicability and other ex-ante variables such
as RD/B, BG, firm size and industry membership is not that clear, even though there are
some differences in bias and accuracy according to the model and the condition. More
disappointingly, some results based on the graphical and portfolio analysis are
inconsistent with my predictions. The unclear relationship and/or the inconsistency of
results with my expectations might be due to i) wrong prediction development, ii)
wrong variable construction or iii) mis-specification of models. First, some predictions
developed in this study could be controversial, so more sophisticated predictions need to
be developed in future research. Second, as to the wrong variable construction, RD/B,
BG and technology innovation could give rise to problems. Thus, it may improve the
applicability test if we carefully select R&D investment figures as a proxy for
accounting conservatism, future growth proxy rather than BG, and industries that

correctly represent high or low technology innovation. Finally, there could be model
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mis-specification problems. Because the pooled persistence and intercept LID
parameters, year-specific discount rate and constant book value and residual income
growth rate are used in this study, value estimates derived from applying the LID and
the EBO models could have 'noise'. Thus, firm-year specific LID parameters, discount
rate and future growth rate might eliminate some of the noise included in the value
estimates. As to the model specification problem, it might also improve models'
reliability if we modify the additional term in the 'intercept-inclusive' LID model and
the terminal value in the EBO model to adjust better accounting conservatism, future
growth potential and future profitability. Thus, how some ex-ante variables can be used

to modify the models could be an important theoretical and practical issue.
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Figure 7.1: Example of possible differences between value estimates arising from the

adoption of different RIV models

Panel A: Ohlson LID versus 2-year horizon EBO
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Figure 7.1 (continued)

Panel C: 3 models with negative RI forecasts

JC:I =-1, ft:l =-0.7, f;:‘_z =-0.45, br =5, w, =-0.02, o, = 0.6, 7o =0.025, 71=03,r=12%
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.'?5 PVRI =-1.42
& 05

EBO (g, = 4%)
PVRI = -5.64
-1
15 L
Year
Note:

1) In each panel, I assume that alternative models can forecast the same (or very similar) 2-year ahead RI.
Note that 1-year ahead RI forecasts used for alternative models are always the same by the model
specification. Thus, the models in each panel use exactly the same (or very similar) RI forecasts for the
next 2 years.

2) The purpose of these rough examples is to show how much value estimates based on different RI-based
valuation approaches can differ, even though models use or predict the same (or very similar) RI for
the next 2 years.

3) I present Panel A and Panel B separately, because 2-year ahead residual incomes predicted by using the
'intercept-inclusive' LID and the Ohlson LID approaches can not be the same as long as the term added
by incorporating the RI and Ol intercepts (i.e., wy(1+bg)+y, —w,y,, see Chapter 3 for details) into
the residual income generating equation of the 'intercept-inclusive' LID approach is not zero. If this
term is zero, the intrinsic values estimated by both LID approaches will be the same.

4) Panel C shows the case where one and two-year ahead analysts' forecasts are negative.

5) These graphs are based on the numerical examples provided in Appendix 7.1. I use the reasonable LID
intercept and persistence parameters (see Dechow et al., 1999 and Chapter 6), the discount rate of 12%,
the future RI growth rate (denoted as 'g,) of 4% and zero and the future book value growth rate

(denoted as 'bg") of 4% and zero.
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Figure 7.2: Applicability of valuation models across JSirm-specific ex-ante variables

Panel A.1: Median bias (= (¥, - P)) / P,) across earnings-to-price (E/P) ratios
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Note: Total observations (5,958) are ranked by E/P ratio and grouped into 100 portfolios, and the mefiia.n
value of signed valuation errors (Panel A.1) and absolute valuation errors (Panel A.2) of each portfolio is
depicted. Y axis is adjusted to range from -1 to 1 for Panel A.1 and from 0 to 1 f?tr Panel A2to make
patterns look clear. So some of extreme forecast errors are cut (In P_anel A.lz 1 p_ercentlle portfolio
(1.041) for the Ohlson LID and 1% (1.429) and 100" (1.095) for them‘ilntercept-mcluswg' LID. In Panel
A.2, 1% percentile portfolio (1.160) for the Ohlson LID, 1% (1.439), 2™ (1.045) and 100™ (1.095) for the

'intercept-inclusive' LID).
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Figure 7.2 (continued)

Panel B.1: Median bias (= (¥, - P,) / P, ) across market-to-book (P/B) ratios
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Note: Total observations (5,958) are ranked by P/B ratio and grouped into 100 portfolios, and the me@ia_n
value of signed valuation errors (Panel B.1) and absolute valuation errors (Panel B.2) of each portfolio is
depicted. Y axis is adjusted to range from -1 to 1 for Panel B.1 and from 0 to 1 for Panel B.2 to make

patterns look clear. So some of extreme fo

recast errors are cut (In Panel B.1 and B.2, 1* (2.653)

percentile portfolio for the Ohlson LID, 1% (4.274), 2" (1.654), 3" (1.505), 4™ (1.119) and 5" (1.125) for
the 'intercept-inclusive’ LID, and 1% (-1.994 singed forecast error, 1.994 absolute forecast error) for the

EBO).
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Panel C.1: Median bias (= (V; - P) / P,) across R&D-to-book (RD/B) ratios
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Panel C.2: Median accuracy (= | V; - P; |/ P;) across R&D-to-book (RD/B) ratios
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Note: Among total observations (5,958), 3,947 observations that have zero R&D are.excluded here. The
rest of observations (2,011) are ranked by RD/B ratio and grouped into 100 portfolios, and the mefha.n
value of signed valuation errors (Panel C.1) and absolute valuation errors (Panel C.2) of each portfolio is

depicted.
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Figure 7.2 (continued)

Panel D.1: Median bias (= (¥, - P;) / P,) across book value growth (BG)
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Note: Total observations (5,958) are ranked by BG and grouped into 100 portfolios, and the median \{alu.e
of signed valuation errors (Panel D.1) and absolute valuation errors (Panel D.2) of each portfolio is

depicted.
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Figure 7.2 (continued)

Panel E.1: Median bias (= (¥, - P;)/ P,) across firm size (IMV)
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Note: Total observations (5,958) are ranked by LMV (logarithm of market value) and groupe@ into 100
portfolios, and the median value of signed valuation errors (Panel E.1) and absolute valuation errors

(Panel E.2) of each portfolio is depicted.
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Figure 7.2 (continued)

Panel F.1: Median bias (= (¥, - P,) / P, ) across RI forecast-to-book (FRI/B) ratios
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Note: Total observations (5,958) are ranked by FRI/B and grouped into 100 portfolios, and the mefﬁén
value of signed valuation errors (Panel F.1) and absolute valuation errors (Panel F.2) of each portfolio is

depicted. Analyst-based one-year ahead Rl is used as FRI.
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Table 7.1: Absolute valuation errors based on the pooled sample

V.=b, (LID1)
'Rt
v, = —d, (LID2)
A,
t = ’, t+1 (EBO1)
- @, R
V = bt + 1t/ 1t xa + t a L[Dg
t (Rt - a)lt)(Rt - 71t) t (Rt @y, )(Rt - 7l't) fm ( )
V, =b+ LAY X+ R, fe
(Rt _a)lt)(Rt —7/11) (Rt —mlt)(Rt _7/1t) (LID16)
Rt (w0tBG — Oy Yy T 70t)
(‘Rt —BG)(Rt —a)lt)(Rt —711) '
fin—1b,  f.,—-rb
V = b 4 t+1 tt + t+2 tt+1 EBOS
TR T h-ar, (FO3)
Panel A: Absolute valuation errors of value estimates
. Central Extreme Negative Most Least
Median| Mean | Std Tendency Tendency Estimate | Accurate | Accurate

LID1 0.531( 0.576 | 0.841| 668 11.2% | 197 3.3% 0 0.0% 10.0% 41.1%
LID2 0.533] 0.850 | 1.899} 416| 7.0% | 812 13.6% | 775 | 13.0% 6.0% 31.9%
EBO1 | 0.453] 0.481| 0422 607 | 102% | 220§ 3.7%| 147 | 2.5% 8.5% 3.6%
LID9 0478 | 0.505| 0.566| 768  12.9% | 182| 3.1%| 27| 0.5% 8.6% 1.3%
LID16 | 0.395| 0.519| 0.824 |1038 | 17.4% | 441 | 7.4%| 16| 03% 30.4% 9.9%
EBOS5 | 0.397| 0.495| 0912 845 14.2% | 398 | 6.7% | 283 | 4.8% 36.6% 12.2%

Note:
1) This table is based on eamings measure X4 (i.e., earnings before extraordinary items).

2) Total observation is 5,958 from 1991 to 1997.
3) LID1 is book value model, LID2 is earnings model and EBOL1 is 1-year horizon EBO model with the

assumption of zero RI growth in the post horizon. LID9 is Ol-inclusive Ohlson (1995) LID model,
LID16 is OI and intercept-inclusive LID model with the assumption of 4% book value growth, and
EBOS is 2-year horizon EBO model with the assumption of 4% RI growth in the post horizon.

4) RI and OI intercept and persistence parameters (a, @, %, ) and discount rate (r, = R, - 1) are year-
specific, while RI growth rate (g,) and book value growth rate (bg = BG - 1) are constant (4%). Note
that OI persistence parameters in LID9 and LID16 are practically different. . ' .

5) Central tendency is defined as the percent of observations where the value estimate is within 15% of

the observed stock price (i.e., IVI - Rl/ P, <0.15). Extreme tendency is defined as the percent of
observations where the value estimate is outside 100% of the observed stock price (ie.,
V.= Bl/B 21).

6) The percentage in the columns 'most accurate' and 'least accurate' is the relative percentage of 6 models
(e.g., Compared to 5 other models, LID1 gives rise to the most accurate value estimates of 10% of total

observations).
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Panel B: Characteristics of firm-years in central tendency and extreme tendency

Good (Bad) performers are defined as firm-years whose value estimate is categorised as ‘central tendency'
(‘extreme tendency'). Good (bad) performers when LID9 is adopted are 768 (182) firm-years, good (bad)
performers when LID16 is adopted are 1,038 (441) firm-years, and good (bad) performers when EBOS is
adopted are 845 (398) firm-years. Each figure in the table is a ratio of good (bad) performers who belong
to each portfolio formed by a firm-specific ex-ante variable (e.g., E/P ratio) using total observations of
5,958 to total good (bad) performers. For example, 14.2% of 768 good performers arising from the
adoption of LID9 belongs to the first decile portfolio formed by E/P ratio (i.e., the lowest E/P portfolio).

Distribution of E/P ratios of good performers and bad performers

Decile portfolios formed by earnings-to-price (E/P) ratio
I 2 3 4 5 6 7 8 9 10 |rul
Good performers
LID9 142 108 73 3.1 4.9 5.3 87 115 122 219 |100%
LID16 65 112 75 88 82 95 94 137 135 11.8 | 100%
EBOS 6.0 64 4.1 40 36 62 93 143 239 221 |100%
Bad performers
LID9 64.3 38 27 22 05 22 27 1.6 1.1 18.7 | 100%
LID16 379 93 48 43 29 39 3.6 48 6.1 224 | 100%
EBOS 432 153 63 40 40 35 2.5 33 40 13.8 | 100%
Distribution of P/B ratios of good performers and bad performers
Decile portfolios formed by market-to-book (P/B) ratio Total
1 2 3 4 5 6 7 8 9 10
Good performers
LID9 17.6 415 246 82 26 1.7 1.3 0.3 0.9 1.3 | 100%
LID16 32 106 172 257 233 120 42 1.5 0.8 1.3 | 100%
EBOS 8.0 112 129 114 11.0 108 86 95 9.9 6.6 | 100%
Bad performers
LID9 62.6 82 38 22 1.1 3.8 33 22 38 8.8 | 100%
LID16 703 152 29 23 1.1 1.6 1.4 1.4 1.4 2.5 [ 100%
EBOS 40.2 7.5 6.0 4.5 5.3 5.3 7.8 3.5 6.8 13.1 | 100%
Distribution of RD/B ratios of good performers and bad performers
Portfolios formed by R&D-to-book
Zero vs. Non-zero RD/B Total (RD/B) ratio Total
Zero RD/B  Non-zero RD/B 1 2 3 4 5
Good performers
LID9 76.4 23.6 100%| 9.4 4.7 5.2 29 1.4 [23.6%
LID16 69.7 30.3 100%| 8.8 7.5 6.1 4.7 3.2 130.3%
EBOS5 66.9 33.1 100% | 11.1 5.0 6.9 4.3 59 [33.1%
Bad performers
LID9 71.4 28.6 100%| 3.8 3.8 5.5 22 13.2 [28.6%
LID16 79.8 20.2 100%| 5.4 54 34 23 3.6 {20.2%
EBOS 68.8 31.2 100%| 2.0 2.8 6.0 45 15.8 |31.2%

Note: Portfolios 1 to 5 are partitions of non-zero RD/B ob
zero) RD/B firm-years are 3,947 (2,011). Total observations o

servations. Total observations of zero (non-
f each portfolio (1 to 5) are 402 or 403.
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Table 7.1 (continued)
Panel B (continued)

Distribution of BG of good performers and bad performers

Decile portfolios formed by book value growth (BG)
1 2 3 4 5 6 7 8 9 10|l
Good performers
LID9 105 112 11,6 132 139 104 113 6.5 59 5.5 | 100%
LID16 68 97 117 124 118 121 94 90 7.7 93 |100%
EBOS5 112 96 110 89 83 9.0 136 109 10.1 7.5 | 100%
Bad performers
LID9 41.8 18.1 55 171 77 38 22 1.6 5.5 6.6 | 100%
LID16 234 132 104 127 129 73 45 36 52 68 [100%
EBO5 254 123 128 7.0 7.8 40 43 3.8 7.0 15.6 | 100%
Distribution of LMV ratios of good performers and bad performers
Decile portfolios formed by firm size (LMV: logarithm of market value) Total
1 2 3 4 5 6 7 8 9 10
Good performers
LID9 186 145 135 125 107 69 59 57 68 4.9 |100%
LID16 81 118 111 100 99 87 93 75 113 122 | 100%
EBOS 134 144 108 146 79 9.1 76 69 84 7.0 | 100%
Bad performers
LID9 357 18.1 9.3 g8 717 11 77 05 44 0.5 |100%
LID16 30.8 202 138 86 79 61 5.4 14 39 1.8 | 100%
EBOS 236 15.1 98 95 68 638 88 50 85 6.0 | 100%
Distribution of FRI/B ratios of good performers and bad performers
Decile portfolios formed by analyst-based 1-year ahead RI-to-book (FRI/B)
ratio Total
1 2 3 4 5 6 7 8 9 10
Good performers
LID9 137 240 186 139 104 8.1 47 25 1.4 2.7 | 100%
LID16 70 115 150 154 145 136 81 6.3 5.1 3.6 | 100%
EBOS 19 37 67 85 116 135 112 148 155 125 |100%
Bad performers
LID9 714 11,0 44 16 05 00 05 1.1 1.1 8.2 | 100%
LID16 440 249 125 57 39 20 14 07 07 43 |100%
EBOS 693 4.0 1.5 13 05 25 1.0 1.8 1.5 16.6 | 100%
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Table 7.1 (continued)

Panel B (continued)

Distribution of P of good performers and bad performers

Decile portfolios formed by stock price (P)
1 2 3 4 5§ 7 8 9 10|
Good performers
LID9 177 148 152 122 98 76 49 60 49 68 |100%
LID16 9.1 96 116 121 109 120 101 67 92 8.7 |100%
EBO5 123 144 137 116 121 107 7.1 6.7 49 6.5 |100%
Bad performers
LID9 335 17.0 121 5.5 7.1 44 4.9 33 4.9 7.1 | 100%
LID16 315 200 113 75 73 52 45 27 39 6.1 |100%
EBOS 219 166 113 9.0 6.3 6.0 53 4.5 7.0 12.1 | 100%
Distribution of RI of good performers and bad performers
Decile portfolios formed by current residual income (RI) Total
1 2 3 4 5 6 7 8 9 10
Good performers
LID9 189 164 167 188 116 70 46 20 1.8 23 |100%
LID16 96 122 134 140 128 118 85 6.6 54 57 [100%
EBO3 37 78 70 89 11.0 131 133 125 10.8 12.0 [100%
Bad performers
LID9 604 159 104 338 1.6 38 00 11 1.1 1.6 | 100%
LID16 420 186 132 127 61 29 1.1 09 1.4 1.1 | 100%
EBO5 415 163 103 78 50 73 35 28 23 33 {100%
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Table 7.2: Descriptive statistics ofportfolios

Panel A: Quintile portfolios formed by eamings-to-price (E/P) ratio

N E/P P/B RD/B BG LMV FRI/B P RI
PF1 oy 0008 1573 0.000 0929 10737 -0.057 0935  -0.104
(low E/P) (-0.116)  (3.653)  (0.065) (1.094)  (10.944) (-0.018) (1.780) (-0.305)
0.049 2573 .
- L9 0.000  1.058 11.849  0.029  2.145  0.004
(0.048)  (4.219)  (0.028) (1.197)  (12.076)  (0.151) (2.808) (-0.017)
0063 2293  0.000 .
pE3 1192 1.058 11727 0.037 2263 0015
(0.063)  (2.788)  (0.022) (1.136)  (11.953)  (0.083) (2.792)  (0.008)
0.078 1884  0.000  1.052 .
org 1102 11.211 0028  1.657  0.013
(0.078)  (2.197)  (0.016) (1.129)  (11.462)  (0.072) (2.163)  (0.004)
PF5 o 0110 13000000 1065 10453 0.021 1256 0.011
(high E/P) (0.133)  (1.581)  (0.012) (1.089)  (10.922)  (0.062) (1.726) (-0.023)

0.063 1.895 0.000 1.042 11.277 0.015 1.613 -0.002
Pooled 5958
(0.041) (2.888) (0.029) (1.129) (11.471) (0.070) (2.254) (-0.066)

Panel B: Quintile portfolios formed by mar cet-to-book (P/B) ratio

N E/P P/B RD/B BG LMV FRI/B RI1
PFI 0.069  0.788  0.000 1.005 10.031 -0.066  0.845  -0.099
(low P/B) ot (0.003)  (0.745)  (0.006) (1.005)  (10.404) (-0.063) (1.506) (-0.322)
0.071 1313 0.000 1.035 11.024  .0.021 1319 -0.034
PF2 1192
(0.053)  (1.321) 99 (1.117)  (11.342)  (-0.012) (2.069) (-0.075)
0.067 1.895 0.000 1.055 11.470 0.015 1.781 0.001
or 1o 0.058) (1-905) (0.017) (1.156) ~ (11.739)  (0.024) (2.343) (-0.018)
0.064 2.6 0.000 1.077 11.679 0.064 1.973 0.031
Pre 1o 0.053) (2.731) (0.029) (1.143) (11.878)  (0.073) (2.464) (0.027)
PF5 0.053 4900 0000  1.095 11.837 0.180  2.352  0.056
(high P/B) ol (0.039) (7.740) (0.081) (1.223)  (11.994)  (0.328) (2.890) (0.055)
0.063 1.895 0000  1.042 11277 0.015 1.613  .0.002
Pooled

0.041) (2.888) (0.029) (1.129) (11.471)  (0.070) (2.254) (-0.066)
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Panel C: Portfolios formed by R&D-to-book (RD/B) ratio

PF1
(zero RD/B)

PF2
(low RD/B)

PF3
(high RD/B)

Pooled

Panel D: Quintile portfolios formed by boo c value growth (BG)

PF1
(low BG)

PF2

PF3

PF4

PF5
(high BG)

Pooled

N E/P
0.064
(0.038)
0.067
(0.063)
0.057
(0.030)
0.063
(0.041)

3947

5958

N E/P
0.044
1191
(-0.065)
0.060
1192
(0.055)
0.070
1192
(0.075)
0.071
1192
(0.081)
0.060
1191
(0.060)
0.063
(0.041)

P/B
1.742
(2.609)
1.758
(2.054)
2.864
(4.816)
1.895
(2.888)

P/B
1.900
(4.436)
1.566
(2.079)
1.551
(1.860)
2.130
(2.482)
2.573
(3.584)
1.895
(2.888)

RD/B
0.000
(0.000)
0.011
(0.013)
0.085
(0.157)

00,

(0.029)

RD/B
0.000
(0.061)
0.000
(0.019)
0.000
(0.016)
0.000
(0.018)
0.000
(0.029)
0.000
(0.029)

BG
1.041
(1.143)
1.044
(1.073)
1.048
(1.129)
1.042
(1.129)

BG
0.766
(0.698)
0.973
(0.969)
1.042
(1.042)
L111
(1.114)
1.333
(1.822)
1.042
(1.129)

290

LMV
10.919

(11.077)

12.500

(12.560)

11.756

(11.930)
11.277

(11.471)

LMV
10.812
(11.074)
11.245
(11.459)
11.230
(11.405)
11.561
(11.752)
11.468
(11.666)
11.277
(11.471)

FRI/B
0.008
(0.060)
0.011
(0.042)
0.061
(0.139)
0.015
(0.070)

FRI/B
-0.003
(0.110)
-0.006
(0.025)
-0.006
(0.016)
0.044
(0.069)
0.052
(0.129)
0.015
(0.070)

P
1.365
(2.025)
2.548
(2.934)
1.771
(2.477)
1.613
(2.254)

p
1.084
(1.710)
1.489
(2.138)
1.657
(2.266)
1.963
(2.585)
1.900
(2.573)
1.613
(2.254)

RI
-0.005
(-0.077)
-0.003
(-0.090)
0.014
(0.000)
-0.002
(-0.066)

RI
-0.066
(-0.263)
-0.033
(-0.084)
0.015
(-0.051)
0.025
(0.024)
0.042
(0.041)
-0.002
(-0.066)
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Table 7.2 (continued)

Panel E: Quintile portfolios formed by firm size (LMYV)

N E/P

P/B

RD/B

BG LMV FRI/B P Rl
PF1 0.069 1.173 0.000 1.011 9.231 -0.027 0.635 -0.030
(small LMV) (-0.005)  (1.745)  (0.024) (1.072) (9.129) (0.000)  (0.871) (-0.167)
0.068 1.695 .
PE2 1192 9 0.000 1.038 10.352 0.008 1.155 -0.004
(0.045) (2.877)  (0.022) (1.169)  (10.355) (0.076)  (1.557) (-0.090)
0.064 2.208 X
PE3 1192 0.000 1.060 11.277 0.028 1.784 0.007
(0.056)  (3.051) (0.034) (1.174) (11.282) (0.078) (2.311) (-0.043)
0.060 2.417 0.000 .
PF4 1192 1.054 12:?70 - 0.034 2.281 0.013
(0.052)  (3.500) (0.032) (1.123) (12.306) (0.085) (2.793) (-0.015)
PF5 11 0.061 2.117 0.003 1.054 14.070 0.030 3.347 0.013
(large LMV) (0.057)  (3.266) (0.033) (1.106) (14.285) (0.110)  (3.739) (-0.018)
0.063 1.895 0.000 1.042 11.277 0.015 1.613 -0.002
Pooled 5958
(0.041)  (2.888) (0.029) (1.129) (11.471) (0.070) (2.254) (-0.066)

Panel F: Quintile portfolios formed by analyst-basec Rl forecast-to-boo ¢ (FRI/B) ratio

N E/P P/B RD/B BG  Log(MV) FRI/B P RI
PF1 0.034  0.899  0.000  0.988 10402 -0.090  0.968  -0.131
(low FRI/B) (-0.038)  (1.752)  (0.035) (1.111)  (10.644) (-0.133) (1.886) (-0.352)
0.065 1323 0.000 1.035 11.231 -0.028 1561  -0.045
Pr2 1 (0.048) (1.432) (0.012) (1.141)  (11.451) (-0.029) (2.183) (-0.094)
0.068 1.824  0.000 1.055 11.482 0.015 1792 0.002
Pr3 1 (0.069) (1.924) (0.016) (1.117)  (11.695)  (0.016) (2.307) (-0.005)
0.068 2567  0.000 1.083 11.479 0.074 1.837  0.037
Pre 1o 0.067) (2.715)  (0.024) (1.077)  (11.622)  (0.076)  (2.319)  (0.040)
PF5 0.063  4.285 0.000 1.094 11.723 0.214 1.928  0.065
(high FRI/B) Hot 0.060) (6.619) (0.057) (1.198)  (11.944)  (0.420) (2.576)  (0.079)
0.063 1.895  0.000 1.042 11.277 0.015 1.613  -0.002
Pooled 5938 (0.041) (2.888) (0.029) (1.129)  (11.471)  (0.070) (2.254) (-0.066)
Panel G: Dortfob os formed bv technology innovation
N E/P P/B RD/B BG LMV FRI/B P Rl
0.066 1.600  0.000 1.041 11306  -0.003 1461  -0.015
Lowstech 0028) (1917) (0.007) (1.076) (11.493)  (0.010) (2.085) (-0.083)
0.056  2.723 0.057 1.061 11.034 0.044 1472 0.007
High-tech 836 0.027) (4541) (0.136) (1123) (11.232)  (0.126)  (2.015) (-0.026)
0.063 1.895  0.000 1.042 11.277 0.015 1.613  -0.002
Pooled 5958 (0.041) (2.888) (0.029) (1.129) (11.471)  (0.070) (2.254) (-0.066)
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Panel H: Portfolios formed by industry groups

N

E/P

P/B

RD/B

BG LMV FRI/B P RI
RSR 149 0.047 1.514 0.000 1.041 12.256 -0.035 1.460 -0.032
(0.011) | (2.057) | (0.004) (1.099) | (12.546) | (-0.005) | (2.369) (-0.090)
BIN 922 0.062 1.545 0.000 1.024 11.564 -0.009 1.493 -0.020
(0.025) | (1.806) | (0.010) (1.046) | (11.620) | (0.000) | (2.081) (-0.098)
GIN 1000 0.064 2.090 0.019 1.035 11.336 0.027 1.500 0.006
(0.044) | (2.543) | (0.049) | (1 092) | (11.352) | (0.061) | (2.078) | (-0.024)
cGD 524 0.069 1.606 0.000 1.030 10.363 0.009 1.143 -0.008
(0.052) | (1.882) | (0.012) | (1.056) | (10.486) (0.017) | (1.558) | (-0.041)
0.066 .
NCG 247 2.151 0.000 1.047 11.468 0.020 1.957 0.003
(0.050) | (3.437) | (0.053) | (1.112) | (11.718) | (0.040) | (2.370) | (-0.018)
0.060 2. . -
csv 2053 000 0.000 1.045 11.163 0.019 1.720 0.002
(0.039) | (3.469) | (0.006) | (1.217) | (11.388) | (0.105) | (2.475) | (-0.118)
NSV 145 0.069 2.128 0.000 1.078 12.362 0.030 1.583 0.010
(0.053) | (2.580) | (0.003) | (1.094) | (12.857) | (0.130) | (2.364) | (0.022)
UTL (52 0.120 1.125 0.002 1.084 13.876 0.022 3.731 0.033
(0.129) | (1.309) | (0.003) | (1.084) | (13.614) | (0.055) | (4.253) | (0.038)
IMT 957 0.051 3.516 0.094 1.095 10.688 0.110 1.009 0.015
(0.020) | (5.523) | (0.206) | (1.132) | (10.692) | (0.293) | (1.579) | (-0.002)
0.063 1.895 0.000 1.042 11.277 0.015 1.613 -0.002
Pooled 5958
(0.041) | (2.888) | (0.029) | (1.129) | (11.471) | (0.070) (2.254) | (-0.066)
Note:

1) This table is based on earnings measure X4 (i.e., earnings before extraordinary items).

2)N is the number of firm-years, E/P is earnings-to-price ratio, P/B is market-to-book ratio, RD/B is
R&D-to-book ratio, BG is book value growth rate, LMV is logarithm of market value, FRI/B is
analyst-based one-year ahead RI forecast-to-book ratio, P is stock price, and RI is residual income.

3) The figures are median values. The mean values are shown in parentheses.

4) For details of low-tech and high-tech industries in Panel G, see Appendix 7.2.

5) Industry groups in Panel H are based on FTSE classification (level 3). RSR is resources, BIN is basic
industries, GIN is general industries, CGD is cyclical consumer goods, NCG is non-cyclical consumer
goods, CSV is cyclical services, NSV is non-cyclical services, UTL is utilities, and IMT is information

technology.
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Table 7.3: Correlation between firm-specific ex-ante variables

Pearson correlation coefficients
E/P P/B RD/B BG LMV FRI/B P RI
E/P -0.007 -0.059 0.040 0.097 0.053 0.056 0.308
(0.582)  (0.000)  (0.002)  (0.000)  (0.000)  (0.000)  (0.000)
P/B -0.179 0.289 -0.004 0.059 0.821 0.054 0.037
(0.000) (0.000)  (0.775)  (0.000)  (0.000)  (0.000)  (0.004)
% RD/B | -0.070 0.227 -0.018 0.031 0.050 0.003 0.007
;%:: (0.000)  (0.000) (0.169)  (0.016)  (0.000)  (0.794)  (0.588)
g BG 0.199 0.188 -0.002 0.005 -0.002 0.021 0.037
.% (0.000)  (0.000)  (0.876) (0.719)  (0.887)  (0.102)  (0.004)
g LMV | -0.057 0.323 0.251 0.129 0.063 0.410 0.069
g (0.000)  (0.000)  (0.000)  (0.000) (0.000)  (0.000)  (0.000)
g FRI/B | 0.215 0.742 0.145 0.200 0.226 0.009 0.058
% (0.000)  (0.000)  (0.000)  (0.000)  (0.000) (0.466)  (0.000)
P 0.020 0.318 0.168 0.200 0.612 0.191 -0.191
(0.121) ~ (0.000)  (0.000)  (0.000)  (0.000)  (0.000) (0.000)
RI 0.367 0.628 0.109 0.472 0.228 0.747 0.278
(0.000)  (0.000)  (0.000)  (0.000)  (0.000)  (0.000)  (0.000)

Note:

1) This table is based on earnings measure X4 (i.e., earnings before extraordinary items).

2) E/P is earnings-to-price ratio, P/B is market-to-book ratio, RD/B is R&D-to-book ratio, BG is book
value growth rate, LMV is logarithm of market value, FRI/B is analyst-based one-year ahead RI
forecast-to-book ratio, P is stock price, and RI is residual income.

3) The figures in parentheses are p-values.
4) Bold numbers indicate the correlation coefficients whose absolute magnitude is greater than 0.1 and p-

value is less than 1%.
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Table 7.4: Applicability of valuation models across firm-specific ex-ante variables

Bold numbers indigate the most unbiased (the smallest deviation from zero) and the most accurate median
and mean value estimates across models given a specified condition (i.e., horizontal comparison). For the
equality test of medians and means across models, Wilcoxon signed rank test and paired t test are used
respectively. On the other hand, # indicates the most unbiased and the most accurate median and mean
value estimates across conditions given a specified model (i.e., vertical comparison). Wilcoxon rank sum
test is used for the equality test of medians across conditions, while Cochran t test (unequal variances) or
pooled t test (equal variances) is used for the equality test of means across conditions. 10% significance
level is used for all kinds of hypothesis test. LID9 is OI-inclusive Ohlson (1995) LID model, LID16 is OI
and intercept-inclusive LID model with the assumption of 4% book value growth and EBOS is 2-year
horizon EBO model with the assumption of 4% RI growth (see Table 7.1 for valuation formula).

< Bias and accuracy using pooled data >

Bias Accuracy
LID9 LID16 EBOS LID9 LID16 EBOS5
Median -0.437 -0.211 -0.370 0.478 0.395 0.397
Mean -0.289 0.002 -0.312 0.505 0.519 0.495
Panel A: Across earnings-to-price (E/P) ratio
Bias Accuracy
LID9 LID16 EBOS LID9 LID16 EBOS5
Median
PF1 (low) -0.284 0.007* -0.531 0.492 0.518 0.579
PF2 -0.563 -0.388 -0.453 0.573 0.452 0.464
PF3 -0.535 -0.353 -0.393 0.541 0.395 0.402
PF4 -0.444 -0.208 -0.299 0.451 0.332* 0.319
PF5 (high) | -0.237 0.083 -0.112% 0.325" 0.343 0.240"
Mean
PF1 (low) -0.076" 0.279 -0.483 0.616 0.756 0.775
PF2 -0.478 -0.262 -0.374 0.543 0.465 0.497
PF3 -0.459 -0.231 0345 0.504 0.413 0.428
PF4 -0.368 -0.102% -0.238 0.426" 0.373* 0.379*
PF5 (high) |  -0.064" 0.325 -0.122% 0.437" 0.589 0.396"
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Table 7.4 (continued)

Panel B: Across market-to-book (P/B) ratio

Bias Accuracy
LID9 LID16 EBOS5 LID9 LID16 EBO5
Median
PF1 (low) 0.123* 0.657 -0.481 0.2117 0.658 0.531
PF2 -0.274 0.080" -0.359* 0.287 0.201" 0.386
PF3 -0.450 -0.206 -0.345* 0.452 0.223 0.373"
PF4 -0.576 -0.402 -0.352" 0.577 0.407 0.369"
PF5 (high) -0.704 -0.612 -0.371 0.705 0.615 0.395
Mean
PF1 (low) 0.417 1.017 -0.465 0.521 1.039 0.697
PF2 -0.225" 0.118 -0.295% 0.292* 0.270" 0.415*
PF3 -0.423 -0.179 -0.294% 0.447 0.264" 0.414*
PF4 -0.542 -0.371 -0.285" 0.567 0.410 0.416"
PF5 (high) -0.672 -0.577 -0.223 0.700 0.613 0.532

Panel C: Across R&D-to-book (RD/B) ratio

Bias Accuracy
LID9 LID16 EBOS LID9 LID16 EBO5
Median
PF1 (zero) -0.402* -0.159" -0.376 0.458 0.391 0.404
PF2 (low) -0.406" -0.169" -0.345" 0.438" 0.340 0.367"
PF3 (high) -0.585 -0.428 0372 0.594 0.472 0.403
Mean
PF1 (zero) -0.240* 0.074 -0.324* 0.496 0.539 0.502
PF2 (low) -0.282 0.014" -0.295 0.450% 0.442" 0.404"
PF3 (high) -0.490 -0.296 -0.284" 0.595 0.517 0.557

Panel D: Across book value growth (BG)

Bias Accuracy
LID9 LID16 EBO5 LID9 LID16 EBOS5
Median
PF1 (low) -0.376" -0.154 -0.366 0.495 0.441 0.410
PF2 -0.360 -0.110* -0.384 0.413 0.355" 0.404
PF3 -0.369" -0.096" -0.394 0.418" 0.340 0.410
PF4 -0.494 -0.296 -0.335" 0.507 0.390 0.364"
PF5 (high) -0.550 -0.381 -0.373 0.569 0.468 0.400
Mean
PF1 (low) -0.145" 0.149 -0.328" 0.589 0.661 0.621
PF2 0214 0.109" -0.364 0.462" 0.513 0.482
PF3 -0.254 0.099" -0.348 0.436" 0.476" 0.463
PF4 -0.395 -0.145 -0.250* 0.482 0.432" 0.396"
PFS5 (high) -0.437 -0.204 -0.270% 0.558 0.514 0.512
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Table 7.4 (continued)

Panel E: Across firm size (i.e., across logarithm of market value (LMV))

Bias Accuracy

LID9 LID16 EBOS LID9 LID16 EBO5
Median
PF1 (small) -0.151* 0.183 -0.279* 0.354* 0.404 0.380
PF2 -0.372 -0.139* -0.328 0.437 0.383 0.359
PF3 -0.499 -0.305 -0.382 0.520 0.405 0.400
PF4 -0.541 -0.361 -0.406 0.550 0.423 0.414
PF5 (large) -0.488 -0.281 -0.398 0.493 0.352 0.420
Mean
PF1 (small) 0.062 0.489 -0.221* 0.513* 0.746 0.604
PF2 -0.247 0.068" -0.291* 0.470" 0.516 0.458"
PF3 -0.361 -0.101 -0.352 0.528 0.495 0.473"
PF4 -0.459 -0.235 -0.367 0.532 0.456 0.478"
PF5 (large) -0.441 -0.213 -0.329 0.483" 0.383" 0.461*

Panel F: Across analyst-based one-year ahead RI forecast-to-book (FRI/B) ratio

Bias Accuracy
LID9 LID16 EBOS LID9 LID16 EBOS5
Median
PF1 (low) -0.043* 0.329 -0.692 0.342 0.520 0.700
PF2 -0.298 0.055" -0.419 0.327* 0.291* 0.429
PF3 -0.432 -0.177 -0.321 0.439 0.294" 0.347
PF4 -0.557 -0.370 -0.294 0.558 0.387 0.325"
PFS (high) -0.659 -0.554 -0.225" 0.666 0.568 0.329
Mean
PF1 (low) 0.199* 0.688 0.812 0.620 0.943 0.865
PF2 -0.216 0.148 -0.359 0.337 0.386 0.412
PF3 -0.372 -0.085" -0.248 0.413 0.332 0.345"
PF4 -0.500 -0.302 -0.172 0.521 0.387 0.368"
PF5 (high) -0.556 -0.440 0.031% 0.635 0.547 0.485
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Table 7.4 (continued)

Panel G: Across technology innovation

Bias Accuracy
LID9 LID16 EBO5 LID9 LID16 EBOS

Median

low-tech -0.372* -0.132* -0.365" 0.439" 0.369" 0.386"

high-tech -0.565 -0.404 -0.383" 0.583 0.485 0.422
Mean

low-tech -0.216" 0.124* -0.365 0.464" 0.521* 0.464"

high-tech -0.463 -0.257 -0.278" 0.567 0.518" 0.624
Note: For details of low-tech and high-tech industries, see Appendix 7.2.
Panel H: Across industry sectors

Bias Accuracy
LID9 LID16 EBO5 LID9 LID16 EBO5

Median

RSR -0.335 -0.080" -0.527 0.458 0.375 0.541

BIN -0.352 -0.076" -0.399 0.409 0.352" 0.411

GIN -0.480 -0.275 -0.348 0.509 0.390* 0.364

CGD -0.360 -0.094* -0.300 0.421 0.369* 0.346

NCG -0.470 -0.292 -0.369 0.481 0.394 0.398

Ccsv -0.463 -0.245 -0.402 0.511 0.422 0.423

NSV -0.472 -0.232 -0.372 0.473 0.345" 0.392

UTL -0.059* 0.283 0.003" 0.244" 0.309" 0.166"

IMT -0.608 -0.487 -0.330 0.639 0.570 0.401
Mean

RSR -0.162 0.175 -0.290 0.529 0.592 0.768

BIN -0.221 0.111 -0.362 0.424 0.465 0.461

GIN -0.324 -0.062 -0.309 0.511 0.486 0.420

CGD -0.171 0.195 -0.176" 0.481 0.580 0.503

NCG -0.422 0.176 -0.368 0.490 0.445 0.474

CcSv -0.283 0.009* -0.377 0.557 0.576 0.518

NSV -0.414 -0.190 -0.278 0.448 0.359" 0.490

UTL -0.024" 0.371 0.079* 0.273" 0.451 0.307*

IMT -0.460 -0.290 -0.002* 0.605 0.566 0.727

Note: Industry groups are based on FTSE classification (level 3). RSR is resources, BIN is basic
industries, GIN is general industries, CGD is cyclical consumer gooFls, NCG is non-cycl}ca.l consumer
goods, CSV is cyclical services, NSV is non-cyclical services, UTL is utilities, and IMT is information

technology.
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Table 7.5: Regression of value-to-price ratio on Jirm-specific ex-ante variables

Panel A: Linear terms and industry dummies

c,3 __
VP =ay+a,(E/P)+a,(P/B)+a;(RD/B) +a,(BG) +ay(LMV) +a,(FRI/ B)
+ BIND, + f3,IND, + B,IND, + B,IND, + 3,IND; + B,IND, + B,IND, + B,IND,

LID9 LID16 EBO5
% 1.625 (46.83)™ 2.207 (42.08)"™ 1.041 (25.24)™
oy (E/P) -0.924 (-17.02)™ -1.094  (-13.34)™ 0.186 (3.01)™
o, (P/B) -0.126 (-44.76)™ -0.177 (-42.00)™ <0.075 (-22.13)™
a3 (RD/B) 0293 (-3.25)™ 0400 (294 0.231 (2.14)"
o (BG) -0.072 (-5.30)™ -0.061 (-2.96)™ -0.019 (-1.18)
as (LMY) -0.047 (-19.79)" -0.065 (-17.99)"" -0.027 (-9.61)"
as (FRI/B) 0362 (11.02)™ 0.297 (6.03)™ 1.870 (45.94)™
Bi (INDy) 0.047 (1.36) 0.110 (2.10)” -0.035 (-0.84)
B (IND>) -0.000 (-0.01) 0.037 (1.00) 0.041 (1.40)
B (IND-) <0.030 (-1.31) -0.032  (-0.93) 0.036 (1.29)
B+ (INDy) -0.019 (-0.75) 0.003 (0.08) 0.102 (3.39)™
Bs (INDs) -0.026 (-1.06) -0.010 (-0.27) 0.048 (1.65)
Bs (INDs) -0.011 (-0.50) 0.013 (0.37) 0.007 (0.23)
B, (IND,) -0.057 (-1.66)" 20.071 (-1.36) 0.031 (0.76)
Ss (INDy) 0322 (9.44)™ 0415 (8.04)™ 0383 (9.41)"
Adj. R? 0.441 0.421 0.331

N 5611 5613 5620
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Table 7.5 (continued)

Panel B: Linear and quadratic terms

3 _
VIP” =a,+a,(E/P)+a,(E/P)? +a,(P/B)+a,(P/B)’ +a,(RD/B) +a,(RD/B)?
+a;,(BG) +ay(BG)® + oy (LMV) + 0,y (LMV)? + o, (FRI/ B) +a,,(FRI/ B)*

LID9 LID16 EBO5
% 2225 (18.09)™ 2913 (1543)™ 1.905 (11.03)™
o (E/P) -0.651 (-12.95)"™ -0.873 (-10.87)™ 0.108 (1.62)
o, (E/P)? 2179 (14.12)™ 1.786 (6.88)™" -0.748 (-3.75)™
o (P/B) -0.332 (-62.63)™ -0.489 (-59.89)"" -0.094 (-12.50)™"
a, (P/B)* 0.020 (44.32)"" 0.029 (43.14)™ 0.001 (2.31)"
as (RD/B) -0.028 (-0.18) -0.291 (-1.25) 0475 (221)"
o (RD/B)* -0.298 (-0.54) 0.489 (0.58) 0793 (-1.02)
a; (BG) 0.172 (-4.43)™ -0.152 (-2.56)" -0.058 (-1.05)
a3 (BG)* 0.055 (4.04)™ 0.059 (2.80)™ 0.012 (0.62)
a (LMY) -0.125 (-5.97)™ -0.141 (-4.39)™ -0.161 (-5.45)™
aio (LMV)*? 0.004 (5.00)™ 0.005 (3.52)™ 0.006 (4.69)"
a1 (FRI/B) 0.635 (17.94)™ 0717 (13.18)"™ 2.155 (42.65)
oy (FRI/B)* -0.133  (-3.13)™ 0210 (3.22)™ -0.613  (-9.82)™
Adj. R? 0.607 0.577 0.326
N 5611 5613 5620

Note:

1) This table is based on earnings measure X4 (i.e., earnings before extraordinary items).

2) LID9 is Ol-inclusive Ohlson (1995) LID model, LID16 is OI and intercept-inclusive LID model with
the assumption of 4% book value growth and EBOS is 2-year horizon EBO model with the assumption
of 4% RI growth (see Table 7.1 for valuation formula).

3) Vis value estimate, P°* is observed stock price at 3 months after the fiscal year end, E/P is earnings-to-
price ratio, P/B is market-to-book ratio, RD/B is R&D-to-book ratio, BG is book value growth rate,
LMYV is logarithmic market value, FRI/B is analyst-based one-year ahead RI forecast-to-book ratio, and
IND, is dummy variable representing industry group to which a firm belongs.

IND, = 1 if industry group is RSR, 0 otherwise; IND, = 1 if industry group is BIN, 0 otherwise
INDs = 1 if industry group is GIN, 0 otherwise; IND, = 1 if industry group is CGD, 0 otherw.ise
INDs = 1 if industry group is NCG, 0 otherwise; INDg = 1 if industry group is CSV, 0 otherw;se
IND; = 1 if industry group is NSV, 0 otherwise; INDs = 1 if industry group is UTL, 0 otherwise

4) The figures in parentheses are ? statistics.

S)*%% %% * show that the coefficient is significantly different from zero at the 1%, 5%, and 10% levels,
respectively. X . . .

6) Industry groups are based on FTSE classification (level 3). RSR is resources, BIN is basic industries,
GIN is general industries, CGD is cyclical consumer goods, NCG is .n.on-cychcal consumer gooFls,
CSV is cyclical services, NSV is non-cyclical services, UTL is utilities, and IMT is information

technology.
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Table 7.6: Regression of absolute valuation error on Jirm-specific ex-ante variables

Panel A: Linear terms and industry dummies

AFE=a, +a,(E/P)+a,(P/B)+a,(RD/B) +a,(BG) + a,(LMV) + a,(FRI/ B)
+ BIND, + J3,IND, + B,IND; + B,IND, + S;IND; + B,IND, + 8,IND, + ,IND,

LID9 LID16 EBO5
% 0.143  (5.90)™ 0.798 (18.79)"" 0.425 (12.06)™
oy (E/P) -0.325 (-8.60)"™ -0.706 (-10.62)"" 0.627 (-11.7)™
o, (P/B) 0.070 (35.87)"™" 0.031 (9.05)™ 0.004 (1.29)
a3 (RD/B) 0201 (3.19)™ 0.034 (0.31) 0453 (4.93)™
ay (BG) 0.042 (4.42)™ 0.011 (0.69) 0.040 (2.88)"
as (LMV) 0.011 (6.38)™ 0.036 (-12.39)™ 0.002 (0.76)
as (FRI/B) 0.152 (-6.62)™" 0.122 (-3.04)™ 0495 (-14.38)™
B (IND)) -0.023 (-0.96) 0.080 (1.89)" 0.101 (2.87)"™
B, (IND,) -0.032 (-1.90)" 0.001 (0.03) -0.028 (-1.11)
B (IND5) 0.016 (1.01) 0.003 (0.12) 0.060 (-2.53)"
B (INDy) 0.010 (0.57) 0.022 (0.72) -0.095 (-3.65)""
Bs (INDs) -0.008 (-0.46) -0.006 (-0.19) -0.023 (-0.95)
Bs (INDs) 0.010 (0.65) 0.031 (1.11) 0.017 (0.73)
S (INDy) 0.003 (0.11) 0.013  (-0.30) -0.033  (-0.94)
Ss (INDs) 20.119 (-5.01)™ 0.133 (3.18)™ -0.149 (-431)™
Adj. R? 0.323 0.069 0.117

N 5612 5613 5616
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Table 7.6 (continued)

Panel B: Linear and quadratic terms

AFE=a, +a,(E/P)+a,(E/P)? +a,(P/B)+a,(P/B)? +a,(RD/B)+a,(RD/B)*
+ 0, (BG) + 0y (BG)® + o (LMV) + a,,(LMV) +,,(FRI | B) + a,, (FRI | BY?

LID9 LID16 EBO5
% -0.006  (-0.06) 1.147 (6.54)™ 0443 (3.15™
oy (E/P) -0.107 (-2.73)™ -0.331 (-4.44)™ -0.352 (-6.40)""
a, (E/PY* 1.736  (14.40)™ 2572 (10.65)"" 0.571 (3.43)™
as (P/B) 0.169 (40.75)™ 0.011 (-1.44) 0.005 (0.82)
oy (P/B)* -0.009 (-25.30)™ 0.005 (7.19)" 0.000 (0.31)
as (RD/B) 0.111 (0.94) -0.052 (-0.24) 0.169 (0.97)
as (RD/B)? -0.011  (-0.03) 0.138 (0.18) 0.263 (0.42)
a; (BG) 0.134 (4.43)™ 0.123 (2.23)" 0.002 (0.04)
o5 (BG)? -0.038 (-3.55)"" -0.034 (-1.74) 0.020 (1.29)
a (LMV) 0.005 (0.29) -0.114  (-3.79)™ -0.012 (-0.48)
oo (LMV)*? -0.000 (-0.17) 0.004 (2.92)"™ 0.001 (0.74)
ay, (FRI/B) -0.355 (-12.83)™ <0193 (3.81)™ -1.023  (-25.03)™
s (FRI/B)? 0.182 (547" 0.188 (3.10)" 1.193 (23.58)™"
Adj. R? 0.401 0.104 0.197
N 5612 5613 5616

Note:

1) This table is based on earnings measure X4 (i.e., earnings before extraordinary items).

2) LID9 is Ol-inclusive Ohlson (1995) LID model, LID16 is OI and intercept-inclusive LID model with
the assumption of 4% book value growth and EBOS5 is 2-year horizon EBO model with the assumption
of 4% RI growth (see Table 7.1 for valuation formula).

3) AFE is absolute valuation error, defined as ABS(V - P*%) / P** where Vis value estimate and P is
observed stock price at 3 months after the fiscal year end. E/P is earnings-to-price ratio, F/B is market-
to-book ratio, RD/B is R&D-to-book ratio, BG is book value growth rate, LMV is logarithmic market
value, FRI/B is analyst-based one-year ahead RI forecast-to-book ratio, and /ND; is dummy variable
representing industry group to which a firm belongs.

IND, = 1 if industry group is RSR, 0 otherwise; /ND, = 1 if industry group is BIN, 0 otherwise

IND; =1 if industry group is GIN, 0 otherwise; IND4 = 1 if industry group is CGD, 0 otherw'ise
IND;s = 1 if industry group is NCG, 0 otherwise; INDs = 1 if industry group is CSV, 0 otherw%se
IND, = 1 if industry group is NSV, 0 otherwise; INDg = 1 if industry group is UTL, 0 otherwise

4) The figures in parentheses are ¢ statistics.

5)*x* ** * show that the coefficient is significantly different from zero at the 1%, 5%, and 10% levels,
respectively. . . . .

6) Industry groups are based on FTSE classification (level 3). RSR is resources, Bm is basic industries,
GIN is general industries, CGD is cyclical consumer goods, NCG is .n.on-cychcal consumer gooFls,
CSV is cyclical services, NSV is non-cyclical services, UTL is utilities, and IMT is information

technology.
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Appendix 7.1: Examples for differences between alternative RIV models

Panel A: Ohlson LID versus 2-year horizon EBO

x| =1, £ =07, £, =045b, =5 0,=06,y, =03, r =12%

aizzfi Ohlson LID EBOS (g, = 4%) EBO2 (g, = 0%)

future RI PV future RI PV future RI PV

1 0.700 0.625 0.700 0.625 0.700 0.625
2 0.450 0.359 0.450 0.359 0.450 0.359
3 0.279 0.199 0.468 0.333 0.450 0.320
4 0.170 0.108 0.487 0.309 0.450 0.286
5 0.103 0.058 0.506 0.287 0.450 0.255
6 0.062 0.031 0.526 0.267 0.450 0.228
7 0.037 0.017 0.547 0.248 0.450 0.204
8 0.022 0.009 0.569 0.230 0.450 0.182
9 0.013 0.005 0.592 0.214 0.450 0.162
10 0.008 0.003 0.616 0.198 0.450 0.145
11 0.005 0.001 0.640 0.184 0.450 0.129
12 0.003 0.001 0.666 0.171 0.450 0.116
13 0.002 0.000 0.693 0.159 0.450 0.103
14 0.001 0.000 0.720 0.147 0.450 0.092
15 0.001 0.000 0.749 0.137 0.450 0.082
16 0.000 0.000 0.779 0.127 0.450 0.073
17 0.000 0.000 0.810 0.118 0.450 0.066
18 0.000 0.000 0.843 0.110 0.450 0.059
19 0.000 0.000 0.877 0.102 0.450 0.052
20 0.000 0.000 0.912 0.095 0.450 0.047
21 0.000 0.000 0.948 0.088 0.450 0.042
22 0.000 0.000 0.986 0.081 0.450 0.037
23 0.000 0.000 1.025 0.076 0.450 0.033
24 0.000 0.000 1.066 0.070 0.450 0.030
25 0.000 0.000 1.109 0.065 0.450 0.026
26 0.000 0.000 1.153 0.061 0.450 0.024
27 0.000 0.000 1.200 0.056 0.450 0.021
28 0.000 0.000 1.248 0.052 0.450 0.019
29 0.000 0.000 1.298 0.049 0.450 0.017
30 0.000 0.000 1.349 0.045 0.450 0.015
PVRI 1.417 5.644 3973
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Appendix 7.1 (continued)

Panel B: 'Intercept-inclusive' LID versus 2-year horizon EBO

x =1, [ =07, £, =050L,b, =5, 0, =-0.02, 0, =0.6, 5, =0.025,, =0.3,  =12%

Jear 'Intercept-inclusive’ 'Intercept-inclusive' EBO5 EBO2
ahead LID (bg = 4%) LID (bg =0%) (g, =4%) (g, = 0%)
future RI PV future RI PV future RI PV future RI PV
1 0.700 0.625 0.700 0.625 0.700 0.625 0.700 0.625
2 0.501 0.399 0.501 0.399 0.501 0.399 0.501 0.399
3 0.378 0.269 0.379 0.270 0.521 0.371 0.501 0.357
4 0.305 0.194 0.306 0.195 0.542 0.344 0.501 0.318
5 0.264 0.150 0.262 0.149 0.564 0.320 0.501 0.284
6 0.242 0.123 0.236 0.120 0.586 0.297 0.501 0.254
7 0.233 0.105 0.220 0.100 0.610 0.276 0.501 0.227
8 0.230 0.093 0.211 0.085 0.634 0.256 0.501 0.202
9 0.232 0.084 0.205 0.074 0.659 0.238 0.501 0.181
10 0.238 0.076 0.202 0.065 0.686 0.221 0.501 0.161
11 0.245 0.070 0.200 0.057 0.713 0.205 0.501 0.144
12 0.253 0.065 0.198 0.051 0.742 0.190 0.501 0.129
13 0.262 0.060 0.198 0.045 0.771 0.177 0.501 0.115
14 0.272 0.056 0.197 0.040 0.802 0.164 0.501 0.103
15 0.283 0.052 0.197 0.036 0.834 0.152 0.501 0.092
16 0.294 0.048 0.197 0.032 0.868 0.142 0.501 0.082
17 0.305 0.044 0.197 0.029 0.902 0.131 0.501 0.073
18 0.317 0.041 0.197 0.026 0.938 0.122 0.501 0.065
19 0.330 0.038 0.196 0.023 0.976 0.113 0.501 0.058
20 0.343 0.036 0.196 0.020 1.015 0.105 0.501 0.052
21 0.357 0.033 0.196 0.018 1.056 0.098 0.501 0.046
22 0.371 0.031 0.196 0.016 1.098 0.091 0.501 0.041
23 0.386 0.028 0.196 0.014 1.142 0.084 0.501 0.037
24 0.402 0.026 0.196 0.013 1.187 0.078 0.501 0.033
25 0418 0.025 0.196 0.012 1.235 0.073 0.501 0.029
26 0.434 0.023 0.196 0.010 1.284 0.067 0.501 0.026
27 0.452 0.021 0.196 0.009 1.336 0.063 0.501 0.023
28 0.470 0.020 0.196 0.008 1.389 0.058 0.501 0.021
29 0.488 0.018 0.196 0.007 1.445 0.054 0.501 0.019
30 0.508 0.017 0.196 0.007 1.502 0.050 0.501 0.017
PVRI 3.090 2.610 6.213 4353
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Appendix 7.1 (continued)
Panel C: 3 models with negative RI forecasts

xt ==L £4 =07, £, =-0.45,b, =5, @, =-0.02, 0, =0.6, 7, =0.025, 7, =0.3, 7 =12%

Year Ohlson LID 'Intercept-inclusive' LID EBOS
ahead (bg = 4%) (g-=4%)
future RI PV future RI PV future RI PV
1 -0.700 -0.625 -0.700 -0.625 -0.700 -0.625
2 -0.450 -0.359 -0.399 -0.318 -0.450 -0.359
3 -0.279 -0.199 -0.180 -0.128 -0.468 -0.333
4 -0.170 -0.108 -0.035 -0.022 -0.487 -0.309
5 -0.103 -0.058 0.058 0.033 -0.506 -0.287
6 -0.062 -0.031 0.118 0.060 -0.526 -0.267
7 -0.037 -0.017 0.158 0.072 -0.547 -0.248
8 -0.022 -0.009 0.186 0.075 -0.569 -0.230
9 -0.013 -0.005 0.206 0.074 -0.592 -0.214
10 -0.008 -0.003 0.221 0.071 -0.616 -0.198
11 -0.005 -0.001 0.235 0.068 -0.640 -0.184
12 -0.003 -0.001 0.247 0.063 -0.666 -0.171
13 -0.002 0.000 0.259 0.059 -0.693 -0.159
14 -0.001 0.000 0.270 0.055 -0.720 -0.147
15 -0.001 0.000 0.281 0.051 -0.749 -0.137
16 0.000 0.000 0.293 0.048 -0.779 -0.127
17 0.000 0.000 0.305 0.044 -0.810 -0.118
18 0.000 0.000 0.317 0.041 -0.843 -0.110
19 0.000 0.000 0.330 0.038 -0.877 -0.102
20 0.000 0.000 0.343 0.036 -0.912 -0.095
21 0.000 0.000 0.357 0.033 -0.948 -0.088
22 0.000 0.000 0.371 0.031 -0.986 -0.081
23 0.000 0.000 0.386 0.028 -1.025 -0.076
24 0.000 0.000 0.401 0.026 -1.066 -0.070
25 0.000 0.000 0.418 0.025 -1.109 -0.065
26 0.000 0.000 0.434 0.023 -1.153 -0.061
27 0.000 0.000 0.452 0.021 -1.200 -0.056
28 0.000 0.000 0.470 0.020 -1.248 -0.052
29 0.000 0.000 0.488 0.018 -1.298 -0.049
30 0.000 0.000 0.508 0.017 -1.349 -0.045
PVRI -1.417 0.257 -5.644

Note: PVRI denotes present value of all future residual income. EBOS (EBO2) is 2-year horizon EBO
model with the assumption of non-zero (zero) RI growth. xta is current RI, f,il ( f,iz) is one-year (two-

year) ahead RI forecasts, b, is current book value and 7 is the discount rate. wand y are linear information
dynamics parameters.
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Appendix 7.2: Industries included in high-tech and low-tech samples

FTSE code Name Firm-years
High-tech industries
252 Electrical Equipment 79
253 Electronic Equipment 220
345 Household Appliances & Housewares 39
446 Medical Equipment & Supplies 119
480 Pharmaceuticals 90
543 Cable & Satellite 4
546 Photography 1
673 Fixed-Line Telecommunications Services 18
678 Wireless Telecommunications Services 9
932 Computer Hardware 16
936 Semiconductors 2
938 Telecommunications Equipment 13
972 Computer Services 109
974 Internet 4
977 Software 113
836
Low-tech industries

137 Other Construction 194
156 Paper 25
188 Steel 25
311 Automobiles 5
313 Auto Parts 83
349 Other Textiles & Leather Goods 128
418 Soft Drinks 13
475 Household Products 31
524 Discount, Super Stores & Warehouses 6
536 Hotels 45
591 Airlines & Airports 33
596 Rail, Road & Freight 93
597 Shipping & Ports 50
630 Food & Drug Retailers 118
849

Note: Industries used for partitioning into high-tech and low-tech industries are
based on FTSE level 5 classification.
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CHAPTER 8

CONCLUSIONS AND IMPLICATIONS

8.1. Introduction

Even though the Ohlson (1995) model is accepted as a theoretically well-grounded
equity valuation model, its value from a practical standpoint is still at issue. Lundholm
(1995) addresses some frequently asked questions — (i) how does the Ohlson model
really work? (ii) what about non-accounting information? (iii) how can you claim
dividend-irrelevancy when we know that dividend increases are good-news signals? (iv)
how restrictive is the linear information dynamic? (v) whether unbiased accounting is
better or worse than conservative accounting? (vi) what are the criteria by which we
should judge the model? Recent empirical studies including Dechow et al. (1999)
(DHS) try to answer the above questions, especially questions (1), (ii), (v) and (vi), and
give some contributions to the empirical implementation of the Ohlson's linear

information dynamics (LID) model.'?

However, the large negative bias in value estimates based on the Ohlson model,
reported in previous empirical studies, seems to be evidence of the poor informativeness
of the Ohlson LID with respect to future residual income. I suspect that this large

negative bias may be caused by the assumption of unbiased accounting implied in the

"% Studies by Hand and Landsman (1998, 1999) are related to the question (iii), and their results contrast
with the value irrelevancy of dividends implied in the Ohlson model. They try to explain their results
through the profitability-signaling role of dividends.
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Ohlson model. Another seminal work by Feltham and Ohlson (1995), therefore,
attempts to allow for conservative accounting within the linear information dynamics,
but its empirical performance is also proved to be poor by some empirical studies
including Myers (1999b).114 In the presence of conservative accounting, future expected
RI tends to deviate from zero, and the mean of future expected RI seems to be different
from the mean of realised past RI. This means that both RI and OI intercepts in the
Ohlson LID are not necessarily zero in practice. The augmentation of the Ohlson model,
which is central to my thesis, is straightforward by incorporating RI and OI intercepts
into the linear information dynamics. I term the augmented model as the 'intercept-

inclusive' LID model.

The main objective of the thesis is to examine whether this 'intercept-inclusive' LID
model captures accounting conservatism better than the extant Rl-based valuation
models. Specifically, the U.S. study in Chapter 4 compares the relative reliability
between the 'intercept-inclusive' LID model, the Ohlson model and a special case of the
Ohlson model that simply capitalises one-year ahead analysts' earnings forecasts as a
flat perpetuity, in terms of bias and accuracy of value estimates. The objective of the
UK. study in Chapter 6 is to provide evidence for U.K. using a larger set of competing
models based on three approaches - the Ohlson LID, the 'intercept-inclusive' LID and
the EBO approaches. Finally, the UK. study in Chapter 7 addresses a potentially
important issue of the different applicability under different conditions of different RI-

based valuation models. The next section summarises the empirical results of these

11* Given the negative mean of realised past RI (i.e., negative RI intercept), as in DHS, the theoretical
Feltham and Ohlson (1995) model induces larger negative bias than the theoretical Ohlson (1995) model
(compare two models in Feltham and Ohlson (1995, p. 705) and Ohlson (1995, p669)).
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three empirical chapters, and the final section discusses implications and limitations of

the thesis.

8.2. Summary of the Empirical Results

Reliability of the 'intercept-inclusive' LID model: U.S. evidence

In Chapter 4, the reliability of the 'intercept-inclusive' LID model is compared to that of
the Ohlson LID model and the one-year ahead earnings forecasts capitalisation model.
In order to facilitate comparison with the study by DHS, I use U.S. data from 1950 to
1995, which are very similar to those used in DHS. For the estimation of RI and OI
parameters, I also follow the procedure used in DHS, but use book value rather than
stock price as a scaling variable in order to avoid a circularity problem in the

implementation of the 'intercept-inclusive' LID model.

Similar to the results reported in DHS, the substantial negative biases are evident in the
extant two models. However, in the 'intercept-inclusive' LID model, the negative biases
are largely eliminated. In particular, at the intersection of more plausible discount rates
(14% and year-specific) and assumed growth rates of the scaling variable (0%, 2%,
4%), the absolute values of the biases become much smaller. Thus, the incorporation of
non-zero RI and OI intercepts into the linear information dynamics seems to capture the
effects of conservative accounting well. However, value estimates based on the
'intercept-inclusive’ LID model are very sensitive both to the assumed discount rate and

to the assumed growth rate of the scaling variable.
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Moreover, although value estimates based on the 'intercept-inclusive' LID model are
substantially less biased than those based on the extant two models, there is little
evidence of improvement in the accuracy of such estimates. The lack of improvement in
overall valuation accuracy of the 'intercept-inclusive' LID model seems to arise from 1)
the increased dispersion in valuation errors due to high sensitivity to both discount rate
and growth rate, and i1) the poor applicability for low stock price firms. Together with
some complementary tests, it seems to be possible to improve accuracy if we carefully
apply the 'intercept-inclusive' LID model by means of the reflection of firm-specific

characteristics and properties into the model.

Reliability of competing valuation models: UK. evidence

Chapter 6 provides results from the replication of DHS and some extensions using U.K.
industrial data. First of all, the RI and OI parameters and the relative bias and accuracy
of the Ohlson model and its variants are very consistent with U.S. results. Ohlson’s
AR(1) information dynamics seem to be sufficient to forecast future residual income,
but it might be clear that the inclusion of book value in the information dynamics has an
additional informational role for predicting future residual income. Second, the results
of the relative reliability of various valuation models are robust regardless of the choice
of earnings measures, but the abnormal items seem to have decremental effect on the RI

persistence because those abnormal items have transitory attributes.

The main results using book value as a scaling variable show that some EBO models
and the 'intercept-inclusive' LID model generally seem to perform well in terms of bias

and accuracy metrics. More importantly, the development of the ‘intercept-inclusive'
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LID model significantly reduces the downward bias of value estimates based on the
Ohlson LID model. The ‘intercept-inclusive' LID model also gives quite good median
accuracy, but fails to improve mean accuracy. These results are consistent with U.S.

study in Chapter 4.

Finally, the relative ranking of various valuation models in terms of bias, accuracy and
explainability is unlikely to be sensitive to the assumpt/ion of discount rate and growth
rate and the use of different benchmarking stock prices and consensus earnings
forecasts. However, the sensitivity of the ‘'intercept-inclusive’ LID model to the

assumption of discount rate and growth rate seems to be larger than that of the Ohlson

LID model.

Applicability of competing valuation models: UK. evidence

This study is based on the idea that the models' relative applicability can differ across
various firm-specific characteristics and properties, because the implementation
procedures and underlying assumptions of competing models are apparently different.
This idea is encouraged by the preliminary results showing that none of models
dominates other models in all aspects such as median accuracy, mean accuracy, central

and extreme tendency.

The study provides evidence that some firm-specific ex-ante variables cause the
different applicability of models. In particular, eamings-to-price (E/P) ratio, market-to-
book (P/B) ratio and analyst-based one-year ahead RI forecast-to-book (FRI/B) ratio
seem to be influential with regard to the applicability of models. Specifically, the

'intercept-inclusive' LID model gives rise to reliable value estimates for moderate E/P,
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P/B and FRI/B firms, while the Ohlson LID (the EBO) model is likely to perform well
for low (high) E/P, P/B, and FRI/B firms. However, R&D-to-book (RD/B) ratio, book
value growth (BG), firm size and industry membership are unlikely to be determinants
of models' relative applicability. These results using a test of equality of portfolio means

and medians, together with graphical illustration, are confirmed by regression analysis.

8.3. Implications and limitations

The Ohlson model must be useful in the context that it provides a unifying framework
for a number of 'ad hoc' valuation models using book value, earnings, and short-term
forecasts of earnings. However, most recent studies show that the Ohlson model largely
understates the market’s expectations. If these empirical results are reliably true, some

adjustments might be needed to the Ohlson model in order to reflect practical aspects.

This thesis has an important implication to the empirical and theoretical research on the
reliability of the LID model. In fact, when the Ohlson model is criticized in terms of its
validity, it is not the RIV relationship itself, but the assumed linear information
dynamics that is still controversial. There is of course much room to modify the
Ohlson's linear information dynamics in order better to estimate intrinsic value. This
thesis is one of those efforts to capture market's expectations better than the Ohlson
model by allowing for conservative accounting. Even if the results of the study show
that the 'intercept-inclusive' LID model does not work in all circumstances and in terms
of all performance metrics, the development of the 'intercept-inclusive’ LID model

rectifies quite well the downward bias of the value estimates arising from the
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implementation of the Ohlson model.

Moreover, the 'intercept-inclusive’ LID model adds an intercept parameter to the OI
generating process, which is a crucial difference compared to the Feltham and Ohlson
(1995) model, so that it allows the mean of expected future RI to differ from that of past
realised RI. Value estimates based on the 'intercept-inclusive' LID model seem to reflect
more fully the effect of conservative accounting than the Feltham and Ohlson model
(unreported, but through indirect comparison). Consequently, value estimates based on
the 'intercept-inclusive' LID model are likely to be superior to those from the
implementation of the Ohlson unbiased-accounting LID model and the Feltham and

Ohlson conservative-accounting LID model.

The study also gives some important contributions to accounting-based equity valuation
in the empirical perspective. One is the comparison between the LID-type approach and
the EBO-type approach, and the other is the applicability test of models. Even though
both LID-type and EBO-type approaches are the main concern in RI-based valuation
research, there is no explicit study on the comparison between the two approaches so
far. The two approaches are based on apparently different implementation procedures
and underlying assumptions, so that it is of interest to examine which approach
dominates the other approach and why. In the study, the LID approaches based on the

Ohlson model and the 'intercept-inclusive' model are compared with the EBO approach.

The applicability test of models across various firm-specific characteristics and

properties is also an important empirical issue. In fact, it is very difficult for a specific
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valuation model to work best under all conditions in the complicated real world. Thus, it
is likely that a particular model dominates other models in some, but not all
circumstances. Related to this issue, I explore firm-specific characteristics and
properties that might be potential determinants to the different applicability of valuation
models. This issue could be quite important especially for practitioners, because equity

valuation is a task that must be carried out on a firm-by-firm basis ultimately.

Despite some contributions of this study, there are also several limitations that need to
be explored in further research. First, as shown in Chapter 4 and 6, value estimates
based on the 'intercept-inclusive' LID approach are very sensitive to the assumed
discount rate and growth rate. This means that estimation errors or unreasonable
assumptions of discount rate and growth rate can lead to serious errors in value
estimates. Thus, how to estimate those components is an important issue in further

research.

Second, Chapter 4 and 6 also provide evidence that the 'intercept-inclusive' LID model
does not appear to improve the overall accuracy of value estimates. This may be related
to high sensitivity of value estimates to discount rates and growth rates discussed above.
Another possible explanation of the lack of improvement is that this model works very
poorly for some firms. For instance, the 'intercept-inclusive' LID model seems to give
rise to very high positive bias for low stock price firms. Thus, firm-specific properties
that lead to the poor applicability of the model need to be identified first (as in the study
in Chapter 7) and then the 'intercept-inclusive' LID model needs to be further modified

in order to capture the effect of those properties.
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Third, some results as to the applicability test in Chapter 7 are not consistent with my
predictions. The unclear or inconsistent results might be due to i) wrong prediction
development, ii) wrong variable construction and/or iii) mis-specification of models.
The possibility of model mis-specification is already mentioned above. It could be an
important theoretical issue to modify the 'intercept-inclusive' LID model that adjusts
better firm-specific properties such as accounting conservatism, future growth potential,
future profitability. Predictions and variables could also be further developed in future
research through the careful examination of models' characteristic and the information

content of various ex-ante firm-specific properties.

In addition, the estimation of firm-specific RI and OI parameters could be developed
following the idea in DHS. As mentioned above, equity valuation is ultimately for a
specific stock, so how to estimate firm-specific RI and OI parameters might be an
important issue for practitioners. Finally, it may be worth searching for earnings
measures that are more relevant to firms' performance. As I suggested in Chapter 5,
IIMR headline earnings and I/B/E/S actuals rather than the four earnings measures used
in this study might be more related to stock prices because analysts and investors

increasingly depend on these earnings definitions.
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