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Resumé

Form̊alet med denne afhandling er at undersøge præcisionsgraden af forskel-

lige metoder til at udvælge sammenlignelige selskaber til multipelværdian-

sættelser. Ud fra et teoretisk synspunkt kræver multipelværdiansættelses-

metoden, at virksomheder med identisk forventet fremtidig profitabilitet,

vækst og risiko kan identificeres. Størstedelen af den empiriske litteratur p̊a

omr̊adet har approksimeret disse fænomener ud fra branchetilhørsforhold

eller ligheder i fundamentale nøgletal s̊a som egenkapitalforrentning. Disse

studier har n̊aet til forskellige konklusioner. Denne afhandling foresl̊ar en

ny metode til at udvælge sammenlignelige selskaber. Metoden kan kat-

egoriseres som en fundamental tilgang. Den er baseret p̊a tekniske m̊al

for profitabilitet, vækst, risiko og udlodning, som oprindeligt er anvendt

af Asness, Frazzini og Pedersen (2014). Valget af udvælgelsesmetoden kan

motiveres med, at m̊alene er direkte relateret til de formodede determinan-

ter af værdiansættelsesmultipler. Vi undersøger den empiriske præcisions-

grad af udvælgelsesmetoder baseret p̊a b̊ade branchetilhørsforhold og de nye

tekniske m̊al ved at foretage multipelværdiansættelser af alle selskaber, der

konstituerer S&P 1500 aktieindekset i hvert år fra 1995 til 2014 ud fra hver

udvælgelsesmetode og under forskellige scenarier.

Vores resultater indikerer, at branchetilhørsforhold er den mest præ-

cise enkeltst̊aende udvælgelsesmetode til P/E-værdiansættelser, mens det

introducerede profitabilitetsm̊al er den mest præcise enkeltst̊aende metode

til P/B-værdiansættelser. Udvælgelse p̊a baggrund af kombinationer af

branchetilhørsforhold og hvert af de tekniske m̊al fører til mere præcise vær-

diansættelser end udvælgelse p̊a baggrund af branchetilhørsforhold alene.

Ideen om at kombinere de tekniske mål til et overordnet kvalitetsm̊al synes

kun at medføre mere præcise værdiansættelser, n̊ar der udvælges p̊a bag-

grund af det overordnede m̊al indenfor samme branche som den virksomhed,

der er genstand for værdiansættelse. Vi finder desuden, at en kombination af

branchetilhørsforhold og egenkapitalforrentning er den udvælgelsesmetode,

der fører til de mest præcise værdiansættelser iblandt de metoder, der un-

dersøges i afhandlingen. Endelig opdager vi en systematisk tidsvariation

i værdiansættelsespræcision, der synes at være uafhængig af multipel og

udvælgelsesmetode.

i





Contents

1 Introduction 1
1.1 Research Question . . . . . . . . . . . . . . . . . . . . . . . . 5
1.2 Delimitations . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

2 Theoretical framework 9
2.1 Drivers of multiples . . . . . . . . . . . . . . . . . . . . . . . . 10

2.1.1 Evidence on the drivers of multiples . . . . . . . . . . 15
2.2 Industry affiliation . . . . . . . . . . . . . . . . . . . . . . . . 17

2.2.1 What is an industry? . . . . . . . . . . . . . . . . . . . 17
2.2.2 Industry affiliation and the drivers of multiples . . . . 19

2.3 Quality characteristics . . . . . . . . . . . . . . . . . . . . . . 22
2.3.1 Remarks on payout . . . . . . . . . . . . . . . . . . . . 27

3 Literature review 29
3.1 Methodological review . . . . . . . . . . . . . . . . . . . . . . 30
3.2 Evidence in favor of industry affiliation . . . . . . . . . . . . . 32
3.3 Evidence in favor of fundamentals . . . . . . . . . . . . . . . 34
3.4 Evidence on other aspects of comparable firm selection . . . . 37

4 Data and Methodology 43
4.1 Sample Selection . . . . . . . . . . . . . . . . . . . . . . . . . 44

4.1.1 Construction of the dataset . . . . . . . . . . . . . . . 45
4.2 Identifying peers based on quality measures . . . . . . . . . . 48
4.3 Identifying peers based on industry affiliation . . . . . . . . . 50
4.4 Predicting multiples . . . . . . . . . . . . . . . . . . . . . . . 52
4.5 Evaluating errors . . . . . . . . . . . . . . . . . . . . . . . . . 54

5 Empirical results 59
5.1 Descriptive statistics . . . . . . . . . . . . . . . . . . . . . . . 59
5.2 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64

iii



iv Contents

5.2.1 Individual selection methods . . . . . . . . . . . . . . 64
5.2.2 Intra-industry selection methods . . . . . . . . . . . . 69

5.3 Robustness checks . . . . . . . . . . . . . . . . . . . . . . . . 75
5.3.1 Choice of multiples . . . . . . . . . . . . . . . . . . . . 75
5.3.2 Number of comparable firms . . . . . . . . . . . . . . 78
5.3.3 Error measure and averaging procedure . . . . . . . . 80
5.3.4 Time . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82
5.3.5 Sectors . . . . . . . . . . . . . . . . . . . . . . . . . . 87
5.3.6 Size . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89
5.3.7 Quality groupings . . . . . . . . . . . . . . . . . . . . 91

6 Discussion 93
6.1 Preliminary conclusions . . . . . . . . . . . . . . . . . . . . . 93
6.2 Relation to previous literature . . . . . . . . . . . . . . . . . . 96
6.3 Interpretations . . . . . . . . . . . . . . . . . . . . . . . . . . 99
6.4 Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . 106
6.5 Implications for practitioners and future research . . . . . . . 107

7 Conclusion 111

Bibliography 118

A Tables and Figures 119

B Algorithms 123



Chapter 1

Introduction

One of the most basic concepts in economics is that perfect substitutes

should sell for the same price. The price of a cash flow claim, such as a

stock in a company, depends on the size, timing and uncertainty of expected

future cash flows. If two stocks are identical in terms of these properties,

then investors should be indifferent to the two. Consequently, the two stocks

should sell for the same price. Observing the price of one would be sufficient

for valuing the other. This is the theoretical foundation of the multiple valu-

ation method. A valuation multiple is an expression of market value relative

to a factor that is assumed to relate to the value of the asset. If the factor is

reliable and agreed on by all market participants, then the multiple of a stock

should be identical to the multiples of stocks with identical size, timing and

uncertainty of expected future cash flows. By observing the market value

of another asset with the same aforementioned characteristics, it would be

possible to deduce the exact value of an asset. This simple theoretical idea

has real-world implementation issues. For instance, what factor should be

used to scale the price (i.e. what multiple should be used) and how should

we identify companies with observable market values that are similar to the

subject of valuation in terms of uncertainty, timing and size of expected

future cash flows? This thesis addresses the issue of identifying such “com-

1



2 Introduction

parable” firms. Identifying comparable firms is a challenging task because

aggregate investor expectations toward future profitability, growth and risk

cannot be observed directly. Methods for identifying comparable firms must

be based on observable characteristics that can be used to approximate ag-

gregate investor expectations toward future profitability, growth, and risk.

Industry affiliation is an example of an observable characteristic that

should lead to some degree of similarity in terms of profitability, growth and

risk. Firms that compete on the same product market and use the same

inputs are exposed to similar external developments in the supply of inputs

and the demand for output. This should lead to correlation in profitabil-

ity, growth and risk. However, industry boundaries are hard to define, and

industry classification systems can be rigid. Firms have several business

activities that may belong in different industries. Some firms participate in

specialized product markets where zero or few firms have observable market

values (i.e. are listed firms or have been acquired in recent transactions).

Finally, idiosyncratic differences among firms inside an industry can lead to

differences in expected profitability, growth and risk.

Other observable characteristics that can be used as approximations of

expected profitability, growth and risk include current profitability, size and

financial structure. All else equal, large firms may be perceived as more safe.

The riskiness of expected cash flows to shareholders should be an increas-

ing function of the amount of debt of the company. Currently profitable

firms should not necessarily stay profitable, but expectations about future

profitability are likely related to the current observable world. A rough

distinction can be made between industry affiliation and ‘fundamentals’ as

ways to approximate aggregate investor expectations

Several empirical studies have addressed the problem of identifying com-

parable firms for the purpose of multiple valuation. These studies have con-

ducted ‘horse races’ between different selection methods. In short, each of

these studies has valued large samples of firms using various rules for se-
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lecting comparable firms. The selection rules have been evaluated by their

ability to predict the observed market prices. The empirical results of these

studies have been ambiguous. Alford (1992) and Cheng and McNamara

(2000) find that industry affiliation is the most accurate selection method,

while Dittmann and Weiner (2005) and Bhojraj and Lee (2002) find that

fundamentals, rather than industry affiliation, lead to more accurate valua-

tion estimates. The mixed results are the starting point for this thesis.

We propose a new method of identifying comparable firms that can be

categorized as a ‘fundamentals’ way of approximating expected profitabil-

ity, growth and risk. More specifically, the idea is to select comparable firms

based on the quality measures presented in Asness, Frazzini, and Pedersen

(2014). The original context of these measures is completely unrelated to the

topic of selecting comparable firms for multiple valuation. Asness, Frazzini,

and Pedersen (2014) define a quality security as “one that has characteristics

that, all-else-equal, an investor should be willing to pay a higher price for:

stocks that are safe, profitable, growing, and well managed”. The authors

combine several measures simultaneously in order to have composite mea-

sures for these characteristics. For instance, the profitability measure for a

given stock is an average of its ranks across several profitability measures

relative to the remaining sample. The growth measure incorporates prior

five-year growth in profitability measures and the safety measure combines

market risk, credit risk and volatility in profitability. The fourth measure

in Asness, Frazzini, and Pedersen (2014) combines several payout measures

motivated by the argument that management’s agency problems are dimin-

ished if free cash flows are reduced through higher dividends. Finally, they

combine the four measures of quality characteristics into an overall measure

of quality. In the original context of Asness, Frazzini, and Pedersen (2014),

these measures are used to form portfolios exhibiting abnormal stock re-

turns that cannot be explained by existing empirical asset pricing models.

Asness, Frazzini, and Pedersen (2014) form a size neutral portfolio that
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simultaneously buys stocks with high quality and sells stocks with low qual-

ity. They argue that the return on such a portfolio should be considered

a factor, which can be used as an explanatory variable on stock returns

in general. Our intention with these variables is completely different. We

perform an empirical test of the accuracy of valuations when selecting com-

parable firms based on these quality measures. These new measures should

include additional information compared to the ‘fundamentals’ used so far

in the literature on comparable firm selection. In addition, Asness, Frazz-

ini, and Pedersen (2014) show that the quality measures are persistent over

long periods of time. This implies that the current measures of quality are

correlated with future levels of profitability, growth and risk. As such, the

motivation for using the quality measures for comparable firm selection is

that they are direct measures of the characteristics that should determine

the multiples. This thesis examines if selection of comparable firms based

on quality measures from Asness, Frazzini, and Pedersen (2014) rather than

industry affiliation leads to more accurate valuation estimates.

The problem of finding comparable firms can be placed in a broader con-

text of studies on implementation issues of applying multiples for valuation

purposes. Plenborg and Pimentel (2015) categorize these implementation

issues as follows: choice of comparable firms, choice of value drivers, the use

of reported versus forecasted earnings, measurement of averages, accounting

differences, normalization of earnings, the impact of size, illiquidity discount,

trading of majority stake and the role of market efficiency. Selection of com-

parable firms is just one among these different branches of empirical studies

on implementation issues.

The thesis will proceed as follows. In the remaining part of this chapter,

we present our research questions and delimitations. Chapter 2 is devoted

to theoretical considerations on the properties of perfectly comparable firms

in the context of valuation multiples. First, we derive the drivers of the

price-earnings and price-book multiples and review the empirical examina-
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tions of these relations. Second, we discuss industry affiliation as a method

for identifying comparable firms. We briefly discuss the definition of an

industry and how it is quantified. Then follows a theoretical discussion of

the causal relation between industry affiliation and expected future prof-

itability, growth and risk. Finally, we introduce the quality characteristics

from Asness, Frazzini, and Pedersen (2014) and discuss why they should

be interesting alternatives for selecting comparable firms. In Chapter 3,

we provide a literature review of empirical studies on comparable firm se-

lection. We give an overview of the differences in methods and results. In

Chapter 4, we present and motivate our sample selection and methodolog-

ical approach. Chapter 5 presents and analyzes the empirical results. The

chapter also contains robustness checks of our findings. In Chapter 6, we

synthesize our findings and the existing literature. We explain our findings

and discuss the practical implications as well as ideas for further research.

Chapter 7 concludes this thesis.

1.1 Research Question

This thesis tests whether the selection of comparable firms based on quality

rather than industry affiliation leads to more accurate valuation estimates.

We conduct firm valuations for a large sample of US firms at different points

in time using several methods for selecting comparable firms. We then

calculate the errors of the estimates relative to the real market price of

the securities and finally compare and determine the methods that lead to

the most accurate valuation estimates. Therefore, this thesis relies on the

axiom that observable market prices reflect true values, and that accuracy

should be defined as the ability to predict the observed market price. In this

thesis, the term quality measures should refer only to the quality measures

that are used in Asness, Frazzini, and Pedersen (2014) and described in our

methodological chapter.

In essence, the main objective of this thesis is to provide an answer to
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the following question:

• How should comparable firms be identified in order to obtain the most

accurate estimates of market value?

We immediately delimit our problem by only considering industry affiliation

and quality measures as individual ways to identify comparable firms. To

structure our answer to the research question, we test the following hypothe-

ses:

• Hypothesis 1: The selection of comparable firms based on quality mea-

sures leads to more accurate valuation estimates than selections based

on industry affiliation.

• Hypothesis 2: The selection of comparable firms based on the combina-

tion of quality measures and industry affiliation leads to more accurate

valuation estimates than selections based solely on industry affiliation.

Some studies have found that the combination of industry affiliation and

return on equity is the most efficient combined way to identify comparable

firms. Therefore, we are interested in testing whether combinations of in-

dustry and quality measures can lead to more accurate valuation estimates

than the combination of industry affiliation and return on equity. Some

studies have also considered the combination of industry affiliation and size.

This leads us to the third hypothesis:

• Hypothesis 3: The selection of comparable firms based on the combina-

tion of quality measures and industry affiliation leads to more accurate

valuation estimates than the combination of industry affiliation and re-

turn on equity and the combination of industry affiliation and size.

In the following section, we present our delimitations of the research question

and our hypotheses.
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1.2 Delimitations

There are important delimitations to our empirical analysis. We only con-

sider US data. More specifically, we only consider the firms that were con-

stituents of the S&P 1500 Super Composite index during the period 1995 to

2014. The choice of sample is motivated in our section on sample selection.

We do not intend to test other implementation issues. For example, we do

not test which multiples lead to the most accurate valuations, how large the

peer group should be or how to average across peers. Our thesis is concerned

only with the implementation issue of how to identify comparable firms. The

sole reason for our variations in other implementation choices is to perform

robustness checks of our findings. We evaluate based on two multiples, price-

earnings (P/E) and price-book (P/B). We include a robustness check using

EV/SALES, EV/EBIT and P/E with forward-earnings (earnings projected

by analysts). The motivation for this choice is explained in our methodology

chapter. The choice of these two multiples has an impact on the theoretical

part of the thesis. Regarding the theoretical framework, our focus lies on

the drivers of the P/E and P/B multiples, which are discussed in relation to

the considered selection methods. An important delimitation is that we do

not intend to change the calculation method of the quality measures from

the method used in Asness, Frazzini, and Pedersen (2014). This is primarily

motivated by the wish not to detach our measures from their findings. Mak-

ing such changes would unlink our measures from our theoretical predictions

that relate to their findings.

Ideally, an empirical analysis that presents a new method should for-

mally test this method against all existing methods. This is not possible.

For instance, we are not able to benchmark our results against the search-

engine-correlation selection method proposed by Lee, Ma, and Wang (2014)

because we do not have access to such data and technology. We do not test

our method against the warranted multiple method proposed in Bhojraj and

Lee (2002) because it has such a distinct research design compared to the
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other studies that it would be difficult to include both in this thesis. As an

individual selection method, we delimit ourselves to quality measures and

industry affiliation. This choice is inspired Lee, Ma, and Wang (2014), who

proposed their original idea of a search engine method and tested it against

industry affiliation.



Chapter 2

Theoretical framework

The purpose of the following section is to show the intersection of properties

that would justify identical multiples among a set of firms. The derived prop-

erties will provide the foundation for further discussions on how to identify

such sets of firms in an optimal way. The chapter starts with a proposition

about the properties that make two uncertain cash flow claims sell at the

same price. From this proposed relation we derive the drivers of the primary

multiples considered in this thesis. We incorporate empirical findings of pre-

vious studies into the discussion on the relation between current observable

multiples and these expected future characteristics.

In an efficient market, prices fully incorporate the expectations and in-

formation of all market participants. A capital market is said to be efficient

if it fully and correctly reflects all relevant information in determining se-

curity prices (Fama (1970)). Let Φt be the set of information available to

investors at time t, C̃t+τ be the uncertain future τ period cash flow from the

asset and (1 + r)−τ be the current equilibrium price of an uncertain unit of

cash flow delivered by the asset at future period τ . Then, the price of the

asset today (time t) is given by

Pt =
∞∑
τ=1

E
[
C̃t+τ (1 + r)−τ | Φt

]
(2.1)

9
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That is, the current price of a cash flow claim should be equal to the risk-

adjusted present value of expected future payments conditional to the infor-

mation available today. This relation clearly shows that two assets identical

in terms of timing, size and uncertainty of expected future cash flows should

have the same current price. If a set of stocks have such similar properties,

it is then sufficient to observe the price of one in order to infer the price of

the others. These theoretical assumptions form the basis for our following

derivations.

2.1 Drivers of multiples

In this section, we use the proposition above to show that the P/E and P/B

multiples, under certain assumptions, are increasing functions of growth and

profitability and decreasing functions of risk. For the sake of simplicity of

our derivations, we assume that dividends grow at a constant rate. By

assuming such a stylized version of the world, we overlook a few insights

that we will revisit after the derivations. We ease the notation so that

each symbol implicitly expresses the conditional expected value, E[·|Φt], of

that variable. Let B denote book equity, D dividends, E earnings, α the

payout ratio, g the constant growth rate in dividends, r the required return

on equity and ROE the return on equity i.e. ROE ≡ Et+1/Bt . Note that

reinvested capital should provide a base for higher earnings in the future (i.e.

earnings in a distant future should depend on reinvestment rate, 1-α, in a less

distant future)1. Moving into a simplified constant growth model, we need

to make assumptions about the relation between dividends and growth that

accounts for this interaction. Assume that constant growth is the product

of the retention rate and the return on equity2 i.e. g = (1−α)ROE. Under

constant growth, an infinite series of constant growing dividends can be

1There is empirical evidence that growth opportunities are correlated with a lower
dividend distribution (Fama and French (2001)).

2This relation can be found in standard finance textbooks. It is also used by Plenborg
and Pimentel (2015), in the context of deriving the drivers of multiples.
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rewritten as follows

Pt =
∞∑
τ=1

Dt (1 + g)τ (1 + r)−τ =
Dt+1

r − g
(2.2)

Replace dividends with the product of payout ratio and earnings, and replace

earnings with the product of ROE and book equity,

Pt =
Dt+1

r − g
=
αEt+1

r − g
=
α(BtROE)

r − g
(2.3)

Replace the payout-ratio, α, with the expression for α in the assumed rela-

tion to growth,

Pt =

(
1− g

ROE

)
(BtROE)

r − g
= Bt

ROE − g
r − g

(2.4)

We obtain expressions for the P/E and P/B multiples by dividing by book

equity and earnings, respectively

P/B =
ROE − g
r − g

(2.5)

P/E =
1

ROE

ROE − g
r − g

(2.6)

Assume the following logical restrictions of the model: Earnings and book

equity cannot be negative (thus breaking the logical relation of the multiple).

Growth cannot exceed either ROE or the required return on equity (this

would make the multiple negative and break the logical relation). ROE is

strictly positive, because both earnings and book equity are restricted to be

positive. Due to the constant growth model, all variables are fixed in an

infinite horizon. In these derivations, they should be interpreted in accor-

dance with this assumption, that is, as expressions of expected long-term

future values.

From the restrictions and the expressions of the multiples, we can for-
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mally show how the multiples depend on g, r, and ROE. Take the derivative

of both multiples with respect to g

∂(P/B)

∂g
=
ROE − r
(r − g)2

> 0 if ROE > r (2.7)

∂(P/E)

∂g
=

1

ROE

ROE − r
(r − g)2

> 0 if ROE > r (2.8)

Now, we see that the partial derivatives can only be positive if ROE exceeds

r. Hence, both multiples should depend positively on growth if and only if

ROE exceeds the required return on equity (otherwise negatively). It is

easily seen that ∂(P/B)
∂g = ROE ∂(P/E)

∂g , implying that ∂(P/E)
∂g > ∂(P/B)

∂g if

ROE < 100%. Since we should not expect to see any firms with a constant

infinite horizon return on equity above 100%, it is fair to conclude that the

price to earnings multiple should be more sensitive3 to growth than the price

to book multiple.

Next, we show the proposed relation to risk. Take the derivative of both

multiples w.r.t the required return on equity, r,

∂(P/B)

∂r
=
g −ROE
(r − g)2

< 0 (2.9)

∂(P/E)

∂r
=

1

ROE

g −ROE
(r − g)2

< 0 (2.10)

which, due to the restriction, g < ROE, is always negative. The result

implies that both multiples always depend negatively on risk. When com-

paring the two partial derivatives, it is easily seen that an increase in risk

leads to a decrease in the price-earnings multiple that is always larger than

the decrease in the price-book multiple (assuming infinite horizon ROE can-

not be above 100%).

Finally, we can show the dependence of profitability. Take the derivative

3In the sense that a unit change in g leads to a larger absolute change in P/E than in
P/B.
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w.r.t. ROE,
∂(P/B)

∂ROE
=

1

r − g
> 0 (2.11)

∂(P/E)

∂ROE
=

g

ROE2

1

r − g
> 0 (2.12)

Now, note that the restrictions imply that ROE is positive and g cannot

exceed r. If we assume that the payout ratio cannot exceed 100%, then

g = (1 − α)ROE dictates that growth cannot be negative. Under this as-

sumption, both partial derivatives are positive and both multiples should

be increasing functions of ROE. The price-earnings multiple should be a

concave function of ROE, ∂2(P/E)
∂ROE2 = −2g

ROE3(r−g) < 0 , implying that the

price-earnings multiple should be sensitive to ROE when ROE is low and

insensitive to ROE when ROE is already high.

As we have argued, these assumptions might depict a version of the world

that is too stylized, but it should be sufficient for our purpose of showing a

basic intuition in the relation between the variables and the multiples. The

above derivations can be summarized in the following comparative statics:

Both multiples should be increasing functions of growth, if return on eq-

uity exceeds the required return on equity (otherwise decreasing). Both

multiples should be decreasing functions of risk and increasing functions of

profitability. The price-earnings multiple should be more sensitive to growth

and risk. The price-book multiple should be more sensitive to profitability

except when profitability is very low relative to growth.

As mentioned, some theoretical insights are overlooked in a constant

growth model. Fairfield (1994) and Penman (1996) derive expressions for

P/E and P/B that do not assume constant growth. Instead, these models

are based on assumptions of a future period T liquidation-dividend and the

clean surplus relation4. The evolution of abnormal earnings (earnings in

excess of risk adjusted required return on book value, x̃t ≡ Ẽt − rBt−1) is

4End-of-period book value equals beginning-of-period book value plus earnings minus
net dividends.
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assumed to follow a stochastic process. The additional insights from this

setup5 are that the cum-dividend-P/E multiple equals the capitalization

factor plus the capitalized present value of expected growth in abnormal

earnings,

Pt +Dt

Et
=

1 + r

r

(
1 +

T∑
τ=1

E [x̃t+τ − x̃t+τ−1]

Et
(1 + r)−τ

)
(2.13)

Therefore, a high P/E should express expected growth in abnormal earn-

ings. The empirical implication is that price-earnings ratios should correlate

with future abnormal returns rather than realized profitability and growth.

Similarly, the cum-dividend-P/B multiple can be described as a function of

current return on equity and the capitalized value of expected changes in

abnormal earnings over current book value

Pt +Dt

Bt
=

1 + r

r

(
Et
Bt

+
T∑
τ=1

E [x̃t+τ − x̃t+τ−1]

Bt
(1 + r)−τ

)
(2.14)

The price-book multiple should depend on expected abnormal profitability

as well as current profitability. The model predicts that we should expect to

see some correlation between observable price-to-book multiples and current

profitability as well as future expected profitability.

In the following subsection, we discuss some of the empirical results on

the drivers of the multiples. Before moving on, it is necessary to comment

on the drivers of enterprise multiples. Enterprise multiples are outside the

theoretical scope of this thesis. However, since they are included in our

robustness checks, it should be worthwhile for the reader to note that both

EV/EBIT and EV/SALES depend on return on invested capital, the ex-

pected growth in free cash flows to the firm, the weighted average cost of

capital and the tax rate. The EV/SALES multiple is also dependent on the

depreciation rate and the EBITDA-margin. A derivation of the drivers of

5This is model (6) and (7) from Fairfield (1994) adjusted to our notation.
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these multiples can be found in Plenborg and Pimentel (2015).

2.1.1 Evidence on the drivers of multiples

Aggregate investor expectations towards growth and risk cannot be observed

directly. Studies have measured growth as either current growth (i.e. real-

ized growth at the time of the recorded multiples), ex post realized growth

or implicit expected growth from analysts’ earnings forecasts.

Empirical studies have examined the relation between multiples and prof-

itability, growth and risk. Beaver and Morse (1978), Fairfield (1994) and

Hansen, Mouritsen, and Plenborg (2003) find a negative relation between

P/E and prior one-year historical earnings growth. This might not be con-

tradictory to the results in the previous section, if realized growth does not

reflect expected future growth. Beaver and Morse (1978), Fairfield (1994)

and Hansen, Mouritsen, and Plenborg (2003) have also examined the rela-

tion between multiples and ex post growth rates. Beaver and Morse (1978)

find a positive relation to P/E that wears off and become insignificant after

two years. Fairfield (1994) finds that firms with high P/E multiples tend

to experience significantly higher growth in earnings during the first years.

However, after five years the difference in earnings growth between initial

high P/E and low P/E groups is only 2 percentage points. Penman (1996)

and Hansen, Mouritsen, and Plenborg (2003) also document that return on

equity tends to mean-revert when firms are grouped on the basis of P/E.

Harris and Marston (1994) measure growth as the mean of financial ana-

lysts’ forecasts of long-term (five-year) growth in earnings per share. They

find that growth plays a more significant role in explaining P/B than risk,

measured by beta.

Fairfield (1994) finds that P/B ratios correlate positively with current

ROE: When grouping firms based on P/B, she finds only modest mean re-

version, suggesting that future return on equity correlates with current P/B

as predicted by her model. Her findings are confirmed by Hansen, Mourit-
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sen, and Plenborg (2003).

The connection between risk and multiples has been examined by Beaver

and Morse (1978) and Harris and Marston (1994). Beaver and Morse (1978)

find that risk, measured in terms of market beta, has low explanatory power

of the observed persistence in price-earnings ratios. Harris and Marston

(1994) show that, when controlling for growth, beta shows a significant neg-

ative relation to P/B.

Summary of the drivers of multiples

In this section, we have showed the intersections of properties that would

justify identical multiples among a set of firms. Ideally, these firms would

be identical in terms of size, timing and uncertainty of expected future cash

flows to investors, and thus be trading at the same price. We showed that,

under certain assumptions, firms that are identical in terms of expected

future profitability, growth and risk, should be valued at the same price-

earnings and price-book multiples. Further, firms that are similar in terms

of risk and expected growth in abnormal earnings, should be appropriate as

comparable firms when using the price-earnings multiples, while firms that

are similar in terms of current profitability and expected abnormal prof-

itability should be appropriate as peers when using the price-book multiple.

These results form the basis for our further theoretical discussions.

In the following sections, we discuss how firms with such properties can

be identified. The theoretical discussions will be limited to two potential

ways of identifying comparable firms, that is, industry affiliation and simi-

larity in quality characteristics as measured in Asness, Frazzini, and Peder-

sen (2014). The rest of the chapter is structured as follows: Section 2.2 is

devoted to industry affiliation as a way of identifying firms with similar prof-

itability, growth and risk. We briefly discuss the definition of an industry

and how it is quantified. Then follows a theoretical discussion of the rela-

tion between industry affiliation and the drivers of multiples. In Section
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2.3, we discuss why the quality measures from Asness, Frazzini, and Ped-

ersen (2014) should be interesting candidates for selecting comparable firms.

2.2 Industry affiliation

Industry affiliation is a common way to identify peers for valuation purposes

in practice. Industry affiliation is often used as the way to select comparable

firms in empirical studies on implementation issues of valuation multiples,

and industry affiliation is usually considered a candidate in the branch of

empirical literature in relation to the selection of comparable firms. The

general valuation literature acknowledges that industry affiliation does not

necessarily imply similarity in terms of profitability, growth and risk, but it

contains few theoretical arguments on the causal relation between industry

affiliation and these properties. For instance, Damodaran (2006) notes that

A comparable firm is one with cash flows, growth potential, and

risk similar to the firm being valued. It would be ideal if you

could value a firm by looking at how an exactly identical firm -

in terms of risk, growth and cash flows - is priced. Nowhere in

this definition is there a component that relates to the industry

or sector to which a firm belongs. Thus, a telecommunications

firm can be compared to a software firm, if the two are identical

in terms of cash flows, growth and risk.

However, he does not pursue the discussion further. In this section, we pro-

vide a short theoretical discussion of the proposition that industry affiliation

should lead to similarity in terms of profitability, growth and risk.

2.2.1 What is an industry?

Ideally, we could think of an industry as a group of firms whose products

are close substitutes for one another (i.e. the products have high and pos-
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itive cross-elasticities of demand). Nevertheless, such a definition does not

account for the level of cross-elasticities of demand required to determine

industry boundaries. In fact, it would leave us faced with the problem of

defining market6 boundaries (Nightingale (1978)). Tirole (1988) argues that

such tasks should be left to empiricists: A posit that two goods belong to

the same market if and only if they are perfect substitutes leads to the

conclusion that virtually all markets would be served by a single firm (i.e.

each product have its own monopolized market). On the contrary, firms

produce goods that are at least slightly differentiated either physically or

in terms of price, location, availability, consumer information or some other

factor. A change in one of these factors leads consumers to substitute to

a number of alternative goods. This leads to the notion that any good is

potentially a substitute for another good – at least in an infinitesimal way.

From an empirical perspective, boundaries of industries can be determined

based on approximate similarity of output or by similarity of major input.

Empirical categorization of industries is being carried out by supranational

organizations, governments and private providers of statistical data7. Such

taxonomies are referred to as industry classification systems. These systems

typically consist of a hierarchy of classification levels. All firms are assigned

to an industry in the most detailed level based on certain criteria. Some

industry classification systems define categories based on production and

technology while others define categories based on output. In this thesis,

the industry classification system used to determine industry affiliation is

the Global Industry Classification Standard (hereafter GICS). Empirical re-

6See Nightingale (1978) for a discussion on the issue of defining the terms ‘industry’
and ‘market’.

7Important industry classification systems include International Standard Industrial
Classification of All Economic Activities (ISIC) issued by United Nations, Standard In-
dustrial Classification (SIC) issued by the United States Government, North American
Industry Classification System (NAICS) issued by United States, Canada, and Mexico,
Statistical Classification of Economic Activities in the European Community (NACE) is-
sued by the European Union, and the Global Industry Classification Standard (GICS)
issued by Standard & Poor’s Morgan Stanley Capital International.
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Figure 2.1: Example of a classification system, GICS

sults suggest that selecting comparable firms based on GICS leads to lower

valuation errors compared to other classification systems (Bhojraj, Lee, and

Oler (2003)).

In the following, we use GICS as an example to describe how industry

classification systems work in general. GICS is a four-tiered, hierarchical

industry classification system. The four tiers are Sector, Industry Group,

Industry and Sub-industry. Every company is assigned an 8-digit GICS

code. The full 8 digits indicate the Sub-industry, which is the most detailed

industry classification level in GICS. All Sub-industries belong to an Indus-

try; all Industries belong to an Industry Group and so forth. Therefore, all

firms belong to an ‘industry’ at each of the four levels. Each company is as-

signed to a category according to its principal business activity. GICS uses

revenues as a key factor in determining a firm’s principal business activity,

and companies are classified both quantitatively and qualitatively (MSCI

(2015)).

2.2.2 Industry affiliation and the drivers of multiples

Before discussing whether industry affiliation should lead to similarities in

profitability, growth and risk, we should start by distinguishing between the

cases where industry classification systems lead to categorization of firms

with positive cross-elasticities of demand, similar assets, inputs etc. and
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those cases where they do not. In the following discussion, we only consider

the cases where industry classification leads to a certain degree of such basic

similarities. In the end of this subsection, we revisit the circumstances where

industry classification does not lead to the basic economic similarities.

Under the assumption that firms classified in the same industry are uti-

lizing similar technology, use identical inputs and are in the same prod-

uct market, theoretical arguments can be made as to why they, all things

equal, should converge in profitability, growth and risk. A possible source of

industry-specific similarities in profitability is industry entry barriers (e.g.

economies of scale, economies of scope, technology, product differentiation,

capital requirements, cost disadvantages independent of size, access to distri-

bution channels and government policy). Entry barriers make entering the

market more difficult for other firms, which, in turn, can lead to market con-

centration. The conventional wisdom in the industrial economics literature

is that high market concentration leads to higher prices and profits. Collins

and Preston (1966) and Weiss (1974) find significant positive effects of mar-

ket concentration on profitability. However, it should be noted that some

studies have found no relation between market concentration and profitabil-

ity, for instance Holtermann (1978), Khalilzadeh-Shirazi (1974) and Clarke

(1989).

Industry affiliation may also lead to similarities in terms of external risk

factors. Joseph (2013) distinguishes between three types of industry risks:

risk emanating from the external environment, industry specific risks, and

risk emanating from industry drivers. The first being the type of industry

risk that originates from the changes taking place in the overall exterior sys-

tem, such as government decisions or changes in consumer preferences and

technology. The second type of risk is industry-specific, such as price wars.

The third is due to changes in demand for the end product (for instance,

E&P companies, refineries and tanker shipping companies are all affected

by the price of oil). In addition, similarities in risk occur if firms are selling
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the same product and therefore are competing on the same product mar-

ket. Consider two such firms. These firms face the same risk of a negative

demand shock and chance of a positive demand shock. This should cause

correlating revenues when demand shocks occur, leading to some degree of

similarity of the probability distribution of uncertain future cash flows. The

same argument can be made about firms using the same inputs. These firms

face the same risk of negative supply shock and chance of positive supply

shock. Again, we would expect an industry-specific correlation of costs when

the supply shocks take place. This, in turn, would lead to some degree of

similarity in the nature of their uncertain future cash flows. The types of

risks that firms are facing are also naturally linked to the degree of labor or

capital intensity necessary to produce an output. Very labor-intensive in-

dustries are particularly exposed to salary expenses while capital-intensive

industries are more exposed to interest rate levels, which leads to similar-

ities in key risk exposure. Furthermore, the current stage of the industry

life cycle is another import factor that calls for similarities in profitability,

growth and risk. For instance, an industry in a mature stage is normally

characterized by being substantially more profitable and less risky than an

industry where demand is declining.

In the following paragraph, we discuss some reasons for intra-industry

differences in expected profitability, growth and risk. We only consider

the most systematic influences, since a full discussion of such differences

would contain sporadic and perfunctory arguments. One source of system-

atic intra-industry differences is size. Large firms with more projects can di-

versify among projects (cross-pledge). This should all else equal make them

safer. They might have more analyst coverage, better access to capital mar-

kets and should be more liquid. Another source of potential differences in

risk is financial policies. Risk of equity increases with leverage. There can

be differences in debt maturities, interest rates, currencies of outstanding

loans, hedging policies, covenants etc. However, it should be noted that Ho-
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vakimian, Opler, and Titman (2001) find that firms adjust their debt ratios

towards industry median debt ratios. MacKay and Phillips (2005) provide

an analysis of industry effects on leverage and show that there is significantly

more variation in leverage within industries than across industries.

When firms in the same official ‘industry’ (i.e. industry classification

category) are not participating on the same product market, it presents a

theoretical challenge as to the method for selecting comparable firms based

on industry affiliation. It is not hard to find a number of articles that criticize

the industry classification systems and the problems arising when they are

used as input data (Andrews and Abbott (1988), Kahle and Walking (1996),

Jacobs and O’Neill (2003), Clarke (1989), Ackerman and Morris (1993) and

McKie (2004)). This criticism is an indication that the official ‘industries’

are too broad to be used to capture economic behavior. Most firms have

more than one product. The market for each of these products may differ in

terms of expected profitability, growth and risk. The products may belong

to different official ‘industries’ or a single broad ‘industry’ that includes sev-

eral types of products with wide differences in profitability, growth and risk.

Some firms produce very specialized products and may have only a few com-

petitors. Some of these competitors may not have observable market prices,

which disqualifies them as potential comparable firms for multiple valuation

purposes. Others may have idiosyncratic differences that lead to difference

in expected profitability, growth and risk. This presents a challenge to the

practical implementation of the approach.

2.3 Quality characteristics

This section is devoted to the discussion of the quality characteristics of As-

ness, Frazzini, and Pedersen (2014) as a method for identifying comparable

firms. It should be emphasized that the original context of these charac-

teristics is completely unrelated to the topic of selecting comparable firms

and valuation-multiples. Therefore, we begin this section with a brief sum-
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mary of some of the empirical findings related to the quality measures in

their original context. Then follows a theoretical discussion of the hypoth-

esis that these quality measures could be an effective way to identify firms

that are similar in terms of expected profitability, growth and risk. Asness,

Frazzini, and Pedersen (2014) define a quality security as,

One that has characteristics that, all-else-equal, an investor should

be willing to pay a higher price for: stocks that are safe, prof-

itable, growing, and well managed.

For each of these quality characteristics, the authors consider several mea-

sures simultaneously in order to have robust composite measures8 that are

not driven by a specific measurement choice. Profitability is measured as

a combination of gross profit, earnings, and cash flows relative to assets,

earnings relative to book equity, and margins and accruals. The composite

measure of profitability for a given stock is the average of its rank across

these metrics relative to the remaining sample. Growth is measured as

the prior five-year growth in each of the profitability measures, also aver-

aged across ranks. All else equal, investors should pay a higher price for a

stock with a lower required return. To obtain a robust measure of safety,

Asness, Frazzini, and Pedersen (2014) consider a measure that combines

market beta, idiosyncratic volatility, leverage, credit risk, and volatility of

earnings. Payout is motivated by earlier literature where the argument is

that management’s agency problems are diminished if free cash flows are

reduced through wealth distributions to investors. Payout is quantified as a

composite measure of the total five-year payout ratio and the one-year net

issuance of debt and equity. Finally, Asness, Frazzini, and Pedersen (2014)

combine the four measures of quality characteristics into an overall measure

of quality.

The measures of quality are related to a large literature on return-based

8For details on the methods behind the construction of the quality measures, see our
section on quality in the methodology chapter.
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anomalies. For instance, Novy-Marx (2013) documents that stocks with high

profitability outperform firms with lower profitability. Low beta firms on av-

erage have a higher alpha (Frazzini and Pedersen (2014)), firms with high

credit-risk tend to underperform (Campbell, Hilscher, and Szilagyi (2008)),

and growing firms outperform firms with poor growth (Mohanram (2004)).

These different and disconnected anomalies are unified in the overall quality

measure. Asness, Frazzini, and Pedersen (2014) show that portfolios sorted

by quality experience very significant abnormal stock returns, which cannot

be explained by a 4-factor asset pricing model that contains the three factors

from Fama and French (1993) and the momentum factor from Jegadeesh and

Titman (1993) and Carhart (1997). Asness, Frazzini, and Pedersen (2014)

construct a return factor based on the overall quality measure. The return

factor is the return on a combined portfolio that first assigns all stocks to

two size-sorted portfolios based on market capitalization and then buys the

stocks with high quality and shorts the stocks with low quality within each

of the two size portfolios. This factor has very significant abnormal returns

that cannot be explained by existing factors in the literature of empirical

asset pricing. They conclude that the returns to quality must be either an

anomaly or the results of a still-to-be-identified risk factor.

Another important aspect of the quality measure is that controlling for

quality resurrects the otherwise moribund size effect. The size effect, first

documented by Banz (1981), is the observation that the return on small

stocks on average has outperformed that of large stocks (size in terms of

market capitalization). In more recent literature, the size effect has been

challenged. It has a weak historical record, it varies significantly over time, in

particular weakening after its discovery in the early 1980s, it is concentrated

among microcap stocks, predominantly resides in January, is not present for

measures of size that do not rely on market prices, is weak internationally,

and is subsumed by proxies for illiquidity. A recent follow-up study by

Asness, Frazzini, Israel, Moskowitz, and Pedersen (2015) shows that these
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challenges to the size effect dismantle when controlling for quality. When

controlled for quality, the size premium is stable over time, robust to the

specification, more consistent across seasons and markets, not concentrated

in microcaps, robust to non-price based measures of size and not captured

by an illiquidity premium.

This thesis proposes the idea of selecting comparable firms based on

these quality measures. The obvious motivation for this idea is that these

measures are directly related to profitability, growth and risk, which, as

we have argued, should be the drivers behind the P/E and P/B multiples.

Measures of current profitability, realized growth and proxies on risk have

been used as ways to select comparable firms in previous studies. As we will

discuss in the literature review, there have been mixed results. Some stud-

ies conclude that industry affiliation is better than fundamentals and vice

versa. We speculate that the new measures of profitability, growth, safety

and payout as well as overall quality are efficient ways to identify peers for

a number of reasons.

First, these measures of current quality might be estimators of future

quality measures. When sorting stocks into ten portfolios based on quality

measures and evaluating the ex post five- and ten-year subsequent average

quality measures of each portfolio, Asness, Frazzini, and Pedersen (2014)

show that each of the quality measures are persistent over long periods of

time. The persistency is highly significant for all four quality characteristics

as well as the overall quality measure, and the finding is robust across several

samples. This result is of particular interest in relation to our hypotheses.

We have argued that the multiples should depend on expected future prof-

itability, growth and risk. If these measures can be used as estimators of

such properties, then they should be considered candidates for a method

of selecting comparable firms for relative valuation. Second, if these stocks

are exposed to a common unobservable risk factor, as suggested by Asness,

Frazzini, and Pedersen (2014), then we might expect that commonality in
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risk to, all else equal, translate into the multiples.

The idea of using quality as a method to identify peers is also motivated

by results in previous empirical studies on comparable firm selection that

will be discussed in further detail in the following chapter. Nel, Bruwer, and

le Roux (2014) find that selecting peers based on combinations of surrogate

measures of profitability, growth and risk incrementally improves valuation

accuracy compared to selecting peers based on single measures. The over-

all quality measure simultaneously considers such factors. In addition, a

measure of realized profitability has proven successful in identifying peers in

Dittmann and Weiner (2005). The profitability measure in Asness, Frazz-

ini, and Pedersen (2014) incorporates additional information about earnings

quality, cash flows and operational performance. We therefore speculate

that the measure is superior to a single profitability measure. Risk has

been implicitly approximated by size (tangible assets) in previous studies

on comparable firm selection Alford (1992), Cheng and McNamara (2000)

and Dittmann and Weiner (2005). The safety measure in Asness, Frazzini,

and Pedersen (2014) is much more complex and incorporates direct measures

of volatility in fundamental profitability, market risk as well as credit risk.

If a combination of these variables is a good approximation of the capital

markets collective perception of the risks for a specific firm, then we should

expect the safety measure to contain additional price-relevant information.

In summary, Asness, Frazzini, and Pedersen (2014) tries to measure char-

acteristics for which, all else equal, an investor should be willing to pay a

higher price: stocks that are safe, profitable, growing, and well managed.

We expect these quality measures to be correlated with the drivers of mul-

tiples derived in Section 2.1. Therefore, the quality measures appear to be

promising alternative methods for selecting comparable firms, which should

be subject to empirical tests.
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2.3.1 Remarks on payout

Some aspects of the quality measures may not translate well into compara-

ble firm selection for multiple valuation. We are especially concerned with

the payout measure. The purpose of Asness, Frazzini, and Pedersen (2014)

is to explore the implications of quality in an empirical asset-pricing con-

text (i.e. the relation between quality and stock returns). Our intention is

to explore the relation to valuation multiples. Payout might be positively

related to abnormal returns as suggested by the results of Asness, Frazzini,

and Pedersen (2014), but we can make several mixed theoretical predictions

about the relation to valuation multiples. The first obvious relation be-

tween payout and multiples is the ex-dividend date effect. According to the

payout irrelevance theorem of Miller and Modigliani (1961), the price of a

stock should drop by exactly the dividend on the ex-dividend date. When

the price drops and the accounting statics are unchanged, the multiple de-

creases. Everything else equal, this suggests a negative relation between

payout and multiples. Easterbrook (1984) and Jensen (1986) have argued

that it is optimal to require cash-rich firms to pay out income on a reg-

ular basis, thereby forcing them to return earnings to the capital market.

The payment takes the form of a dividend in Easterbrook (1984) and of a

short-term debt obligation in Jensen (1986). Cash-rich firms in this context

can be defined as firms with cash inflows exceeding their efficient reinvest-

ment needs or opportunities. Such firms have excess liquidity that must be

distributed to investors to avoid wasteful projects, unwarranted diversifica-

tions, perks and so forth. If the capital market perceives high payout firms

as more valuable then, ceteris paribus, this supports an incremental positive

relation. The firm’s stock price substantially increases (decreases) upon the

announcement of an increase (decrease) of dividends (Asquith and Mullins

(1983)). This suggests that dividends convey information held by the firm’s

insiders, but not by the stock market. Bernheim and Wantz (1995) provide

evidence that dividends are often motivated by signaling concerns rather
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than a disposal of free cash flows. If payout is a mechanism for signaling

that the firm is undervalued, then we should expect a separating equilib-

rium where high dividend firms are worth more. This theory leads to an, all

else equal, positive relation to the multiples in question. Fama and French

(2001) have documented a correlation between lower dividend distribution

and growth opportunities. Intuitively, firms with low earnings and high

growth opportunities should distribute less than those with high earnings

and low growth opportunities, because they need cash to invest and exercise

the growth options. This suggests that payout should be negatively related

to multiples: If these growth opportunities are perceived as valuable by the

capital market, then these ‘low earnings and no-dividend paying firms trade

at very high multiples. The point of these remarks is to accentuate the pos-

sibility of a mixed or maybe even inverse relation between the multiples and

payout. As a consequence, the payout component of the quality measures

of Asness, Frazzini, and Pedersen (2014) might not translate directly into

the context of valuation multiples.
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Literature review

In this chapter, we present the empirical results of the previous studies on

comparable firm selection. Some of these studies conclude that selection

based on industry affiliation leads more accurate valuations (Alford (1992),

Cheng and McNamara (2000)), while other studies conclude that selections

based on similarities in fundamentals lead to more accurate valuation esti-

mates than selection based on industry affiliation (Bhojraj and Lee (2002)

and Dittmann and Weiner (2005)). One study examines different industry

classification systems (Bhojraj, Lee, and Oler (2003)). Another study ex-

amines combinations of fundamentals in an emerging markets context (Nel,

Bruwer, and le Roux (2014)). Finally, Lee, Ma, and Wang (2014) considers

a selection method based on correlation in internet searches. This branch of

literature can be placed in a broader context of studies on implementation

issues of applying multiples for valuation purposes, which we have mentioned

in the introduction. A tabulated summary of the empirical results of the

studies on comparable firm selection can be found at the end of this chapter.

29
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3.1 Methodological review

Before describing the core empirical results of the studies in this branch of

the literature, we provide a brief summary and discussion on some of the dif-

ferences and similarities in the research designs. Studies that perform horse

races between different implementation methods tend to rely on the axiom

that the most accurate method is the one that leads to predictions close

to the observed market price or is able to explain the largest proportion of

the cross-sectional variance in the observed multiples. In a typical research

design, the study estimates a multiple for each firm under each of the con-

sidered selection rules1 and then either calculates and compares the exact

valuation errors or uses the predicted multiples as the independent variable

in a regression with the actual multiples as dependent variable. Under the

first setup, the valuation errors are typically measured as

Percentage error =
π − P
P

(3.1)

Logarithmic error = ln
π

P
(3.2)

where π is the predicted and P is the observable market price. Percent-

age errors are used in several studies on implementation issues, including

Alford (1992), Cheng and McNamara (2000), Lie and Lie (2002) and Her-

rmann and Richter (2003), Dittmann and Weiner (2005), Liu, Nissim, and

Thomas (2006), Yoo (2006), Schreiner and Spremann (2007), Cooper and

Cordeiro (2008). Log-errors are used by Dittmann and Maug (2008), Gilson,

Hotchkiss, and Ruback (2000), Herrmann and Richter (2003), Kaplan and

Ruback (1995), Kim and Ritter (1999) and Lie and Lie (2002). Studies that

use the valuation-error-setup (percentage/log-errors) determine accuracy by

evaluating differences in central tendency (mean and median) and robust

1This research design is also used in several studies that perform horse races between
other implementation issues, for instance studies that try to examine how to average
multiples across the comparable firms. In these studies, researchers vary the variable of
interest, just like we vary the selection method.
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dispersion (interquartile range and various percentile levels) of the absolute

valuation errors (i.e. | ε |). The regression setup is used in Kim and Ritter

(1999), Beatty, Riffe, and Thompson (1999), Herrmann and Richter (2003),

Bhojraj and Lee (2002), Bhojraj, Lee, and Oler (2003) and Lee, Ma, and

Wang (2014).

In the regression setup, the set of predicted multiples for each selection

method is regressed on the actual multiples. Accuracy is measured as the

model’s ability to explain cross-sectional variance in the actual multiples. It

is easy to see that the relationship between percentage errors and log errors

is: percentage-error = elog-error − 1 . An interpretation of the relation-

ship between percentage errors and the regression approach can easily be

derived. Consider a case where there has been no transformation of neither

the dependent nor independent variable and the regression constant is fixed

to zero. The observable multiples (e.g. P/E) are being explained by the

predicted multiples (π/E) and the model is

P

E
= β

π

E
+ ε

Isolate the residual

ε = −βπ − P
E

Now, compare this measure to the percentage error π−P
P . A difference be-

tween the two measures is that the predicted price is subject to a propor-

tional shift of β and that the ‘dollar-error’(π − p) is not scaled by price,

but rather the denominator in the multiple, in this example earnings per

share (obviously, squaring errors and transformations etc. distorts this sim-

ple interpretation). We should expect differences in methodologies to partly

explain some of the differences in the empirical findings. The branch of lit-

erature on comparable firm selection use either absolute percentage errors

(Alford (1992), Cheng and McNamara (2000), Dittmann and Weiner (2005),

Nel, Bruwer, and le Roux (2014)) or the regression setup (Bhojraj and Lee
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(2002), Bhojraj, Lee, and Oler (2003) and Lee, Ma, and Wang (2014)).

Another methodological difference between the studies is the valuation

multiples used to evaluate the selection methods. P/E is used by Alford

(1992), Cheng and McNamara (2000), Bhojraj, Lee, and Oler (2003) and

Lee, Ma, and Wang (2014). P/B is used by Cheng and McNamara (2000),

Bhojraj and Lee (2002), Bhojraj, Lee, and Oler (2003) and Lee, Ma, and

Wang (2014). EV/SALES is used by Bhojraj and Lee (2002), Bhojraj, Lee,

and Oler (2003) and Lee, Ma, and Wang (2014). EV/EBIT is used by

Dittmann and Weiner (2005).

Finally, sample selection is a methodological aspect that might affect

the empirical findings. Some studies use large samples of US firms (Alford

(1992), Cheng and McNamara (2000) and Bhojraj and Lee (2002)). Others

use a limited sample of US firms containing S&P 1500 firms Bhojraj, Lee,

and Oler (2003) and Lee, Ma and Wang (2014)). Dittmann and Weiner

(2005) use a sample that contains US and European firms and Nel, Bruwer,

and le Roux (2014) use a sample of South African firms.

3.2 Evidence in favor of industry affiliation

In this section, we present the empirical findings, which suggest that indus-

try affiliation rather than valuation fundamentals is a more accurate way

of selecting comparable firms for valuation using multiples. These studies

(Alford (1992) and Cheng and McNamara (2000)) consider several methods

of identifying peers. The methods include industry affiliation (measured by

SIC-code), size measured by tangible assets (TA), return on equity (ROE),

all sample firms (benchmark), and combinations of industry affiliation and

tangible assets, industry affiliation and return on equity, and return on eq-

uity and tangible assets.

Alford’s sample consists of firms from NYSE, ASE and OTC. He per-

forms a cross-sectional analysis in 1978, 1982 and 1986, respectively. Cheng

and McNamara’s sample consists of all US firms, for which data is available
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in the 1992 Industrial COMPUSTAT database. They evaluate on the basis

of the period 1973 to 1992.

Alford (1992) and Cheng and McNamara (2000) find that industry af-

filiation is the most accurate individual selection method when evaluating

based on P/E. They both find that a combination of ROE and industry af-

filiation is slightly more accurate than industry affiliation alone. This result,

however, is only statistically significant in Cheng and McNamara (2000). Al-

ford explains the lack of significance in his findings with the interpretation

that industry affiliation and ROE capture much of the same earnings-related

information. Both Alford (1992) and Cheng and McNamara (2000) find that

ROE is significantly better than selections made based on similarities in size

(tangible assets). Both Alford (1992) and Cheng and McNamara (2000) find

that a combination of industry affiliation and size (tangible assets) is slightly

better than industry affiliation alone. However, only Cheng and McNamara

(2000) find that the increase in accuracy is statistically significant.

Cheng and McNamara (2000) examine accuracy when applying the P/B

multiple. Under these circumstances, ROE seems to be a marginally bet-

ter individual selection method than industry affiliation, but the difference

is not statistically significant. Consistent with the P/E results, Cheng and

McNamara (2000) find that the combination of industry affiliation and ROE

is the most accurate selection method. Cheng and McNamara (2000) also

examine accuracy using a valuation scheme where the price is estimated as

the average of the price-estimates from the P/E and P/B valuations (here-

after the P/E-P/B approach)2. Here, industry affiliation yields the lowest

valuation errors compared to all the other selection methods including com-

binations of industry affiliation and fundamentals. While the combination

of industry affiliation and ROE leads to a higher accuracy when evaluated

by the P/E or P/B, the combination of ROE and industry affiliation is not

2Cheng and McNamara (2000) note that P/B valuation errors are higher than P/E
valuation errors, and that the P/E-P/B valuation scheme yields the most accurate results
for all methods of comparable selection. As a result, the authors posit that both P/E and
P/B contribute with additional price-related information.
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advantageous under the P/E-P/B approach.

In summary, both studies find that industry affiliation is the best indi-

vidual selection method.

3.3 Evidence in favor of fundamentals

Two studies, Bhojraj and Lee (2002) and Dittmann and Weiner (2005), find

that comparable firms selection on the basis of fundamentals rather than in-

dustry affiliation leads to to a higher valuation accuracy. These two studies

use very different research designs. Dittmann and Weiner (2005) examine

selection methods similar to those of Alford, but evaluate on the basis of

the EV/EBIT multiple and have replaced return on equity with return on

assets (hereafter ROA). In addition, Dittmann and Weiner (2005) use a sam-

ple that also contains European firms in order to determine if the stylized

findings from the previous studies have external validity outside the United

States. Dittmann and Weiner (2005) note that one might expect to find

a different result due to asymmetries in accounting standards and varying

institutional backgrounds from country to country. Further, Dittmann and

Weiner (2005) examine if the peer selection pool should transcend national

borders in order to minimize valuation errors. Dittmann and Weiner’s sam-

ple spans from 1993-2002 and consists of firm-observations from 16 European

countries, as well as the US.

Bhojraj and Lee (2002) examine an alternative fundamentals technique

for comparable firm selection. More specifically, the authors consider eight

different variables that are assumed surrogates for a firm’s profitability,

growth and risk. These variables include return on net operating assets and

book leverage. Bhojraj and Lee (2002) regress these eight variables on valu-

ation multiples (EV/SALES and P/B) to obtain a set of coefficients on the

relation to each multiple. Collectively, the eight proposed fundamental vari-

ables capture a large amount of the cross-sectional variance in the observed

EV/SALES and P/B multiples. Based on the fitted model, they calculate
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a “warranted multiple” for each firm. Companies are ranked according to

their warranted multiple, and peers are subsequently identified as the firms

closest to the target firm in terms of the warranted multiple. The analysis

is carried out each year from 1982 to 1998 on a large sample of US firms.

Bhojraj and Lee (2002) compare several methods of selecting comparable

firms, including industry affiliation, a combination of industry affiliation and

size, firms with similar warranted multiple and firms with similar warranted

multiple within the same industry. Bhojraj and Lee (2002) use the regres-

sion setup that we described in the beginning of the chapter. The authors

regress the set of predicted multiples for a given selection method on the

actual multiples. Subsequently, they determine the best selection method

for explaining the cross-sectional variance in the actual multiples.

Dittmann and Weiner (2005) find that selecting firms on the basis of

return on assets offers a strong improvement in accuracy compared to in-

dustry affiliation. ROA leads to more accurate valuation estimates than

industry affiliation in all European countries. The excess accuracy of ROA

is statistically significant in 11 of 16 countries and the result seems to be

robust throughout most of the sample period. The results indicate that a

combination of return on assets and total assets constitutes the most ac-

curate selection criterion in an Anglo-Saxon subsample containing United

States, UK and Ireland. These results stand in direct opposition to the

findings of Alford (1992) and Cheng and McNamara (2000). In addition,

Dittmann and Weiner (2005) find that valuation errors for most countries

are minimized when comparable firms are selected transnationally. More

specifically, comparable firms selected within other European countries or

from the OECD yield the overall lowest prediction errors. However, valua-

tion errors for firms within the US, the UK, Denmark and Greece are not

minimized when chosen from an international pool. Dittmann and Weiner

(2005) argue that one of the explanations for this result could be that the

organization of capital markets in the UK is more similar to that of the US
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than to continental Europe.

Bhojraj and Lee (2002) show that predicted multiples when firms are

chosen based on industry affiliation explain a significant amount of the

cross-sectional variance in observable EV/SALES multiples. The explana-

tory power barely increases when peers are selected based on a combination

of industry affiliation and size. This is in conformity with Alford (1992) and

Cheng and McNamara (2000) where selections based on a combination of

industry affiliation and size do not lead to more accurate valuations than

selections based on industry affiliation alone. Selecting comparable firms

based on warranted multiples rather than industry affiliation increases the

valuation accuracy. If the selection is based on peers with similar warranted

multiple within the same industry, the ability to explain cross-sectional vari-

ance increases further. Bhojraj and Lee (2002) find that a smaller proportion

of the variation is captured when the evaluated multiple is P/B. Selecting

comparable firms based on industry affiliation or a combination of industry

affiliation and size seems to be equally efficient. Selections based on the war-

ranted multiples leads to significantly higher explanatory power than either

industry affiliation alone or a combination of industry affiliation and size.

Finally, selections based on a combination of warranted multiples and in-

dustry affiliation explain more of the cross-sectional variance than the other

selection methods. Their results indicate that selecting comparable firms

based on a warranted multiple is more accurate than selecting on the basis

of industry affiliation or size. The results are robust across the evaluated

valuation multiples. Based on their research, the authors argue that identi-

fying comparable firms by a warranted multiple eliminates some of the bias

that is present when qualitatively assigning companies as comparable firms.

Based on the results, Bhojraj and Lee (2002) suggest that selecting compa-

rable firms from a warranted multiple method serves as a better alternative

for comparable firm selection than industry affiliation.

In summary, both Dittmann and Weiner (2005) and Bhojraj and Lee
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(2002) find that fundamental measures lead to more accurate valuation es-

timates than industry affiliation. Dittmann and Weiner (2005) find that

the highest accuracy is obtained by selecting based on a single profitability

measure (ROA).

The profitability measure in Asness, Frazzini, and Pedersen (2014) com-

bines ROA and ROE with measures that incorporate additional informa-

tion about earnings quality and operational performance, such as cashflows-

on-assets, gross-profit-on-assets, accruals and profit margin. We therefore

speculate that the measure is superior to a single profitability measure. In

addition, risk is approximated by size measured by tangible assets in Alford

(1992), Cheng and McNamara (2000) and Dittmann and Weiner (2005). In

comparison, the safety measure in Asness, Frazzini, and Pedersen (2014) is

a completely different type of approximation of risk. The safety measure

incorporates earnings volatility, credit risk and market risk.

3.4 Evidence on other aspects of comparable firm

selection

In this section, we present the results of the empirical studies that do not

consider ’horse races’ between industry affiliation and fundamentals. Nel,

Bruwer, and le Roux (2014) study combinations of fundamentals in a South

African sample. Bhojraj, Lee, and Oler (2003) consider four different ways

of classifying industries and identify the method that yields the most ac-

curate result. Lee, Ma, and Wang (2014) test whether selecting firms with

correlating internet searches (as a proxy for perceived similarity) rather than

industry affiliation leads to a higher valuation accuracy. These three studies

are too distinct to be synthesized and will therefore be reviewed one by one.

Nel, Bruwer, and le Roux (2014) study comparable firm selection meth-

ods in a South African dataset. They expect the choice of sample to influence

the results compared to earlier studies due to the unconventional business
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environment that is present in an emerging economy. The selection methods

are exclusively based on similarities in fundamentals. Comparable firms are

selected based on similarities in return on equity, total assets and growth

in revenue as well as a combination of the three3. In line with previous

studies presented in this review, these variables are assumed surrogates of

a firm’s profitability, growth and risk. Nel, Bruwer, and le Roux (2014)

find that firms selected based on similar return on equity produce the most

accurate valuation predictions among the selection methods that consider

only a single measure. Nel, Bruwer, and le Roux (2014) find that selecting

peers based on a combination of return on equity, total assets and growth

in revenue produce more accurate valuations than selecting peers of the

basis of each of the three measures separately. They find that a combina-

tion of return on equity and growth in revenue leads to the most accurate

predictions on average. Nel, Bruwer, and le Roux (2014) conclude that com-

bining measures of profitability, growth and risk seems to increase accuracy,

indicating that the individual surrogates capture incremental price-related

information. A natural extension to their research design would be to evalu-

ate selection methods that use combinations of more than two fundamentals

simultaneously. Unfortunately, Nel, Bruwer, and le Roux (2014) are not able

to consider such a method due to the data limitations associated with the

South African market. The overall quality measure in Asness, Frazzini, and

Pedersen (2014) simultaneously considers several fundamentals. The result

of Nel, Bruwer, and le Roux (2014) supports the idea of combining funda-

mental measures.

Bhojraj, Lee, and Oler (2003) evaluate comparable firm selection based

on four different industry classification systems. The four industry classifi-

cation systems considered are the Standard Industrial Classification, North

American Industrial Classification System, Global Industry Classification

Standard and the Fama French Industry Classification (hereafter SIC, NAICS,

3Nel, Bruwer, and le Roux (2014) consider all combinations where two of the three
fundamentals are combined.
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GICS, and FF). Bhojraj, Lee, and Oler (2003) selects comparable firms

based on each of the industry classification systems. The accuracy is mea-

sures as the ability to explain cross sectional variance in observed P/E, P/B

and EV/SALES multiples. The sample is the S&P 1500 Super Composite.

Bhojraj, Lee, and Oler (2003) split the sample into three subgroups (S&P

400, 500 and 600) in order to control for size. The sample period spans from

1994 to 2002. GICS seems to be better than the other classification sys-

tems at explaining the cross-sectional variation. This result is robust across

all three multiples. Bhojraj, Lee, and Oler (2003) show that variations in

EV/SALES are best explained by GICS while P/E is more difficult to pre-

dict. The marginal improvements by using GICS compared to the other

classification systems are most evident when evaluated by the EV/SALES

multiples. GICS can explain more of the cross-sectional variance in P/E

multiples. In addition, Bhojraj, Lee, and Oler (2003) examine the correla-

tion of stock returns between peers selected on the basis of the considered

classification systems. They find that GICS explains more of the variation

of stock returns than the other classification systems. The findings are ro-

bust over time. The difference between GICS and the other methods is most

evident when then sampling of firms is restricted to S&P 500. This suggests

that GICS is most accurate at defining industries for large firms. Bhojraj,

Lee, and Oler (2003) explain the results with the fundamental differences in

the purpose of the different classification systems. Unlike the other systems,

GICS was designed for financial professionals. GICS industries are there-

fore intentionally constituted by firms with business activities that investors

perceive as similar. Bhojraj, Lee, and Oler (2003) argue that this provides

greater consistency in the industry-assignment process, as well as a better

indication of what constitutes a comparable firm in terms of expected prof-

itability, growth and risk. GICS is used as the way to determine industry

affiliation in this thesis.

With no universally accepted practice on comparable selection methods,
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Lee, Ma, and Wang (2014) offer an original way of thinking about compa-

rable firms. Instead of grouping peers by various industry classifications or

similar fundamentals, they tap into the collective consciousness of Internet

users. They apply a “co-search” algorithm to the Internet traffic passing

through SEC’s EDGAR-search engine. Lee, Ma and Wang assume that the

users of EDGAR collectively are searching for firms that they perceive as

similar companies. A list of the 10 most co-searched companies is created for

a given firm and is defined as Search Based Peers (SBP). In order to compare

the accuracy of the SBPs, they define an industry as GICS6 (i.e. ‘Indus-

try’, the second-most detailed classification level in GICS). Lee, Ma and

Wang consider two portfolios based on the 10 closest SBPs. One portfolio

is equally weighted (SBP EW) and one is traffic-weighted (SBP TW). They

use the regression setup as described in Section 3.1, and evaluate on the

basis of P/E, P/B and EV/SALES. Lee, Ma, and Wang (2014) restrict their

sample to the S&P 1500 Super Composite and the analysis is conducted each

year from 2008 to 2011. Lee, Ma, and Wang (2014) find that the two SBPs

portfolios significantly outperform GICS6 in explaining cross-sectional vari-

ance in P/B and EV/SALES. When applying the P/E multiple, the SBPs

exhibit explanatory power indistinguishable from GICS6. The results are

robust across size and industrial sectors. Lee, Ma, and Wang (2014) attest

the superior performance of the SBPs to several sources. First, the search

patterns seem to reveal a collective wisdom about the fundamentals of a

firm that other classification schemes are eluded by. Second, although SBPs

share many of the same classifications as those made by traditional classifica-

tion schemes, the SBPs are more dynamic and less constrained by standard

industry measures. Finally, they find that a given firm’s closest search based

peers have a proportionally large explanatory power compared to the search

based peers that are not as close. More specifically, this means that while

a firm on average might have 500 SBPs, the top 3 SBPs are responsible

for 14.4% of the Annual Search Fraction. In consequence, the authors find
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that these top-ranked SBPs form a more accurate peer group than the rest

of the SBPs. Lee, Ma, and Wang (2014) note that these findings suggest

that traditional industry groupings are too broad and rigid to accurately

identify the best peer firms. The authors note that the lack of availability is

limiting the practical use of identifying peers based on a search based engine

approach.

In Table 3.1, we present a summary of the empirical literature on com-

parable firm selection. There are mixed results on the question of industry

affiliation versus ‘fundamentals’. Alford (1992) and Cheng and McNamara

(2000) find that industry affiliation is the best individual way to select peers,

while Dittmann and Weiner (2005) and Bhojraj and Lee (2002) find that fun-

damental measures are the most accurate selection methods. Nel, Bruwer,

and le Roux (2014) find significant evidence in favor of combining funda-

mentals in an emerging markets context. Cheng and McNamara (2000) find

a significant improvement by combining ROE and industry affiliation for

both the P/E and P/B multiple. This finding is not statistical significant in

Alford (1992). Bhojraj and Lee (2002) find a significant improvement when

choosing comparable firms with similar warranted multiples within the same

industry. As such, the studies seem to lead to the conclusion that a com-

bination of fundamentals and industry affiliation is better than individual

measures. However, Cheng and McNamara (2000) find that combinations

do not improve the accuracy under a valuation scheme involving an average

of estimates using two different multiples.

The ambiguous results might be related to differences in research designs

and sample selection. The studies differ in terms of valuation multiples, sta-

tistical tests, approach to measuring valuation errors and approach to quan-

tifying industry affiliation. For instance, industry affiliation is quantified as

the two-digit SIC code in Bhojraj and Lee (2002), the four-digit SIC code

in Alford (1992), and GICS6-Industry in Lee, Ma, and Wang (2014).



Table 3.1: Summary of empirical studies on comparable firm selection

Alford (1992) Cheng & Mc-
Namara (2000)

Bhojraj & Lee
(2002)

Bhojraj, Lee &
Oler (2003)

Dittmann &
Weiner (2005)

Nel, Bruwer &
le Roux (2014)

Lee, Ma, Wang
(2014)

Sample US firms [1978,
1982, 1986]

US firms [1973-
1992]

US firms [1982-
1998]

S&P1500
[1994-2002]

OECD-firms
[1993-2002]

South African
firms [2001-
2010]

S&P1500
[2008-2011]

Selection
methods

Industry, ROE,
Tangible-
Assets(TA),
Indu&TA,
Indu&ROE,
TA&ROE

Industry,
TA, ROE,
Indu&TA,
Indu&ROE

Industry,
Indu&MktCap,
Warrented,
Warrented-
&Indu

SIC, NAICS,
FF, GICS

Industry, ROA,
TA, ROA&TA

ROE, TA, RG,
ROE&TA,
ROE&RG,
TA&RG

Search-Based-
Peers, Industry

Multiples P/E P/E, P/B EV/SALES,
P/B

P/E, P/B,
EV/SALES

EV/EBIT 16 multiples P/E, P/B
EV/SALES

Measure of
valuation-
accuracy

Central ten-
dency of abso-
lute percentage
errors

Central ten-
dency of
absolute and
adjusted per-
centage errors

Explanatory
power of
predicted
multiples on
observed multi-
ples

Explanatory
power of
predicted
multiples on
observed multi-
ples

Central ten-
dency of abso-
lute percentage
errors

Central ten-
dency of abso-
lute percentage
errors

Explanatory
power of
predicted
multiples on
observed multi-
ples

Results Industry is
most accurate
individual se-
lection method.
Indu&ROE
is indistin-
guishable from
Industry.

Industry is
most accurate
individual se-
lection method.
Indu&ROE
is most accu-
rate selection
method.

Warranted
is the most
accurate indi-
vidual selection
method, War-
rented&Indu
is the most
acurate method

GICS is most
most accurate
industry classi-
fication system,
primary for
large firms.

ROA is the
most accu-
rate selec-
tion method.
ROA&TA is
the most accu-
rate in US and
UK.

Valuation
accuracy is
increased when
fundamentals
are combined.

Search based
peers leads to
higher valua-
tion accuracy
than industry.



Chapter 4

Data and Methodology

In this chapter, we describe and discuss the methodology and sample se-

lection used in the thesis1. In general, we use a research design similar to

the valuation setup used in Alford (1992), Cheng and McNamara (2000)

and Dittmann and Weiner (2005). As a result, we value the stocks of all

firms in our sample under each of the considered selection methods. We

then calculate the deviations to the observed market price and evaluate the

different sets of valuation errors. In short, a selection method is better than

another selection method if the central tendency of the pairwise differences

in the sets of absolute percentage errors is significantly different from zero.

A great effort has been made to use the most recent information that was

available to the capital market at the time of valuation. We value all firms as

of 31 March in each of the years from 1995 to 2014. That is, 20 independent

cross-sectional analyses using the most recent information available to the

capital market as of 31 March.

Central to the methodology is the underlying choice that we 1) do not

intend to change how the quality measures from Asness, Frazzini, and Ped-

ersen (2014) are calculated as it would result in a detachment from their

1The data analysis throughout the thesis utilizes programming. We have used the
programming languages Visual Basic and R. We have placed the most essential functions
and algorithms in Appendix B.
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findings and 2) do not intend to test any implementation issues other than

methods of comparable firm selection. In the first section, we motivate our

sample selection. In the following section, we describe how we calculate the

quality measures and how we identify peers on the basis of these measures.

Then follows a section of the method used to identify peers using indus-

try affiliation. In the final sections, we describe and discuss our methods

for estimating prices and evaluating errors. We finish this chapter with a

graphical illustration of the overall research design.

4.1 Sample Selection

For each year, our sample consists of the firms that constitute the S&P 1500

Super Composite Index. The S&P 1500 consists of 500 large-cap companies

(the S&P 500), 400 mid-cap companies (the S&P 400) and 600 small-cap

companies (the S&P 600). We extract the constituent list of the S&P 1500

Super Composite Index at end of March each year from the COMPUSTAT

North America Index Constituents Database.

There are several reasons for selecting the S&P 1500 as our sample.

First, the S&P 1500 is used in two of the central papers on comparable firm

selection (Bhojraj, Lee, and Oler (2003) and Lee, Ma, and Wang (2014)).

Second, the S&P 1500 consists of American firms, which ensures that all

firms in our sample are subject to the same accounting standards. Obviously,

firms that are part of the index can have ideal peers outside the index that

will not be identified under either of the peer-selection methods due to the

sample limitation of 1500 firms. The validity of our results is jeopardized if

the sample size causes an advantage to one of the two methods. However,

our data indicate that this is not the case. For instance, 85 percent of the

firms are able to identify at least 10 other firms in the same GICS-6 Industry

and 99 percent are able to identify at least 10 other firms in the same GICS-4

Industry Group. This suggests that the S&P 1500 constitutes an adequate

sample size.
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Another advantage of the S&P 1500 is that we can use the capitalization-

stratified sub-indexes to control for size. We examine whether the main

results are altered when firms within one of the three indexes are restricted

to identify peers within that particular index, i.e. firms within the S&P 500

are restricted to identify peers in the S&P 500.

4.1.1 Construction of the dataset

In this subsection, we describe how we prepared a dataset containing only

the most recent publicly available information at the time of each valuation.

We also go through the comprehensive calculation of financial ratios and

other financial data required as inputs for calculating the quality measures.

For the purpose of creating an overview, these calculations have been placed

in Table 4.1. We recommend readers of this thesis to study this table

carefully, as it provides a detailed description of not only the inputs but also

the actual components of the quality measures.

In order to reflect the information that was available to investors and

priced into the market, quality measures are estimated using information

that was publicly available at the point in time when we value the firms (i.e.

31 March each year). We estimate the publication date of every annual and

quarterly financial report of all firms in our sample. COMPUSTAT records

the report date of quarterly earnings [rdq], which we use as an approximation

of the publication date. When this data item is not available (five percent of

observations), the publication date is assumed to be 32 days after the balance

sheet date2. We identify the last four quarterly reports published before 31

March. Data items in these four reports are used to calculate the trailing

12 months financial statement for all firms. The COMPUSTAT Quarterly

Fundamentals Database has intermittent missing value problems that would

force us to drop a substantial amount of our observations. Fortunately,

we are able to accommodate this problem by substituting data from the

232 is the median number of days between the balance sheet date and report date of
quarterly earnings in the remaining sample.
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Annual Fundamentals Database under certain conditions. March has been

chosen strategically as the time of valuations because the fiscal year for the

majority of the firms in our sample follows the calendar year. Because the

next quarterly report cannot be published before 31 March, an annual report

with a balance sheet date end of December or start of January will reflect

the most recent publicly available information. Therefore, we can substitute

data from the annual database in case of missing values without causing any

bias as long as the firms’ fiscal years are following the calendar year. In order

to save as many observations as possible, we also substitute missing values

with data from the annual database for annual reports ending up to six

months before the end of the calendar year. We drop observations when

firms do not have positive earnings before extraordinary items, book value

of common equity or when lack of data availability makes calculating the

quality measures infeasible. Calculation of the quality measures requires five

years of financial statement history and three years of stock return history

plus a list of other inputs that can be seen in Table 4.1. The calculation

procedures follow Asness, Frazzini, and Pedersen (2014).
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Table 4.1: Calculation of inputs for the four composite quality measures

This table reports how the the raw data-inputs is transformmed into the inputs to the quality measures. CRSP

data items are in accolades and COMPUSTAT data items are in square brackets. All data from COMPU-

STAT has been converted into trailing accounting numbers prior to these calculations. “H” and “L” indi-

cate the order of the ranking-procedures (described in the text). NWC is calculated as [act-lct-che+dlc+txp].

Variable Description Calculation

Profitability

GPOA GrossProfit-
on-assets

H (Revenue[revt] - cost of goods sold [cogs]) / Total assets
[at]

ROE Return-on-
equity

H Net income before extraordinary items [ib] / Book equity
[ceq]

ROA Return-on-
assets

H Net income before extraordinary items [ib] / Total assets
[at]

CFOA CashFlow-
over-assets

H ([ib]+Depreciation[dp]-∆NWC-[capx]) / [at]

GMAR GrossProfit-
margin

H ([revt]-[cogs]) / [revt]

ACC Accruals L (∆NWC-[dp]) / [at]

Growth

∆ROA,
∆ROE,
∆GPOA,
∆CFOA,
∆ACC

5 year change
in profitability
ratios

(Numeratort - Numeratort−5) / Denominatort−5

Safety

BETA Systematic risk L OLS slope coefficient of 36 months total excess re-
turns{tr1m} regressed on 36 months total excess returns
on the S&P500 index

IVOL Idiosyncratic
risk

L Residual variance in above regression

EVOL Earnings
volatility

L Annual Std.Dev of 20 quarters ROE if available else
Std.Dev. of 5 years ROE

LEV Leverage L (total long term debt[dltt] + debt in current liabilities[dlc]
+ preferred stock[pstk]) / [at]

Altman Credit risk (Z) H (1.2NWC+1.4retainedearnings[re] +3.3EBIT + 0.6[ceq] +
[revt]) / [at]

Ohlson Credit risk (O) L -1.32 - 0.407Ln([at]) + 6.03[lt]/[at]- 1.43([act]-[lct])/[at] +
0.757[lct]/[act] - 1.72x - 2.37[ib]/[at] - 1.83[oancf]/[lt] +
0.285y - 0.521([ib]-[ib]t−1)/(|[ib]|+|[ib]t−1|) , where [lt] is
total liabilities, [lct] is current liabilities, [act] is current
assets, [oancf] is operating activities net cashflow, X is 1 if
[tl] > [at] else 0 and y is 1 if [ib]+ [ib]t−1 < 0

Payout

NPOP Long term pay-
out ratio (5Y)

H (Five years earnings [ib] - Five years change in book equity
[ceq]) / gross profits [revt-gocs] over the past 5 years

EISS Net equity is-
surance (1Y)

L 1Y change in split-adjusted shares: ln(sht/sht−1), where
sh is the product of shares outstanding {cshoq} and cumu-
lative split adjustment factor {ajexm}

DISS Net debt issur-
ance (1Y)

L ln(totaldebtt/totaldebtt−1), where total debt is [dltt] +
[dlc] + [pstk]
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4.2 Identifying peers based on quality measures

Having constructed a dataset containing the latest publicly available infor-

mation as of the end of March for all firms in the S&P 1500 index, we

calculate the financial ratios that are required for calculating the quality

measures. We present our method for the calculation of financial ratios in

Table 4.1. Data items from COMPUSTAT are indicated by square brack-

ets and data items from CRSP are indicated by accolades.

We follow Asness, Frazzini, and Pedersen (2014) as regards the procedure

for calculating the quality measures. The measure of profitability consists

of gross profit over assets, return on equity, return on assets, cash flows over

assets, gross margin and the fraction of earnings composed of cash (i.e. low

accruals). In order to put each measure on equal footing, we convert each

variable into ranks and standardize to obtain a z-score. More formally, let

x be a variable of interest and R be a vector of ranks, Ri = rank(xi). Then

the z-score of x is given by

z(x) = zx =
R− µR
σR

(4.1)

where µR and σR are the cross sectional mean and standard deviation of

the ranks (R).

Profitability = z(zgpoa + zroe + zcfoa + zgmar + zacc) (4.2)

Similarly, we measure growth as the five-year prior growth in profitability,

averaged across measures of profitability

Growth = z(z∆gpoa + z∆roe + z∆cfoa + z∆gmar + z∆acc) (4.3)

Here, ∆ denotes five-year growth. For each variable, we define five-year

growth as the change in the numerator (e.g. profits) divided by the lagged

denominator (e.g. assets). We also follow Asness’ definition of safe stocks
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as companies with low beta, low idiosyncratic volatility, low leverage, low

ROE volatility and low bankruptcy risk (see calculation of the variables in

Table 4.1)

Safety = z(zbeta + zivol + zlev + zevol + zOhlson + zAltman) (4.4)

Payout is measured as the prior five year total payout ratio, one year net

equity issuance and one year net debt issuance

Payout = z(znpop + zeiss + zdiss) (4.5)

Finally, we combine the four measures into a single overall quality measure:

Quality = z (Profitability + Growth + Safety + Payout) (4.6)

Using the approach described above, we assign quality measures to all firms

in each year from 1995 to 2014. Once the quality measures have been cal-

culated, the identification of peers is straightforward. First, we decide on

an appropriate number of required peers. In this study, we use ten peers

as the default, but include variations. Ten is the optimal number of peers

suggested by Cooper and Cordeiro (2008). The peers of each firm are simply

the 10 firms closest to the firm itself in terms of quality (e.g. the peers of the

firm that has the 10th highest quality would be the firms with the 5th, 6th,

7th, 8th, 9th, 11th, 12th, 13th, 14th and 15th highest quality measure). We

also test the valuation accuracy when peers are selected on the basis of each

of the four quality characteristics separately. We follow the same procedure

by identifying the closet 10 firms in terms of Profitability, Growth, Safety

and Payout.
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4.3 Identifying peers based on industry affiliation

Every year, we extract the 8-digit GICS code for each firm in our sample.

The full 8-digit code indicates classification of Sub-Industry, which is the

most detailed level. The first 6 digits indicate Industry, which is the second

most detailed level. The first 4 digits indicate Industry Group and the first

2 indicate Sector.

Some Sub-industries, Industries, Groups and Sectors contain more firms

than others. An immediate concern would be those ’industries’ with very

few observations. If the industry selection method identifies less peers than

the quality selection method, then we cannot know whether our results were

caused by a superior selection method or just the fact that one method is

selecting more peers than the other. Several industry-levels contain far more

than 10 firms. Letting the industry method pick more peers than the quality

method would lead to a similar problem. We solve this issue by following

two procedures: one suggested in Alford (1992) and one suggested in Lee,

Ma, and Wang (2014): A level-up and a randomized reduction algorithm.

Each year, we determine the sample firms’ industry affiliation. For each firm

and industry classification level, our algorithm counts the number of firms

in the same ‘industry’ at all levels (sub-industry, industry, industry group,

and sector). It then determines the appropriate classification level for each

firm given the manually determined required number of peers (the default

is 10). For a given firm, our algorithm identifies all firms that satisfy the

sufficient condition. It then reduces each firm’s peers to 10 using a random

number generator. The reduction process is executed independently for all

firms to keep the impact of the randomness as diminutive as possible. The

procedure is best described with an example: In 1995, the Goodyear Tire

& Rubber Co has the GICS code (25101020) corresponding to the Sub-

industry “Tires & Rubber”. Only one firm in our sample, Cooper Tire &

Rubber Co, is in that same Sub-industry at the same time, so we need to

find the peers for Goodyear Tire & Rubber Co at a higher level. The first
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Table 4.2: Percentage of firms able to identify the required number of peers
within same category in each GICS tier

The table reports the percentage of sample-firms that are able to find a required num-

ber firms in the same industry as it self under various level of industry fineness.

Required
number
of peers

Firms able to
identify re-
quired peers
within same
Sub-Industry

Firms able to
identify required
peers within
same Industry

Firms able to
identify required
peers with in
same Industry-
Group

Firms able to
identify required
peers with in
same Sector

2 92.5% 98.5% 99.9% 100.0%

4 82.4% 95.9% 99.9% 100.0%

6 71.6% 92.1% 99.8% 100.0%

8 61.1% 88.4% 99.7% 100.0%

10 51.7% 84.8% 99.1% 100.0%

12 45.8% 81.3% 98.5% 100.0%

14 41.9% 77.6% 97.5% 100.0%

16 38.7% 73.5% 97.0% 100.0%

18 34.6% 68.3% 95.8% 100.0%

six digits of Goodyear’s GICS code correspond to the Industry “Auto Com-

ponents”. Our algorithm identifies 22 other firms in our sample that are

classified as members of the Industry “Auto Components” in 1995. Because

22 is a sufficient amount, the algorithm does not proceed to the next GICS

level. Instead, the algorithm starts to randomly pick and remove firms un-

til the group has been reduced to 10 comparable firms3. Table 4.2 shows

how many firms that can be matched with the required number of peers at

different classification levels and at different levels for a required numbers

of peers. With 10 peers, only 15 percent of the firms are not able to find

enough peers at the GICS-6-level and almost all of them find enough peers

at the next level. With 10 comparable firms, more than half of our sample

identifies peers at the very detailed Sub-Industry level. The use of the re-

duction procedure from Lee, Ma, and Wang (2014) ensures that the number

of peers is always fixed for both methods and thus our dataset retains its

3The essential programming code for this algorithm is enclosed in Appendix B.
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high validity. The use of the level-up rule from Alford (1992) enables us to

actually use the most detailed GICS Sub-Industry level, which has not been

used in this literature so far. The combination of these two maneuvers leads

to an industry benchmark that is arguably the hardest industry benchmark

in the literature so far.

4.4 Predicting multiples

We evaluate the peer selection methods using two multiples: price-book and

price-earnings (reported earnings). We also perform one robustness check

using EV/EBIT, EV/SALES and price-earnings (forecasted earnings).

An ideal calculation of the actual historical multiples needs to take the

most recent publicly available information at the exact time of the valuation

into account. First, we estimate a publication date (we use the procedure

that is described in the section on calculating the quality measures). We

then identify the last four quarterly reports published before 31 March and

use these to calculate a trailing twelve months financial statement for each

firm. We use the data-items [ceq] for book value of equity, [ibq] for quar-

terly earnings before extraordinary items, [oiadpq] for EBIT and [saleq] for

sales. Net Interest Bearing Debt is approximated as long-term debt [dlttq]

plus debt in current liabilities [dlcq] minus cash and short-term investments

[cheq]. If a missing value in one quarter prohibits the calculation of a trailing

twelve months financial statement, then we substitute from the Compustat

Annual Database if the fiscal year of the firm ends no more than six months

before the end of the calendar year. We calculate the total market capital-

ization for each firm as of 31 March each year using data on stock prices

{prccm} and number of outstanding shares {cshoq} from CRSP. Dividing

market capitalization by earnings and book gives P/E and P/B respectively.

Besides the four ‘reported’ multiples, we also examine two ‘forward-looking’

P/E multiples. We extract median analyst forecasts of one and two years

forward looking earnings per share from the I/B/E/S database. We identify
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the latest observation as of 31 March4. By dividing price per share prices

{prccm} with forecasted earnings per share, we obtain two P/E-measures:

P/E (1FY) and P/E (2FY). The forward-looking multiples are interest-

ing because empirical studies indicate that valuation errors using forecasted

earnings in general are lower than valuation errors using reported earnings5.

We apply trailing earnings for two reasons. First, when using forecasted

earnings, we have to drop a large amount of observations due to the lack

of analyst forecasts. Second, trailing earnings are widely used in empirical

studies on selecting comparable firms, and we want our empirical analysis to

relate to these studies. The P/E and P/B multiples are widely used in the

other branches of implementation issues including the one6 that is concerned

with finding the multiples that, all else equal, leads to the highest valuation

accuracy. Our choice of EV/EBIT and EV/SALES as robustness checks

can be motivated by the use of EV/SALES in Bhojraj and Lee (2002), Bho-

jraj, Lee, and Oler (2003) and Lee, Ma, and Wang (2014) and EV/EBIT in

Dittmann and Weiner (2005).

The estimate of a firm’s multiple is an average of the observable multi-

ples of the firms that have been identified as its comparable firms. A few

studies empirically evaluate which averaging procedures lead to the most ac-

curate valuations. The potential procedures considered in this literature are

the arithmetic mean, median, harmonic mean or geometric mean or value-

4Observations are excluded if they are more than 3 months old as of 31 March.
5Kim and Ritter (1999) find that forward-looking P/E multiples outperform all other

multiples in an IPO context. Lie and Lie (2002)) confirm that forecasted earnings P/E lead
to lower valuation errors than reported earnings P/E. Liu, Nissim, and Thomas (2006)
confirm that forward-looking earnings lead to more accurate valuations than reported
earnings or cash flows. Studies by Schreiner and Spremann (2007) and Nissim (2013) also
support these conclusions.

6Liu, Nissim, and Thomas (2002) find that earnings based multiples outperform cash
flow based multiples. This result is supported by the findings of Liu, Nissim, and Thomas
(2006) and Schreiner and Spremann (2007). The results of Cheng and McNamara (2000)
and Liu, Nissim, and Thomas (2002) suggest that P/E leads to lower errors than P/B.
However, Kim and Ritter (1999) show that P/B is slightly better in an IPO context and
Nissim (2013) finds that P/B outperforms other multiples, including PE in the insurance
industry.
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weighted mean. We use the harmonic mean. In mathematical terms, the

predicted price-earnings multiple of a firm i (πi/Ei) is the harmonic mean

of the price-earnings multiples of the n number of firms belonging to the set

of comparable firms for firm i

πi
Ei

= n

 n∑
j=1

(
Pj
Ej

)−1
−1

(4.7)

Dittmann and Maug (2008) show that the harmonic mean is less biased

when percentage errors are used, but downwards biased when logarithmic

errors are used7. Our choice of averaging procedure is partly motivated by

our choice of measure of valuation error.

4.5 Evaluating errors

The different ways of evaluating valuation errors have already been men-

tioned in the literature review. In short, these are

Percentage error =
π − P
P

(4.8)

Logarithmic error = ln
π

P
(4.9)

Or the explanatory power in a regression like

P

E
= β0 + β1

π

E
+ ε (4.10)

7Prior to the study by Dittmann and Maug (2008), other researchers have examined
which averaging procedure gives the most accurate estimates. Baker and Ruback (1999)
provide solid evidence in favor of the harmonic mean. The results of Liu, Nissim, and
Thomas (2002) also indicate that the harmonic mean produces the lowest valuation errors.
Herrmann and Richter (2003) find that the median gives a more accurate estimate than the
harmonic mean. This contradicts the previous studies. Schreiner and Spremann (2007)
also find that the median works better than the harmonic mean and mean values.
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where π is the predicted and P is the observable market price.

Like many other of these studies, we use the absolute percentage errors8

as the default error measure and include one test using log-errors to show

that the results are not sensitive to choice of error measure. We do not

report accuracy by the regression approach9.

Absolute percentage errors are widely used in the literature and have a

simple economic interpretation: It expresses the percentage by which the

prediction misses the observed market price. The measure has been criti-

cized by Dittmann and Maug (2008). Due to limited liability, the minimum

value of a firm cannot be less than zero while the maximum value, in prin-

ciple, is without an upper bound. Dittmann and Maug (2008) propose

that percentage errors penalize overvaluations more than undervaluations.

However, this critique relies on the apprehension of the terms over- and un-

dervaluation10. They suggest the use of logarithmic error to create a more

symmetric distribution of valuation errors. Absolute percentage errors do

not follow a Gaussian distribution, but since we test for the difference be-

tween the sets’ valuation-errors, we only need to make assumptions about

the distribution of the pairwise differences of the two sets of absolute per-

centage errors. These differences are indeed symmetrical and bell shaped

(see Figure A.1 in Appendix A for a density plot of absolute percentage

errors and the differences in absolute percentage errors between two selec-

tion methods)11.

8Absolute percentage errors | π−P
P

|.
9Because the assumptions of a linear relation cannot be satisfied in our data. We have

considered rank- and log- transformations of dependent and/or independent variables.
10Consider the following experiments. Firms A and B have true values of 20. Two

competing methods (method X and Y) have to predict the values of firms A and B.
Method X predicts 19 for A and 1 for B, whereas Method Y predicts 21 for A and 45 for
B. They both miss A by 5 percent, but method X misses B by 95 percent versus method
Y with 125 percent. Dittman and Maug’s point is that X should be penalized for guessing
close to the minimum bound of the distribution of possible values. The use of log errors
leads to the conclusion that Y is better at estimating the value of both B and A. We argue
that this is not in line with a conventional apprehension of valuation-errors.

11Using the fitdistr function from the MASS package in R, we can see that the differences
of the sets of valuation errors can be approximated by a t distribution with approximately
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We look at several measures when comparing the sets of valuation errors.

Studies based on absolute percentage errors tend to rely on the median and

mean of the valuation errors. The median should be robust to any outlier

problems. We test for significance in the difference in central tendency of two

sets of valuation errors using the Wilcoxon signed rank test and Students

t-test. We also compare the dispersion of each of the two sets of valuation

errors by examining the interquartile range12 of valuation errors. In addi-

tion, we compare the proportion of absolute percentage errors that deviates

less than 15 percent13 from the observed values. In Figure 4.1, we present

a graphical representation of the overall research design.

2.5 degrees of freedom depending on the multiple and selection methods.
12Interquartile range is reported by Alford (1992), Kaplan and Ruback (1995), Liu,

Nissim, and Thomas (2006) and Schreiner and Spremann (2007).
13There is no specific reason for this number to be 15 percent except for the tradition

in the literature, e.g. as in Kaplan and Ruback (1995), Kim and Ritter (1999), Lie and
Lie (2002) and Schreiner and Spremann (2007). It should not be confused with the 15
percent percentile.
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Figure 4.1: Illustration of the research design
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Chapter 5

Empirical results

In this chapter, we present the findings of our empirical analyses. The chap-

ter is structured as follows. In Section 5.1, we present the descriptive

statistics of our dataset. Section 5.2 is devoted to our main results and is

divided into two subsections. The first subsection deals with quality mea-

sures versus industry affiliation and the second subsection with combinations

involving industry affiliation. We present our robustness checks in Section

5.3.

5.1 Descriptive statistics

In Table 5.1, we present the descriptive statistics for key variables in our

final data set. All variables, except for the forward P/E multiples, include

22,903 firm-year observations. All inputs are from CRSP, COMPUSTAT

or I/B/E/S. All variables from COMPUSTAT have been converted into a

trailing twelve months accounting statement as of 31 March each year in

order to reflect the information that was available to the capital market at

the time of the valuations. The procedure of estimating the publication

data of financial statements and calculating the multiples is described in the

methodology chapter. Throughout the tables in this chapter, we use the

59
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Table 5.1: Summary statistics for selected variables

All variables, except for forward P/Es, include 22,903 firm-year observations, and are based on

trailing accounting information, using the latest publicly available information as of 31 March

each year from 1995 to 2014. The forward P/E multiples are based on historical analyst forecasts

from I/B/E/S, indicated by 1FY and 2FY for one and two forward fiscal years.

Mean Median IQ range

SALES 6,667 1,624 4,326
EBIT 991 195 552
EARNINGS 518 104 291
BOOK EQUITY 3,352 819 1,947
MKT CAP 9,517 2,048 5,636
NIBD 3,321 190 1,135
EV 12,965 2,470 7,108
P/E 41.2 18.8 13.6
P/B 3.80 2.33 2.10
EV/SALES 2.30 1.56 1.97
EV/EBIT 18.5 12.5 7.3
P/E 1FY 32.4 18.9 16.4
P/E 2FY 25.4 16.2 13.0
PROF 0.00 0.00 1.73
GROW 0.00 0.00 1.73
SAFE 0.00 0.00 1.73
P-OUT 0.00 0.00 1.73
QUAL 0.00 0.00 1.73

abbreviation “Qual” for overall Quality, “Prof” for Profitability, “Grow” for

Growth, “Safe” for Safety, “P-out” for Payout and “Indu” for industry af-

filiation. In addition, we use the following labels in the text throughout the

remaining part of this chapter. ”Quality” refers to the overall quality mea-

sure, while the quality components are referred to as Profitability, Growth,

Safety and Payout. Finally, we refer to industry affiliation, return on equity

and size as Industry, ROE and Size, respectively. By construction, all qual-

ity measures are uniformly distributed with a mean of zero and a standard

deviation of one.

{Prof,Grow, Safe, P -out,Qual} ∼ U(0, 1)
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We report the interquartile range as the dispersion measure in the summary

statistics table to provide the reader with a more intuitive representation

of the dispersion in the valuation multiples. All valuation multiples have a

right skewed distribution. The differences between the mean and median in

the sales, EBIT, earnings, book equity, market capitalization, net interest

bearing debt and enterprise value can be explained by the properties of the

sample: The S&P 500 component of the S&P 1500 Index consists of 500

large companies that capture approximately 80% coverage of the total mar-

ket capitalization. These large companies cause the right skewness on the

distribution of these variables.

Table 5.2 is dedicated to showing the relation between valuation mul-

tiples and the quality measures using only descriptive statistics. This coarse

representation is meant to provide some empirical intuition behind the vari-

ables, which is useful for interpreting the results in the formal analyses in

the following sections. Observations for the years 1995 to 2014 have been

stacked and grouped based on GICS sectors and size (S&P 500, 400 and

600). For each sector and size-group, we report the median of P/E and P/B

and the mean of Profitability, Growth, Safety, Payout and Quality scores.

All sectors have been ranked according to these statistics. The column-

wise ranks are reported in parentheses. Similarly, the three size-groups have

been ranked in each of the columns. The ranking order is descending (i.e.

rank one corresponds to the highest value). The pattern of ranks is a rough

representation of the relation between the quality measures and valuation

multiples. A plain interpretation is that the table represents the “price” and

“quality” of different sectors and size-segments. There seems to be a certain

correlation between median P/E and median P/B across the sectors. Half of

the sectors have the same rank in both multiples. Information Technology

has the highest median P/E and Consumer Staples has the highest P/B

while Utilities has the lowest rank in both multiples. The mean Quality-

score for each sector seems to correlate with the sector-wise median P/E and
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Table 5.2: ‘Price’ and ‘Quality’ of Sectors and Size-Groupings

This table shows the median of P/E and P/B and the mean of quality variables across sec-
tors and size-groupings. The numbers in parentheses indicate the rank of a sector (size-
grouping, respectively) in each column. The purpose of the table is to show the empir-
ical relation between valuation multiples and quality variables using descriptive statistics.

PANEL A: SECTORS

n Median
P/E

Median
P/B

Prof Grow Safe P-out Qual

Energy 1,351 19.3
(5)

2.31
(7)

0.15
(6)

0.39
(2)

-0.42
(9)

-0.38
(10)

-0.10
(7)

Materials 1,663 18.0
(8)

2.25
(8)

-0.03
(8)

-0.32
(8)

-0.20
(7)

0.27
(2)

-0.10
(8)

Industrials 3,708 18.7
(6)

2.36
(6)

0.00
(7)

-0.10
(7)

0.19
(3)

0.13
(5)

0.11
(6)

Consumer
Discretionary

4,041 18.3
(7)

2.49
(5)

0.38
(3)

0.06
(5)

0.09
(4)

0.14
(4)

0.28
(3)

Consumer
Staples

1,389 19.8
(4)

3.18
(1)

0.51
(2)

-0.08
(6)

0.42
(1)

0.30
(1)

0.47
(1)

Health Care 2,345 22.8
(2)

3.12
(2)

0.34
(5)

0.49
(1)

0.30
(2)

-0.18
(8)

0.37
(2)

Financials 3,299 15.5
(9)

1.81
(9)

-0.98
(10)

-0.33
(9)

-0.38
(8)

-0.01
(7)

-0.71
(10)

Information
Technology

3,353 24.7
(1)

2.84
(3)

0.38
(4)

0.36
(3)

-0.01
(5)

-0.37
(9)

0.15
(5)

Telecomm.
Services

250 20.7
(3)

2.83
(4)

0.58
(1)

0.15
(4)

-0.49
(10)

0.09
(6)

0.18
(4)

Utilities 1,504 15.0
(10)

1.61
(10)

-0.94
(9)

-0.71
(10)

-0.03
(6)

0.18
(3)

-0.63
(9)

PANEL B: SIZE

n Median
P/E

Median
P/B

Prof Grow Safe P-out Qual

S&P-500
LargeCap

8,281 18.6
(3)

2.78
(1)

0.09
(1)

-0.10
(3)

0.06
(1)

0.30
(1)

0.14
(1)

S&P-400
MidCap

6,214 19.0
(2)

2.34
(2)

-0.01
(2)

0.02
(2)

0.01
(2)

0.00
(2)

0.01
(2)

S&P-600
SmallCap

8,408 19.0
(1)

2.00
(3)

-0.08
(3)

0.08
(1)

-0.06
(3)

-0.30
(3)

-0.15
(3)

Total 22,903 18.8 2.33 0 0 0 0 0
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P/B. The sector-wise rank in Quality and in P/B is identical for Energy,

Materials, Industrials, Consumer staples and Telecommunication Services.

The difference in the remaining sectors is either one or two ranks. The rela-

tion to price-earnings seems slightly less distinct. Information Technologies

is the sector with the highest P/E, but with a modest level of Quality com-

pared to the other sectors. Consumer Staples exhibits high quality, which is

driven by high Safety and high Payout, but the sector median P/E is only

average compared to the remaining sectors. In these two cases, the overall

quality score deviates from the median P/E by four and three ranks, respec-

tively. We have already discussed our theoretical concerns about the Payout

measures’ ability to predict valuation multiples. This simple descriptive rep-

resentation seems to support our concerns. Information Technology has the

highest P/E but has the second-lowest Payout score. Materials and Utilities

have high Payout but low multiples in general. Intuitively, we would ex-

pect the P/B multiple to be strongly related to Profitability, while the P/E

should be strongly related to the measures for Growth. This also seems to

be the case, but we are not able to form any conclusions based on this simple

descriptive representation.

The data in Panel B suggests that large firms on average have a higher

Quality score. This finding is consistent with Asness, Frazzini, and Ped-

ersen (2014). The large companies in the S&P 500 seem to have a higher

Profitability, Safety, Payout and Quality on average. The small firms in the

S&P 600 seem to have a higher average Growth, while the medium sized

firms in the S&P 400 appear average in all quality aspects. This is consis-

tent with the conventional intuition that large mature firms, on average, are

more profitable and distribute more wealth to investors, while smaller firms

retain more earnings, presumably to reinvest in new or existing projects. In

addition, the table shows that large firms, on average, have higher Safety

scores. The relation between P/E and P/B is inverse across size-groupings.

Large firms have high P/B and low P/E while small firms have low P/B, but
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high P/E. The basic representation seems to indicate that Quality is more

related to P/B than P/E across size-groupings. Note the relation between

firm-year observations in the S&P 500 and the S&P 600. There is a small

disproportion of dropped observations among the small firms. This means

that a larger fraction of small firms has not met the data requirements for

calculating the quality scores (which include five years of financial statement

history and three years of stock return history) compared to medium and

large companies. Consequently, our final sample has a minor large-cap bias

compared to the full constituents of the S&P 1500. Based on this simple

representation, we have demonstrated that the valuation multiples and our

measures of quality are correlated to some extent. The quality measures

appear to behave in accordance with our theoretical intuition. We revisit

sector and size-groupings in the section containing the robustness checks,

where we perform a full valuation analysis subject to the restriction that

firms are limited to identifying peers within each of the size-groupings.

5.2 Results

5.2.1 Individual selection methods

The remaining part of this chapter will be dedicated to the reported find-

ings, which will assist us in evaluating our hypotheses. In order to test

the competing selection methods, we have performed an individual multiple

valuation of all firms in our sample in each year from 1995 to 2014. These

valuations have been conducted for each method for comparable firm selec-

tion. The absolute valuation errors have been calculated as | πi−PiPi
| , where

πi is the predicted price of firm i and Pi is the observable market price of

firm i. We determine the accuracy of the selection methods by compar-

ing the central tendency (median and mean) and dispersion (interquartile

range) of the sets of valuation errors. We also report the proportion of er-
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rors smaller than 15 percent1. The Wilcoxon signed rank test and Student’s

t-test are used to determine if the median and mean of the differences be-

tween two set of valuation errors are statistically significantly different from

zero. We report the 95% confidence intervals of the median and mean of

the pairwise differences of valuation errors in those tables where only two

selections methods are considered. We report ranks across selection meth-

ods and present a matrix of t-statistics (Student’s t) when we consider more

than two selection methods in the same table. Our algorithms have been

constructed so that all selection methods always identify the same amount

of comparable firms2. Ten is the default number of peers, but the num-

ber is varied in one robustness check3 and in the subsection on selection

methods that combine industry affiliation and quality measures. Note that

the distribution of absolute prediction errors is naturally right skewed. See

Figure A.1 in Appendix A for a density plot of the absolute percentage

errors. The distribution of the differences between the set of valuation errors

is symmetrical and does not violate test assumptions4.

In Table 5.3, we present a direct test of the hypothesis that the selec-

tion of comparable firms on the basis of Quality rather than Industry leads

to more accurate valuations. Panel A reports the results when the P/E is

used to value firms and Panel B reports the results when the P/B is used to

value firms. Our results suggest that selecting peers on the basis of Industry

rather than Quality leads to more accurate price-earnings valuations. The

Wilcoxon test estimates the median of the pairwise differences at 4.1 per-

centage points (the 95% confidence interval is 3.8 to 4.4 percentage points).

This suggests that Industry, on average, is 4.1 percentage points more ac-

1This measure should not be confused with the 15 percentile. It is the number of errors
smaller than 15% divided by the total number of observations.

2See code in Appendix B.
3The robustness check for number of peers.
4The distribution of differences in absolute percentage errors Figure A.1, lower panel

has heavy tails but if we consider the distribution of the statistic ’mean’ of the paired
differences, it will be approximately normal with the same mean and standard error (SE)=
SD/

√
n due to the central limiting theorem.
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Table 5.3: Absolute percentage errors for P/E and P/B valuations where
comparable firms have been selected based on Industry or Quality

This table reports the median, mean, interquartile range, proportion less than 15 percent, first and

third quartile of Absolute Percentage Errors for each selection method. The total firm-year obser-

vations are 22,903. The 95% confidence intervals of the median (Wilcoxon signed rank) and the

mean (Student’s t) of the pairwise differences (Quality minus Industry) are reported in parentheses,

and the level of statistical significance is indicated by *, **, *** for 10%, 5%, and 1%, respectively.

PANEL A: PRICE-EARNINGS

Median Mean IQ range Prop
<15%

Q1 Q3

Quality 0.338 0.458 0.433 0.237 0.158 0.591

Industry 0.289 0.403 0.390 0.281 0.131 0.522

Pairwise
differences

0.041***
(0.038
0.044)

0.056***
(0.050
0.062)

PANEL B: PRICE-BOOK

Median Mean IQ range Prop
<15%

Q1 Q3

Quality 0.350 0.454 0.421 0.223 0.169 0.590

Industry 0.346 0.460 0.425 0.229 0.164 0.588

Pairwise
differences

0.000
(-0.004
0.004)

-0.006*
(-0.012
0.001)

curate than Quality when price-earnings is used to value firms. The mean

of the pairwise differences supports this finding. Industry is 5.6 percentage

points more accurate than Quality (the 95% confidence interval is 5.0 to 6.2

percentage points). The valuation errors of the Industry selection method

seem to have a lower degree of dispersion, a higher proportion of errors that

is less than 15 percent and smaller first and third quartile of errors. These

findings all suggest that selecting comparable firms on the basis of Industry

rather than Quality leads to more accurate price-earnings valuations. The

results of the price-book valuations are more ambiguous. The t-test sug-

gests that Quality is more accurate than Industry at the 10% significance

level, but the Wilcoxon test does not show any statistical difference. The
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result from the t-test supports the hypothesis that Quality is more accu-

rate than Industry (p=0.092), but the opposing result from the Wilcoxon

test (p=0.955) leads us to the conclusion that there is not enough statisti-

cal evidence to conclude that there is a significant difference in the central

tendency of the errors. Industry and Quality lead to an almost identical dis-

persion of valuation errors. These results indicate that Quality and Industry

are equally accurate selection methods when performing valuations based on

the price-book multiple. In summary, the results presented in Table 5.3 in-

dicate that selecting peers on the basis of Quality rather than Industry leads

to less accurate price-earnings valuations and statistically indistinguishable

price-book valuations.

Table 5.4 reports the results of valuations where comparable firms have

been selected based on each of the quality measures as well as Industry.

Comparable firms have been identified as the 10 closest firms in terms of

each quality measure. We report the median, mean, interquartile range and

proportion within 15 percent of the absolute percentage errors. We have

ranked the selection methods in terms of accuracy to provide an overview of

our findings. The table also includes a matrix of t-statistics. The reported

t-statistics are based on a Student’s t-test for difference in the mean of

the absolute percentage errors between the methods stated in the columns

and the methods stated in the rows. A positive t-statistic indicates that

the “row” is more accurate than the “column”. We report the results of the

price-earnings valuations in Panel A. Industry seems to be the most accurate

selection method in terms of both central tendency and dispersion of abso-

lute percentage errors. Industry is significantly more accurate than the other

selection methods. Payout and Safety seem to be the most accurate quality

measures while Quality seems to be the least accurate selection method. We

report the results from the price-book valuations in Panel B. The difference

in accuracy between the individual quality measures is considerably more

pronounced for price-book valuations. Profitability is the most accurate
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Table 5.4: Absolute percentage errors, ranks and t-statistics for P/E and
P/B valuations where comparable firms have been selected based on either
Profitability, Growth, Safety, Payout, Quality or Industry

This table reports the median, mean, interquartile range and proportion less than 15 per-

cent of Absolute Percentage Errors for each selection method. The total firm-year observa-

tions are 22,903. The numbers in parentheses indicate the rank of each selection method

in each row. A positive (>1.96, two-sided, p=0.05) t-statistic (Student’s t) indicates that

the “row” is more accurate than the “column”, and conversely for a negative statistic.

PANEL A: PRICE-EARNINGS

Prof Grow Safe P-out Qual Indu

Median 0.336 (5) 0.332 (4) 0.332 (3) 0.330 (2) 0.338 (6) 0.289 (1)

Mean 0.455 (5) 0.453 (4) 0.449 (2) 0.452 (3) 0.458 (6) 0.403 (1)

IQ range 0.435 (6) 0.433 (3) 0.433 (4) 0.428 (2) 0.433 (5) 0.390 (1)

Prop<15% 0.238 (5) 0.242 (4) 0.245 (2) 0.243 (3) 0.237 (6) 0.281 (1)

t-statistics

Grow 0.83

Safe 2.59 1.77

P-out 1.14 0.34 -1.38

Qual -1.62 -2.29 -4.02 -2.68

Indu 17.23 16.38 15.17 15.66 18.19

PANEL B: PRICE-BOOK

Prof Grow Safe P-out Qual Indu

Median 0.320 (1) 0.379 (4) 0.395 (5) 0.406 (6) 0.350 (3) 0.346 (2)

Mean 0.421 (1) 0.491 (4) 0.500 (5) 0.516 (6) 0.454 (2) 0.460 (3)

IQ range 0.386 (1) 0.434 (4) 0.451 (5) 0.458 (6) 0.421 (2) 0.425 (3)

Prop<15% 0.247 (1) 0.205 (4) 0.199 (5) 0.192 (6) 0.223 (3) 0.229 (2)

t-statistics

Grow -20.12

Safe -26.08 -2.64

P-out -27.47 -8.03 -5.83

Qual -13.61 10.94 16.63 17.98

Indu -12.21 8.81 12.99 17.22 -1.68

selection method for price-book valuations. The superior accuracy of Prof-

itability is significant at the 1% level against the other selection methods.

Quality is more accurate than Growth, Safety and Payout. Growth is more
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accurate than Safety and Payout, while Safety is more accurate than Payout.

Industry is more accurate than Growth, Safety and Payout. In summary,

the results of Panel A support the rejection of the hypothesis that selection

on the basis of the quality measures rather than industry affiliation leads

to more accurate price-earnings valuations. However, the results in Panel B

indicate that Profitability is a more accurate selection method than Industry

when valuations are performed using the price-book multiple.

5.2.2 Intra-industry selection methods

In this subsection, we examine selection methods that are based on com-

binations of Industry and quality measures. More specifically, we examine

the ability of the quality measures when selecting comparable firms within

industries. We also examine our third hypothesis by benchmarking combi-

nations of Industry and quality measures against combinations of Industry

and ROE as well as Industry and Size.

In order to be able to evaluate these intra-industry selection methods, we

have to alter the default methodology slightly. Some GICS Sub-Industries

(GICS8) and GICS Industries (GICS6) contain less than 20 S&P 1500 firms.

Evaluation of selection methods within industries require that industries

have a certain size. For instance, consider a situation where we would have

to identify the 10 closest firms in terms of Growth among 12 firms in the

same Industry and test whether the valuation is more accurate than a val-

uation based on the 10 closest firms in terms of Payout. Industries with

12 firms would not give us enough selection opportunities to conduct a fair

test of the difference in intra-industry accuracy among the selection meth-

ods. Therefore, we have made the following methodological changes that

only apply to this subsection on intra-industry selection methods. Industry

is now defined as GICS65, and observations are excluded an industry con-

tains less than 20 firms. The algorithm is modified so that it identifies six

5The second most detailed classification level in GICS, which is the one that is used in
Lee, Ma, and Wang (2014).
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peers instead of ten. We still use the reduction mechanism so that all selec-

tion methods identify the same number of comparable firms. The number

of firm-year observations in this sub-analysis is 15,491. This methodologi-

cal setup allows us to conduct a fair test of the marginal improvements by

selecting peers as the closest firms in terms of some measure within same

GICS6-Industry.

Table 5.5 reports the absolute percentage errors and ranks from the

analyses where we apply a selection method that identifies peers with similar

quality characteristics within the same GICS-Industry6. We report our find-

ings from the price-earnings valuations in Panel A. We find that valuations

where peers have been selected on the basis of quality measures within an

industry are more accurate than valuations where peers have been selected

on the basis of Industry alone. The finding is significant at the 1% level for

Profitability, Growth, Safety, Payout and Quality. Interestingly, the Quality

measure performs much better when it selects peers intra-industry. Quality

is the most accurate intra-industry selection method based on the median

of errors, and the second most accurate in terms of the mean. Profitability

is the most accurate in terms of the mean and the second most accurate

in terms of the median. This is in contrast to the results from the previ-

ous subsection, where Quality and Profitability were the most inaccurate

selection methods in the price-earnings valuations. We revisit this finding

in the discussion chapter. The difference in accuracy among the quality

measures is very small. Profitability is significantly (1% level) better than

Growth, Safety and Payout, but the differences in mean error is less than one

percentage point. The non-tabulated Wilcoxon test shows that Profitabil-

ity is indistinguishable from Quality. In summary, the findings reported

in Panel A support the hypothesis that selecting comparable firms on the

basis of combinations of quality measures and Industry rather than just in-

dustry affiliation leads to more accurate valuation estimates. Profitability

6Code from the intra-industry valuation program is enclosed in Appendix B.
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Table 5.5: Absolute percentage errors, ranks and t-statistics for P/E and
P/B valuations where comparable firms have been selected based on Indus-
try or combinations of Industry and quality measures

This table reports the median, mean, interquartile range and proportion less than 15 percent of

Absolute Percentage Errors for each selection method. The total firm-year observations are 15,491.

The numbers in parentheses indicate the rank of each selection method in each row. A positive

(>1.96, two-sided, p=0.05) t-statistic (Student’s t) indicates that the “row” is more accurate than

the “column”, and conversely for a negative statistic.

PANEL A: PRICE-EARNINGS

Indu
&Prof

Indu
&Grow

Indu
&Safe

Indu
&P.out

Indu
&Qual

Indu

Median 0.279 (2) 0.282 (3) 0.284 (5) 0.283 (4) 0.277 (1) 0.292 (6)

Mean 0.390 (1) 0.395 (3) 0.398 (5) 0.396 (4) 0.392 (2) 0.408 (6)

IQ range 0.382 (1) 0.393 (4) 0.397 (5) 0.383 (3) 0.382 (2) 0.398 (6)

Prop<15% 0.291 (2) 0.290 (3) 0.290 (4) 0.281 (5) 0.295 (1) 0.275 (6)

t-statistics

Indu&Grow -2.09

Indu&Safe -3.15 -1.23

Indu&P.out -2.27 -0.44 0.77

Indu&Qual -0.97 1.04 2.35 1.52

Indu -6.20 -4.45 -3.19 -4.18 -5.25

PANEL B: PRICE-BOOK

Indu
&Prof

Indu
&Grow

Indu
&Safe

Indu
&P.out

Indu
&Qual

Indu

Median 0.283 (1) 0.320 (3) 0.332 (4) 0.337 (5) 0.308 (2) 0.343 (6)

Mean 0.369 (1) 0.430 (3) 0.436 (4) 0.448 (5) 0.403 (2) 0.454 (6)

IQ range 0.360 (1) 0.402 (3) 0.414 (4) 0.421 (5) 0.386 (2) 0.423 (6)

Prop<15% 0.285 (1) 0.250 (3) 0.243 (4) 0.239 (5) 0.255 (2) 0.234 (6)

t-statistics

Indu&Grow -18.88

Indu&Safe -21.34 -1.95

Indu&P.out -23.61 -5.49 -3.90

Indu&Qual -13.37 8.99 11.51 14.66

Indu -25.40 -7.47 -6.03 -1.99 -16.30
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and Quality seem to be the best intra-industry selection methods.

We report the results of the price-book valuations in Panel B. Prof-

itability seems to be the most accurate intra-industry selection method for

price-book valuations. Profitability, Growth, Safety, Payout and Quality are

all significantly7 more accurate intra-industry than Industry alone. Quality

is significantly better than Growth, Safety and Payout. Profitability is the

best intra-industry selection method. The marginal improvement that is

obtained by combining industry affiliation and the quality measures is more

distinct for price-book valuations. The best P/E combination leads to a

marginal drop in the median absolute percentage error by 1.5 percentage

points, while the best P/B combination leads to a marginal drop in the

median absolute percentage error by 6 percentage points. In summary, the

findings reported in Panel B also support the hypothesis that selecting com-

parable firms on the basis of combinations of quality measures and industry

affiliation rather than Industry alone leads to more accurate valuation esti-

mates.

A selection method combining Industry and ROE is the most accu-

rate of all the selection methods considered in Alford (1992) and Cheng

and McNamara (2000). Consequently, we have a particular interest in test-

ing combinations of Industry and quality measures against the combination

of Industry and ROE. Studies have also considered selection methods that

identify firms with a similar size within the same industry. Size is measured

as tangible assets in Alford (1992) and in Cheng and McNamara (2000),

while Bhojraj and Lee (2002) quantify size as the market capitalization.

We measure Size as the market capitalization. The selection rules for ROE

and Size are similar to the selection rules for the quality measures. Under

these selection methods, the peers are identified as the closest firms in terms

of ROE or Size within the same industry. In Table 5.6, we present our

findings. We include all of the combinations of Industry and the quality

7Payout is almost significant at the 5% level. The rest are significant at the 1% level.
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Table 5.6: Absolute percentage errors, ranks and t-statistics for P/E and
P/B valuations for various comparable firm selection methods

This table reports the median, mean, interquartile range and proportion less than 15 percent of Absolute Percent-

age Errors for each selection method. The total firm-year observations are 15,491. The numbers in parentheses

indicate the rank of each selection method in each row. A positive (>1.96, two-sided, p=0.05) t-statistic (Stu-

dent’s t) indicates that the “row” is more accurate than the “column”, and conversely for a negative statistic.

PANEL A: PRICE-EARNINGS

Indu
&Prof

Indu
&Grow

Indu
&Safe

Indu
&P.out

Indu
&Qual

Indu Indu
&ROE

Prof Indu
&Size

Median 0.279
(3)

0.282
(4)

0.284
(6)

0.283
(5)

0.277
(2)

0.292
(8)

0.252
(1)

0.34
(9)

0.284
(7)

Mean 0.39
(2)

0.395
(4)

0.398
(7)

0.396
(6)

0.392
(3)

0.408
(8)

0.341
(1)

0.462
(9)

0.396
(5)

IQ range 0.382
(2)

0.393
(6)

0.397
(7)

0.383
(4)

0.382
(3)

0.398
(8)

0.332
(1)

0.444
(9)

0.391
(5)

Prop<15% 0.291
(3)

0.29
(4)

0.29
(5)

0.281
(7)

0.295
(2)

0.275
(8)

0.314
(1)

0.234
(9)

0.284
(6)

t-statistics

Indu&Grow -2.1

Indu&Safe -3.2 -1.2

Indu&P-out -2.3 -0.4 0.8

Indu&Qual -1.0 1.0 2.4 1.5

Indu -6.2 -4.4 -3.2 -4.2 -5.3

Indu&ROE 20.0 20.2 19.9 18.9 18.2 21.7

Prof -18.5 -17.3 -14.9 -15.4 -16.5 -12.2 -31.0

Indu&Size -2.2 -0.3 1.0 0.2 -1.3 4.3 -19.5 16.5

PANEL B: PRICE-BOOK

Indu
&Prof

Indu
&Grow

Indu
&Safe

Indu
&P.out

Indu
&Qual

Indu Indu
&ROE

Prof Indu
&Size

Median 0.283
(2)

0.32
(6)

0.332
(7)

0.337
(8)

0.308
(4)

0.343
(9)

0.249
(1)

0.315
(5)

0.304
(3)

Mean 0.369
(2)

0.43
(6)

0.436
(7)

0.448
(8)

0.403
(4)

0.454
(9)

0.331
(1)

0.409
(5)

0.398
(3)

IQ range 0.36
(2)

0.402
(6)

0.414
(7)

0.421
(8)

0.386
(5)

0.423
(9)

0.322
(1)

0.382
(4)

0.381
(3)

Prop<15% 0.285
(2)

0.25
(5)

0.243
(7)

0.239
(8)

0.255
(4)

0.234
(9)

0.317
(1)

0.248
(6)

0.264
(3)

t-statistics

Indu&Grow -18.9

Indu&Safe -21.3 -1.9

Indu&P-out -23.6 -5.5 -3.9

Indu&Qual -13.4 9.0 11.5 14.7

Indu -25.4 -7.5 -6.0 -2.0 -16.3

Indu&ROE 14.7 29.3 31.4 33.5 24.7 35.8

Prof -13.7 5.4 7.2 9.9 -1.9 11.6 -24.3

Indu&Size -8.9 9.4 11.5 14.7 1.6 17.1 -21.0 2.9
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measures, which enables the reader to compare the accuracy of these to the

accuracy of the intra-industry ROE and Size selection methods. Recall that

Profitability proved to be the best individual selection method for price-

book valuations in Subsection 5.2.1. As a consequence, we want to test

if combinations of Industry and the quality measures lead to more accurate

valuations than Profitability alone. The column (“Prof”) represents a selec-

tion method where peers are selected on the basis of Profitability outside

industries but in the same limited sample that is used for this section on

intra-industry selection methods.

We report our findings when valuations are based on the price-earnings

multiple in Panel A. The selection rule where firms are selected on the basis

of a combination of ROE and Industry seems to be the most accurate selec-

tion method. This method is significantly (1% level) more accurate than all

other selection methods. The difference in the median absolute percentage

error is 4 percentage points compared to the second most accurate selection

method, which is the combination of Industry and Quality. The combi-

nation of Industry and Size is indistinguishable from all industry-quality

combinations except Profitability, which is more accurate than Size based

on the t-test. We report our findings of the price-book valuations in Panel

B. The combination of ROE and Industry is also the most accurate selec-

tion method for price-book valuations. This result is significant at the 1%

level. The combination of Industry and Size is more efficient for price-book

valuations. Profitability is the only quality measure that is better than Size

inside industries. Finally, we see from Panel B that the selection rule of out-

side industry Profitability, “Prof”, is more efficient than the combinations

of Industry and Growth, Industry and Safety, and Industry and Payout.

In summary, the results reported in Table 5.6 support a rejection of the

hypothesis that comparable firms selected on the basis of a combination of

quality measures and Industry rather than a combination of ROE and In-

dustry should lead to more accurate valuation estimates. The combination
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of Industry and Profitability is more accurate than the combination of In-

dustry and Size for both multiples, and the combination of Industry and

Quality is more accurate than Size for price-earnings valuations.

5.3 Robustness checks

Except when stated otherwise, all robustness checks are performed under the

default methodological setup (ten peers for each selection rule, the industry

“level-up” rule starting from GICS8, harmonic mean across peers). We

perform robustness checks for different multiples, different number of peers,

restricted size-grouped sub-samples, different error measure, time, sectors

and quality groupings.

5.3.1 Choice of multiples

Naturally, we are concerned with the issue that our findings might have been

different if we had evaluated on the basis of other valuation multiples. In

this subsection, we provide a robustness check of the choice of multiples.

We have already given our motivations for using EV/EBIT, EV/SALES

and one- and two-year forecasted P/E in the methodology chapter. De-

scriptive data on these multiples are included in the summary statistics

table presented in Section 5.1. SALES and EBIT are based on our dataset

of trailing publicly available accounting information that we have prepared

using COMPUSTAT data. The one- and two-year forecasted earnings per

share have been extracted from The Institutional Brokers’ Estimate System

(I/B/E/S). In the methodology chapter, we present the specific data items,

the rules for dropping observations and the method for determining whether

the information was publicly available at the time of the valuations.

Table 5.7 reports the absolute percentage errors of valuations where

comparable firms have been selected on the basis of either Industry or Qual-

ity. Each row represents an independent analysis conducted using the mul-
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Table 5.7: Robustness check for choice of the multiples: Absolute per-
centage errors for P/E, one year forward P/E, two year forward P/E, P/B,
EV/EBIT and EV/SALES valuations where comparable firms have been
selected based on Industry or Quality

This table reports the median, mean and interquartile range of Absolute Percentage Errors
for each selection method. The total firm-year observations are 22,903. The 95% confi-
dence intervals of the median (Wilcoxon signed rank) and the mean (Student’s t) of the
pairwise differences (Quality minus Industry) are reported in the parentheses, and the level
of statistical significance is indicated by *, **, *** for 10%, 5%, and 1%, respectively.

Median Mean IQ range

Qual Indu Dif Qual Indu Dif Qual Indu

P/E
(n=22903)

0.338 0.289 0.041***
(0.038
0.044)

0.458 0.403 0.056***
(0.050
0.062)

0.433 0.390

P/E-1F
(n=15738)

0.369 0.352 0.011***
(0.006
0.015)

0.518 0.520 -0.003
(-0.015
0.010)

0.466 0.459

P/E-2F
(n=15889)

0.342 0.328 -0.001
(-0.007
0.005)

0.486 0.493 -0.007
(-0.017
0.004)

0.447 0.442

P/B
(n=22903)

0.350 0.346 0.000
(-0.004
0.004)

0.454 0.460 -0.006*
(-0.012
0.001)

0.421 0.425

EV/EBIT
(n=22903)

0.305 0.270 0.032***
(0.029
0.035)

0.524 0.445 0.080**
(0.003
0.156)

0.400 0.373

EV/SALES
(n=22903)

0.553 0.414 0.114***
(0.109
0.120)

0.821 0.644 0.177***
(0.119
0.236)

0.507 0.465

tiple that is stated in beginning of the row. It is important to note that

the observations used for the forward-looking multiples (P/E 1FY and P/E

2FY) are not identical to the observations in the other multiples due to

the availability of data in the I/B/E/S database (i.e. 32 percent of the

observations in the trailing multiples are not present in the forward multi-

ples). Therefore, it would be inaccurate to draw conclusions on questions

regarding the accuracy of trailing multiples versus forward multiples. We

have delimited this thesis from examining which multiple that, all else equal,

leads to the highest valuation accuracy. However, it should briefly be noted
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that EV/EBIT seems to be the most accurate trailing multiple8, followed

by P/E, P/B and EV/SALES. The purpose of this table is, however, not

to examine the accuracy of different multiples, but to examine methods for

selecting comparable firms under a different set of valuation multiples. We

have already reported our findings on the P/B and P/E in Subsection

5.2.1. These two multiples have been included in the table for the purpose

of comparability across multiples.

The valuations based on the one-year forward P/E multiple do not ex-

hibit a systematic pattern. The Wilcoxon indicate that Industry is sig-

nificantly more accurate than Quality, but the t-test could not show any

statistical difference. The two-year forward multiple indicates that Quality

and Industry are statistically indistinguishable. The median and mean of

the pairwise differences is not statistically significant different from zero.

The dispersion levels of the errors are almost identical. This leaves us with

the conclusion that there is not enough statistical evidence to support a

proposition that one of the selection rules is more accurate than the other

when predicting forward price-earnings.

The results from the enterprise multiples are more unequivocal. Indus-

try affiliation appears to be a more accurate selection method than Quality

when valuations are based on EV/EBIT and EV/SALES. Industry leads to

a lower degree of dispersion in the errors for both multiples. The difference

in both measures of central tendency is significant at the 1% level for val-

uations based on EV/SALES. Industry leads to a lower EV/EBIT median

absolute percentage error (1% level) and a lower mean absolute percent-

age error (5% level). In summary, Industry seems to be a more accurate

selection method when valuations are based on EV/EBIT and EV/SALES

multiples. This finding supports a rejection of the hypothesis that Quality

is a better selection method than Industry.

8A non-tabulated test indicates that the EV/EBIT leads to significantly more accurate
valuations than the other trailing multiples. P/E is more accurate than P/B, and P/B is
more accurate than EV/SALES. We do not pursue the question of inter-multiples accuracy
any further since it is outside the problem area of this thesis.
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5.3.2 Number of comparable firms

Studies have reported that valuation errors are a decreasing function of

the number of comparable firms contained in the peer group. Cooper and

Cordeiro (2008) find that adding more than ten peers to the peer group

barely increases accuracy. We have used ten as the default number of compa-

rable firms and six comparable firms in Subsection 5.2.2 on intra-industry

selection methods. In this subsection, we examine whether the valuation

accuracy is affected when the number of comparable firms is changed. More

specifically, we show the sensitivity in accuracy of four valuation multiples

to various numbers of comparable firms. To do so, we have valued all the

firms in our sample in each year when varying the numbers of comparable

firms from four to fourteen peers in increments of two. Quality and Industry

are the selection methods examined.

Figure 5.1 reports the valuation errors with varying number of peers.

The four line charts represent the mean absolute percentage error as a func-

tion of the number of peers for the multiples EV/EBIT, EV/SALES, P/B

and P/E. The results presented in the charts indicate that our findings are

robust to number of peers for the EV/EBIT, EV/SALES and P/E multiples.

The accuracy of Quality improves marginally relative to Industry when the

number of peers is increased, but the difference in mean valuation errors re-

mains. Quality and Industry are equally accurate for price-book valuations

when the number of peers is restricted to four. The accuracy of Quality is

improving relative to Industry for larger numbers of peers. The marginal

increase in accuracy for Industry is diminishing beyond ten peers, while the

accuracy of Quality continues to increase. The valuation accuracy of quality

does not diminish after ten peers in any of the multiples. This suggests that

the finding of Cooper and Cordeiro (2008) may not be completely robust to

choice of comparable firm selection method. However, the purpose of this

sub-analysis is not to challenge Cooper and Cordeiro (2008), but rather to

show that our own findings are robust to the number of peers. To outline our
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Figure 5.1: Robustness check for the number of peers: The mean of abso-
lute percentage errors for EV/EBIT, EV/SALES, P/B and P/E valuations
where comparable firms have been selected based on Industry or Quality

This figure reports the mean of absolute percentage errors of valuations based on each
selection method with varying numbers of comparable firms. We have performed
separate valuations using different number of peers from 4 to 14 in increments of 2.
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findings, we argue that the distance in accuracy between Industry and Qual-

ity is sufficiently large to conclude that our results in EV/EBIT, EV/SALES

and P/E would not have changed with a different number of peers. We can

conclude that our findings do seem to be robust to the number of peers for

valuations based on these multiples. The accuracy of price-book valuations

based on the Quality peer selection methods consistently increases with the

number of peers, whereas the accuracy of Industry does not. This finding

indicates that Quality is slightly more accurate than Industry for price-book

valuations when the peer group is larger.
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5.3.3 Error measure and averaging procedure

We also test the robustness of our analysis under a different error measure.

Dittmann and Maug (2008) criticize the percentage errors for not penalizing

large over-valuations that exceed 100%. They suggest using log errors for

a more symmetrical distribution of errors. Dittmann and Maug (2008) find

that the median is the most efficient way to average across the multiples of

the comparable firms when log errors are used. Consequently, we use the

median to average across multiples of peers in this robustness check.

In the following subsection, we report the findings when the multiple

of a firm is calculated using the median instead of the harmonic mean.

Moreover, we measure accuracy based on log errors instead of percentage

errors. Formally, a multiple of a firm i is calculated as

πi
Ei

= Medianj∈Gi

{
Pj
Ej

}
(5.1)

where πi and Ei is the predicted price and earnings of firm i, Pj and Ej is

the observable price and earnings of firm j, and Gi is group of comparable

firms for firm i. The log error for firm i is calculated as

εlog,i = ln
πi
Pi

(5.2)

Table 5.8 reports a complete repetition of the intra-industry analysis with

the methodological changes described above. We examine the same mea-

sures as in previous sections, i.e. the median, the mean and the IQ range of

absolute valuation errors, i.e. |εlog|.
The table shows that the findings are robust to choice of error measure.

The combination of Industry and ROE is still the most efficient selection

method for both price-earnings and price-book valuations (significant at the

1% level of the difference to all the other methods). All combinations of the

quality measures and industry affiliation are more accurate than Industry

alone. Quality and Profitability is still the second best intra-industry selec-
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Table 5.8: Robustness check for the error measure and averaging proce-
dure. Absolute logarithmic errors, ranks and t-statistics for P/E and P/B
valuations for various comparable firm selection methods

This table reports the median, mean, interquartile range and proportion less than 15 percent of Absolute Loga-

rithmic Errors for each selection method. The estimated multiple for each firm has been calculated as the median

across its group of comparable firms. The total firm-year observations are 15,491. The numbers in parentheses

indicate the rank of each selection method in each row. A positive (>1.96, two-sided, p=0.05) t-statistic (Stu-

dent’s t) indicates that the “row” is more accurate than the “column”, and conversely for a negative statistic.

PANEL A: PRICE-EARNINGS

Indu
&Prof

Indu
&Grow

Indu
&Safe

Indu
&P.out

Indu
&Qual

Indu Indu
&ROE

Prof Indu
&Size

Median 0.284
(4)

0.286
(6)

0.291
(7)

0.285
(5)

0.278
(2)

0.293
(8)

0.253
(1)

0.355
(9)

0.284
(3)

Mean 0.422
(3)

0.432
(6)

0.438
(7)

0.430
(4)

0.420
(2)

0.442
(8)

0.368
(1)

0.511
(9)

0.432
(5)

IQ range 0.416
(2)

0.422
(5)

0.431
(7)

0.418
(3)

0.420
(4)

0.433
(8)

0.362
(1)

0.501
(9)

0.423
(6)

Prop<15% 0.294
(3)

0.288
(7)

0.288
(6)

0.291
(5)

0.296
(2)

0.282
(8)

0.316
(1)

0.228
(9)

0.293
(4)

t-statistics
Indu&Grow -4.5
Indu&Safe -6.8 -2.6
Indu&P-out -3.2 1.2 3.8
Indu&Qual 1.0 5.3 8.2 4.3
Indu -8.6 -4.6 -1.8 -5.7 -9.5
Indu&ROE 24.5 25.9 27.9 24.7 22.5 29.2
Prof -29.1 -26.9 -24.5 -27.6 -29.2 -24.0 -44.4
Indu&Size -4.2 0.1 2.8 -1.0 -5.1 4.8 -25.3 27.1

PANEL B: PRICE-BOOK

Indu
&Prof

Indu
&Grow

Indu
&Safe

Indu
&P.out

Indu
&Qual

Indu Indu
&ROE

Prof Indu
&Size

Median 0.293
(2)

0.335
(6)

0.351
(7)

0.357
(8)

0.322
(4)

0.362
(9)

0.253
(1)

0.332
(5)

0.314
(3)

Mean 0.388
(2)

0.446
(6)

0.461
(7)

0.463
(8)

0.427
(5)

0.471
(9)

0.342
(1)

0.426
(4)

0.414
(3)

IQ range 0.395
(2)

0.462
(6)

0.479
(7)

0.492
(8)

0.439
(5)

0.493
(9)

0.350
(1)

0.427
(4)

0.426
(3)

Prop<15% 0.278
(2)

0.244
(5)

0.234
(8)

0.237
(7)

0.253
(4)

0.226
(9)

0.319
(1)

0.241
(6)

0.260
(3)

t-statistics
Indu&Grow -22.4
Indu&Safe -27.6 -6.2
Indu&P.out -28.5 -7.1 -1.0
Indu&Qual -18.1 7.9 14.4 15.1
Indu -31.2 -10.5 -4.3 -3.4 -17.7
Indu&ROE 20.1 37.5 42.3 43.9 33.5 45.9
Prof -15.5 6.5 11.4 12.2 0.3 14.8 -30.8
Indu&Size -9.4 12.3 18.2 19.3 5.1 22.4 -26.5 4.1
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tion method for price-earnings valuations (after ROE). Profitability is still

the second best intra-industry selection method for price-book followed by

Size and Quality. The price-earnings valuation errors for Growth, Safety,

Payout and Size are still very close. The selection method based on individ-

ual Profitability (”Prof”) is still more accurate than intra-industry Growth,

Safety, and Payout for price-book valuations. In general, it seems to be

easier to obtain statistical significance, using the t-test, under the log-error

setup. Consequently, Profitability becomes significantly more accurate than

Size for P/E-valuations, and Size becomes significantly more accurate than

Quality for P/B valuations. In summary, we have repeated the analysis us-

ing log errors and median across peers and we have shown that our findings

seem to be robust to the choice of error measure and averaging procedure.

5.3.4 Time

To acquire a deeper understanding of the selection methods’ performance

across time, we introduce a depiction of the time-variation of valuation accu-

racy in Figure 5.2 and formally in Table A.1 in Appendix A. The figure

shows the mean of absolute percentage errors of the selection methods when

plotted over the entire sample period from 1995 to 2014. The upper panel

shows the mean absolute percentage errors of P/B valuations. The lower

panel shows the mean absolute percentage errors of P/E valuations. The

figure depicts a strong positive correlation between the valuation errors over

time9. The correlation is particular pronounced among the valuations where

comparable firms have been selected based on the quality measures. The

time-variation of valuation errors seems to be non-random and common to

all selection methods and both multiples. We address the causality of time-

variation further in the end of this subsection. The lower panel documents

that the industry mean valuation errors appear to be moving in a lower,

9The correlation between the time series of mean absolute percentage errors from In-
dustry and the time series of mean absolute percentage errors from Quality is 0.89 for
P/E and 0.91 for P/B.
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Figure 5.2: The mean of absolute percentage errors for P/B and P/E
valuations based on various selection methods across time

This figure reports the mean of absolute percentage errors for each selection method in each year
from 1995 to 2014.
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equidistant tandem with the quality errors. The excess accuracy of industry

in P/E valuations appears to be consistent over time up until 2012.

The P/B valuations are reported in the upper panel. The plot reveals a

variation in percentage errors across time that is similar to the one in the

upper panel. In addition, the co-movements of the illustrated percentage

errors appear to be systematic in nature. However, contrary to the lower

panel, we find that Profitability consistently outperforms the other selection

methods over time. This suggest that the result is robust across time. Recall

that our results from the analysis in Subsection 5.2.1 indicated that the

P/B-accuracy of selections based on Quality were almost indistinguishable
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from the P/B-accuracy of selections based on Industry. By studying the

time-variation, we can see that Quality has been less accurate than Indus-

try from 1996 to 2001. Since then, Quality has been more accurate than

Industry for 11 consecutive years (2002 to 2013). The latest observation

from 2014 indicates that this gap in accuracy is currently absent. Prof-

itability has been increasing in accuracy relative to Industry in the same

time interval. This indicates that the increased accuracy of Quality from

2002 to 2013 could have been driven by Profitability.

See Table A.1 in Appendix A for a representation of valuation accu-

racy across time that includes tests of statistical significance in each year.

Causality of time-variation in valuation accuracy

The time-variation in valuation accuracy seems to be independent of the

considered multiples and selection methods10. What causes the systematic

time-variation in valuation accuracy? The first surge in errors peaks in 2000

and the second in 2008. As such, one might speculate that the spikes are

somewhat related to the financial crisis in 2008 and the “dot-com bubble”

in the early 2000s. The first spike in valuation errors is similar to the ones

reported in Dittmann and Weiner (2005) and Liu, Nissim, and Thomas

(2002). Dittmann and Weiner (2005) also speculate that the first spike is

related to the “dot-com bubble”. They argue that ROA performed worse

during the 1999/2000 “new economy” boom, because at that time many

market participants expressed the belief that there had been a structural

break, so that past performance was no longer regarded as a good proxy for

future performance. However, that does not explain why valuations based

on Industry leads to a similar spike. Dittmann and Weiner (2005) argue that

industry classification systems might not be able to separate “new economy”

10For instance, the correlation between the time series of mean absolute percentage
errors from P/E valuations based on Industry and the time series of mean absolute per-
centage errors from P/B valuations based on Industry is 0.83. We have already mentioned
the strong correlation between the time series of mean absolute percentage error from
different selection methods.
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firms from “old economy” firms. This explanation is not satisfying: If the

first spike was driven solely by “new economy” firms, then how do we explain

the second spike and why does it take years for the valuation errors to

converge in contrast to the sharp drawdown in the prices of “new economy”

firms immediately after the bubble? Recall that we perform the valuations

in March. The high level of valuation errors in 2008 is therefore present

before the financial crisis, when the market prices were high. We have

empirically addressed the potential explanation that the time-variation in

valuation errors is caused by the time-variation in the level of the multiples

(i.e. the market price relative to fundamentals). We have constructed a

time series containing the median absolute percentage errors11 for each year

from 1995 to 2014 as well as a time series containing the median value of

the observable multiples for each year. If the time-variation in valuation

errors is caused by general movements in the multiples (the price relative to

fundamentals), we should expect to see a strong positive relation between

the two time series. We test this by running the regression12

Mediani∈St

{∣∣∣∣πi − PiPi

∣∣∣∣} = b0 + b1Mediani∈St

{
Pi
Ei

}
+ εt (5.3)

where Pi and πi is the observed and predicted price of a firm i, St is the

whole sample in year t. We find a weak non-significant negative relation

between valuation errors and multiples across time. The estimated models

are, P/E: b0=0.39 (p=0.00), b1=−0.01 (p=0.10), R2=0.15 and P/B: b0=0.45

(p=0.00), b1=−0.04 (p=0.09), R2=0.15. The negative relation is not in

accordance with the suggestion that the valuation errors are an increasing

function of the “price to fundamentals relation”, and the large amount of

unexplained variation (85%) suggests that the time-variation of valuation

errors is caused by more than just the median levels of the multiples.

11From the industry selection method
12This equation is the P/E regression. We also run a regression of the P/B errors on

the P/B multiples. The relation is depicted graphically in Figure 5.3
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Figure 5.3: The relation between the median of valuation errors and the
median of observable multiples in a given year

This figure reports a scatter-plot and linear regression line of the relation between
the median of valuation errors across the whole sample in a given year and the me-
dian of the value of the observable multiples across the whole sample in a given year.
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We have found that a more convincing linear relation can be obtained

by explaining the time series of median absolute percentage errors by a time

series of the cross-sectional dispersion (interquartile range) and the one-year

changes in the median level of the multiples. More formally13,

Mi∈St

{∣∣∣∣πi − PiPi

∣∣∣∣} = b0 + b1IQRi∈St

{
Pi
Ei

}
+ b2

(
Mi∈St

{
Pi
Ei

}
−Mi∈St−1

{
Pi
Ei

})
+ εt (5.4)

where M and IQR are abbreviations for the median and the interquartile

range, Pi and πi is the observed and predicted price of a firm i, St is the whole

sample in year t, and St−1 is the whole sample in year t-1. The two vari-

ables (dispersion and one-year change14) are significant linear predictors (F-

test for the linear regression model (P/E: p=0.03 and P/B: p=0.00)). The

estimated model for P/E errors is: b0=0.20 (p=0.00), b1=0.01 (p=0.01),

13Again, the equation expresses the P/E regression. We also run a regression of the
P/B errors on the P/B multiples

14Note that the one-year change can be interpreted as a measure of volatility.
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b2=−0.005 (p=0.043), R2
Adj=0.28. The estimated model for P/B errors

is: b0=0.26 (p=0.00), b1=0.05 (p=0.01), b2=−0.056 (p=0.001), R2
Adj=0.57.

The valuation errors depend positively on the dispersion of the observed

multiples, but negatively on the changes in the median of the observed mul-

tiples across time15.

Our finding suggests that the significant fluctuations in valuation errors

across time must be caused by some factor that is common to the consid-

ered selection methods and multiples. The true cause seems to be correlated

with the cross-sectional dispersion of the multiples well as the change in the

median level of the multiples across time.

Solving the puzzle of the discovered time-variation effect should be un-

dertaken in a research application dedicated to the subject. Our research

design has been built with a purpose different from explaining time series

effects. Consequently, we only have one recording per year. We leave further

investigation of the time-variation effect to future research.

5.3.5 Sectors

In this section, we present the performance of the selection methods across

sectors. Note that this does not imply that the quality measures have se-

lected comparable firms within a specific sector16. This is just another way

of organizing and representing the valuation errors that have already been

reported. The purpose is to show that our results are robust across sectors.

In Table 5.9, we have grouped the firms (and accompanying valuation

errors) into sectors and calculated the medians of the valuation errors for

each selection method within each sector. We have then ranked the selection

methods in each sector based on the median of absolute percentage errors.

The ranks are reported in parenthesis. From the table it can be inferred

15The residuals from (Equation 5.4) for both P/E and P/B seems to be normally
distributed based on both the Jarque-Bera and the Anderson-Darling test. The Durbin-
Watson indicates no autocorrelation, and the White test indicates no heteroscedasticity.

16We have already provided an analysis where we test intra-industry selection methods.
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Table 5.9: The median of absolute percentage errors and ranks for various
selection methods across sectors

This table reports the median of Absolute Percentage Errors within sectors for each selection
method. The number in parenthesis indicates the rank of a selection method in a given sector.

PANEL A: PRICE-EARNINGS

Prof Grow Safe P-out Qual Indu

Energy 0.44 (4) 0.43 (3) 0.45 (6) 0.44 (5) 0.43 (2) 0.37 (1)

Materials 0.32 (3) 0.32 (4) 0.32 (5) 0.32 (6) 0.32 (2) 0.32 (1)

Industrials 0.30 (6) 0.29 (5) 0.28 (2) 0.29 (3) 0.29 (4) 0.27 (1)

Consumer
Discretionary

0.33 (4) 0.33 (5) 0.33 (6) 0.32 (2) 0.32 (3) 0.30 (1)

Consumer
Staples

0.29 (5) 0.28 (4) 0.25 (1) 0.29 (6) 0.28 (3) 0.27 (2)

Health Care 0.35 (5) 0.36 (6) 0.34 (2) 0.35 (4) 0.35 (3) 0.31 (1)

Financials 0.35 (5) 0.33 (2) 0.34 (3) 0.34 (4) 0.36 (6) 0.25 (1)

Information
Technology

0.41 (5) 0.40 (3) 0.41 (4) 0.39 (2) 0.41 (6) 0.38 (1)

Telecomm.
Services

0.36 (1) 0.40 (5) 0.38 (3) 0.40 (4) 0.41 (6) 0.37 (2)

Utilities 0.28 (6) 0.26 (2) 0.28 (4) 0.27 (3) 0.28 (5) 0.18 (1)

Total 0.34 (5) 0.33 (4) 0.33 (3) 0.33 (2) 0.34 (6) 0.29 (1)

PANEL B: PRICE-BOOK

Prof Grow Safe P-out Qual Indu

Energy 0.35 (5) 0.36 (6) 0.33 (2) 0.34 (3) 0.34 (4) 0.31 (1)

Materials 0.28 (1) 0.35 (4) 0.36 (5) 0.36 (6) 0.34 (2) 0.35 (3)

Industrials 0.30 (1) 0.35 (3) 0.35 (5) 0.35 (4) 0.32 (2) 0.36 (6)

Consumer
Discretionary

0.37 (1) 0.40 (3) 0.43 (5) 0.44 (6) 0.39 (2) 0.42 (4)

Consumer
Staples

0.37 (1) 0.48 (5) 0.49 (6) 0.47 (4) 0.42 (2) 0.47 (3)

Health Care 0.34 (1) 0.41 (4) 0.42 (5) 0.43 (6) 0.37 (2) 0.37 (3)

Financials 0.29 (2) 0.36 (4) 0.38 (5) 0.40 (6) 0.33 (3) 0.27 (1)

Information
Technology

0.34 (1) 0.41 (4) 0.43 (5) 0.43 (6) 0.38 (2) 0.38 (3)

Telecomm.
Services

0.38 (1) 0.48 (6) 0.47 (5) 0.46 (4) 0.46 (3) 0.39 (2)

Utilities 0.22 (2) 0.28 (4) 0.33 (5) 0.36 (6) 0.27 (3) 0.19 (1)

Total 0.32 (1) 0.38 (4) 0.39 (5) 0.41 (6) 0.35 (3) 0.35 (2)

that the ranks appear non-random and that a certain pattern exists across

sectors. Panel A shows the results for the price-earnings valuations. In
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Subsection 5.2.1, we found that industry affiliation led to more accurate

price-earnings valuations. When examining accuracy across sectors, we find

that Industry is the most accurate selection method in eight out of ten sec-

tors. This suggests that the original finding is robust across sectors. When

examining the individual sectors, we see a large degree of sector-specific

variation among the selection methods. The deviation among sectors is par-

ticularly strong in the Financials sector where the difference in accuracy

between Industry and Quality is 11 percentage points. On the other hand,

all selection methods appear equally good at predicting the P/E multiple

in the Materials sector. Panel B reports the results for the price-book val-

uations. Profitability is the most accurate selection method in seven out of

ten sectors. This indicates robustness of the finding that Profitability is the

most accurate selection method for price-book valuations. As with Panel A,

there appears to be a great sector-wide variation among the selection meth-

ods in Panel B. This phenomenon is predominantly evident in the Consumer

Staples sector where Profitability leads to valuations that are ten percentage

points more accurate than Industry.

5.3.6 Size

In this subsection, we report the results of an analysis where we first divide

the sample into three size-groupings each year based on three components of

the S&P 1500, S&P 500 (Large Companies), S&P 400 (Medium Companies)

and S&P 600 (Small Companies), and then restrict the selection methods

to identify comparable companies within each sub-sample. We report the

results of the three analyses in Panel A, B and C in Table 5.10. The two

considered selection methods are Quality and Industry.

The price-earnings valuation accuracy seems to be increasing with size

for both selection methods. Industry seem to be more accurate than Quality

in price-earnings valuations in all three size-groupings. Valuation errors

from the Industry selection method are less dispersed, and the difference
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Table 5.10: Absolute percentage errors for P/E and P/B valuations in
size-restricted sub-samples

This table reports the median, mean and interquartile range of Absolute Percentage Errors for each selection

method. The total firm-year observations are 22,903. The 95% confidence intervals of the median (Wilcoxon

signed rank) and the mean (Student’s t) of the pairwise differences (Quality minus Industry) are reported in

parentheses, and the level of statistical significance is indicated by *, **, *** for 10%, 5%, and 1%, respectively.

PANEL A: S&P 500 LARGE CAP

P/E P/B

Qual Indu Difference Qual Indu Difference

Median 0.317 0.277 0.040***
(0.035
0.045)

0.367 0.349 0.005**
(0.000
0.015)

Mean 0.444 0.396 0.048***
(0.038
0.058)

0.487 0.495 -0.009
(-0.021
0.003)

IQ range 0.423 0.374 0.446 0.429

PANEL B: S&P 400 MID CAP

P/E P/B

Qual Indu Difference Qual Indu Difference

Median 0.329 0.278 0.035***
(0.030
0.041)

0.340 0.335 -0.006*
(-0.013
0.001)

Mean 0.440 0.391 0.049***
(0.039
0.060)

0.421 0.432 -0.011*
(-0.021
-0.002)

IQ range 0.417 0.389 0.400 0.433

PANEL C: S&P 600 SMALL CAP

P/E P/B

Qual Indu Difference Qual Indu Difference

Median 0.353 0.314 0.035***
(0.030
0.040)

0.329 0.331 -0.010***
(-0.015
-0.005)

Mean 0.478 0.435 0.043***
(0.034
0.052)

0.421 0.440 -0.019***
(-0.028
-0.011)

IQ range 0.439 0.425 0.401 0.409

in the central tendency measure is significant at the 1% level in all size

groups. The price-book valuations lead to findings that are more ambiguous.

Industry is slightly more accurate in terms of the median absolute percentage
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errors in the large-cap sample. The median of the pairwise differences is 0.5

percentage points17, but the mean of the differences suggests that Quality is

more accurate for large firms (though not statistically significant). Quality

seems to be more accurate in both the mid-cap and small-cap sample. The

Quality errors seem to have a lower dispersion and the differences in central

tendency are significant at the 10% level in the mid-cap sample and at

the 1% level in the small cap sample. Note also that valuation accuracy

is decreasing with size for the price-book valuations. This applies to both

selection methods. The relation between valuation accuracy and size seems

to be inversely related depending on the valuation multiple. We revisit this

surprising finding in the discussion chapter.

In summary, the finding that Industry is more accurate than Quality for

price-earnings valuations seems to be robust across size. Valuation accuracy

seems to increase with size for price-earnings and decrease with size for

price-book. Quality seems to be more accurate than Industry for price-book

valuations of smaller firms.

5.3.7 Quality groupings

This subsection provides a representation of valuation errors, where firms

(and accompanying valuation errors) have been sorted into three groups

based on Quality in each year. The purpose is to examine whether there is

a difference in valuation accuracy across the two selection methods across

firms with high, medium and low quality. None of the selection methods

have been restricted to identify peers in the groups. The grouping is just

a new representation of the original prediction errors, which allows us to

study the valuation errors for firms with different quality characteristics.

Table 5.11 reports the median and the mean of absolute percentage

errors sorted in three groups based on the quality of the firm that has been

valued. We can study the accuracy of both selection methods (Industry and

17The 95% confidence levels are 0.0 to 1.5 percentage points.
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Table 5.11: Absolute percentage errors for P/E and P/B valuations sorted
by Quality of the firm subject to valuation

This table reports the median and the mean of Absolute Percentage Errors for each selection method. The

total firm-year observations are 22,903. We report the median and the mean of the pairwise differences (Quality

minus Industry). The level of statistical significance is indicated by *, **, *** for 10%, 5%, and 1%, respectively.

PANEL A: HIGH QUALITY FIRMS

Qual
(P/E)

Indu
(P/E)

Difference
(P/E)

Qual
(P/B)

Indu
(P/B)

Difference
(P/B)

Median 0.280 0.259 0.053*** 0.362 0.389 -0.018***

Mean 0.376 0.356 0.106*** 0.459 0.422 0.037***

PANEL B: MEDIUM QUALITY FIRMS

Qual
(P/E)

Indu
(P/E)

Difference
(P/E)

Qual
(P/B)

Indu
(P/B)

Difference
(P/B)

Median 0.335 0.280 0.049*** 0.355 0.319 0.021***

Mean 0.450 0.408 0.042*** 0.468 0.448 0.019***

PANEL C: LOW QUALITY FIRMS

Qual
(P/E)

Indu
(P/E)

Difference
(P/E)

Qual
(P/B)

Indu
(P/B)

Difference
(P/B)

Median 0.415 0.338 0.023*** 0.338 0.325 -0.008**

Mean 0.550 0.444 0.019*** 0.437 0.510 -0.073***

Quality) in each group. Recall from Table 5.2 that large firms tend to have

a higher quality on average. The price-earnings valuation accuracy of both

selection methods is increasing with quality, and the price-book valuation ac-

curacy of both selection methods is decreasing with quality. Industry is more

accurate than Quality in price-earnings valuations across all three groups.

The findings from the price-book valuations are ambiguous. Selecting com-

parable firms based on Quality seems to be more efficient for low-quality

firms, while industry leads to more accurate valuations for medium-quality

firms. We are not able to make a conclusion regarding the central tendency

of price-book errors for high quality firms, since the Wilcoxon test and the

paired t-test lead to opposite conclusions.
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Discussion

We start this chapter by relating the empirical findings to our hypotheses

as well as previous studies. Then follows a section on interpretations, where

we suggest explanations for the empirical results. In addition, the chapter

includes a discussion of limitations as well as ideas for future research and

implications for practitioners.

6.1 Preliminary conclusions

The theoretical assumptions behind the multiple valuation method is, in

principle, violated if the proposed peer group is not truly identical in terms

of expected future profitability, growth and risk. The empirical literature

on the subject has largely examined industry affiliation and ‘fundamentals’

as selection methods. We have proposed a new method of identifying com-

parable firms that can be categorized as a ‘fundamentals’ approach. We

have stated three hypotheses in order to structure our empirical examina-

tion. We have tested these hypotheses by explicitly valuing all firms in our

sample once a year for twenty years under each considered selection method

and under various conditions. The results of these valuations, presented in

the previous chapter, allow us to provide answers to our hypotheses.

93
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• Hypothesis 1: The selection of comparable firms based on quality mea-

sures leads to more accurate valuation estimates than selections based

on industry affiliation.

The empirical evidence in favor of industry affiliation is substantial. Selec-

tion on the basis of industry affiliation is more accurate than any quality

measure in the price-earnings valuations. This finding is robust across time,

sectors, size- and quality-groupings and number of peers. In addition, we

showed that industry affiliation led to more accurate valuation estimates

when we based our valuations on EV/EBIT- and EV/SALES multiples.

There is also some evidence that leads to more ambiguous conclusions. In-

dustry affiliation and the overall quality measure leads to indistinguishable

levels of accuracy when valuations are based on the one- and two-year for-

ward P/E. Moreover, industry affiliation and the overall quality measure

yield almost identical valuation errors for price-book valuations for low num-

bers of peers, but the overall quality measure seems to be more accurate

when the peer group consists of more than ten firms. Finally, our empirical

evidence suggests that one of the quality measures, the profitability mea-

sure, is consistently more accurate than industry affiliation for price-book

valuation. This finding is robust across time and sectors. Overall, there

seems to be an overweight of evidence suggesting a rejection of hypothesis

one.

• Hypothesis 2: The selection of comparable firms based on the combina-

tion of quality measures and industry affiliation leads to more accurate

valuation estimates than selections based solely on industry affiliation.

Our results indicate that selecting comparable firms based on quality mea-

sures within industries leads to more accurate valuations than selections

based solely on industry affiliation. Selection based on each quality measures

leads to significantly more accurate intra-industry valuation estimates. This

finding suggests that each quality measure contains additional valuation-

specific information apart from what is captured by industry affiliation. We
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have also shown that the finding is robust to the choice of error measure

and averaging procedure. Interestingly, the accuracy of selections based on

the overall quality measure is improved relatively to selections based on the

four quality components when evaluated intra-industry. Consequently, the

idea of combining the measures into an overall quality measure seems to be

efficient when peers are selected within industries but not outside. Overall,

we can conclude that our empirical findings support hypothesis two.

• Hypothesis 3: The selection of comparable firms based on the combina-

tion of quality measures and industry affiliation leads to more accurate

valuation estimates than the combination of industry affiliation and re-

turn on equity and the combination of industry affiliation and size.

The combination of industry affiliation and ROE is the most accurate se-

lection method by a comfortable margin. The combination of industry af-

filiation and size is more accurate than industry affiliation alone. We have

shown that these finding are robust to the choice of error measure and

averaging procedure. The accuracy of price-earnings valuations when com-

parable firms are selected on the basis of quality measures within industries

seems to be indistinguishable from valuations where peers are selected on

the basis of size within industries1. The combination of size and industry

affiliation seems to be more efficient for P/B valuations than P/E valuations

relative to the other methods. Profitability is the only quality measure that

is significantly more accurate than size intra-industry when evaluated on the

basis of price-book. Overall, our empirical findings suggest a rejection of the

hypothesis that the selection of comparable firms based on a combination of

quality measures and industry affiliation leads to more accurate valuation

estimates than the combination of industry affiliation and return on equity

and the combination of industry affiliation and size.

1The level of statistical significance depends on the error measure. The overall quality
measure is significantly more accurate than size based on the log errors in the P/E-
valuations but significantly less accurate in the P/B-valuations.
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6.2 Relation to previous literature

In the following paragraphs, we compare our findings with the results of

previous studies. We have found that selection based on industry affiliation

rather than ‘fundamental’ measures leads to more accurate price-earnings

valuations. This result is in conformity with Alford (1992) and Cheng and

McNamara (2000) who evaluate based on price-earnings and find that se-

lections based on industry affiliation result in lower valuation errors. We

find that a selection based on the profitability measure leads to more accu-

rate price-book valuations while industry affiliation and the overall quality

measure are indistinguishable from one another for price-book valuations.

A slightly different result is reached by Cheng and McNamara (2000) who

also evaluate on the basis of price-book. They find that ROE and industry

affiliation lead to a statistically similar accuracy for price-book valuations.

Bhojraj and Lee (2002) examine the accuracy of industry affiliation and a

fundamental approach for price-book valuations. They find evidence in favor

of the fundamental approach. Bhojraj and Lee (2002) obtain a similar result

for EV/SALES valuations. Our empirical results from the EV/SALES val-

uations are in contrast to their finding. In fact, the overall quality measure

loses to industry affiliation by a very significant margin in the EV/SALES

setting. Part of the difference may be explained by the fact that Bhojraj and

Lee (2002) use a model that is empirically fitted to each specific multiple,

whereas our measures are not fitted to any specific multiples by construction

and therefore suffer less risk of data mining. Dittmann and Weiner (2005)

find that ROA is more accurate than industry affiliation for EV/EBIT val-

uations. They report that the finding is significant in their broad sample as

well as their US only subsample. Our finding in the EV/EBIT valuation is

more in favor of the industry affiliation methods, and therefore our results

are not in conformity with Dittmann and Weiner (2005).

Our findings based on intra-industry selection methods suggest that all

combinations of the quality measures and industry affiliation are more ac-
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curate than industry affiliation alone. Moreover, the empirical results show

that the overall measure of quality is more efficient within industries than

outside of industries relative to the other quality measures. Several stud-

ies have examined selection methods that identify comparable firms as the

closest firms in terms of a fundamental measure within the same industry.

For instance, Alford (1992) finds that the combination of industry affiliation

and ROE is indistinguishable from industry for price-earnings valuations

and that the combination of industry and size, measured by tangible assets,

is less accurate than industry. As such, our findings on the combinations of

selection methods are not in conformity with the findings of Alford (1992).

Cheng and McNamara (2000) find that the combination of industry and

ROE is the most accurate selection method for both price-earnings and

price-book valuations. Our empirical evidence supports these findings. This

conclusion is also underpinned by the robustness test for the error measure

and averaging procedure where the results remain highly significant. Fi-

nally, Bhojraj and Lee (2002) report that a selection method where firms

are chosen by combining industry affiliation with a fundamental “warranted

multiple” is significantly more accurate than both industry affiliation and

“warranted multiple” alone. This is in conformity with our findings.

Nel, Bruwer, and le Roux (2014) find that selections based on combined

fundamentals lead to a higher valuation accuracy than selections based on

separate fundamental measures. We cannot confirm their results based on

our empirical findings. First, selections based on ROE seem to be bet-

ter than our complex profitability measure when the methods are evaluated

intra-industry. This conflicting finding suggests that the combination of sev-

eral profitability measures perhaps introduces more noise than information.

Second, the overall quality measure is not strictly better than the individual

quality measures. Instead, the profitability measure is consistently better

for price-book valuations both outside and within industries, and the overall

quality measure primarily seems to be efficient when combined with indus-
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try for price-earnings valuations.

We have found that the selection on the basis of a combination of indus-

try affiliation and size, where size is measured by market capitalization, leads

to a higher valuation accuracy than industry affiliation alone. This finding

is partly consistent with Bhojraj and Lee (2002)2. Both Alford (1992) and

Cheng and McNamara (2000) find that industry affiliation and size, where

size is measured by tangible assets, is less accurate than industry affiliation

alone. A possible interpretation is that market capitalization contains more

valuation-relevant information than tangible assets3.

The differences in the findings of this thesis and those of previous stud-

ies cannot be explained away by simple differences in the sample selection

and the research design. The main cause of the differences is obviously that

we consider a new selection method. The categorization of selection meth-

ods such as ours, Bhojraj and Lee’s “warranted multiple”, ROE, ROA and

tangible assets as ‘fundamentals’ is of course a rough one. These selection

methods have major differences. There is, however, one aspect of research

designs that may have influenced the differences of the results obtained in

the different studies. That is, how industry affiliation is quantified. For in-

stance, Bhojraj and Lee (2002) find that their “warranted multiple” leads to

more accurate valuation estimates than industry affiliation, but they mea-

sure industry as the first 2-digits of each company’s SIC-code. This is a very

rough industry definition compared some of the other studies4 and especially

our detailed industry definitions. Another difference in research designs is

the approach to unequal number of peers among different selection meth-

2Bhojraj and Lee (2002) find a minute difference between selections based on industry
affiliation and a combination of industry affiliation and size.

3Note that the identification of peers with similar market capitalization leads to a
logical iteration problem: We need to know the market cap of the firms that are being
valued in order to find firms with a similar market cap. We need to know the price of the
firm in order to know the market cap. This means that we need to use information about
the price of the firm to estimate the price of the firm.

4Alford (1992), which precedes the study of Bhojraj and Lee (2002) by 10 years, even
uses a more detailed industry definition (SIC 4-digits).
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ods. Until Lee, Ma, and Wang (2014) there appears to have been a lack

of focus on the bias that is caused by having an unequal number of peers

among different selection methods. Like Lee, Ma, and Wang (2014), we have

used a random number generator to reduce the industry peer group in every

single valuation in order to have an equal number of peers for all selection

methods. Lee, Ma, and Wang (2014) use the second-most detailed GICS

level. From a theoretical perspective, we should expect to see accuracy in-

crease with industry fineness, because a higher degree of industry fineness

should lead to a more accurate similarity in product-market completion, ex-

ternal demand and supply factors etc. Unlike no previous study in this field

that we are familiar with, we have used the most detailed GICS level in

our industry selection method. We argue that our combination of GICS8,

the industry classification level-up rule from Alford (1992) and the random

reduction from Lee, Ma, and Wang (2014) should provide a methodological

contribution that can be used in future research for an industry selection

method that is as precise as possible while avoiding unequal peer bias.

6.3 Interpretations

In this section, we highlight, discuss and attempt to provide theoretical ex-

planations for some of our findings.

Based on our derivations, we have argued that expected future growth

should be a key driver behind the P/E multiple. However, we find that

our growth measure is not a superior selection method for price-earnings

valuations. The result suggests that our growth measure is not as good an

indicator of expected growth as we had expected. Recall that our measure

of growth is constructed on the basis of five-year changes in several prof-

itability measures. We have already mentioned that the relation between

historical growth and expected growth can be discussed. Empirical studies

have found a negative correlation between multiples and one-year realized

earnings growth. Fairfield (1994), Penman (1996) and Hansen, Mouritsen,
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and Plenborg (2003) find a negative correlation between current multiples

and one-year realized earnings growth. Fama and French (2002) report that

a historical high growth in earnings tends to mean-revert in the follow-

ing years. Brown, Goetzmann, and Ross (1995) suggest that past average

growth rates are upward biased estimates of future growth. By contrast,

Asness, Frazzini, and Pedersen (2014) report a significant ten-year persis-

tency5 in their growth measure. There is, however, a difference between ex

ante expected growth rates (which should be implicitly priced in multiples)

and the ex post realized growth rates used in the studies on growth mean-

reversion. Our findings indicate that an even more complex historic growth

measure is not the ideal way to identify comparable firms for multiple val-

uation.

As we have already mentioned, the idea of combining the quality compo-

nents into a overall quality measure seems to be more efficient for comparable

firm selection within industries than outside industries. More specifically,

the overall quality measure leads to higher valuation accuracy than each

of the components for price-earnings valuations when evaluated within in-

dustries, but larger valuation errors than any of the components for price-

earnings valuations when evaluated outside industries. A possible explana-

tion for this result is that industry affiliation acts as an initial ‘screener’

for similar firms, prohibiting non-comparable firms from being included in

the quality peer group. To some extent, selection within industries can be

interpreted as ‘controlling for growth’. More specifically, the result that in-

dustry affiliation alone is the best individual price-earnings selection method

indicates that industry affiliation accounts for some of the growth expecta-

tions. If the quality measure has difficulties in capturing growth expecta-

tions, then the aforementioned argument may be a possible explanation as

to why the idea of combining the quality measures seems to work within

industries. However, our findings cast doubt on the notion that the overall

5This suggests that the complex growth measure might mean-revert slower than the
one-year realized growth observations.
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quality measure is a systemically more accurate selection method than its

individual components. Perhaps the combination of the individual quality

measures adds more noise than information. The process of combining the

overall quality score by z-transforming each firm’s average across each of

the subcomponents may not be the optimal solution for comparable firm

selection purposes. There will be cases where firms with high profitabil-

ity and low growth are matched with firms with low profitability and high

growth because scores across measures cancel out. A possible solution to

this problem would be to construct an algorithm that identifies firms that

are similarly ranked in each of the four components simultaneously. More

specifically, a solution to the problem could be obtained by calculating a

matrix of sum rank differences (D) between each firm,

Di,j = (RProf,i −RProf,j) + (RGrow,i −RGrow,j) + · · · (6.1)

where Rx,i is the rank of firm i in terms of a measure x and Rx,j is the rank

of firm j in terms of a measure x. In a setup like this, the peer group of firm

i could be identified as the ten firms with the least sum rank differences to

itself. Such a method could perhaps serve as a more efficient way of utilizing

the quality measures simultaneously. However, we leave this idea for future

research.

We have already expressed our concerns about the payout measure’s

ability to translate into the context of multiples. When examined on an ag-

gregate level, the payout measure is not the best of the quality components,

but we find evidence that peer selection based on payout within industries

is significantly more accurate than random firms inside the same industry.

This suggests that selections based on the payout measure are efficient to

some extent. In this paragraph, we discuss the possible explanations as to

why the payout measure works. Payout may be a rough indicator of man-

agement quality, as in the models of Easterbrook (1984) and Jensen (1986).

Moreover, a firm’s payout policy may be a signaling mechanism as showed
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by Bernheim and Wantz (1995), and it may be inversely related to growth

as suggested by Fama and French (2001). In our dataset, the correlation

between the payout and growth measures is -0.32. This suggests that we

cannot reject the possibility that the selection of peers with high payout is

in fact similar to the selection of peers with low growth and vice versa. This

would explain why payout would work significantly better than a random

number generator within industries. We are, however, only able to theorize

on the possible causal factors that make payout significantly better than

randomly chosen peers within an industry. In addition, it should be noted

that one of the components of the payout measures is sensitive to viola-

tions of the clean surplus relation6. Since we have delimited ourselves from

detaching our measures from the original methodology of Asness, Frazzini,

and Pedersen (2014), we risk that our payout measure is subject to some

distortions due to the clean surplus violations.

Previous studies have used size as a surrogate for risk. Alford (1992) and

Cheng and McNamara (2000) approximate size by the magnitude of tangible

assets, while Bhojraj and Lee (2002) use market capitalization as a measure

of size. We approximate risk through various measures that should contain

far more information about the riskiness of a firm, and we are therefore sur-

prised to find that the safety measure from Asness, Frazzini, and Pedersen

(2014) does not lead to a higher accuracy than market capitalization. The

safety measure considers an average of z-scores across market beta, idiosyn-

cratic volatility, ROE volatility, Altman’s Z and Ohlson’s O-score for each

firm7. The combined information from these statistics should provide more

information about the risk of the firm. We have two explanations for the

finding. First, it is not unreasonable to assume that market capitalization

contains information about more than just risk. In Table 5.2, we showed

that large firms on average have lower growth, are more profitable, are safer,

6See the variable npop in Table 4.1
7The notion ’Altman Z-score’ should not be confused with the z-score transformation

of Asness, Frazzini, and Pedersen (2014). Altman Z-score is a measure of credit risk and
one of the sub-components of the safety measure.
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and have higher payout scores. Market capitalization may contain informa-

tion about the other drivers of the multiples as well. Second, the safety

measure may be an accurate measure of risk on average, but it may also

contain too much noise. Comparable firm selection is sensitive to random

noise, while the original portfolio strategy in Asness, Frazzini, and Pedersen

(2014) is able to diversify much of this noise away. In a footnote, Alford

(1992) reports that he also considered market beta, but did not report it be-

cause it was just as accurate as tangible assets. Perhaps measures of market

risk simply contain too much noise for peer selection purposes. We have not

tested which of the subcomponents of the safety measure that contributes

most to the peer selection ability. Consequently, it can only be a speculative

proposition that the weakness of the safety measure is related to beta and

idiosyncratic volatility.

We have argued that the P/B multiple should be strongly dependent

on expected future profitability. The profitability measure seems to be an

efficient way of selecting comparable firms for price-book valuations. An ex-

planation for this finding is that the profitability measure is a good measure

of expected future profitability. However, it seems that the combination of

industry affiliation and ROE is an even better selection method than the

combination of industry affiliation and the profitability measure. It is there-

fore possible that trailing realized ROE is a better estimator of expected

future profitability than the complex profitability measure. As such, some

of the input components of the profitability measure are perhaps not con-

tributing with the additional marginal information that we would expect.

For instance, the variable ‘accruals’ is included in the profitability measure8

as an approximation of a firm’s quality of earnings. Firms with high accruals

are more likely to suffer subsequent earnings disappointment Sloan (1996).

We have approximated accruals similarly to Asness, Frazzini, and Pedersen

(2014), but if the input variable is too noisy, it will not translate well into

8See Table 4.1 in the methodology chapter for an overview of the inputs in each of
the variables.
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the context of comparable firm selection.

Industry affiliation is significantly more accurate than the overall qual-

ity measure when predicting the P/E multiple. However, the two selection

methods lead to similar valuation errors when estimating firm value us-

ing the forward P/E multiples. This is an interesting finding that is hard

to explain. The forward P/E is based on the median of analyst earnings

projections from I/B/E/S. If analysts based their earnings forecasts on the

five-year historical growth, then we should expect our growth measure to

contribute more under the forward earnings. The relation between our se-

lection method and multiples based on forecasted accounting numbers needs

to be investigated further.

The most striking difference in accuracy is found in our robustness check

on multiples using the EV/SALES multiple. The average difference in accu-

racy when selecting peers based on industry affiliation rather than the overall

quality is significantly higher than ten percentage points. Why is industry

affiliation so much better than the overall quality measure when predict-

ing this particular multiple? We have previously derived the drivers of the

price-earnings and price-book multiples. As mentioned, we need to make

additional assumptions about comparable firms when using the EV/SALES

multiple. One of these is similarity in terms of depreciation. Consider a

scenario where two firms have similar quality but are completely different

in terms of capital intensity. Firm A employs a large amount of durable

physical assets while Firm B does not. All else equal, Firm A would have

larger depreciations than Firm B. Another assumption is margins. Con-

sider two equally profitable firms that differ in terms of profit margins and

turnover rates of invested capital. All else equal, they would trade at differ-

ent EV/SALES multiples. It is more likely that industry affiliation captures

properties such as capital intensity and margins as argued in Subsection

2.2.2. This may explain the considerable difference in valuation accuracy

between the two selection methods in the EV/SALES valuations.
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The robustness test across sectors showed that certain sectors have sys-

tematically larger valuation errors than others. This is consistent for both

P/E- and P/B-valuations. For instance, Utilities exhibit only half the val-

uation errors of Information Technology when using industry affiliation as

the selection method. A possible explanation could be that the dispersion

of earnings in the two sectors should be markedly different from each other.

More specifically, the Utilities sector contains firms whose main line of busi-

ness has not experienced significant disruptions in the past (e.g. power

plants) and probably will not change much in the future. The estimation of

the current value of a Utilities-firm should be a less demanding task, which

should result in a higher accuracy. On the other hand, the Information

Technology sector consists of firms that are diverse in nature and where fu-

ture profitability, growth and risk are considerably more unpredictable. This

makes firm valuations more volatile, which in turn leads to less accuracy.

The robustness check for number of peers showed that the accuracy of

valuations based on the overall quality measure increases beyond ten peers

while the accuracy of valuations based on industry affiliation is insensitive

beyond ten peers. Why does the marginal increase in accuracy diminish

faster for industry? A possible explanation is that there is a limited number

of firms with the same industry characteristics but a large number of firms

with the same quality characteristics. By studying Table 4.2 in Chap-

ter 4, we can actually see the proportion of sample firms that are able to

identify peers at various GICS levels for different required number of peers.

For instance, with fourteen required peers, 42 percent of our sample firms

identify their peers at GICS Sub-Industry level, while this number increases

to 52 percent when ten peers are required. We are not able to fully ex-

plain this peculiar finding, but it suggests that the findings of Cooper and

Cordeiro (2008) may not be completely robust to the choice of comparable

firm selection method. As a result, we suggest that future research be aware

of the importance of the number of comparable firms.
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The robustness check for size led to the interesting discovery that the

valuation accuracy, independent of selection method, is higher for large firms

when using price-earnings, but lower for large firms when using price-book.

Alford (1992) reports that the valuation accuracy is higher for large firms

(he only evaluates on the basis of P/E) and Cheng and McNamara (2000)

report that the valuation accuracy is higher for large firms for both P/E

and P/B. These two studies group firms based on tangible assets, whereas

we have grouped firms based on market capitalization. A study in a dif-

ferent branch of implementation issues, Lie and Lie (2002) also find that

the valuation accuracy increases with size (total assets). Future research on

the relation between size and valuation accuracy should explore the relation

between price-book valuation errors and size measured by market cap. We

are not able to provide a sound theoretical explanation as to why the price-

book valuation accuracy should be inversely related to market cap. In this

relation, it should be noted that the correlation between the P/B multiples

and market capitalization is much stronger than the correlation between

the P/E multiples and market capitalization9. However, as we have noted

in the analyses on time-variation, there seems to be no direct relation be-

tween valuation errors and the levels of the multiples. We leave the further

investigation on this discovery to future research.

6.4 Limitations

The multiple valuation method is based on the assumption that the account-

ing numbers from the companies that are being compared must be based

on the same set of accounting principles. Otherwise, noise is introduced in

the valuation (Petersen and Plenborg (2012)). Consequently, an important

limitation for this thesis is that we do not control for accounting differ-

ences. This methodological choice is similar to that of previous studies on

9Spearman’s ρ between market cap and P/B is 37.6 compared to 8.5 between market
cap and P/E.
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the subject. However, our sample selection accommodates the issue of dif-

ferences in accounting principles by only considering firms that are subject

to the same national accounting standards (US GAAP). The geographical

restriction leads to a potential external validity problem. Our geographic

restriction carries a small risk that our findings cannot be generalized out-

side The United States.

Bias is introduced if the multiples do not reflect the information that

was publicly available for the capital market at the time of the valuations.

The research design of this thesis accommodates this problem by estimating

the publication date of every single quarterly report of all the firms in the

S&P 1500 in the sample period. This information is used to approximate

the publicly available information at the time of the valuations.

The data requirements have led to a disproportional drop of observations

among small cap firms, which has resulted in a minor large cap bias. We

have previously shown that our sample size seems to be sufficient. We have

performed robustness checks for choice of error measure, different multiples,

time, average procedure, sectors, quality and number of peers.

6.5 Implications for practitioners and future re-

search

The multiple valuation method is widely used in practice (Demirakos, Strong,

and Walker (2004) and Asquith, Mikhail, and Au (2005)). Multiple valu-

ations are used in initial public offerings, mergers and acquisitions, tax is-

sues and many other purposes. The ability to accurately value companies

benefits society as a whole, because it facilitates an efficient employment

of capital. An unbiased and accurate valuation depends on the ability to

identify comparable firms that are truly comparable in terms of the drivers

of the multiples. We have attempted to estimate firm value by selecting

comparable firms on the basis of similarities in fundamentals. Future re-
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search will undoubtedly explore new ways of grouping firms that investors

perceive as similar in terms of future profitability, growth and risk. One

promising alternative to the existing methods of comparable firm selecting

is the search-engine approach provided by Lee, Ma, and Wang (2014). The

research applications that apply big data sets containing different types of

information may use methods of creating composite variables that are sim-

ilar to those that we have demonstrated in this thesis. However, it may

not be directly evident how a practitioner can apply peer selection based on

search engine correlation or complex computations that require program-

ming abilities, but consider a large private provider of financial data, such as

Bloomberg, which already provide peer-group suggestion modules in their

software. Such large-scale comparable firm selection algorithms can eas-

ily incorporate complex calculations on technical variables like the quality

measures or search engine correlation. These complex ways of identifying

comparable firms may therefore be available to practitioners through such

services.

This thesis has also more direct practical implications. We posit that

a variation of the proposed method can be used for selecting comparable

firms in a much less complex setting. Consider for instance a practitioner,

who conducts a qualitative peer group selection and takes several industry-

specific measures of one of the drivers of multiples (e.g growth measures)

into account. He or she can use the ranking and averaging procedure to

combine information of different scales to construct a composite measure

of the given driver. Even a subjective ranking of firms in terms of some

characteristics can be included in such a composite measure. In addition,

the finding that the combination of industry affiliation and return on equity

leads to the most accurate valuation estimates has implications for practi-

tioners. Our results suggest that matching firms by return on equity rather

than size within industries leads to more accurate valuation estimates. As a

result, a practitioner should not neglect the importance of return on equity,
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because it appears to provide important information, which is not captured

by neither industry nor size. We recommend that practitioners use return

on equity and industry affiliation as a combination when selecting peers.

Based on our findings, we suggest the following modifications to our se-

lection method that could be considered in future research. The selection

method should include industry affiliation because it seems to be necessary

in approximating expected growth. It should consider a simple trailing ROE

for profitability as well as some measure of risk. The risk measure should be

constructed so that it contains as little noise as possible. We suggest that it

could be constructed by z-transforming and combining several fundamental

risk measures, such as volatility in earnings and cash flows or fundamental

credit risk. Ideally, empirical tests should determine the measures of risk

that should be included in the composite risk measure. The selection method

should simultaneously consider these inputs. We suggest that comparable

firms should be selected intra-industry based on the least rank difference

across these measures. Consider a matrix of sum rank differences (D) be-

tween each firm,

Di,j = γ1(RROE,i −RROE,j) + γ2(RF,i −RF,j) (6.2)

where Di,j is the sum of rank differences between firm i and j, RROE,i is

the rank of firm i in terms of ROE, RROE,j is the rank of firm j in terms

of ROE, RF,i is the rank of firm i in terms of composite fundamental risk,

RF,j is the rank of firm j in terms of composite fundamental risk and γ1 and

γ2 are weights10. In a setup like this, the peer group of a target firm could

be identified as the ten firms with the least sum rank differences to itself

within the same industry. This model would avoid noise in the profitabil-

ity measure, efficiently approximate growth, contain a measure of risk more

suitable for multiple valuation, be less complex to calculate and require less

input.

10These weights should be empirically approximated out-of-sample.
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Finally, an interesting subject for further research could be to solve the

puzzle of time-variation in valuation errors and the determinants of valu-

ation errors in general. There appears to be a strong positive correlation

between valuation errors across time for selection methods and multiples.

The significant fluctuations in valuation errors across time must be caused

by some factor that is common to the considered selection methods and

multiples. The time-variation in valuation errors can hardly be explained

by the time-variation in the levels of the multiples. Since this finding is

in the periphery of the problem area of this thesis, we have only examined

the topic briefly. However, we have considered potential explanatory vari-

ables and shown that the time-variation seems to depend positively on the

dispersion in observed multiples and negatively on the change in the level

of the observed multiples across time. A study on the time-variation of

valuation accuracy could benefit from conducting valuations with a higher

frequency (e.g. every month). Research on systematic causes for valuation

errors might help other researchers develop new and better ways of identify-

ing comparable firms and solve other implementation issues of the multiple

valuation method. Consequently, we stress the importance of mapping out

the determinants of time-variation in valuation errors for future research.
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Conclusion

This thesis has addressed the issue of comparable firm selection. We have

proposed a new selection method based on technical measures of profitabil-

ity, growth, risk and payout originally employed by Asness, Frazzini, and

Pedersen (2014). We have examined the empirical accuracy of various se-

lection methods by conducting a multiple valuation of all firms constituting

the S&P 1500 every year from 1995 to 2014 for each selection method and

under various conditions.

We have found that the majority of the empirical evidence is in favor of

a rejection of the hypothesis that the selection of comparable firms based

on quality measures rather than industry affiliation leads to more accurate

valuation estimates. Selections based on industry affiliation is more accu-

rate than selections based on any quality measure in the P/E valuations.

This finding is robust across time, sectors, size- and quality-groupings and

number of peers. Additionally, industry affiliation seems to lead to more

accurate EV/EBIT and EV/SALES valuations. However, the profitability

measure leads to systematically more accurate P/B valuations. Finally, the

overall quality measure seems to be indistinguishable from industry affilia-

tion for P/B and forward P/E valuations.

The selection of comparable firms based on the combination of industry

111
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affiliation and each of the introduced measures is significantly more accu-

rate than the selection of comparable firms based solely on industry affili-

ation. This finding indicates that each quality measure contains additional

valuation-specific information apart from what is captured by industry af-

filiation. Selections based on the overall quality measure lead to a higher

valuation accuracy than each of the components for price-earnings valua-

tions when evaluated within industries, but to larger valuation errors than

any of the components for price-earnings valuations when evaluated outside

industries.

We find that the combination of return on equity and industry affiliation

is the most accurate selection method considered in this thesis. Return on

equity is significantly more accurate within industries than any quality mea-

sure. Selections based on the profitability measure within industries results

in more accurate valuation estimates than the selections that are based on

size within industries. The accuracy of P/E valuations when comparable

firms are selected on the basis of quality measures within industries seems

to be indistinguishable from the selection based on size within industries.

Profitability is the only quality measure that is significantly more accurate

than size within industries for P/B valuations.

Based on our findings, we propose a modified version of our selection

method, which approximates expected profitability, growth and risk by re-

turn on equity, industry affiliation and a composite fundamental risk mea-

sure. We suggest that the proposed selection method be subject to empirical

tests in future research. In addition, we have discovered a systematic effect

in the time variation of valuation errors. This finding requires further em-

pirical investigation.
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Figure A.1: An example of the empirical density of absolute percentage
errors and the difference betweeen two sets of absolute percentage errors.
This example is price-book

0.0

0.5

1.0

1.5

0.0 0.5 1.0
absolute percentage errors

de
ns

ity

method

Industry

Quality

0.0

0.5

1.0

1.5

−5.0 −2.5 0.0 2.5 5.0
differences in absolute percentage errors

de
ns

ity

Differences



121

Table A.1: The mean of absolute percentage errors and t-statistics for
various selection methods across time

This table reports the mean of Absolute Percentage Errors for each selection method.
The numbers in parentheses indicate t-statistics (Student’s t) for the difference to Indus-
try. A positive (>1.96, two-sided, p=0.05) t-statistic (Student’s t) indicates that the
Industry is more accurate than the “column”, and conversely for a negative statistic.

PANEL A: PRICE-EARNINGS

Prof Grow Safe P-out Qual Indu

1995 0.41 (5.1) 0.42 (4.9) 0.41 (5.2) 0.41 (6.0) 0.41 (5.5) 0.35
1996 0.44 (3.8) 0.44 (3.2) 0.43 (2.7) 0.45 (3.9) 0.46 (4.2) 0.40
1997 0.41 (4.9) 0.40 (4.0) 0.41 (5.4) 0.40 (4.1) 0.41 (3.8) 0.36
1998 0.38 (3.5) 0.38 (3.6) 0.38 (2.9) 0.37 (2.3) 0.39 (3.6) 0.35
1999 0.54 (3.8) 0.53 (3.3) 0.53 (3.6) 0.54 (4.1) 0.54 (4.5) 0.48
2000 0.62 (4.9) 0.58 (2.6) 0.61 (4.8) 0.59 (3.2) 0.62 (5.0) 0.53
2001 0.55 (3.2) 0.55 (3.8) 0.54 (3.0) 0.55 (3.3) 0.57 (3.6) 0.50
2002 0.55 (4.3) 0.54 (3.8) 0.53 (4.2) 0.55 (4.1) 0.52 (2.3) 0.46
2003 0.47 (2.4) 0.48 (2.7) 0.46 (1.7) 0.48 (2.9) 0.48 (2.6) 0.44
2004 0.44 (6.6) 0.44 (6.8) 0.45 (5.8) 0.44 (6.0) 0.45 (6.6) 0.37
2005 0.41 (5.7) 0.41 (5.3) 0.40 (4.6) 0.42 (6.2) 0.42 (6.0) 0.35
2006 0.43 (7.5) 0.43 (6.9) 0.42 (6.2) 0.41 (4.7) 0.43 (7.0) 0.36
2007 0.42 (8.0) 0.42 (7.7) 0.41 (6.4) 0.42 (7.6) 0.41 (7.5) 0.33
2008 0.41 (2.9) 0.42 (3.6) 0.41 (2.6) 0.41 (2.2) 0.43 (4.5) 0.39
2009 0.52 (4.7) 0.51 (4.7) 0.47 (2.1) 0.50 (3.8) 0.51 (4.2) 0.45
2010 0.46 (2.9) 0.47 (3.8) 0.47 (3.9) 0.47 (3.0) 0.46 (2.8) 0.43
2011 0.42 (4.7) 0.43 (5.2) 0.41 (3.6) 0.42 (4.7) 0.42 (4.6) 0.38
2012 0.39 (-5.8) 0.40 (-5.6) 0.40 (-5.8) 0.40 (-5.4) 0.41 (-3.9) 0.45
2013 0.44 (2.1) 0.44 (1.9) 0.43 (1.7) 0.43 (1.5) 0.44 (2.5) 0.42
2014 0.42 (3.0) 0.42 (3.3) 0.42 (3.1) 0.42 (3.1) 0.42 (3.4) 0.39

PANEL B: PRICE-BOOK

Prof Grow Safe P-out Qual Indu

1995 0.38 (-2.0) 0.44 (2.5) 0.45 (2.9) 0.47 (5.2) 0.41 (-0.2) 0.41
1996 0.39 (-2.0) 0.47 (3.0) 0.47 (4.0) 0.47 (3.8) 0.44 (1.3) 0.42
1997 0.42 (-1.0) 0.45 (1.7) 0.48 (3.4) 0.50 (4.7) 0.45 (1.4) 0.43
1998 0.45 (-1.1) 0.50 (1.8) 0.52 (4.2) 0.52 (4.0) 0.48 (1.0) 0.47
1999 0.54 (-0.2) 0.59 (2.4) 0.61 (3.7) 0.63 (4.6) 0.58 (2.1) 0.54
2000 0.60 (1.3) 0.62 (2.3) 0.68 (5.0) 0.66 (3.9) 0.65 (3.5) 0.57
2001 0.53 (-1.3) 0.57 (0.9) 0.60 (3.4) 0.60 (2.7) 0.58 (1.6) 0.55
2002 0.49 (-1.5) 0.55 (1.4) 0.54 (2.2) 0.57 (2.2) 0.51 (-0.3) 0.51
2003 0.45 (-1.9) 0.50 (1.9) 0.50 (2.2) 0.53 (4.4) 0.46 (-1.0) 0.47
2004 0.37 (-3.6) 0.42 (0.7) 0.45 (3.6) 0.45 (3.3) 0.40 (-1.2) 0.41
2005 0.35 (-5.8) 0.42 (0.7) 0.43 (1.3) 0.45 (3.7) 0.37 (-4.3) 0.41
2006 0.34 (-6.2) 0.43 (1.8) 0.43 (1.7) 0.44 (2.5) 0.38 (-2.6) 0.41
2007 0.35 (-5.2) 0.43 (2.3) 0.44 (3.7) 0.44 (3.2) 0.38 (-2.5) 0.40
2008 0.43 (-4.5) 0.51 (1.9) 0.51 (1.6) 0.55 (4.3) 0.46 (-2.1) 0.49
2009 0.50 (-3.1) 0.60 (1.8) 0.53 (-1.7) 0.60 (1.6) 0.50 (-2.6) 0.57
2010 0.36 (-4.4) 0.44 (2.1) 0.44 (1.6) 0.46 (3.5) 0.40 (-1.1) 0.42
2011 0.37 (-4.4) 0.45 (3.2) 0.46 (3.9) 0.49 (5.7) 0.40 (-0.8) 0.41
2012 0.39 (-5.2) 0.49 (2.7) 0.49 (3.2) 0.52 (5.2) 0.43 (-2.0) 0.45
2013 0.41 (-3.7) 0.50 (3.6) 0.51 (4.5) 0.52 (5.2) 0.44 (-1.2) 0.45
2014 0.37 (-5.2) 0.47 (3.5) 0.48 (4.5) 0.50 (6.2) 0.43 (0.2) 0.43
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Appendix B

Algorithms

We use a substantial amount of programming in order to prepare the dataset,

construct the quality scores, and conduct the valuations. In this Appendix,

we document some of the most essential functions used in our programs.

Algorithm B.1: VBA-function for estimating the multiple of a firm based

on industry affiliation.

1 Option Base 1

2 Function INDUSTRY PREDICTOR(MULTIPLES, INDUSTRY ARRAY, FIRM ARRAY,

FIXED As Boolean , NUMBER OF PEERS)

3 ’ INDUSTRY ARRAY = array i n c l u d i n g a l l f i rms in a year

4 ’ INDUSTRY ARRAY column1=GICS8 , column2=GICS6 , column3=GICS4 , column4=

GICS2 ,

5 ’ INDUSTRY ARRAY column5=P o s i t i o n s i . e . 1 to n ( used to ensure that a

f i rm cannot be inc luded in i t s own peer group )

6 ’ FIRM ARRAY i s the row in INDUSTRY ARRAY of the f i rm that i s s ub j e c t

to va lua t i on

7 ’ NUMBER OF PEERS i s the number o f pee r s r equ i r ed at a c e r t a i n GICS−
l e v e l

8 ’ f i x e d=TRUE reduces pee r s to NUMBER OF PEERS us ing a random number

genera to r

9 ’ MULTIPLES=vecto r o f observed m u l t i p l e s f o r a l l f i rms in that year

10 Dim GICS LEVEL, c

11 n = INDUSTRY ARRAY. Rows . Count

12

13 k = NUMBER OF PEERS + 1

14 a = 0

123
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15 With Appl i ca t ion . WorksheetFunction

16 For i = 1 To 4

17 I f . CountIf (INDUSTRY ARRAY. Columns ( i ) , FIRM ARRAY(1 , i ) ) > k And a = 0

Then

18 a = 1

19 ’GICS LEVEL = 10 − 2 ∗ i

20 s u f f i c i e n t c o l = i

21 End I f

22 Next i

23

24 ’ t = number o f f i rms in same f u n c t i o n a l GICS l e v e l

25 I f s u f f i c i e n t c o l = Empty Then

26 t = n

27 Else

28 t = . CountIf (INDUSTRY ARRAY. Columns ( s u f f i c i e n t c o l ) , FIRM ARRAY(1 ,

s u f f i c i e n t c o l ) ) − 1

29 End I f

30

31 ’ Records m u l t i p l e s o f r e l e v a n t comparable f i rms in same f u n c t i o n a l

indus t ry :

32 ReDim l i s t ( t , 1) , r n d l i s t (NUMBER OF PEERS, 1) , f i n a l p e e r s (

NUMBER OF PEERS, 1)

33 c = 0

34 For i = 1 To n

35 I f INDUSTRY ARRAY( i , s u f f i c i e n t c o l ) = FIRM ARRAY(1 , s u f f i c i e n t c o l )

And i <> FIRM ARRAY(1 , 5) Then

36 c = c + 1

37 l i s t ( c , 1) = MULTIPLES( i )

38 End I f

39 Next i

40

41 ’ PLUG:

42 I f s u f f i c i e n t c o l = Empty Then

43 For i = 1 To n

44 l i s t ( i , 1) = MULTIPLES( i )

45 Next i

46 End I f

47

48 ’ IF FIXED = TRUE : REDUCE PEERS TO FIXED NUMBER by RND

49 I f FIXED = False Then

50 f i n a l p e e r s = l i s t

51 Else

52 For i = 1 To NUMBER OF PEERS
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53 ’ The f o l l o w i n g l i n e needs to be adjusted manually by ” tapping out ”

the code at the c o r r e c t NUMBER OF PEERS

54 Do Unt i l new rnd <> r n d l i s t (1 , 1) And new rnd <> r n d l i s t (2 , 1) And

new rnd <> r n d l i s t (3 , 1) And new rnd <> r n d l i s t (4 , 1) And

new rnd <> r n d l i s t (5 , 1) And new rnd <> r n d l i s t (6 , 1) And

new rnd <> r n d l i s t (7 , 1) And new rnd <> r n d l i s t (8 , 1) And

new rnd <> r n d l i s t (9 , 1) And new rnd <> r n d l i s t (10 , 1) ’And

new rnd <> r n d l i s t (11 , 1) And new rnd <> r n d l i s t (12 , 1) ’And

new rnd <> r n d l i s t (13 , 1) And new rnd <> r n d l i s t (14 , 1)

55 new rnd = . RandBetween (1 , t )

56 Loop

57 r n d l i s t ( i , 1) = new rnd ’ r n d l i s t conta in s NUMBER OF PEERS unique

random i n t e g e r s ˜ U(1 , t )

58 f i n a l p e e r s ( i , 1) = l i s t ( new rnd , 1)

59 Next i

60 End I f

61

62 INDUSTRY PREDICTOR = . HarMean( f i n a l p e e r s )

63

64 End With

65 End Function

Algorithm B.2: VBA-function for z-transforming an array.

1 Option Base 1

2 Function z t rans fo rm ( values , o rde r s ) ’ va lue s = array ( f i rms , inputs )

and orde r s = h o r i z o n t a l vec to r i n d i c a t i n g ranking o rde r s o f each

input

3 n = va lues . Rows . Count

4 m = values . Columns . Count

5

6 With Appl i ca t ion . WorksheetFunction

7 ReDim RANKS(n , m) , MEANS(m) , STDEVS(m) , ZSCORES(n , m)

8 For j = 1 To m

9 For i = 1 To n

10 RANKS( i , j ) = . Rank Avg ( va lue s ( i , j ) , va lue s . Columns ( j ) , o rde r s ( j ) )

11 Next i

12 Next j

13

14 For j = 1 To m

15 MEANS( j ) = . Average ( . Index (RANKS, 0 , j ) )

16 STDEVS( j ) = . StDev P ( . Index (RANKS, 0 , j ) )

17 Next j

18
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19 End With

20 For j = 1 To m

21 For i = 1 To n

22 ZSCORES( i , j ) = (RANKS( i , j ) − MEANS( j ) ) / STDEVS( j )

23 Next i

24 Next j

25

26 z t rans fo rm = ZSCORES

27 End Function

Algorithm B.3: VBA-function for estimating the multiple of a firm based

on a quality measure

1 Option Base 1

2 ’ Sort data by q u a l i t y measure be f o r e apply ing p o s i t i o n numbers

3 ’ m u l t i p l e s = vecto r o f m u l t i p l e s o f f i rms so r t ed by a q u a l i t y measure

4 ’ p o s i t i o n = vecto r o f ranks in terms o f a q u a l i t y measure

5 ’ npeers = requ i r ed number o f pee r s

6 Function q u a l e s t ( mul t ip l e s , po s i t i on , npeers )

7 Dim c , b ’ counter s

8 ReDim peer s ( npeers )

9 n = m u l t i p l e s . Rows . Count

10

11 ’ I f f i rm i s not in the ” ends ” in terms o f q u a l i t y :

12 I f p o s i t i o n > ( npeers / 2) And p o s i t i o n < n − ( npeers / 2) Then

13

14 For i = 1 To ( npeers / 2)

15 peer s ( npeers / 2 + 1 − i ) = m u l t i p l e s ( p o s i t i o n − i )

16 peer s ( npeers / 2 + i ) = m u l t i p l e s ( p o s i t i o n + i )

17 Next i

18

19 ’ I f f i rm i s not in the ” high end” in terms o f q u a l i t y :

20 E l s e I f p o s i t i o n <= ( npeers / 2) Then

21 c = 0

22 For i = 1 To ( p o s i t i o n − 1)

23 peer s ( i ) = m u l t i p l e s ( i )

24 c = i

25 Next i

26 For i = 1 To ( npeers − c )

27 peer s ( c + i ) = m u l t i p l e s ( p o s i t i o n + i )

28 Next i

29

30 ’ I f f i rm i s not in the ” low end” in terms o f q u a l i t y :
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31 E l s e I f p o s i t i o n >= n − ( npeers / 2) Then

32

33 c = npeers + 1

34 For i = n To ( p o s i t i o n + 1) Step −1

35 c = c − 1

36 peer s ( c ) = m u l t i p l e s ( i )

37 Next i

38 b = c

39 For i = ( p o s i t i o n − 1) To ( p o s i t i o n − b + 1) Step −1

40 c = c − 1

41 peer s ( c ) = m u l t i p l e s ( i )

42 Next i

43

44 End I f

45

46 q u a l e s t = Appl i ca t ion . WorksheetFunction . HarMean( pee r s )

47 End Function

Algorithm B.4: VBA-function for estimating the multiple of a firm based

on a measure within a GICS6 Industry

1 Function INTRA INDUSTRY PREDICTOR(MULTIPLES, INDUSTRY ARRAY,

FIRM ARRAY)

2 ’ same type o f inputs as the standard INDUSTRY PREDICTOR func t i on

3 ’ BUT! the inputs needs to be so r t ed based on a q u a l i t y measure ( or

s i z e or ROE)

4

5 n = INDUSTRY ARRAY. Rows . Count

6 With Appl i ca t ion . WorksheetFunction

7 t = . CountIf (INDUSTRY ARRAY. Columns (1 ) , FIRM ARRAY(1 , 1) )

8

9 ’ I d e n t i f i e s a pre l im inary l i s t o f m u l t i p l e s f o r a l l r e l e v a n t f i rms in

same GICS6

10 ReDim L i s t ( t )

11 x = 0

12 For i = 1 To n

13 I f INDUSTRY ARRAY( i , 1) = FIRM ARRAY(1 , 1) Then

14 x = x + 1

15 L i s t ( x ) = MULTIPLES( i )

16 End I f

17 I f i = FIRM ARRAY(1 , 2) Then

18 a = x

19 End I f
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20 Next i

21

22 ReDim peer s (6 )

23 ’ I f f i rm i s not in the ” ends ” in terms o f the so r t ed input with in i t s

indus t ry :

24 I f a > 3 And a < t − 3 Then

25 For i = 1 To (6 / 2)

26 peer s (3 + 1 − i ) = L i s t ( a − i )

27 peer s (3 + i ) = L i s t ( a + i )

28 Next i

29 ’ I f f i rm i s in the ” high end” in terms o f the so r t ed input with in i t s

indus t ry :

30 E l s e I f a <= (6 / 2) Then

31 c = 0

32 For i = 1 To ( a − 1)

33 peer s ( i ) = L i s t ( i )

34 c = i

35 Next i

36 For i = 1 To (6 − c )

37 peer s ( c + i ) = L i s t ( a + i )

38 Next i

39 ’ I f f i rm i s in the ” low end” in terms o f the so r t ed input with in i t s

indus t ry :

40 E l s e I f a >= t − (6 / 2) Then

41 c = 6 + 1

42 For i = t To ( a + 1) Step −1

43 c = c − 1

44 peer s ( c ) = L i s t ( i )

45 Next i

46 b = c

47 For i = ( a − 1) To ( a − b + 1) Step −1

48 c = c − 1

49 peer s ( c ) = L i s t ( i )

50 Next i

51 End I f

52

53 INTRA INDUSTRY PREDICTOR = Appl i ca t ion . WorksheetFunction . HarMean( pee r s

)

54

55 End With

56 End Function
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