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Abstract 

The aim of this thesis is to investigate whether a multiple valuation investment 

strategy based on the sum of absolute rank differences approach can produce 

higher risk-adjusted returns than the market. The central point of the thesis’ 

theoretical basis is the work of Knudsen, Kold, and Plenborg (2017) who 

developed a combination of fundamental analysis and industry classification 

to find comparable firms, called the sum of absolute rank differences (SARD). 

We use proxies for the drivers of multiples; profitability, growth and risk, to 

find fundamentally comparable firms within industries. We create 10 

portfolios based on the multiples P/E, P/B, EV/EBIT, EV/Sales and 

combinations thereof. The number of portfolios are doubled as we create 2 

strategies. One where we create 10 long-only portfolios where we invest in the 

most undervalued companies according to our model, and one with 10 long-

short portfolios, where we also short the most overvalued stocks. We form the 

portfolios on selected stocks from the S&P 1500 index from 1995 to 2016 by 

valuing all companies in the sample on March 31st every year, investing in the 

45 most undervalued stocks and shorting the 45 most overvalued stocks. We 

perform robustness checks by using the Fama French three factor model 

(1993). We use our own sample and the S&P 1500 index as benchmarks.  

We find that the SARD approach is able to find undervalued firms to create 

high returns in our long-only portfolios, which perform much better than the 

benchmarks. However, the SARD approach is not very good at finding 

overvalued firms, as the long-short strategies perform much worse than the 

long-only strategies and slightly worse than our sample mean, when you look 

at the raw returns. Yet, when you combine the modest returns with the very 

low standard deviation, the long-short strategies experience extremely high 

Sharpe ratios and significantly higher returns than the S&P 1500 for our best 

strategies. We also find that the EV/Sales multiple leads to the highest returns, 

for both long and long-short strategies. 
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Chapter 1 
 

 

Introduction 
 

One of the most researched topics in finance is the pricing of assets. The appeal 

is obvious; if one can consistently find under- and overpriced assets, an 

investment strategy can be constructed, yielding a high risk-adjusted return. 

Through the years, several different approaches have surfaced, including 

discounting future free cash flows, discounting dividends and comparative 

analysis of comparable firms. In this paper, we will continue the efforts of 

finding an investment strategy yielding supernatural risk-adjusted returns 

using a comparative analysis based on valuation multiples.  

A valuation multiple is a measure of the market value of an asset relative to a 

key statistic it is measured against. The key statistic should be a driver of the 

measured market value. One of the most widely used valuation multiples is the 

price-earnings ratio (P/E), which measures the price of a company in relation 

to the company’s annual earnings. The reasons for the popularity of the P/E 

measure are many, but its availability and the importance of earnings per 

share as a value driver of the price of the shares are paramount. However, the 

usefulness of P/E ratios are lessened by the fact that earnings per share is 

subject to distortions from differences in accounting rules and capital 

structures between companies. To remedy some of this, one can adjust for 

differences in accounting standards and capital structures, and get a second 

opinion from other multiples. Examples of other popular valuation multiples 

include the price-to-book ratio (P/B), a commonly used benchmark comparing 

market value to the book value of the firm’s equity, or the EV/EBIT and 

EV/Sales ratios, measuring enterprise value relative to earnings before 

interest and taxes, and sales.  
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At the heart of valuation multiples lays the basic concept that cash flows with 

identical size, timing and uncertainty should have the same price. This means 

that a claim on a cash flow, such as a stock in a company, should be priced at 

the same level, and thus with the same multiple per unit of cash flow, if the 

companies are identical. The implication of such a relation is that we can 

deduce the value of an asset if we observe the market value of an identical 

asset. This also means that if we observe several closely similar companies in 

the market we can compare their valuation multiples, and identify which 

companies are under- and over-valued. This can in turn be used to create an 

investment strategy. 

While this seems easy in theory, the real-world implementation of such a 

strategy has some issues. The choice of multiple can have major effects on the 

conclusion, as each multiple has different value drivers or implications for 

value, with different shortcomings or pitfalls. Another major hurdle for the 

implementation of investment strategies based on valuation multiples is the 

selection of comparable companies.  

Several studies have attempted to find investment strategies yielding 

supernormal profits throughout the years. One of the most famous of these 

attempts are the Fama-French three- and five-factor models (Fama & French, 

1993; 2015). In these models, Eugene Fama and Kenneth French modeled the 

returns of stocks using the factors size, growth and beta, and expanded upon 

them with profitability and investments. Originally building upon the ancient 

one-factor CAPM-model, with just beta as an explanatory variable, Fama and 

French realized in 1993 that stocks in small firms on average yielded higher 

returns than stocks in big firms. Similarly, stocks with a high book-to-value 

ratio yielded higher returns than their counterpart. Expanding further upon 

this, in 2015 they also introduced the profitability and investment factors, 

arguing that companies with high profitability and low investments yielded 

higher returns.  Given the Fama-French model, we could build an investment 

strategy where we shorted big growth stocks, and bought shares in small value 

stocks, giving us a supernormal return (Fama & French, 1993). 
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Another attempt at finding supernatural return in the stock market came in 

2014 from Asness, Frazzini, and Pedersen (2014). They also divided the stock 

market by different parameters and then set these groups up against each 

other. The main difference between the paper from Asness, Frazzini, and 

Pedersen, was that Fama and French constructed an investment strategy 

where you would buy stocks based on the price of the shares, regardless of the 

quality of the company. Asness, Frazzini, and Pedersen’s model takes the 

opposite approach, suggesting an investment strategy where you would buy 

stocks based on the quality of a company, regardless of the price of the shares 

(Asness, Frazzini, & Pedersen, 2014). 

The fact that Asness, Frazzini and Pedersen identified quality measures that 

seemingly could quantify the quality of earnings of a company inspired 

Knudsen and Kold (2015) to construct a model for selecting comparable 

companies, based on quality measures, rather than the current, qualitative 

way of looking for similar companies or simply choosing competitors 

(Knudsen & Kold, 2015). 

Building upon their initial model, they produced a research paper presenting 

the Sum of Absolute Ranked Difference-approach (SARD) as a method for 

finding the most similar companies (Knudsen, Kold, & Plenborg, 2017). After 

the ranking is constructed, the most similar companies can be chosen and 

compared based on their valuation multiple. As these companies should have 

virtually identical cash flows both in terms of future growth, timing and 

uncertainty, they should be priced the same. If they are not, we expect there to 

be possibilities of a supernatural return. 
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Table 1.1: SARD of IFF in 2004, from presentation by Knudsen, Kold, and 

Plenborg 

The table below is from a presentation by Knudsen, Kold, and Plenborg, where they explain 

their SARD-model. The model is exemplified by the closest comparable companies to IFF found 

by the SARD-model in 2004. 

 

Table 1.1 is taken from a presentation by Knudsen, Kold, and Plenborg (2016), 

arguing that the SARD method can be used to find comparable companies with 

better explanatory value than the traditional approach for selecting 

comparable companies (Knudsen, Kold, & Plenborg, 2017). Looking at the 

table above, we can quickly identify two companies with valuation multiples 

that differs from the others. KB Homes seems to be underpriced, and 

McCormick & Co Inc seems to be overpriced. As this analysis was made per 

March 31st 2004, this would be our time of investment. If we were to go long 

KB Home and short McCormick &Co at this time, we would have made 51.18% 

on our investment in KB Home, and lost 7.96% in our investment in 

McCormick & Co, netting us a return of 43.22% over one year. For the same 

period, the S&P 500 index grew 5.71%, causing us to outperform the market 

by an impressive 37.51%. This raises the question of whether we can find 

groups of over- and underpriced companies and form an investment strategy 

based on this.  

Knudsen and Kold (2015) only looked at the selection of comparable 

companies, however, as Table 1.1 shows, it makes the creation of an 

investment strategy possible. Whether such an investment strategy is feasible 

and economically advantageous will be the content of this paper. Using SARD 
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to find the best comparable companies should encapsulate the “valuation”-

side of Asness, Frazzini, and Pedersen (2014), as similar companies in terms 

of risk, growth and profitability, should have the same valuation as a multiple 

of their cash flow or other value drivers. The consequent grouping of the 

companies based on their comparative valuation should encapsulate the 

“pricing”-side of the Fama-French model (1993), as we will find the most 

under- and overpriced companies, taking their current share price into 

account. Considering this, our valuation method should combine the best of 

both worlds, yielding a high supernatural return.  

1.2 Research Question 

This thesis tests whether an investment strategy based on the SARD approach 

to find comparable firms, leads to better returns. We perform valuations of a 

large sample of US firms at different points in time using the SARD method for 

the peer group selection, creating the foundation for our valuation. We 

calculate the premium of each company by comparing the real market price 

with the average of its peers. We then determine which multiples lead to the 

most precise valuations, measured by the return of that security in the 

following year. This strategy relies on the fact that all information is not 

reflected in the prices in the market, and therefore perfect substitutes are not 

priced equally. Hence, we can profit on the difference between the mispricing 

in the market at our point of investment, and what we hope to see is a 

reversion towards the correct price by our time of divestment.  

This thesis is centered around providing an answer to the following question: 

How should a multiple valuation investment strategy, based on the SARD 

approach, be constructed in order to obtain the highest returns? 

It does not make much sense to look at raw returns, without considering the 

risk attached. Therefore we also look at risk-adjusted returns and elaborate 

upon the research question by defining high returns as returns that have a 

Sharpe ratio above 1.0, which is in line with Asness, Frazzini, and Pedersen’s 

(2014) definition of risk-adjusted returns. We use the S&P 1500, which is the 
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base of our sample, to compare the Sharpe Ratios to the market. We also define 

a high risk-adjusted return as a return above 0 after adjusting for selected risk-

factors. To provide a more structured answer to our research question, we 

pose the following hypotheses: 

 Hypothesis 1: The SARD approach can identify overvalued and undervalued 

companies well enough, to create a long-short strategy with higher returns than 

a long-only strategy. 

 

 Hypothesis 2: The investment strategies that we create using the SARD approach 

can provide higher returns than the S&P 1500 index and our data sample. 

We will use four multiples, but do not limit ourselves to only using them in 

isolation. We also test the possibility of combining them in pairs. This creates 

a large amount of possible combinations. However, Knudsen, Kold, and 

Plenborg (2017) finds that the EV/EBIT multiple has the smallest absolute 

percentage errors of valuations, which leads us to raise another hypothesis: 

 Hypothesis 3: An investment strategy based on the EV/EBIT multiple or 

combination thereof provides the highest return? 

We have now presented our research question and our hypotheses, and in the 

next section we will delimit our paper. Chapter 2 will consist of the theoretical 

framework for the properties of perfectly comparable firms, and the value 

drivers of the valuation multiples. First, we will derive the valuation multiples 

and then review the theoretical foundation for the use of these valuation 

multiples and their value drivers. Following this, we will examine the effects of 

industry affiliation and the SARD-method for selection of comparable 

companies. In Chapter 3, we will review the relevant literature and empirical 

studies regarding valuation. Chapter 4 reviews and provide motivation for 

our sample selection and methodology. In Chapter 5 we will provide and 

analyse our empirical results, and provide robustness checks for our findings. 

In Chapter 6 we will compare our findings with preexisting literature, and 

discuss the practical ramifications of our findings. We will also present ideas 

for further research. Chapter 7 concludes the thesis.  
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1.3 Delimitations 

We will split the delimitations section in two parts: One that addresses the 

methodological part and one that addresses the data part. We begin with the 

methodology. 

We limit our thesis to only investigate the P/E, P/B, EV/Sales and EV/EBIT 

multiples. We believe that these four multiples are the most important as they 

capture different kinds of value. This thesis is based upon the findings of 

Knudsen, Kold, and Plenborg (2017) and as they test the SARD approach on 

these four multiples, we do not wish to start experimenting further. Besides, 

we have two equity based multiples and two enterprise-value based multiples 

and they capture both balance sheet and income statement items. We also 

include seven selection variables that we define as proxies for the drivers of 

multiples in our theoretical framework. We do not wish to change the 

calculation method from Knudsen, Kold, and Plenborg (2017) to risk unlinking 

our empirical findings from their theoretical measures. As such, we delimit our 

thesis from changing their calculation approach of the SARD model.  

This paper is centered around finding investment strategies that delivers high 

risk-adjusted returns, based on the SARD method of finding comparable firms 

(Knudsen, Kold, & Plenborg, 2017). Hence, we do not perform a robustness 

check on the chosen selection variables. Instead we focus solely on the returns 

of the investment strategies and the risk that is associated with it.  

In the data part, we delimit ourselves from other markets than the American 

stock market, more specifically the S&P 1500. We do this because there is a lot 

of data available for the American market, and by analyzing the S&P 1500 it’s 

possible to extract a large population of data, which is needed to make our 

research more valid. It is also the market that the SARD method was developed 

and tested on, which makes our study more valid. The accounting standards 

will also follow the same rules and regulations for all firms in the S&P 1500, 

and it will therefore not be necessary for us to alter any data. We limit 
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ourselves to the period of March 31st 1995 to March 31st 2016, except for the 

returns of the investments made in 2016, as we can obtain returns only until 

March 31st 2017. For a further explanation of our motivation for the sample 

and period selection see our sample selection section in chapter four. 

We do not look at whether there would have been any differences in our 

results if we had taken each of the S&P 500, S&P 400 and S&P 600, which 

constitutes the S&P 1500 index, and separated them. Instead we look at the 

index as a whole, and treat it as one entity. Neither do we look at whether there 

would have been any differences in our results, looking at the industries 

separately. We only take the companies that outperform, while we do not 

consider if all the best performing companies belong to one industry alone.  

We benchmark our investment strategies against the S&P 1500 index and our 

own sample. Furthermore, we also adjust for Fama and French (1993) factors 

and test whether we outperform them. It would be preferable to also 

benchmark our strategy against Asness, Frazzini, and Pedersen (2014) as it is 

an investment strategy much like ours, i.e. quality minus junk. However, it 

differentiates from our paper a great deal as it is not a multiple valuation 

strategy, but relies on quality factors, such as payout. A high payout can have 

a negative relation to the multiples, if firms experience low earnings and high 

growth, all else equal. Additionally, the paper of Asness, Frazzini, and Pedersen 

(2014) has a different research design than that of ours, basing their analyses 

on quality measures consisting of several different key metrics, some of which 

are based on historic figures dating back as far as five years. Thus, we deem it 

too difficult and time consuming to include in this paper. 

When testing the robustness of our returns we use the two factors, SMB and 

HML, found by Fama and French (1993), however, we do not test for their 

significance as risk factors in the market, as they have been widely accepted as 

significant. Including a test on their significance would require forming 

monthly portfolios and finding the standard deviation of the adjusted 

portfolios to compare with the adjusted return of each portfolio, taking up too 

much space and time. The same is true for our adjusted returns using 
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regression. It would require us to perform 12 regressions each year, and find 

the adjusted monthly returns. We will test the significance of our adjusted 

returns from our portfolio adjustments, and assume they will be similar to the 

regressed values on average. 
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Chapter 2 
 

 

 

 

 

Theoretical Framework 

 
In this section, we will define the theory used in the paper and the multiples 

that form the foundation of our investment strategy. The derived multiples will 

define whether a company is under- or overvalued, i.e. the stock should be 

bought or it has shorting potential. This chapter will first cover the drivers of 

the multiples used in the investment strategy. We will describe the industry 

classification approach and afterwards we will cover Knudsen and Kold’s 

(2015) SARD approach and results. This will be the foundation of our 

investment strategy and will provide basis for the whole thesis. Then we will, 

based on empirical results of others, define how many stocks that are needed 

in our investment portfolio and how they should be allocated in long and short 

positions.  Finally, we will explain some of the limitations that are associated 

with short-selling. 

When there is a strong form of efficient markets, prices are assumed to fully 

reflect all available information. The sufficient conditions for an efficient 

capital market are (i) there are no transactions costs in trading securities, (ii) 

all available information is costlessly available to all market participants, and 

(iii) all agree on the implications of current information for the current price 

and distributions of future prices of each security. These conditions are 

sufficient, but not necessary for market efficiency (Fama, 1970), thus we can 

assume that the markets are efficient, and any deviation from the theoretical 

price is due to a market anomaly. E is the expected value operator, Φ𝑡 is a 
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symbol for the set of information reflected in the price at time 𝑡, �̃�𝑡+𝜏 is the 

uncertain future 𝜏 period cash flow from the asset and (1 + 𝑟)−𝜏 is the current 

equilibrium price of an uncertain unit of cash flow delivered by the asset at 

future period 𝜏. The price of the asset today (time 𝑡) is given by 

 

𝑃𝑡 = ∑ 𝐸[�̃�𝑡+𝜏(1 + 𝑟)−𝜏|Φ𝑡]

∞

𝜏=1

 

(2.1) 

The equation above shows that the price of a cash flow claim should be equal 

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

the information available today. Thus, two assets identical in 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 adequate to know the price 

of one to deduce the price of the others.  

2.1 Drivers of Multiples 
With relative valuation, we determine the price of a stock by comparing it to 

the prices of other stocks in the market. However, in order to compare two 

different stocks one needs to standardize the price, by converting it to a 

multiple consisting of the relationship between the price of an asset (e.g. the 

spot price in the market) and a key figure (e.g. net earnings). Thus, in the 

following section we will examine the drivers of multiples by answering the 

questions (i) which factors govern the multiple and (ii) how does changes in 

the factors affect the multiple? To answer the questions, we will use equation 

2.1 through 2.6 to show that the multiples P/E and P/B are functions of the 

same three variables – risk, growth and profitability. The higher profitability 

and growth, and lower risk, the higher the multiple and vice versa. For 

simplicity we assume that all variables are constant over time. Then, let 𝐵 

denote the book value of equity, 𝐸 earnings, 𝛼 payout-ratio, 𝑟 required rate of 

return, 𝑔 growth, 𝐷 dividends and 𝑅𝑂𝐸 return of equity. From the discounted 

dividend model (Damodaran, 2006) we know the value of a company is 

defined as: 
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𝑃𝑡 =

𝐷𝑡+1

𝑟 − 𝑔
 

 

(2.2) 

We then rewrite the dividends to the product of the payout-ratio and earnings, 

and then replace earnings with the product of ROE and book value of equity: 

 
𝑃𝑡 =

𝐷𝑡+1

𝑟 − 𝑔
=

𝛼𝐸𝑡+1

𝑟 − 𝑔
=

𝛼(𝐵𝑡𝑅𝑂𝐸)

𝑟 − 𝑔
 

(2.2) 

We assume that constant growth is the product of the retention rate and ROE  

(𝑔 = (1 − 𝛼)𝑅𝑂𝐸), since this expression shows the part of the surplus that is 

not paid out to shareholders, but kept in the company. Thus, we replace the 

payout-ratio, 𝛼, and get: 

 

𝑃𝑡 =
(1 −

𝑔
𝑅𝑂𝐸) (𝐵𝑡𝑅𝑂𝐸)

𝑟 − 𝑔
= 𝐵𝑡

𝑅𝑂𝐸 − 𝑔

𝑟 − 𝑔
 

(2.3) 

By dividing the equation with book value of equity and earnings we get P/B 

and P/E, respectively: 

 𝑃

𝐵
=

𝑅𝑂𝐸 − 𝑔

𝑟 − 𝑔
 

(2.4) 

 𝑃

𝐸
=

1

𝑅𝑂𝐸

𝑅𝑂𝐸 − 𝑔

𝑟 − 𝑔
 

(2.5) 

Based on equation 2.5 and 2.6 it is safe to conclude that the multiples are 

driven by the fundamental factors (i) profitability, i.e. 𝑅𝑂𝐸, (ii) growth, i.e. 𝑔 

and (iii) risk, given by the required rate of return, i.e. 𝑟. Again, we must stress 

the fact that this is under the assumption of constant growth, i.e. that all 

variables are fixed in an infinite horizon.  
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We will now examine how changes in the drivers affect the multiples, by taking 

the derivative of P/E and P/B with respect to 𝑔, 𝑟 and 𝑅𝑂𝐸. Taking the 

derivative with respect to 𝑔 gives us: 

 𝛿(𝑃/𝐵)

𝛿𝑔
=

𝑅𝑂𝐸 − 𝑟

(𝑟 − 𝑔)2
> 0, 𝑖𝑓 𝑅𝑂𝐸 > 𝑟 

(2.6) 

 𝛿(𝑃/𝐸)

𝛿𝑔
=

1

𝑅𝑂𝐸

𝑅𝑂𝐸 − 𝑟

(𝑟 − 𝑔)2
> 0, 𝑖𝑓 𝑅𝑂𝐸 > 𝑟 

(2.7) 

We assume that 𝑅𝑂𝐸 is higher than 𝑟, thus, both P/E and P/B depend 

positively on growth. A higher (expectation to) growth indicates that the firm 

will generate a higher return in the future, all else equal, one is willing to pay 

a higher price for the firm. In practice this means that firms with high growth, 

like biotech companies, can trade at a high P/E, while firms in more mature 

industries, like tobacco, can trade at a lower P/E.  

The risk of the firm is expressed in the required rate of return. All else equal, 

shareholders in companies that operate in unstable markets or with uncertain 

future prospects, demand a higher return on their investment, compared to 

companies that are exposed to less uncertainties. To show how risk relates to 

the multiples, we take the derivative with respect to the required rate of 

return, 𝑟: 

 𝛿(𝑃/𝐵)

𝛿𝑟
=

𝑔 − 𝑅𝑂𝐸

(𝑟 − 𝑔)2
< 0 

(2.8) 

 𝛿(𝑃/𝐸)

𝛿𝑟
=

1

𝑅𝑂𝐸

𝑔 − 𝑅𝑂𝐸

(𝑟 − 𝑔)2
< 0 

(2.9) 

The equations show us that the multiples are negatively affected by risk, given 

𝑔 < 𝑅𝑂𝐸. In other words, the more risk attached to a share of a company, the 

less investors are willing to pay for $1 earnings. The equations also show us 

that P/E is more sensitive to risk, thus an increase in 𝑟, will impact P/E more 

than in P/B.  
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Finally, we show how the multiples depend on profitability, 𝑅𝑂𝐸, by taking the 

derivative: 

 𝛿(𝑃/𝐵)

𝛿𝑅𝑂𝐸
=

1

𝑟 − 𝑔
> 0 

(2.10) 

 𝛿(𝑃/𝐸)

𝛿𝑅𝑂𝐸
=

𝑔

𝑅𝑂𝐸2

1

𝑟 − 𝑔
> 0 

(2.11) 

If we assume that 𝑔 cannot exceed 𝑟 and that ROE can only be positive, then 

we see that the more profitable a firm is, the higher its P/E and P/B, all else 

equal.  

We also use enterprise-value based multiples to calculate the theoretical price 

of firms. We again assume a constant growth rate in perpetuity. The 

discounted cash flow (DCF) model can be expressed as  

 
𝐸𝑉𝑡 =

𝐹𝐶𝐹𝐹

𝑟𝑊𝐴𝐶𝐶 − 𝑔𝐹𝐶𝐹𝐹
 

(2.12) 

𝐸𝑉𝑡 is enterprise value at time t, FCFF is the free cash flow to the firm, 𝑟𝑊𝐴𝐶𝐶  is 

the weighted average cost of capital to the firm and 𝑔𝐹𝐶𝐹𝐹 is the growth in the 

FCFF. We replace FCFF with net operating profit after tax (NOPAT) multiplied 

with one minus the reinvestment rate (RIR) 

 
𝐸𝑉𝑡 =

𝑁𝑂𝑃𝐴𝑇 ∗ (1 − 𝑅𝐼𝑅)

𝑟𝑊𝐴𝐶𝐶 − 𝑔𝐹𝐶𝐹𝐹
 

(2.13) 

The RIR is the part of the NOPAT that is reinvested in the firm. RIR is equal to 

(change in net working capital + change in non-current assets) / NOPAT. We 

replace ROIC multiplied by invested capital (IC) with NOPAT. We then divide 

the equation with IC yield and get the EV/IC multiple 
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 𝐸𝑉

𝐼𝐶
=

𝑅𝑂𝐼𝐶 ∗ (1 − 𝑅𝐼𝑅)

𝑟𝑊𝐴𝐶𝐶 − 𝑔𝐹𝐶𝐹𝐹
=

𝑅𝑂𝐼𝐶 ∗ 𝑔𝐹𝐶𝐹𝐹

𝑟𝑊𝐴𝐶𝐶 − 𝑔𝐹𝐶𝐹𝐹
 

(2.14) 

ROIC is the return on invested capital (NOPAT/IC). We can now multiply the 

denominator with ROIC and multiply the whole equation with 1 – TR and we 

have the EV/EBIT multiple 

 𝐸𝑉

𝐸𝐵𝐼𝑇
=

𝑅𝑂𝐼𝐶 ∗ 𝑔𝐹𝐶𝐹𝐹

𝑟𝑊𝐴𝐶𝐶 − 𝑔𝐹𝐶𝐹𝐹
∗

1

𝑅𝑂𝐼𝐶
∗ (1 − 𝑇𝑅) 

(2.15) 

TR is an expression of the corporate tax rate. To get the EV/Sales multiple, we 

substitute EBIT with revenue multiplied by the EBIT-margin and multiply the 

whole equation with the EBIT-margin 

 𝐸𝑉

𝑆𝑎𝑙𝑒𝑠
=

𝑅𝑂𝐼𝐶 ∗ 𝑔𝐹𝐶𝐹𝐹

𝑟𝑊𝐴𝐶𝐶 − 𝑔𝐹𝐶𝐹𝐹
∗

1

𝑅𝑂𝐼𝐶
∗ (1 − 𝑇𝑅) ∗ 𝐸𝐵𝐼𝑇 − 𝑚𝑎𝑟𝑔𝑖𝑛 

(2.16) 

The EBIT-margin is equal to EBIT divided by revenue. We can see from 

equation 2.16 and 2.17 that both multiples are dependent on ROIC 

(profitability), 𝑟𝑊𝐴𝐶𝐶 (risk), 𝑔𝐹𝐶𝐹𝐹 (growth) and the tax rate. The EV/Sales 

multiple is furthermore also a function of the EBIT-margin.  

2.2 Empirical Studies on the Drivers of Multiples 

Several authors have studied the empirical relation between multiples and 

their drivers. Still, one cannot easily detect investors’ expectations towards 

growth and risk. One can express growth as either the current growth 

recorded at the time of the multiple being calculated or use a consensus of 

analyst forecasts of earnings.  

Beaver and Morse (1978), Fairfield (1994) and Hansen, Mouritsen, and 

Plenborg (2003) find that P/E ratios correlate negatively with earnings growth 

in the year of the portfolio’s formation. Nevertheless, as long as the realized 

negative growth does not equal the expected future growth, the empirical 

findings do not challenge the theoretical findings in the previous section. 

Furthermore, Beaver and Morse (1978) find that growth correlate positively 



2.2 Empirical Studies on the Drivers of Multiples 

 16 

with P/E in the subsequent year after the portfolio’s formation. Fairfield 

(1994) concludes that P/E correlates with growth in earnings and that firms 

experience higher growth in earnings in their first few years, if they have a 

high P/E ratio. Yet, after the first five years the difference in growth in earnings 

between firms with high P/E and low P/E diminish substantially. Penman 

(1996) and Hansen, Mouritsen, and Plenborg (2003) also verify that ROE 

returns to average as firms are categorized on the basis of their P/E ratio. One 

can also measure growth as the mean of financial analysts’ forecasts of long-

term (five-year) growth in earnings per share (Harris & Marston, 1994). They 

find that growth plays a more significant role in explaining P/B than risk (beta) 

does. Daghestani, Payne, and Sadler (2016) finds that growth has a positive 

impact on EV/EBIT and EV/Sales as sustained growth leads to a high 

enterprise multiple. Damodaran (2006) supports this and adds that 

companies who maintain a high growth rate must have a sustainable 

competitive advantage, and must therefore trade at a higher enterprise 

multiple. 

Fairfield (1994) finds that P/B correlates with future return on equity and P/E 

with growth in earnings. A firm's P/E-P/B combination reveals the market's 

expectation of future profitability relative to current profitability. Fairfield’s 

conclusions are supported by Hansen, Mouritsen, and Plenborg (2003). 

Damodaran (2006) argues that the quality of the growth, i.e. return on capital, 

is of big importance to EV multiples. He states that a higher return on capital 

leads to a lower reinvestment rate and higher free cash flows, and thus pushes 

the value up. 

Beaver and Morse (1978) and Harris and Marston (1994) have studied the 

relationship between risk and multiples. Beaver and Morse (1978) find that, 

depending on market conditions, risk is of little assistance in explaining the 

observed persistence in price-earnings ratios over periods longer than two or 

three years. Harris and Marston (1994) find that, once growth is controlled for, 

beta has a significant negative impact on P/B. Daghestani, Payne, and Sadler 

(2016) finds that market capitalization is normally the largest factor in the 
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numerator in the enterprise multiples and therefore a high growth and heavy 

institutional buying adds positively to market cap, and hence affects risk 

negatively, as a higher market cap leads to less risk and vice versa, all else 

equal. Damodaran (2006) adds that companies in risky businesses will trade 

at lower EV multiples than more mature companies. 

Finally, it is also important to note that tax rates influence the enterprise 

multiples. Damodaran (2006) notes that pretax multiples (e.g. EV/EBIT and 

EV/Sales) will decrease disproportionally more than after-tax multiples (e.g. 

EV/EBIT(1-t)) as tax rates increase. Furthermore, if one were to make relative 

valuation across countries with different tax rates, one needs to control for the 

difference, as it has a rather large influence on whether or not a firm is cheap. 

2.3 Industry 

When developing an investment strategy based on valuation through 

multiples, it is vital to identify true comparable firms, as the price of perfect 

substitutes is assumed to be the same. Analysts define comparable firms as 

firms operating within the same business areas, and thus belong in the same 

industry. The implicit assumption is that firms operating within the same 

industry share the same risk, growth, and profitability and therefore are 

comparable. However, the literature does not have any clear definition of how 

to define an industry and without a clear definition, industry classification is 

left to subjective judgment and becomes no more than guidelines (Lee, Ma, & 

Wang, 2015). Furthermore, Damodaran (2006, p. 247) argues that “a 

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

identical in terms of cash flows, growth and risk”.  

On the other hand, one can argue why firms that are defined as being in the 

same industry and operate with similar technology, use identical resources 

and produce similar goods, also, all things equal, should experience similar 

fundamentals in terms of profitability, growth and risk. Similarities in 

profitability can happen for firms in industries defined with barriers of entry, 

including economies of scale, capital requirements, technology, distribution 

channels, government policy etc. The entry barriers make it more difficult for 
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firms to enter, which will lead to some market concentration, which will, all 

things equal, lead to similarity in profitability.  

Risk is also very industry-related, as two firms that exploit the same resources, 

use similar technologies or produce the same goods, are equally exposed to 

risks in demand and supply. For instance, a jewelry producing company is 

more or less equally affected by changes in the price of gold and silver, as its 

competitors. They are also more or less equally affected by changes in 

consumer preferences and technology improvements, as they both can affect 

the future cash flows of the firm for good and for bad. Difference in size 

between firms in the same industry can, on the other hand, cause a divergence 

in risk, as larger firms might have analyst coverage, better access to capital 

markets and should be more liquid, than the smaller firms in the industry.  

2.4 Global Industry Classification Standard (GICS) 

Analysts rely on industry classifications as a method to find comparable firms 

because firms within the same industry share similar economic 

characteristics. When we think of an industry we consider firms that produce 

similar products that are substitutable for each other. In other words, their 

products have a positive and high cross-elasticity of demand. However, this 

still leaves us with an undefined boundary of how high the elasticity needs to 

be, to define it as an industry. Perfect substitutes are rare in the real world as 

most firms and their products differentiate either physically or in terms of 

price, availability, location etc. If one changes any of these factors slightly, it 

can lead consumers to substitute to other goods. One can then argue that all 

goods are substitutes on some level.  

Industry classification is being done empirically by various companies and 

organizations and based on different criteria. Firms are grouped in different 

hierarchical levels of industries and the grouping is typically based on similar 

processes, technologies, services or products. The most known include 

International Standard Industrial Classification (ISIC) by United Nations 

Statistics Division, North American Industry Classification System (NAICS) by 

statistical bureaus of US, Canada, and Mexico, Standard Industrial 
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Classification (SIC) by the US, Statistical Classification of Economic Activities 

in the European Community (NACE) issued by the EU, and the Global Industry 

Classification Standard (GICS) issued by Standard & Poor’s and Morgan 

Stanley Capital International. In this paper we will use GICS as the industry 

classification tool, as its classifications are significantly better at explaining co-

movements in stock return than other classification systems. Furthermore, 

GICS is better at explaining cross-sectional variations in valuation multiples, 

forecasted and realized growth rates, and various key financial ratios (Bhojraj, 

Lee, & Oler, 2003). 

Figure 2.1: GICS classification system example 

The figure below shows how the GICS classifies companies into sectors, industry groups, 

industries and sub-industries with a number-code from 2 to 8 digits. 

 

As depicted in Figure 2.1 GICS classifies industry affiliation on four different 

hierarchical levels: Sector, Industry Group, Industry and Sub-Industry. Each 

level is assigned a 2-digit code, so the further you drill down in the hierarchy 

of the industry, the longer the code. Every company covered by GICS is 

assigned an 8-digit code, which indicates the sub-industry of that company, 

which is the most detailed form of classification level in GICS. The empirical 

evidence suggests that assembling peer groups from narrower industry 

classifications versus wider industry classifications, improves the valuation 

accuracy of multiples (Damodaran, 2006; Nel, Bruwer, & le Roux, 2014). All 

Classification	level Example Code

Sector Industrials GICS2:	20

Industry	Group Transportation GICS4:	2030

Industry
Transportation	
Infrastructure

GICS6:	203050

Sub-Industry Marine	Ports	&	Services GICS8:	20305030
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sub-industries belong to an industry, and all industries belong to an industry 

group and so on. Each company is classified quantitatively and qualitatively 

and is assigned according to its principal business activity. Earnings and 

market perception are also used for the annual classification review process 

(MSCI, 2017). 

2.5 Sum of Absolute Rank Difference 

Another way to find peer groups is the fundamentalist approach, where one 

compares peers with similar valuation fundamentals, i.e. economic variables 

such as profitability, growth and risk (Nel, Bruwer, & le Roux, 2014). As noted 

by Lee, Ma, and Wang (2015, p. 411), industry classifications are at best simple 

guidelines for identifying comparable firms. Moreover, “with no conceptual 

guidance on what constitute an 'industry', the choice of industry benchmarks 

ultimately relies on subjective judgment”. Hence, a viable alternative to 

industry classification is to look at fundamentals of firms. Knudsen and Kold  

(2015) finds that a selection of comparable firms based on quality measures 

rather than industry classification leads to less accurate valuation estimates, 

while the combination of industry and quality measures leads to significantly 

more accurate valuation estimates. Bhojraj and Lee (2002) find that 

comparable firms selected on the basis of profitability, growth and risk 

characteristics offer significant improvements over comparable firms selected 

using the industry approach.  

Cheng and McNamara (2000) and Nel, Bruwer, and le Roux (2014) also find 

that using proxies for profitability, growth and risk can lead to an alternative 

way of finding similar firms, compared to the industry approach. Nevertheless, 

these methods lead to a significant reduction in the number of comparable 

firms, because the studies choose firms that share almost exact fundamentals. 

For instance, company A in Nel, Bruwer, and le Roux (2014) has an ROE of 

10%, and thus, they exclude all companies with an ROE of less than 7% and 

higher than 13%. Consequently, the more selection variables you add to find 

comparable firms, the less peers you end up with. This becomes a problem 

when your peer group is limited to a small number of firms after adding only 
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one or two selection variables as it then hinders you from adding more 

variables to improve the accuracy of the comparable firms. Hence, adding a 

third or a fourth variable becomes unfeasible, as it reduces your peer group to 

almost nothing, leaving this approach unattractive as a selection method.  

We will in this thesis use the sum of absolute rank difference (SARD) approach 

to identify comparable firms, as it opens up for an, in theory, infinite number 

of proxies for profitability, growth and risk. The method ranks each firm 

according to the selection variables (e.g. return on equity and market 

capitalization) compared to the other firms in the sample. A firm is then placed 

in a peer group with firms that have the smallest sum of absolute rank 

difference through the selection variables. The SARD approach differentiates 

itself from other fundamental valuation approaches by its ability to use a 

higher number of selection variables without restricting the number of firms 

in the sample. Furthermore, the SARD approach is, like other fundamental 

valuation methods, independent of industry classification. This opens up for a 

possible combination of the SARD approach and the industry classification 

method, potentially improving valuation accuracy even further. Finally, the 

SARD approach allows us to choose and tailor any selection variable that we 

deem relevant for our desired multiples, thus, improving the valuation 

estimates further (Knudsen, Kold, & Plenborg, 2017). The SARD method has 

been proved to deliver reliable and robust valuation accuracy across several 

robust tests by Knudsen, Kold, and Plenborg (2017). They also argue that the 

SARD approach delivers more accurate valuation estimates than the 

traditional industry classification approach, while the combination of the two 

methods leave even more precise estimates. Therefore, the SARD approach 

seems a very viable option for us to value companies in our investment 

strategy.  

The SARD approach selects firms on the basis of the least sum of absolute rank 

difference on an array of variables that we have selected, because they affect 

the multiples one way or the other. Knudsen, Kold, and Plenborg (2017) 

proposes a matrix of sum rank differences between each firm 
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 𝑆𝐴𝑅𝐷𝑖,𝑗 = |𝑟𝑋,𝑖 − 𝑟𝑋,𝑗| + |𝑟𝑌,𝑖 − 𝑟𝑌,𝑗| + ⋯ + |𝑟𝑍,𝑖 − 𝑟𝑍,𝑗| (2.18) 

SARD is here the sum of absolute rank difference across firm i and j. 𝑟𝑋,𝑖 is the 

rank of variable X for firm i, while 𝑟𝑋,𝑗 is the rank of variable X for firm j. 𝑟𝑌,𝑖 is 

the rank for variable Y for firm i and so on. We then sum the absolute ranks’ 

differences for the two given firms and find one SARD value that tells us how 

similar these two firms are. The lower the SARD value, the more similar they 

are. If our assumptions are correct and our chosen selection variables are true 

proxies for the drivers of multiples, then the two companies are similar and 

should therefore trade at the same price. We will now cover the selection 

variables that we will use in our valuation process.  

2.6 Selection Variables 

We showed earlier in this chapter that the drivers of the multiples P/E, P/B, 

EV/Sales and EV/EBIT, are profitability, growth and risk. We will use seven 

selection variables as proxies for the drivers of multiples, as prior research has 

identified these as suitable for comparable firm selection for multiple 

valuation (Cheng & McNamara, 2000; Bhojraj & Lee, 2002; Nel, Bruwer, & le 

Roux, 2014; Knudsen, Kold, & Plenborg, 2017). Asness, Frazzini, and Pedersen 

(2014, p. 1) defines quality characteristics of firms as safety, profitability and 

growth. They measure the quality characteristics as an average of several of 

different parameters, incl. earnings, five-year growth in earnings, market beta 

and payout ratio. However, ROE has been found as a suitable proxy for 

profitability as it yields very accurate equity valuation (Nel, Bruwer, & le Roux, 

2014). The combination of ROE and revenue growth was found to offer an 

increase in valuation accuracy by up to 37.88% on average. We also include 

return on invested capital (ROIC) as a proxy for profitability as it was shown 

in chapter 2.1 that it heavily influences both enterprise multiples. Net 

Debt/EBIT is a financial ratio that measures the time it takes a company to pay 

back its debt if net debt and EBIT are held constant. Consequently, we use Net 

Debt/EBIT as a selection variable to proxy risk. Additionally, credit analysis 

suggests that Net Debt/EBIT is a fundamental ratio (Healy, Palepu, & Peek, 
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2013). Another proxy we use for risk is Net Debt/Invested Capital. We add 

invested capital to the variables as a solvency ratio that includes the book 

value of shareholders’ equity. Net Debt/Invested Capital is used in 

combination with ROIC, while Net Debt/EBIT is used with RoE. Finally, we add 

size as a proxy for risk. The size of a firm can in many instances determine a 

company’s access to capital markets and the terms with which they can lend 

money. Larger firms are in general also more liquid and their stocks are traded 

at higher multiples, accordingly. Alford (1992) and, based on his work, later 

Dittman and Weiner (2005) have applied market capitalization as a proxy for 

risk in their studies. The future growth of a company is impossible to observe 

directly, therefore we apply analysts’ forecasts of future earnings as a proxy 

for growth. We calculate the growth in earnings between the first and the 

second forecast year to avoid normalization and noise between realized year 

and the first forecasted year. Two-year EPS forecasts dominate one-year EPS 

forecasts, which dominate realized EPS (Pimentel & Plenborg, 2016). Kim and 

Ritter (1999), Lie and Lie (Lie & Lie, 2002), Liu, Nissim, and Thomas (2002), 

Liu, Nissim, and Thomas (2007), Schreiner and Spremann (2007) and Nissim 

(2013) all find that forward-looking multiples outperform historical multiples, 

thus favoring forecasts in earnings as a proxy for growth compared to reported 

earnings. The EV/Sales multiple is significantly dependent on the EBIT-

margin; thus we also include that as a selection variable in our model. Look to 

chapter 2.1 for a derivation of the drivers of multiples.  

We combine the seven selection variables and get one of the following 

combinations 

 𝑅𝑂𝐸 +
𝑁𝑒𝑡𝐷𝑒𝑏𝑡

𝐸𝐵𝐼𝑇
+ 𝑆𝑖𝑧𝑒 + 𝐼𝑚𝑝𝑙𝑖𝑒𝑑𝐺𝑟𝑜𝑤𝑡ℎ + 𝐸𝐵𝐼𝑇-𝑚𝑎𝑟𝑔𝑖𝑛 (2.19) 

 𝑅𝑂𝐼𝐶 +
𝑁𝑒𝑡𝐷𝑒𝑏𝑡

𝐼𝐶
+ 𝑆𝑖𝑧𝑒 + 𝐼𝑚𝑝𝑙𝑖𝑒𝑑𝐺𝑟𝑜𝑤𝑡ℎ + 𝐸𝐵𝐼𝑇-𝑚𝑎𝑟𝑔𝑖𝑛 (2.20) 

Knudsen, Kold, and Plenborg (2017) find that adding more selection variables 

generally improves valuation accuracy, as mean and median of errors decrease 

the more variables you add. They also demonstrate that using SARD within 
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industries yields significantly more accurate results than across industries. 

Therefore, we will combine the industry approach with the SARD approach 

when we select comparable firms 

2.7 Diversification 

We have in large part covered the theory of our investment strategy by 

describing the relative valuation and the multiples, the industry approach, the 

SARD approach and the selection variables to finding peers and now only the 

restrictions and rules of investing remain. To move from theory to empirical 

evidence and test the theory in practice is not without limitations, and requires 

boundaries to remain realistic. We will in this section cover the number of 

firms we will trade. We will touch upon diversification to find the optimal 

amount of stocks and it will be used to argue for the shorting of stocks. Short 

selling and diversification does not however, come without limits from a 

practical point of view.  

Markowitz (1952) described a theory on the selection of assets in creating a 

portfolio. Assuming asset returns are stochastic, his theory suggested that 

rational investors should select a portfolio from the set of all portfolios which 

offered minimum risk (measured by variance) for different levels of expected 

return. Markowitz named this the efficient set. A Markowitz-efficient portfolio 

is one where no added diversification can lower the portfolio’s risk, without 

also lowering the expected return and vice versa. We are interested in finding 

such an efficient set of stocks however, diversification is not free. The more 

stocks you include in your portfolio, the higher the transaction costs. Our 

thesis will focus on an investment strategy that rebalances March 31st every 

year, which is the date that we will have the annual reports for our calculations. 

One could argue that rebalancing every quarter would be more feasible, as one 

will deal with more up-to-date data. However, the transaction costs would be 

increased. Therefore, we will now describe a way of diversifying our portfolio 

without having to buy the whole market portfolio. 

Consider a portfolio with N risky assets. The expected return of the portfolio 

is the weighted sum of expected returns of the individual stocks in the portfolio 
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𝑟𝑃 = ∑ 𝑥𝑖𝑟𝑖

𝑛

𝑖=1

 

(2.21) 

The variance of the portfolio return is the weighted sum of variance and 

covariance terms 

 
𝜎𝑃

2 = ∑ ∑ 𝑥𝑖𝑥𝑗𝜎𝑖𝑗

𝑛

𝑗=1

𝑛

𝑖=1

 

(2.22) 

The portfolio variance with three securities is thus 

 𝜎𝑃
2 = 𝑥1

2 ∗ 𝜎1
2 + 𝑥2

2 ∗ 𝜎2
2 + 𝑥3

2 ∗ 𝜎3
2 + 2 ∗ 𝑥1 ∗ 𝑥2 ∗ 𝜎12 + 

2 ∗ 𝑥1 ∗ 𝑥3 ∗ 𝜎13 + 2 ∗ 𝑥2 ∗ 𝑥3 ∗ 𝜎23 

 

 

(2.23) 

We can see from the equation above that the portfolio variance depends on the 

correlation coefficient of the stocks. The lower the correlation between stocks, 

the more risk we can diversify. The greatest payoff to diversification comes 

when stocks are negatively correlated. This is in reality very rare, but shorting 

stocks changes the sign of the correlation between two stocks. We will take a 

closer look at short selling in the last part of the chapter.  

When we talk about individual stocks and their risk there are two kinds that 

we must address. The first one is market risk (or systematic risk) which affects 

all stocks and cannot be eliminated by diversification. The other type is called 

unique risk (or unsystematic risk) and affects individual stocks or small 

groups of stocks and can consequently be eliminated by diversifying your 

portfolio (Brealey, Myers, & Allen, 2013). 

Elton and Gruber (1977) provide a table from their research which 

demonstrates the benefits of diversification. For instance, a portfolio of 30 

stocks has almost the same standard deviation as one consisting of 1000 

stocks, while the first four stocks provide most of the reduction in risk, 

compared with one stock. Statman (1987) supports this and adds that a well-
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diversified portfolio contains at least 30-40 stocks for an investor. We have 

graphed their findings in Figure 2.2, below. 

Figure 2.2: Portfolio Standard Deviation as a function of firms in the 

portfolio 

The figure below graphs the expected standard deviation of a portfolio given the number of 

firms in the portfolio. The x-axis is logarithmic with a base of 6, to show the standard 

deviation at around 30-40 companies, and at 1000.  

 

As the unique risk of the firm can be eliminated by diversification, a well-

diversified portfolio of securities only experience variance from the general 

market. A single stock in a well-diversified portfolio contributes to this risk by 

its market risk – a sensitivity to movements in the market we know as beta. 

The market portfolio (measured in this thesis as the S&P Composite Index) has 

a beta of 1,0 and a standard deviation of around 20% a year. Hence, a well-

diversified portfolio of stocks with a beta of 2,0 will have twice the risk as the 

market portfolio, expressed by a standard deviation of around 40% (Brealey, 

Myers, & Allen, 2013). We will return to the risk-factors and how they affect 

our portfolio when we perform robustness checks of our results in the method 

and empirical evidence. 
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2.8 Short Selling 

We will finish this chapter by discussing short selling, its possibilities and its 

limitations. We mentioned earlier that short selling stocks can create negative 

correlation coefficients and thus allow us to diversify our portfolio better. In 

other words, we can lower our portfolio standard deviation, while still 

maintaining returns. Furthermore, combining SARD and the industry 

approach to find comparable firms will provide us with a very precise peer 

group and thus we should be able to easily detect if any firms are undervalued 

or overvalued. If a company is undervalued, we can buy it and if it is overvalued 

we can short it. We will not discuss the ethics of speculating in the fall of a stock 

price in this thesis, but we will note that especially in the period 1999-2000 

many technology-related stocks seemed absurdly overpriced. Hence, shorting 

can reduce overpricing by bringing negative information or opinions to light 

(Miller, 1977). 

However, short selling a stock is not without complications. First, one needs to 

find someone willing to lend you their stock. This is not done in the centralized 

market and can therefore be difficult or impossible. The lender of the stock will 

require a fee or some kind of interest payment, which implies that there is a 

cost to shorting stocks. Once an investor has borrowed a stock, he is liable to 

the stock being recalled at any time by the lender. This creates a recall risk of 

being forced to shut down one’s short position, if you are not able to find a new 

lender. This is usually not a problem for large S&P 500 stocks, which generally 

are easy and cheap to short, but it does become a problem when dealing with 

smaller stocks, which are less liquid and have a smaller demand for borrowing. 

In addition to the difficulties with stock lending, borrowers are also faced with 

legal regulation that constraints short sale. The SEC, the Federal Reserve, the 

stock exchanges, underwriters and brokerage firms can mechanically hamper 

short selling, which can explain why most U.S. mutual funds are long only 

(Lamont, 2005).  

Hence, short sale can reduce our portfolio risk and potentially increase our 

returns, assuming our model is correct. However, short sale is constrained by 
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regulations etc. and it is therefore difficult to short smaller stocks, which may 

limit the use of our investment strategy to being long only.  

In this chapter, we described the drivers of multiples, i.e. profitability, growth 

and risk, and how they positively and negatively relate to the multiples. We 

then covered the industry approach to finding comparable companies, as it is 

commonly assumed that companies within the same industry experience same 

profitability, growth and risk. The official industry classification systems were 

explained and lead us to choose the GICS. Afterwards, we described the 

theoretical foundation of the SARD approach to finding comparable firms and 

explained the selection variables that we have decided to utilize as proxies for 

the drivers of multiples in the comparisons between firms. We decided on ROE, 

ROIC, NetDebt/EBIT, NetDebt/IC, size, growth and the EBIT-margin. We then 

turned to diversification, in order to find the number of firms that we should 

invest in as a minimum. We concluded that a minimum of 30-40 firms should 

be sufficient to diversify company-specific risk. Finally, we described some of 

the limitations that are connected with short-selling and the implications of 

this on our investment strategies.  

 
  



  Chapter 3 

  29 
 

Chapter 3 
 

 

 

 

 

Literature Review 

 

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

investment strategies, and the studies laying the groundwork for our 

methodology for selection of comparable companies. There are many articles 

that describe multiples valuation, as multiples are simple to use, however, they 

are also easy to misinterpret. We aim to create an overview of the context for 

our research, so that the reader has an idea of what is known and what is not 

until today and how we proceed from there. We will also cover previous 

studies on investment strategy and how to test these. 

The studies on investment strategies are focused on factor models (Fama & 

French, 1993; 2015; Asness, Frazzini, & Pedersen, 2014). The studies about the 

selection of comparable companies will be focusing on drivers of multiples 

(Asness, Frazzini, & Pedersen, 2014; Pimentel & Plenborg, 2016), and the 

methodology of selecting comparable companies. The selection of comparable 

companies will be done by utilizing the Sum of Absolute Ranked Differences 

(SARD) – method (Knudsen, Kold, & Plenborg, 2017). 

3.1 Methodological Review 

We will start this chapter with a methodological review, aiming to explain to 

the reader how this paper’s research design differentiates and adjoins with 

other articles and books describing multiples valuation and investment 

theory. To evaluate a specific firm, an industry analyst compares the multiple 

it trades at to the industry average. When comparing multiples within 
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industries one can end up with relatively different companies in size, growth 

etc. This has lead industry analysts to add their own subjective judgments in 

the characteristics (growth, risk profitability) to explain the difference. If a 

firm has a high P/E ratio relative to the industry, an analyst may explain it by 

high growth. However, if he cannot justify it by the firm’s individual 

characteristics, the firm is overvalued (Damodaran, 2006). The method of 

estimating a multiple for each firm in the sample, calculating the mean or 

median and comparing it to the selected firm is widespread and is used in 

several studies, including Alford (1992), Cheng & McNamara (2000), Lie & Lie 

(2002), Herrmann & Richter (2003), Dittmann and Weiner (2005), Yoo 

(2006), Liu, Nissim, and Thomas (2007), Schreiner and Spremann (2007), 

Cooper and Cordeiro (2008) and Knudsen, Kold, and Plenborg (2017). Most of 

the articles concern the percentage valuation error between the predicted 

multiple and the actual multiple. Yet, there are different ways of calculating the 

predicted multiple, as different methods yield different results. A research 

paper by Baker and Ruback (1999) on the accuracy of four standard averaging 

methods shows that the harmonic mean is the best method for estimating 

industry multiples. Because the harmonic mean is mathematically always 

smaller than the simple mean, they argue that the results suggest that using 

the simple mean industry multiple will overestimate value. Additionally, Liu, 

Nissim, and Thomas (2002) records an increase in performance when using 

the harmonic mean to calculate multiples, compared to the arithmetic mean 

and median. The harmonic mean is not as sensitive to outliers as most other 

averaging methods in general. An article by Herrmann and Richter (2003) 

finds that the harmonic mean leads to undervaluing the potential market price 

and that median values performs significantly better than the harmonic mean. 

The findings by Herrmann and Richter (2003) of the harmonic mean 

contradicts the results reported above. Remarkably, when Herrmann and 

Richter (2003) eliminate outliers as in Liu, Nissim, and Thomas (2002) they 

experience a substantial improvement in the pricing accuracy of the harmonic 

mean compared to the median. Finally, Schreiner and Spremann (2007) also 

document that the median is more precise than the harmonic mean and 
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arithmetic mean. A paper by Pimentel and Plenborg (2016) concludes that 

averages based on mean values suffer from outliers and that empirical 

evidence also provides solid indications that mean values should not be used. 

They argue that both the harmonic mean and median values avoid the impact 

of extreme values and that empirical evidence documents that both averaging 

processes perform significantly better than mean values (and geometric 

means). However, Pimentel and Plenborg (2016) cannot conclude whether 

one should apply the harmonic mean or median when calculating multiple 

averages, as the empirical evidence is inconclusive.  

A different approach to the analysts’ subjective judgments of a firm’s 

characteristics to calculate the predicted multiple, is to modify the multiples 

by adjusting for growth, i.e. the PEG ratio (Price-earnings-growth). However, 

when the differences in fundamental variables become more complex, one can 

turn to statistical regressions. Damodaran (2006) uses sector regression in his 

valuation approach by explaining the dependent variable (i.e. P/E ratio and 

EV/EBITDA) with independent variables (i.e. risk, growth and cash flows). For 

instance: 

 P/E ratio = 𝛼 + 𝛽 ∗ 𝑋1 (3.1) 

In this case Damodaran (2006) uses expected growth as the independent 

variable (𝑋1) to explain differences in P/E among the companies in the sector. 

The regression setup is used in Kim and Ritter (1999), Beatty, Riffe, and 

Thompson (1999), Herrmann & Richter (2003), Bhojraj and Lee (2002), 

Bhojraj, Lee, and Oler (2003) and Lee, Ma, and Wang (2015).  

Another methodological difference is the valuation multiples used to evaluate 

the selection methods amid the studies. P/E is used by Alford (1992), Cheng & 

McNamara (2000), Bhojraj, Lee, and Oler (2003) and Lee, Ma, and Wang 

(2015). P/B is used by Cheng & McNamara (2000), Bhojraj and Lee (2002), 

Bhojraj, Lee, and Oler (2003) and Lee, Ma, and Wang (2015). EV/Sales is used 

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

Wang (2015). EV/EBIT is used by Dittmann and Weiner (2005). 
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Pimentel and Plenborg (2016) argues that there is also compelling evidence in 

favour of using analysts’ forecasted earnings as a proxy for growth, instead of 

using reported earnings. Actually, using 2- or 3-year EPS forecasts appears to 

outperform 1-year EPS forecasts. However, Yoo (2006) demonstrates that the 

valuation accuracy can be improved if a combination of historical and forward-

looking multiples is applied. This finding suggests that the use of both 

historical and forward-looking multiples reduce characteristic biases and 

errors generated in the individual estimates. 

Finally, sample selection is a methodological aspect that might affect the 

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

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

and Wang (2015) and Knudsen, Kold, and Plenborg (2017)). Dittmann and 

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

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

Kot (2007) perform analysis on the New Zealand stock market.  

3.2 Comparable Firm Selection 

When ascertaining peer groups for relative valuation there generally exists 

two different methodologies that one must consider. The first methodology is 

the industry classification approach described earlier, i.e. firms that operate 

within same industry experience same risk and growth. The other 

methodology is the fundamental approach that argues that peer group 

selection should be based on firms’ fundamental characteristics, i.e. 

profitability, growth and risk. The accuracy of the two methodologies’ peer 

group selection has been examined empirically by a number of studies. 

Alford (1992) studied how errors in valuation estimates of P/E can be reduced 

by using different selection variables to form a peer group. He finds that the 

valuation accuracy increases when selected firms are within the same 

industry, as opposed to selecting firms with equal risk (proxied by total assets 

and financial leverage) and profitability (proxied by ROE). Alford also tests 

whether the valuation error decreases as the industry classification becomes 
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more narrow, and finds that it does until a certain point, when the peer group 

becomes too small. When examining the accuracy of a pair of selection 

variables, Alford (1992) finds that he can employ up to two different variables 

while still attaining a relatively large peer group. However, if he includes a 

third or fourth selection variable to improve his peer group selection, it 

reduces the number of remaining firms significantly, leaving him with a peer 

group of 4 firms on average. Alford (1992) concludes that industry 

classification and a combination of size and profitability are the most effective 

methods for selecting comparable firms. 

Cheng & McNamara (2000) study the performance of P/E, P/B and a combined 

P/E – P/B when selecting comparable firms based on industry classification, 

size and return on equity, as well as combinations of industry and size/or ROE. 

They find that industry classification combined with ROE (i.e. profitability) 

produces the most accurate results.  

A study by Dittmann and Weiner (2005) on European companies using the 

EV/EBIT multiple, with USA as a reference point, reveals that selecting 

comparable companies with similar return on assets, significantly 

outperforms peer groups based on industry classification or total assets. They 

use an approach similar to Alford (1992) and select all firms at the intersection 

of the 14% most similar firms in terms of return on assets, and the 14% most 

similar firms in terms of total assets. If this intersection results in a peer group 

of less than five firms, the procedure is repeated with an increased cut-off 

(15% or more), until a minimum of five comparable firms are selected. 

Nel, Bruwer, and le Roux (2014) examine peer group selection based on 

profitability (proxied by ROE), risk (proxied by total assets) and growth 

(proxied by revenue growth) and a combination of these factors. Nel, Bruwer, 

and le Roux (2014) utilize the intersection of three sets of firms; firms which 

deviate +/-30% from ROE, +/-30% from total assets and +/- 30% from 

revenue growth of the target firm are selected as comparable firms. However, 

due to the limited size of the South African market it is not possible to select 

firms from the intersection of three variables. Hence, Nel, Bruwer, and le Roux 
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(2014) apply a combination of two selection variables and find that the 

combination of variables significantly improves the valuation accuracy 

concerning peer groups selected on a single-factor basis. 

Bhojraj and Lee (2002) develop a systematic technique for selecting 

comparable firms, by selecting them based on profitability, growth and risk 

characteristics. They run regressions on EV/Sales and P/B and eight different 

proxies for profitability, growth and risk, and generate a “warranted multiple” 

for each firm. The comparable firms are those whose warranted multiple are 

closest to that of the target firm. Their results show that comparable firms 

selected through this method offer significant improvements over the industry 

classification approach. This study differentiates itself from other studies such 

as Alford (1992), Dittmann and Weiner (2005) and Nel, Bruwer, and le Roux 

(2014), as the method is not limited by adding more variables. Yet, investors 

may consider this method heavy to use as the coefficient estimates are 

sensitive to outliers and number of observations available, which may be 

problematic in smaller markets. 

Inspired by Bhojraj and Lee’s (2002) concept of a warranted multiple 

approach that includes eight different proxies for profitability, growth and 

risk, and which is not limited by the relative large number of added variables, 

Knudsen, Kold, and Plenborg (2017) develop and test an approach named the 

Sum of Absolute Rank Difference (SARD). The approach is able to account for 

an infinite number of proxies for profitability, growth and risk while remaining 

independent of industry classifications. Specifically, they test on P/E, P/B, 

EV/Sales and EV/EBIT and they proxy with combinations of ROE, 

NetDebt/EBIT, Size, Implied Growth and EBIT-margin. Their findings indicate 

that the SARD approach yields significantly more accurate valuation estimates 

than the industry classification approach. They also find that a combination of 

the SARD approach and the industry classification approach results in even 

more accurate valuation estimates, which suggests that the two approaches 

capture different aspect of peers’ fundamentals.  
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There is also a third and more recent methodology that argues that 

comparable firms can be found through search traffic patterns at websites. The 

concept is that two firms that are recurrently co-searched by multiple users 

are fundamentally associated or economically comparable (Lee, Ma, & Wang, 

2015). Lee, Ma, & Wang (2015) claim that new techniques should be developed 

since the modern service and knowledge-based economy challenge the idea of 

what comprises an industry and moreover affect the accounting variables used 

to measure fundamentals like profitability and risk. Hence, Lee, Ma, & Wang 

(2015) analyse the search traffic patterns at the Electronic Data-Gathering, 

Analysis, and Retrieval (EDGAR) website (provided by SEC) to study the 

usefulness of investors' shared perceptions in identifying economically-

comparable firms. Their findings show that if two firms match the criteria and 

are searched for jointly by several persons, the firms are fundamentally similar 

or economically associated. In direct tests, Search Based Peers outperform 

GICS6 industry peers. Still, they rely on data that are not publicly available 

making the implication for practical implementations limited for investors.  

3.3 Quality Characteristics 

There exists a lot of literature and studies on return-based anomalies. In this 

section we will describe some of the findings that may provide an 

understanding as to why some firms experience higher returns than others. 

Novy-Marx (2013) study the effects of profitability, measured by gross profits-

to-assets, on returns, by looking at value strategies and profitability strategies. 

He finds that profitable firms generate significantly higher average returns 

than unprofitable firms despite having, on average, lower book-to-markets 

and market capitalizations (i.e. higher valuation ratios). This is in contrast with 

Fama and French’s (2008) findings that higher profitability generates higher 

returns, once you control for market cap. 

Black, Jensen and Scholes (1972) study the effects of a change in beta and the 

implications it has on alpha. They perform cross-sectional regressions on US 

data from 1926-1966. Alpha on every asset is theoretically assumed (by the 

CAPM) to be zero, hence beta, the systematic risk of an asset, multiplied by the 
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excess return of the market portfolio equals the excess return on a stock. Black, 

Jensen and Scholes (1972) find that firms with a high beta, i.e. risk, had 

significantly lower intercepts than firms with low beta, indicating that a low 

beta is associated with a high alpha. The findings are confirmed by a more 

recent study by Frazzini and Pedersen (2014), in which they develop a model 

that shows a flatter security market line, than the one in Black, Jensen and 

Scholes (1972). They argue that this is true because financially constrained 

investors bid up high-beta assets, leading to a low alpha. Their findings are 

significant for both US equities and in 18 out of 19 tested international equity 

markets. 

A study by George and Hwang (2010) investigates the negative cross-sectional 

relations between returns and financial leverage, on US stocks from 1965 to 

2003 with a price larger than $5 (excluding financial companies due to 

leverage constraints by regulations). They find that firms with high financial 

distress costs choose to be less leveraged to avoid a situation of distress, but 

they retain systematic risk.  They also find that the return premiums to low 

financial leverage and low financial distress costs are significant in raw 

returns, and even stronger in risk-adjusted returns. Furthermore, when in 

financial distress (bankruptcy/liquidation), low-leverage firms suffer more 

than high-leverage firms. Another study by Penman, Richardson, and Tuna 

(2007) on US stocks from 1962-2001 (also excluding financial companies) 

about the price-to-book effect on stock returns, finds that the operating 

component of the P/B ratio is positively related to stock returns. However, it 

agrees with the study by George and Hwang (2010) that the leverage 

component is negatively associated with returns, even after controlling for 

conjectured operating risk proxies, which otherwise might have explained the 

pricing of leverage.  

Altman (1968) develops a method for testing bankrupt prediction of firms 

through a statistical multiple discriminant model. He utilizes a set of financial 

ratios to calculate a Z-score that can tell whether or not a manufacturing firm 

is close to bankruptcy, and therefore needs investigation by management, 
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banks, creditors etc. Ohlson (1980)continues the investigation with a larger 

sample from 1970-1976 and develops a probabilistic model of bankruptcy. He 

employs a number of financial variables and ratios and develops an O-score 

that predicts the probability of a firm going bankrupt. He finds, much like 

Altman (1968) that probability of failure depends on size, financial structure, 

performance and liquidity. A more recent study by Campbell, Hilscher, and 

Szilagyi (2008) attempts to estimate a dynamic panel model using a logit 

specification, by considering a broad range of explanatory variables, including 

both accounting and equity market variables. They utilize stock returns, its 

volatility and the market capitalization of each firm. They also calculate net 

income to assets and total leverage to assets as financial ratios. Campbell, 

Hilscher, and Szilagyi (2008) find that financially distressed firms have high 

market betas, but controversially have low, not high, average returns. The 

returns of firms that are distressed are particularly low during economic 

turbulence (measured by the VIX), which contradicts the notion that stocks 

that do predominantly poorly during these times, typically have high average 

returns (Ang, Hodrick, Xing, & Zhang, 2006).  

In a paper by Mohanram (2005) that combines traditional fundamentals with 

measures for growth firms, an index called GSCORE is developed. A long-short 

strategy based on the GSCORE index earns significant excess returns, also after 

controlling for momentum, book-to-market, accruals and size. Mohanram 

(2005) finds that high GSCORE firms have greater market reaction and analyst 

forecast surprises with respect to future earnings announcements. The data is 

gathered from 1978 to 2001 and consists of US firms. The paper indicates that 

a growth oriented fundamental strategy is able to strongly differentiate 

between future winners and losers. 

Fama and French (1993) develop a three factor model that prices assets just 

like the CAPM, but adds a size and a value (book-to-market).  
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 𝑟 = 𝑟𝑓 + 𝛽3(𝑟𝑚 − 𝑟𝑓) + 𝑏𝑠 ∗ 𝑆𝑀𝐵 + 𝑏𝑣 ∗ 𝐻𝑀𝐿 + 𝛼 (3.217) 

where r is the portfolios expected return, 𝑟𝑓 is the risk-free rate, 𝛽3 represents 

a “three factor” 𝛽, 𝑟𝑚 is the return of the market portfolio, SMB stands for Small 

Minus Big (market capitalization) and HML stands for High Minus Low (book-

to-market ratio). SMB measures the historic excess return of small-cap 

companies over big-cap companies, while HML measures the historic excess 

return of value stocks over growth stocks. Practically, they split US stock 

between 1963 and 1991 into portfolios that mimic their risk. They also rank 

the firms based on size and split them into two groups, small and big. Finally, 

they also break all stocks into three book-to-market value groups, based on 

low, medium and high. They find that value stocks outperform growth stocks 

and that small-cap stocks outperform large-cap stocks. Furthermore, they find 

that while beta in CAPM explains 70% of a portfolio’s return, their combination 

of beta, size and value can explain 95% of the return. 

22 years later Fama and French (2015) extended the model by adding two 

further factors – profitability and investment. They define the profitability 

factor RMW as the difference in returns between firms with robust (high) and 

weak (low) operating profitability and they define the investment factor CMA 

as the difference in returns between firms that invest conservatively and 

aggressively. They perform their analysis on US data from 1963 to 2013 and 

find that adding these two factors to the model, makes the model perform 

better than the three factor, while making the HML factor redundant. 

Furthermore, the conclusions are that stocks of companies with a high 

operating profitability perform better and stocks of companies with high total 

asset growth (investments) have below average returns. 

Asness, Frazzini, and Pedersen (2014) analyse an investment strategy, on both 

the US stock market and 24 other countries that they name quality-minus-junk 

(QMJ). The idea is to go long in high quality stocks and short low quality stocks. 

They define a quality stock as one that investors should be willing to pay a 

higher price for, all else equal. The characteristics of quality are stocks that are 
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safe, profitable, growing and well managed. Each quality characteristic is a 

combination of variables that have been ranked and standardized to obtain a 

z-score. For instance, profitability is a combination of gross profit over assets, 

return on equity, return on assets, cash flow over assets, gross margin and 

accruals. They find that the QMJ strategy earns significantly high risk-adjusted 

returns, because the price of quality only has a slightly higher price on average. 

They also find that the price of quality varies over time and that a low price of 

quality can predict a high future return. 

We have now described some of the existing literature and empirical results 

on this field of research. In short, we started with a methodological review 

which explained the differences and similarities in methodology previous 

literature. Some papers calculate the average of the peer group values using 

medians while others use the harmonic mean, and yet again others use 

regression analysis to estimate a fair multiple. We also covered the two schools 

of methodology in finding peers in multiple valuation. One school argues that 

a firm’s industry defines its peer group, whereas the other claims that the 

fundamentals of a firm defines its peers. Finally, we covered what the existing 

literature argues has an impact on returns and how the returns are affected. 

We have summed up the empirical studies on quality characteristics in table 

3.1.  
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Chapter 4  
 

Data and Methodology 

 
In this chapter, we will describe the methodology used for our sample 

selection, analysis and the robustness checks of the results of our thesis. In 

short, our dataset is a continuation of parts of the dataset created by Knudsen 

and Kold  (2015), as our thesis builds partly on their findings. Their dataset 

consisted of valuation multiples and value drivers of companies in the Super 

Composite index, S&P 1500, per March 31st in each year from 1995 to 2014. As 

their analysis is two years old we supplement the dataset with an additional 

two years, ending up with 22 years of independent data as grounds for our 

analysis. Most important to us when constructing the dataset was the 

comparability and continuity going from the dataset constructed by Knudsen 

and Kold  (2015), as our thesis is based somewhat upon their results regarding 

a new methodology when selecting comparable companies in a valuation 

based on multiples. We have ensured this through following their 

methodology for constructing the dataset, and replicating parts of their 

analysis to ensure we get the same results. After constructing the dataset, we 

have gathered return data from March 31st, which is our time of investment, 

until March 31st the following year, which will be our time of reinvestment and 

marks our holding period of 1 year. Our methodology for the selection of 

comparable companies is based on the working paper by Knudsen, Kold, and 

Plenborg (2017), where they introduce the SARD method for the closest 

comparable companies.  

In the next section, we describe the selection of our sample, the construction 

of our dataset following the methodology described in Knudsen and Kold  
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(2015) and the creation of our return data. In the following section, we 

describe our methodology for selecting comparable companies based on 

Knudsen, Kold, and Plenborg (2017). In the third section, we describe the 

creation of our portfolios and how we benchmark our returns. In the final 

sections, we describe and discuss our methods for risk-adjusting our returns.  

4.1 Sample Selection 

Our sample consists of the companies in the Super Composite Index, S&P 1500, 

for every year from 1995 to 2016. The S&P 1500 consists of the 500 large-cap 

companies in S&P 500, 400 mid-cap companies from S&P 400 and 600 small-

cap companies from S&P 600. Each year at March 31st we extract a list of all 

constituents of the S&P Super Composite Index from the COMPUSTAT North 

America Index Constituents Database. This is the base of our sample selection, 

as our selection period runs from March 31st, the year prior to when we 

extracted it from the COMPUSTAT database, and our investment period runs 

from the time of extraction. For example, the companies found in the 

constituent list per March 31st 1995, will be compared based on their 

accounting data from march 31st 1994, and will be a part of our possible 

investment portfolio from march 31st 1995. We have chosen to do it like this 

to make sure we only consider companies that are publicly traded at the time 

of investment, and to only consider the data that was available at the point of 

investment, to minimize bias. We will return to survivorship bias in section 

4.1.2. 

Our reason for selecting the S&P 1500 is mainly to base our analysis on the 

same data as Knudsen and Kold (2015) and Knudsen, Kold, and Plenborg  

(2017), to ensure comparability and continuity. Secondly, the S&P 1500 

consists of American firms, which ensures that all the firms adhere to the same 

accounting standards. While limiting ourselves to the S&P 1500 can cause us 

to exclude the closest comparable companies to some of the companies in our 

sample, the size of the S&P 1500 means that this is less likely, and the fact that 

at least 10 companies can be found in the same GICS-6 industry for at least 

85% of the companies, and 99% if using GICS-4 Industry Group (Knudsen & 
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Kold, 2015) most companies should have adequately similar companies in the 

S&P 1500 to ensure a viable analysis. Another advantage of the S&P 1500 is 

that it consists of 3 indexes based on market capitalization. This can be used 

to control for the size of the companies we invest in, which will be useful as a 

quick identifier when adjusting our returns for risk. 

4.1.1 Construction of the Dataset 

In this subsection, we describe how we have constructed the dataset to ensure 

it only contains the most recently available information at the time of 

valuation, and how we have chosen to exclude certain firms from the sample, 

to ensure comparability. We also describe the calculations we have conducted 

to ensure all companies have comparable selection variables and valuation 

multiples. To give an informative overview, we have included a table of all the 

calculations in Table 4.1, below. In this table, we have described both where 

we have extracted the data used in the calculations and how we have 

calculated each variable used in the analysis.  

Our method for data extraction and calculation of variables is in line with the 

methodology used by Knudsen, Kold, and Plenborg  (2017), which in turn is 

based on Knudsen and Kold  (2015). This means that, like Knudsen and Kold  

(2015), we have extracted the data that was available to investors per March 

31st in COMPUSTAT for each year. We have done this by approximating the 

publication date of all companies’ reports using the report date of their 

quarterly earnings reports [rdq]. We then identify the last four quarterly 

reports published before March 31st, to construct a trailing 12-months 

measure for each firm. When the quarterly data was not available, we 

substituted data from the annual report database if the firms followed the 

calendar year as their fiscal year. March 31st has been chosen because no 

quarterly new reports can be published between year-end and March 31st, 

making the annual report with a report date in late December or January 

equivalent to the last four quarters.  
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 𝔼[EPSt+2]/𝔼[EPSt+1] (4.1) 

Expected growth is defined as 𝔼[EPSt+2]/𝔼[EPSt+1], and are the median analyst 

estimates, found using the Institutional Brokers’ Estimate System, I/B/E/S, 

through Datastream. We use forecasts for year t+1 and t+2 to remove any bias 

from extraordinary items that may arise from using the actual numbers and 

year t+1.  

We drop observations if firms have not reported earnings the previous four 

quarters and do not have an annual report to substitute earnings from, or if we 

are unable to find expected growth forecasts for t+1 and t+2. We also drop 

observations if companies do not have positive EBIT or book value of equity, 

as we are using EV/EBIT and P/B as valuation multiples. We do not want 

companies with negative valuation multiples, as this will skew our analysis. As 

we are only using the results from Knudsen, Kold, and Plenborg (2017), we do 

not require as much data as in Knudsen and Kold  (2015), which allows us to 

keep more of the observations, which again should increase the validity of our 

analysis. 

For return data, we use CRSP to gather monthly prices and use the price at 

March 31st as the investment price, and the price at March 31st a year later as 

the divestment price. This ensures that the returns we get are the returns you 

would be able to get if you were investing, using our strategy, each year.  
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Table 4.1: Calculation of our Selection Variables 

This table reports how our raw data input is transformed into our selection variables. 
Compustat data items are in square brackets, and Datastream items are in accolades. All 
dataitems from Compustat has been converted into TTM numbers prior to these calculations.  

 

4.1.2 Survivorship Bias 

This paragraph is dedicated to the dangerous error of survivorship bias, which 

means that you select historical data which omits firms that went bankrupt, 

merged or was acquired. Survivorship bias can lead you to draw a false 

conclusion, as you only include firms that did not go bankrupt, and hence the 

returns of an investment strategy like ours would, all else equal, be higher. 

Kothari, Shanken, and Sloan (1995) establish that the returns to the shares 

excluded from the COMPUSTAT database were on average 9 to 10 pp. lower 

than the shares included in the database. They also showed that the significant 

book to market value (B/M) result of Fama and French (1993) could, in part, 

be explained by the survivorship bias in the data set they used. In order to 

avoid this bias, we extract data from CRSP and COMPUSTAT, as CRSP does not 

suffer from significant biases (Gilbert & Strugnell, 2010), and make 

comparisons between the firms in the two extracts. We manually investigate 

any misalignments to make sure that our data does not contain any 

survivorship bias. We have only found very limited variation in the data. 

Furthermore, we have also found that COMPUSTAT does in fact include 

companies that went bankrupt, e.g. Lehman Brothers (2008). Additionally, we 
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have between 1550 and 1650 firms each year in our raw constituent extracts 

from COMPUSTAT, which indicates that if some companies were to go 

bankrupt in one year, another one would replace them. And as the total 

number of firms in our extract is much larger than 1500, it could mean that 

COMPUSTAT still stores their data in their database. Furthermore, Davis 

(1996) investigates survivorship bias in COMPUSTAT during the period of 

1963 to 1978, which is the period where most of its backfilling was done. A 

simple search for studies on survivorship bias in COMPUSTAT after 1996 on 

Google Scholar or in the EBSCOhost1 databases does not lead to much relevant 

literature. Hence, we conclude that there does not seem to be any survivorship 

bias in our data.  

4.2 Identification of Comparable Companies 

After constructing the dataset by excluding the irrelevant companies and 

calculating the value drivers described in table 4.1, we are ready to use our 

data to find the most similar companies. We do this, year by year, by going 

through all the companies in our data set one after the other. For each 

company, we find all companies in the same GICS6-industry, and assign them 

as the potential comparable companies. If there are too few companies in the 

GICS-6 industry, we widen our search, and include all companies in the same 

GICS-4 industry group. We have chosen to include industry as a selection 

criterion, as Knudsen and Kold  (2015) found that selecting peers based on 

quality measures increased the explanatory value of peers, but selecting based 

on both quality measures and industry affiliation gave the best comparable 

companies.  

The base of our methodology for identifying comparable companies is to select 

the companies that are most similar to a selected firm, based on the value 

drivers that are most relevant for the valuation multiple we look at. One may 

argue that comparable companies are similar regardless of which valuation 

                                                        
1 EBSCOhost consists of the following databases: Business Source Complete, 
Academic Search Elite, Communication and Mass Media Complete, SocIndex 
with Full Text, Econlit and PsycINFO. 
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multiple we are looking at, but we are interested in finding companies that are 

under- or overvalued based on their valuation multiples. Each valuation 

multiple is driven by different value drivers that we have named selection 

variables, which means that there may be differences in which companies are 

the most similar depending on which value multiple we look at. This is also in 

line with the argument laid by Knudsen, Kold, and Plenborg (2017) that 

valuation multiples and selection variables may be tailored to increase 

explanatory value. The fundamentals are the same, however. The valuation 

multiple is driven by a risk measure, a growth measure and a profitability 

measure. While we use some different proxies for risk, growth and 

profitability, the fact that we need a measure for each does not change.  

The implications from the above paragraph means that before we can start 

identifying comparable companies we must choose which valuation multiple 

we want to use to compare the companies. To capture as much information as 

possible we have chosen to utilize the EV/EBIT multiple and the P/B multiple. 

As described in Table 4.1, EV/EBIT captures the expected future growth of the 

company by looking at the enterprise value, which is the discounted future 

cash flows to the firm, and it measures it as a multiple of the current earnings 

of the company, measured by EBIT. An alternative way to capture some of the 

same information is by looking at the P/E valuation. However, looking at 

earnings instead of EBIT introduces financial earnings and taxes, which can 

fluctuate a lot across time, and interest income isn’t a part of the core 

operations of the company. The price of the company may be biased by market 

sentiment and while this may introduce a bias, we will be investing in the 

company’s stock at the market value, not at the enterprise value. Hence, 

looking at a multiple of price may still be beneficial. Therefore, we have also 

chosen to look at the P/B measure. As the value of a company consists of its 

future earnings and the current value of its previous retained earnings, having 

already looked at a multiple of earnings, introducing a multiple of a balance 

sheet measure will help capture another aspect of the valuation of a company. 

The P/B and EV/EBIT multiples were also the measures with the lowest 
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median of absolute percentage errors found by Knudsen, Kold, and Plenborg 

(2017), indicating that these were the multiples with the most accurate fit of 

comparable companies. The final argument for our selection is that we 

attempted the analysis using the five value drivers ROE, Net Debt/EBIT, 

Market Capitalization, Growth rate and EBIT-Margin, as shown in Knudsen, 

Kold, and Plenborg (2017), and EV/EBIT and P/B gave the best results.  

After our initial results, we attempted to optimize the results by tailoring the 

selection variables to the valuation multiples. In the next subsection, we will 

describe the selection of comparable companies when comparing companies 

using the EV/EBIT measure, and in the following subsection we will quickly 

describe the same process using P/B as a valuation multiple, and compare the 

two and explain the differences. 

4.2.1 Selecting Comparable Companies for Income-based Multiples 

The selection of comparable companies is done in several steps. First, we 

choose what valuation multiple to use when comparing the values of the 

companies. Second, we identify the relevant value drivers for the chosen 

valuation multiple. Third we exclude outliers to reduce bias in the final results. 

Fourth, we identify the possible peers for each firm based on the GICS-6 

industry or GICS-4 industry group. Fifth, we find the absolute difference 

between each value driver of each potential peer and the value driver of the 

company we are currently looking at. Sixth, we rank all the absolute 

differences, so the company with the least absolute difference in a value driver 

gets rank 1 for that value driver, the second closest gets rank 2 and so on. 

Lastly, we sum all the ranked differences and sort the potential peers based on 

the sum of their absolute ranked differences (SARD). The company with the 

lowest SARD is the closest comparable company.  

The selection of the valuation multiples was motivated in the previous section, 

while in this subsection we will describe the remaining steps in the process of 

identifying comparable companies when using the EV/EBIT valuation 

multiple. Our choice of multiples for income-based multiples are all the same 
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as those used by Knudsen, Kold, and Plenborg (2017). Our income-based 

multiples are EV/EBIT, EV/Sales and P/E, as these are all a multiple of value 

in relation to an item on the income statement. We have argued for our choices 

below. 

When selecting variables, we aimed to choose drivers that cover the three 

relevant areas growth, risk and profitability. For growth, we have the choice 

between historic growth rates, like used by Knudsen and Kold  (2015) and 

Asness, Frazzini and Pedersen (2014), or forward-looking growth estimates, 

as used by Knudsen, Kold, and Plenborg (2017) among others. The main 

argument for using estimated future growth rates is because historic growth 

is no guarantee for future growth, and historic growth is already incorporated 

in the book value, and market value of the company, whereas future growth is 

uncertain. Despite this uncertainness, the biggest part of the value of a 

company is the market’s estimate of the company’s future growth. This makes 

capturing this in a forward-looking estimate paramount to being able to 

estimate its future value. An argument against using estimates is that the 

future is uncertain and as such estimated growth rates may be vastly different 

from actual growth rates in the period. However, as explained in chapter 2, 

studies have shown that using estimated growth gives a better explanatory 

value than using historic growth. Considering this, we have chosen to use 

estimated growth rates. Using estimated growth rates introduces another 

problem though. There may be extraordinary items in the reported earnings 

and estimated growth rates are reported without extraordinary items. This 

may introduce a bias, and to eliminate this we have elected to use the growth 

between the estimated earnings in t+1 and t+2. To find these figures, we have 

used I/B/E/S through Datastream, which is a database with historic market 

and analyst estimates data. This has allowed us to find the median value of 

analyst estimates for earnings per share in t+1 and t+2, as if we were investing 

March 31st each year. This causes us to drop some observations, however, we 

believe the increased accuracy of our analysis makes up for it. This leaves us 

with Equation 4.1 for growth rate 
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When choosing a risk measure, we chose two variables, Market Capitalization 

and Net Debt/EBIT. Market Capitalization has been chosen, as size of the 

company is relevant for its risk and it is also a proxy for liquidity risk, as 

smaller companies are traditionally less liquid. Net Debt/EBIT has been 

chosen, as it is a measure of a company’s ability to pay back its debts, and has 

been shown by Healy, Palepu, and Peek (2013) to be an integrated component 

of credit analysis. As a profitability measure we have chosen to compare the 

companies based on ROE as Alford (1992) and Nel, Bruwer, and le Roux 

(2014), has shown that it is significant for selecting comparable companies. 

Lastly EBIT-margin was shown by Knudsen, Kold, and Plenborg (2017) to be 

a relevant measure for EV/Sales, but we have also found it to have explanatory 

value when looking at EV/EBIT. 

We have looked through all the observations for each year and excluded all 

observations with a valuation multiple more than 3 standard deviations from 

the mean value of the valuation multiples of all companies in the given year. 

We have done this to exclude outliers that would otherwise skew our 

investment strategy. These outliers may for example arise due to 

extraordinary items or a single bad year of earnings that is not expected to 

repeat itself. This would have minimal impact on the market or enterprise 

value of the firm, but would have direct impact on the valuation multiple, by 

reducing the EBIT. Such an event would give some firms elevated EV/EBIT 

multiples, but it would be due to the market’s belief that their EBIT would pick 

back up and stay on previous levels, and not because of prolonged future 

growth. This would have minimal impact on stock returns, but heavily impact 

our analysis.   

After excluding outliers, we have the complete dataset that we will be choosing 

our comparable companies from. We now start out by selecting the possible 

peer group, by looking at each firm individually and selecting all firms in the 

same GICS-6 industry. If the peer group count is below a certain number, in 

our instance 12, we elect to include all firms from the same GICS-4 industry 
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group as the firm. This has been done to ensure that every firm has a large 

enough base to choose comparable companies from. 

After selecting the possible peer group for each company, each company is 

given an individual analysis, and for each company, each selection variable is 

considered individually. This process is visualized in Table 4.2, where we 

have shown the process for Landry’s Restaurant in 2009. In 2009, Landry’s 

Restaurant was in the GICS-6 industry for hotels, restaurants and leisure with 

24 other firms, but to save space we have randomly selected 6 of these 

companies to show the concept. We have also chosen to only look at two value 

drivers in our example, as the process is the same for all selection variables. 

First, we set the base value of each selection variable. This base value is the 

value corresponding to the value of that selection variable, in the base 

company. In the example below, our base company is Landry’s restaurant, and 

the base values are 6.57 for Net Debt/EBIT and 0,046 for RoE. After finding the 

base values, we find the absolute difference between the selection variable of 

each potential comparable company and the base values. These values can be 

seen in Table 4.2, under the NetDebt/EBIT AD column and ROE AD column.  

Table 4.2: SARD method 

The table shows the method for calculating the SARD, exemplified by Landy’s Restaurants, 

selecting for EV/EBIT in 2009. It describes the valuation multiple of the companies, and the 

values of their selection variables. It also shows the absolute difference between the value of 

the selection variables of the potential peers and Landry’s Restaurants, and the ranks of each 

selection variable, and the summed ranks. 

 

Now, we must rank all the differences in each value driver. This is done by 

giving the company with the smallest absolute difference in each value the 
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rank 1, the second smallest difference the rank 2, and so on. In our example, 

we can see that the company with the smallest difference in Net Debt/EBIT is 

Marcus Corp and the company with the smallest difference in ROE is California 

Pizza Kitchen.  

The final step is to add all the ranks and find the company with the lowest sum 

of ranked differences. Each SARD value is also given a random number of 

miniscule size to break ties. This random value is so small it has no impact if 

there is no tie. 

Having ranked all the potential peers, we sort them, so the potential peer with 

the lowest SARD-value becomes the closest comparable company. The peer 

group is then selected as the nine companies with the lowest SARD value. We 

have chosen to use nine peers, as we wanted to use as few peers as possible, 

so that we could allow for a smaller minimum size of the peer universe. 

Knudsen, Kold, and Plenborg (2017) have shown that using EV/EBIT, their 

median of absolute percentage errors was lowest using about 8 to 16 peers. 

Building upon this we have found that the difference between using 9 and 10 

peers is minimal, however when using 8 peers our results started being 

adversely affected.  

The methodology for selecting comparable companies is the same when 

looking at P/B, however, we have elected to look at some different selection 

variables. Which variables we use for P/B and the motivation for their use is 

described in the following subsection. 

4.2.2 Selecting Comparable Companies for the Price/Book Multiple 

As mentioned, the methodology for identifying comparable companies for the 

P/B multiple is largely the same. The only difference is a few of the selection 

variables. The difference is that when choosing a measure for risk, we have 

elected to use Net Debt/Invested Capital instead of Net Debt/EBIT. The reason 

why we have used Net Debt/Invested Capital instead of Net Debt/EBIT for P/B 

is because we believe it is more relevant for a balance sheet measure like P/B. 

We have also found, through our studies, that using Net Debt/Invested Capital 
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finds more closely related companies. However, using Net Debt/Invested 

Capital we do not get the same direct measure of the company’s ability to 

honor its debt obligations. To account for this, we have chosen to use ROIC 

instead of ROE to measure profitability. Our choice of using ROIC in unison 

with Net Debt/Invested Capital gives us a measure of both risk, as companies 

with a similar Net Debt/Invested Capital and ROIC should have approximately 

the same ability to honor their obligations, and similar profitability. After 

substituting ROE for ROIC as a profitability measure we also found that our 

analyses consistently yielded superior results through our investment period.  

For P/B we have also chosen to exclude EBIT-margin, as it is not relevant for a 

P/B measure, and Knudsen, Kold, and Plenborg (2017) found no real 

improvement in their model when including it. 

4.3 Valuation 

After conducting a SARD analysis of every company and selecting their nine 

peers, we use their peer group to conduct a valuation of each company. Our 

valuation goes back to the underlying notion that cash flows with similar risk, 

profitability and growth should be worth the same. The grand implication 

from this is that companies with the same risk, profitability and growth should 

be worth the same per unit of cash flow. In our valuation, this means that 

similar companies should have similar valuation multiples. In the last two 

subsections, we presented how we found the most similar companies, 

selecting based on our chosen risk, profitability and growth measures, and in 

the following section we will describe how we use the selected peer groups to 

perform a valuation.  

4.3.1 Valuing Each Firm 

As shown in Table 4.2 above, we also include a valuation multiple in our table, 

however, the valuation multiple is not used in the SARD to find the most 

similar company, but rather to find the implied premium for each company. 

Our methodology for finding the premium is visualized in Table 4.3 below, 

where we have shown the SARD selection for Landry’s restaurants in 2009, 
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looking at EV/EBIT as the valuation multiple. We included the entire peer 

universe of 24 companies, to visualize the entire selection process. 

Table 4.3: Peer universe, selection of comparable firms and implied 

premium 

The table shows the 24 companies in the peer universe of Landry’s Restaurants, chosen by its 

GICS-6 industry. The grey fields indicate companies that are not a part of the calculation of the 

predictive EV/EBIT value, and therefore neither a part of the premium calculation. The table 

describes the valuation multiple and the selection variables of all the companies, and shows 

the simple mean of the selected peer group, used to calculate the premium as described below, 

and shown in the table. 

 

As can be seen in the table, the first nine companies are selected and the 

remaining 15 are excluded, indicated by their background colors. Which 

company to include between Marriott International and Cheesecake Factory, 

is decided by the previously mentioned randomly generated tiebreaker. Our 

theory is that considering the nine chosen companies are similar to our base 
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company, it should have the same value as a multiple of its cash flow. This 

implies that its valuation multiple should go towards the mean of that of its 

peers.  

To calculate the mean of the peer group valuation multiple Knudsen, Kold, and 

Plenborg (2017) use the harmonic mean to reduce the impact of outliers. We 

have chosen to exclude outliers from our analysis altogether, choosing the 

cutoff as all companies having a valuation multiple more than 3 standard 

deviations higher than the mean value of the valuation multiple in the sample 

for the given year. This means that in each year we find the mean and standard 

deviation of each valuation multiple and as an example, when looking at 

valuations using the EV/EBIT multiple in 2009, we find the mean of the 

multiple to be 9.96 and the standard deviation to be 8.23. This means that all 

companies with an EV/EBIT multiple above 34.65 will be excluded when 

looking at EV/EBIT in 2009. However, they can still be included when looking 

at other variables and in other years. For EV/EBIT in 2009, we excluded 3 

observations with EV/EBIT-multiples as high as 69. Our reason for excluding 

outliers is two-fold. Firstly, if we included them and they showed up in a 

selected peer group, they would greatly increase the implied value of the base 

company. This could be mitigated by using a harmonic mean, but our reason 

for not simply doing this is the second reason for excluding the company. If we 

left outliers in and used harmonic mean to calculate the premium, we would 

still have the outliers included as potential investment, and they would almost 

always be selected as short positions, as their valuation multiple is so high that 

it would surely be far greater than their selected peer group. We don’t know 

the exact statistical distribution of the valuation multiples, however having a 

value of more than three standard deviations higher than the mean should still 

be considered an anomaly, which is why we exclude it.  

Having excluded outliers, we can find the simple mean of the selected peers to 

calculate the predicted value of the valuation multiple. After we have found the 

predicted value of the valuation multiple, it is just a simple case of finding the 

implied premium. The premium is calculated the same way as Knudsen, Kold, 
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and Plenborg (2017), by looking at the percentage difference between the two. 

The only difference is that we look at the nominal values and not the absolute 

values, as we are interested in knowing whether a company is under- or 

overvalued; not just finding the prediction error. Our premium is the implied 

percentage change in value in the company, for the company to be worth the 

same per cash flow as its peers. This process is repeated for all companies 

every year.  

After having found the premium for every company in a year, we use all the 

premiums to form a portfolio. We have two investment strategies, one where 

we go long the most undervalued companies, and one hedge portfolio where 

we go long the most undervalued companies and short the most overvalued 

companies. In the following section we will describe how we form our 

portfolios and track their returns. 

4.3.2 Forming the Investment Portfolios 

Our methodology for forming our investment portfolios are fundamentally the 

same, regardless of which valuation multiple we are basing it on and whether 

it is a long only portfolio or a hedge portfolio, that we will name long-short. 

Table 4.4: Top 10 Premiums in 2009, using EV/EBIT 

The table shows the 10 companies with the highest implied premium using the EV/EBIT 

multiple as the valuation multiple in 2009, and their rank based on their premium. It also 

shows the return they yielded from March 31st 2009 to March 31st 2010.  
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After calculating all implied premiums from a valuation multiple in a single 

year, we list all stocks in the S&P 1500 and rank them by implied premium. 

The companies with the biggest implied premium gets the lowest rank and the 

companies with the lowest, or most negative implied premium, gets the 

highest rank. When all companies have been ranked, we form a long portfolio 

consisting of the 45 companies with the 45 lowest ranks, i.e. highest premiums. 

We also form a short portfolio with the companies with the 45 highest ranks. 

These two portfolios combined constitutes the hedged long-short portfolio. 

This means that the long-only portfolio consists of 45 companies, whereas the 

long-short portfolio consists of 90 companies.  

For each year, we have constructed 20 different portfolios. A long-only 

portfolio and a long-short portfolio has been constructed for each of the four 

valuation multiples: P/E, P/B, EV/EBIT and EV/Sales. Additionally, we have 

combined each of the valuation multiples to create six additional 

combinations; P/E & P/B, P/E & EV/EBIT, P/E & EV/ Sales, P/B & EV/EBIT, 

P/B & EV/ Sales, and EV/ Sales & EV/EBIT. These combined portfolios have 

been created as some of the valuation multiples may find premiums that we 

cannot find using other valuation multiples to create our portfolio. Combining 

them allows us to get the best of both worlds, as we would only invest in 

companies that are under- or overvalued in both measures.  

When combining the premiums from two valuation multiples we could either 

do it directly at the premiums, by adding the two premiums, or rank each 

premium and add the ranked premiums. Selecting directly at the premium-

level would be the most straightforward, however, looking at the data we have 

noticed that some valuation multiples has a higher standard deviation as 

percentage of the mean. This implies that the premiums in the extremes will 

probably be of a higher or lower numerical value, for under- and overvalued 

companies, respectively. Making a combined portfolio directly at the 

premiums, considering this, would mean that one valuation multiple would get 

weighed more when selecting the companies. As an example, the mean of the 

10 highest premiums for EV/EBIT in 2009 was 166%, as can be seen in Table 
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4.4, whereas the mean of the five highest premiums for P/B in the same year 

was 240%, almost 45% higher. Combining these two measures directly would 

form a bias towards the P/B measure. 

The other way to combine the portfolios, and the way we did it, is to do it based 

on their ranked premiums. To do this we found the ranked premium for each 

company using every valuation multiple and added them together. We then 

sorted by summed rank and formed our long-only portfolio with the 

companies with the lowest ranks, and our short portfolio with the highest 

ranks. Table 4.5 shows the companies with the 10 lowest ranked premiums 

using P/B & EV/EBIT in 2009. As can be seen by the table, Landry’s restaurant 

with its return of 243% from March 31st 2009 to March 31st 2010, would 

almost be excluded from the portfolio using only EV/EBIT, however, using the 

combined portfolio it is our 7th most undervalued company. This suggests that 

P/B captures a part of the measurement of whether a company is over- or 

undervalued that EV/EBIT does not and vice versa.  

Table 4.5: Top 10 ranks in 2009, using P/B & EV/EBIT  

The table shows the 10 companies with the highest summed rank of premiums, using the P/B 

and EV/EBIT valuation multiples to select the portfolios. The ranks are found by finding the 

implied premium of all companies using the P/B and EV/EBIT multiple, and then all 

companies are ranked based on their implied premium. The two ranks are then added to get 

the summed rank, and the companies are sorted by the summed rank, so the one with the 

lowest summed rank has the highest implied premium, combining the two valuation multiples.  

 

The returns for each firm is found by compounding the monthly return data 

found in CRSP. This measure takes into account stock-splits, stock emissions 
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and dividends, i.e. the returns are measured with reinvestment. Each portfolio 

is created as an equally weighted portfolio and the return of the portfolio is 

measured as the mean return of all the portfolio constituent companies.  

4.4 Robustness Checks 

Whenever a new investment strategy is created it is important to test whether 

it is simply a new way to find risky investments, a new way to follow the same 

investment strategies as previous strategies, or in fact a brand-new strategy. 

A way to test for anomalies found in previous studies is to adjust the returns 

found using our new strategy, with the returns we would have gotten using 

the old strategies. If the returns from our strategy are significantly higher than 

the returns we would have gotten from the old strategies, we can confidently 

say our strategy has found a new anomaly.  

 To test for risk, we have decided to compare the Sharpe ratio of our 

investments per year, with that of our benchmark. If our Sharpe ratio is higher 

than the benchmark, we have delivered a risk-adjusted higher return.  

In the following subsections, we will describe and argue for our choice of 

parameters for our robustness checks, starting with size and book-to-market 

ratios, first presented by Fama and French in 1993. Afterwards we will 

describe liquidity as an explanatory variable for excess returns and finally, we 

will describe and argue for our use of Sharpe ratio as a risk-adjustment tool. 

4.4.1 Adjusting for Size and Book-to-Market 

In 1993 Eugene Fama and Kenneth French presented a study that would 

change the world of investing. Their study showed that the old CAPM-model 

was lacking something and introducing two new factors, thus making it a 

three-factor model, made up for many of its shortcomings. These two factors 

were the size and the book-to-market factors. In short, their study showed that 

an investor could deliver significantly higher returns than the market, by 

investing in smaller stocks and in stocks with a high book-to-market ratio, than 

by investing in large stocks or stocks with a low book-to-market ratio. They 

called these factor Small Minus Big (SMB) and High Minus Low (HML). Since 



4.4 Robustness Checks 

 60 

then, investors and portfolio managers have had their performance measured 

against the SMB and HML returns.  

Kenneth French publishes the SMB and HML returns for the American market 

every month, however, his measures are found by making the portfolios every 

June on all NYSE companies. In our strategy, we form our portfolios every 

March 31st and we only invest in S&P 1500 companies, which means that our 

timing and sample selection is different from the ones Kenneth French 

publishes. Therefore, we must make our own portfolios and find our own SMB 

and HML returns. 

First, we start off with all companies in the S&P 1500 Super Composite index 

in each year, and find data on their share price and number of shares to find 

market capitalization and book value of equity at March 31st in year t=0. Then 

we find the return of each company until March 31st in year t + 1. All data is 

found through COMPUSTAT and CRSP. Whenever we lack data we exclude the 

observation. The most common grounds for exclusion was lack of data on 

number of shares and that happened for about 100 companies in 1995, 

gradually reducing to about 20 companies in 2016.  

Each March 31st we then divide all the companies into five portfolios based on 

size, and five portfolios based on book-to-market ratios. Each portfolio 

consisted of n/5 companies where n was the number of companies with data 

in each year. The companies will be in their selected portfolio for the entire 

year of our analysis, and then a new portfolio will be constructed the following 

March 31st. After assigning all companies to portfolios, we find the average 

monthly return of each portfolio and subtract the average value from the 

monthly return of each company in the portfolio. After having done this 

adjustment, the average return of each portfolio is 0 %. In our subsequent 

analysis, when we use the adjusted returns, a positive return indicates that we 

outperform the factor and a negative return indicates that we underperform 

the factor.  

We also made 25 portfolios combining the two factors, where companies were 

placed in each of the 25 portfolios depending on which SMB- and HML-
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portfolio they were in. The returns in this portfolio was based on each 

constituent’s raw returns, and not the adjusted returns. Returns for each 

company was then adjusted by the return of the portfolio they were in, the 

same way as for the separate SMB- and HML-portfolios.  

4.4.2 Adjusting for Liquidity 

Another debated source for excess returns is the liquidity risk associated with 

investing in lesser traded companies. Amihud and Mendelson (1986) argued 

that the spread between the buy and sell price of a stock could be used as a 

measure of liquidity, and found that firms with a higher spread gave a higher 

return on average in the period from 1961 to 1980. More recently, Datar, Naik, 

and Radcliffe (1998) argued that the liquidity measure used by Amihud and 

Mendelson could be improved upon, and proposed using share turnover as a 

measure of liquidity instead. Share turnover is the number of shares traded in 

a period, divided by the total number of shares available in the same period. 

We have elected to use the method proposed by Datar, Naik, and Radcliffe and 

found the traded volume and the total number of shares outstanding per 

company per month.  

We have adjusted for liquidity by combining all three measures. To do this we 

used the adjusted returns from the combined SMB- and HML portfolios, and 

dividing the companies into 25 portfolios based on size and liquidity. Adjusting 

for the excess return of each of these portfolios will adjust for liquidity as well, 

in the same way that Fama and French (2008) adjusts for other factors like 

momentum, net stock issues and accruals in their article “Dissecting 

Anomalies”.  

While the Fama French factors are universally agreed upon to be significant, 

the significance of the liquidity factor needs to be checked. We do this by 

finding the t-statistic (student’s t) of the excess returns from adjusting for the 

liquidity factor, after having accounted for SMB and HML. 
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4.4.3 Regression 

Another way to test for the aforementioned factors is to make an ordinary least 

square linear regression with the excess return as dependent variable and the 

risk factors as independent variables. This will test for all risk factors 

simultaneously, like the portfolio-based robustness test with SMB, HML and 

liquidity, presented in section 4.4.2. The main difference between the two 

methods is that the portfolio-approach utilized by Fama and French, evens out 

some of the volatility as it adjusts with the mean value of several similar 

companies, whereas the regression will use every single observation, and 

output the estimators that best fits the entirety of our sample.  

 𝑦𝑗 = 𝛼 + 𝛽1𝑥1𝑗 + 𝛽2𝑥2𝑗 + 𝛽3𝑥3𝑗 (4.2) 

Equation 4.2 above shows the linear regression model we have used. yj 

denotes the return of a single company, α denotes the intercept, βi denotes the 

estimator for risk factor i, and xij denotes the value of risk factor i for company 

j.  

As we are doing the regression on adjusted returns, one could be lead to 

believe that the intercept should be forced to 0, however, we have elected to 

do the regression to returns adjusted for the market return, and not the mean 

of our sample, while keeping the intercept as part of the regression. The reason 

we have done this is so that the regression can be more directly applicable to 

adjust for risk compared to market returns, and our strategies’ ability to 

outperform the market have already been tested with the portfolio 

adjustments. Also, by keeping the intercept in the regression, we expect to see 

an intercept value close to the difference between the market return and our 

sample mean, allowing us to still compare the two.   

4.4.4 Testing for Risk 

Our last test for the robustness of our returns is to test for the risk of our 

portfolio compared to the risk of the market portfolio. We do this in two ways. 

We find the t-statistic of our abnormal return compared to the market 
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portfolio and measure the Sharpe ratio of our portfolio compared to the 

Sharpe ratio of the S&P 1500 Super Composite index. 

The Sharpe ratio is a measure of risk-adjusted returns, where you find the risk-

premium of your returns by subtracting the risk-free rate and then scale them 

by the risk taken to obtain the return. The risk is measured by the volatility of 

the investment. In case of stock investments, the volatility is given by the 

standard deviation of the portfolio, and the risk-adjusted return is the return 

of the portfolio minus the risk-free rate. The equation for the Sharpe Ratio is 

written below. 

 𝑆ℎ𝑎𝑟𝑝𝑒 𝑟𝑎𝑡𝑖𝑜 =
𝑟𝑝 − 𝑟𝑓

𝜎𝑝
 

(4.3) 

In the equation above, rp is the return of our portfolio, rf is the return of the 

risk-free rate and σp is the standard deviation of our portfolio.  

The risk-free rate is the annualized monthly T-bill return.  

For the S&P 1500 Super Composite Index, we do not have the necessary 

information to calculate the standard deviation, as we need to treat it as a 

portfolio and calculate its standard deviation based on the covariation and 

weights of all constituents. We have all constituent returns, but we do not have 

the constituent weights, and calculating it on an equal weight basis will 

probably give us a heavy bias towards a higher standard deviation, as the 

smaller companies, which probably have a higher standard deviation, will be 

weighted the same as the bigger companies.  

As an alternative, we have found the 3-year weekly Sharpe ratio through 

Datastream. We have also found the weekly returns of the index, and through 

this we have decomposed the 3-year weekly Sharpe Ratio and approximated 

the implied yearly standard deviation. After finding the yearly standard 

deviation we have calculated the Sharpe Ratio using the returns of the S&P 

1500, the risk-free rate and the approximated standard deviation. 
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In this chapter we, have presented our methodology for gathering data and 

creating our sample. This has been done by downloading quarterly data for 

Enterprise Value, EBIT, Book value of Equity, Net earnings, Invested Capital 

and Net Debt for all constituents in the S&P 1500 Super Composite Index 

through COMPUSTAT, and by finding implied future growth by finding the 

forecasted EPS in FY1 and FY2 for all constituents, through Datastream. This 

data has been used to create our dataset, and where we have lacked quarterly 

data or appropriate yearly data to substitute, we have excluded the 

observation. Using this Dataset, we have performed a SARD analysis, to find 

the most closely comparable companies for each company in our sample for 

each year. Based on the comparable companies found using the SARD, we have 

calculated the implied premium for each company in our data set, and used 

this to create portfolios for which we have tested the robustness of the returns 

by adjusting for known risk factors and volatility of returns.   
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Chapter 5  
 
 

Empirical Results 
 

In this chapter, we present the results of our empirical analysis. We will start 

the chapter by presenting the descriptive statistics, which explains some of our 

data. Thereafter, we will present our results from our investment strategies 

using the different multiples, combinations thereof and our long and long-

short strategies. Finally, we will present our robustness checks in the last part 

of the chapter. 

5.1 Descriptive Statistics 

We present the descriptive statistics in Table 5.1, where we have listed the 

key variables from our dataset. All data comes from either COMPUSTAT, CRSP 

or I/B/E/S. We have converted all variables into trailing twelve months 

accounting statements as of March 31st each year, to make the data reflect 

what information was available to the capital market at the time of our 

valuations. All procedures for estimating numbers and calculating variables 

have been thoroughly covered in the methodology chapter earlier.  
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Table 5.1: Summary statistics for multiples and selection variables  

All variables are based on trailing accounting information, using the latest publicly available 

information as of March 31st each year, from 1995 to 2016. The growth rate is based on analyst 

forecasts from I/B/E/S. 

 

In Table 5.1 we present the data through the mean, median and interquartile 

range. We display the interquartile range as a measure to offer the reader a 

more intuitive depiction of the distribution of the multiples and variables. All 

valuation multiples have a right skewed distribution, leading to large 

differences in the mean and median of Earnings, Book Equity, EV, Sales, EBIT 

etc. This can be seen in all the multiples and selection variables and can be 

explained by looking at the sample. The S&P 500 index consists of the 500 

largest companies, and capture approximately 80% of the total market 

capitalization of the S&P 1500 index. These 500 large companies trigger the 

right skewness.  
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Table 5.2: Summary statistics of multiples and returns each year 

This table shows the average of each multiple that we use for valuations, along with the 

average return of all the stocks in our sample, and the returns of the S&P 1500 Super 

Composite Index. As the sample return is found by a simple mean of our sample, and does not 

consider value weights, the returns differ some years. Therefore, we will benchmark our 

returns against both our sample and the S&P 1500.  

 

We show in Table 5.2 the average of the four multiples that we use in valuing 

companies in our sample each year. In total, we have 12,497 firm observations 

over the 22 years. Furthermore, we also add the return of our sample and the 

S&P 1500. We perform a student’s t-test to ascertain whether our sample’s 

return differ significantly from the return of the S&P 1500. This results in a t-

statistic of 0.69, and even though we do not know the distributions of our 

returns, we can confidently reject the hypothesis that the two returns differ 

significantly. However, a simple average in the differences between the two 

returns, show that our sample is 4.45 pp. higher each year, on average. Our 

sample return differs from the S&P 1500 return most in the years of 1998 (-
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25.0%), 2000 (31.7%), 2001 (22.1%), 2003 (15.66%) and 2009 (16.9%). The 

difference in returns is obviously caused by the difference in size between our 

sample and the S&P 1500. This variance is produced by our selection method, 

which causes us to exclude certain firms that do not meet the criteria we listed 

in the data and methodology chapter. Hence, a smaller sample of healthier 

firms remain, all else equal, as we for instance eliminate firms with negative 

earnings. Another important reason for the difference between sample and 

population is that the averages of the sample are equally weighted, while the 

S&P 1500 is not. This causes a skewed distribution of returns compared to the 

S&P 1500, where the returns of the smallest company count equally to the 

returns of the largest. These differences in returns will therefore have an 

impact on our results, which is why we will test them in the robustness check 

part of this chapter, to see whether our investment strategy is still valid and 

reliable. It is also interesting to note that all four multiples are considerably 

higher in the last two years of our sample. This could be caused by a larger 

amount of firms in those years, however, one should believe that a lot of 

smaller firms also would be included here, which would pull down the average. 

Another interpretation could be that the firms are overpriced in 2015 and even 

more in 2016. The multiples calculated in the aftermath of the financial crisis 

March 31st 2009 are extremely low, and hence they are followed by a very high 

return of 65%. However, the high multiples of March 31st 2016 are not 

followed by low return, but instead by a pretty 20%. These ambiguous results 

cannot lead us to any conclusions other than speculation.  

5.2 Results 

We will in this chapter display the empirical results from our analyses, which 

will help us answer our hypotheses. We look at the returns for each strategy, 

i.e. multiple or combination thereof. Each strategy is a portfolio of 45 (long) or 

90 (long-short) stocks selected on the basis of their multiple compared to their 

peers’ multiples, whom we found using the SARD approach, as we described 

in the methodology chapter. We compare the returns of each strategy each 

year to determine which one performs best. We report the performance in 
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rankings next to each return, for each given year.  We also compare the returns 

with our two benchmarks: The S&P 1500 index and our own sample. In order 

to better help us compare the various investment strategies that we have 

developed we also calculate each portfolio’s standard deviation, using 

covariance matrices. The standard deviation allows us to calculate t-statistics, 

which we use to determine the significance of the returns, by subtracting the 

S&P1500 from the strategy and dividing with the standard deviation. 

Additionally, it allows us to calculate a Sharpe ratio for each portfolio. We 

choose to separate our long and long-short strategies because they are very 

different on various kinds of factors, e.g. correlation (and the standard 

deviation thereby) and returns.  

5.2.1 Long Strategy 

In Table 5.3 we show the results of our long-only strategy. In total, we have 

22 years and 10 different portfolios. On the right side of the table we show the 

benchmarks that we match our portfolios with. Our results suggest that 

EV/Sales, P/B & EV/Sales, P/E & EV/Sales and EV/EBIT & EV/Sales are the 

best portfolios to utilize as a simple average show that they perform the best 

of all. An arithmetic mean over returns leaves EV/Sales with 21.18%, P/B & 

EV/Sales with 21.06%, EV/EBIT & EV/Sales with 20.55% and P/E & EV/Sales 

with 20.28%. A simple mean of the returns on the S&P 1500 index shows a 

return of 9.75% each year, on average and our sample experiences an average 

of 14.20% return on average. The rest of the portfolios have an average 

between 17.48% and 19.87%. We jump straight to our third hypothesis that 

claims that EV/EBIT provides the highest risk-adjusted return, and 

preliminarily conclude that EV/Sales seems to perform significantly better. A 

simple average of returns is not very efficient at telling us how well a portfolio 

has performed over time however, as high returns in 21 years can be ruined 

by one very low return in the last year. Yet the simple mean can still provide 

an idea of the performance of the portfolios. The SARD approach to find 

comparable peers seems to pay off as the portfolios’ returns are higher on 

average than the benchmarks’. Another thing to note is that our portfolios tend 



5.2 Results 

 70 

to perform better than the sample in good years (positive return), while our 

portfolios tend to perform worse in the bad years (negative return). This could 

suggest that our portfolios simply involve more risk. We will check for risk in 

the robustness check part later in the chapter. We will return to the 

performance of the strategies by aggregating returns each year and measuring 

growth rates later in Table 5.5 and Table 5.6. We will also turn to our other 

hypotheses when we have calculated the aggregated returns, as a simple mean 

could lead to us drawing the wrong conclusions about risk and return. 
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Table 5.3: Overview of long only strategies 

This table gives an overview of our 10 different strategies and their returns each year. These 

strategies are long only, which means they consist of 45 stocks. The numbers in parentheses 

indicate the rank of the return in the given year, and the number below each return is the t-

statistic for its difference from the return of the S&P 1500.   

 

When looking at the rank of the strategies EV/Sales also places number one in 

seven out of the 22 years of data. P/B & EV/Sales ranks number one three 

times confirming that this strategy also performs well. The t-statistic 

compares the return of the strategy with that of the S&P 1500 benchmark and 

tells us whether the return is significantly different from the benchmark. A 

first glance at the results tells us that this is not the case. Most of the t-statistics 

are below 1.0, which indicates that they are not significantly different. This 

conclusion changes somewhat in the years where there is a relative large 

difference between the sample and the S&P 1500, making our t-statistics 
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significant. E.g. in year 2000 all of our strategies experience t-statistics above 

1.0 and one experience levels above 3.0. These results lead us to conclude that 

the EV/Sales multiple is superior in finding stocks that are undervalued in the 

market. 

5.2.2 Long-Short Strategy 

Table 5.4 reports the returns of our long-short strategies, with 45 stocks that 

we buy and 45 stocks that we short. We continue with the same portfolios 

(multiples and combinations) but only add the shorted stocks to each 

portfolio, and compare them to the same benchmarks. The table implies that 

EV/Sales, P/B & EV/Sales, P/E & EV/Sales and EV/EBIT & EV/Sales again are 

the best multiples to employ. A simple arithmetic average shows returns of 

12.29%, 10.72%, 11.46% and 11.15% per year, respectively. The other 

portfolios experience returns between 5.97% and 8.37% per year on average. 

Comparing the ranks of each portfolio, each year, also leaves the impression 

that EV/Sales is the best performing portfolio as it places top three in 13 of the 

22 years. Surprisingly, the P/B & EV/EBIT portfolio also performs very well, 

as it places top three in 10 different years, however, the good returns in those 

10 years are utterly ruined by very poor performance in the five years it ranks 

10 out of 10. In 1998 and 1999 for example, P/B & EV/EBIT experiences 

returns of -25.0% and -27.5%, which are 25.8 pp and 51.4 pp respectively, 

worse than EV/Sales. This suggest that P/B & EV/EBIT has a very high 

variation in its returns. Linking Table 5.4 to our hypotheses again leads us to 

preliminarily conclude that EV/EBIT underperforms compared to EV/Sales. 

Furthermore, the returns of the long-short strategies seem well below those 

of our long-only strategies, which challenges our first hypothesis. However, we 

cannot yet reject hypothesis two as we have some portfolios that seem to 

provide higher returns than benchmark.  
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Table 5.4: Overview of long-short only strategies 

This table gives an overview of our 10 portfolios and their returns each year. The portfolios 

are only the ones constructed using the long-short strategy. The numbers in parenthesis 

indicate the rank fo the return in the given year, and the number below the retun is the t-

statistic for the portfolio outperforming the S&P 1500index. The two rightmost columns show 

the return of the S&P 1500 index and the mean return of our sample.  

 

The averages of the long-short portfolios are considerably below the average 

of the sample benchmark. However, the standard deviation of the portfolios 

has also drastically decreased, pushing up the t-statistics for each year, making 

the returns more significant compared to the long-only portfolios. The 

empirical results confirm the theory that higher risk provides higher reward 

on average (Fama & French, 1993).  
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5.2.3 Aggregate Returns and CAGR 

As noted earlier, a simple average of 22 years of returns provides an incorrect 

measure of returns. To make our findings more comparable so we can provide 

an answer to our hypotheses, we calculate the compounded annual growth 

rate (CAGR) for each of our portfolios, both long and long-short, and our two 

benchmarks. To calculate the CAGR we start by assuming that an investor 

invests an initial figure in our strategy at year 1 (March 31st 1995). At the end 

of year 1 (March 31st 1996) the investor will have his initial investment plus 

26.8%, if he invested in our EV/Sales long-only portfolio. For 1996 we then 

reinvest the initial investment and the return generated the first year 

(126.8%) and at the end of year 2 (March 31st 1997) the investor will have 

161.6% and so forth. If the one follows the EV/Sales long-only strategy from 

March 31st 1995 until March 31st 2017 (end of our year 2016) then he will have 

a return of 3,918.6% including his own initial investment. This is almost 40 

times his initial investment. To “spread” out this return equally over the 22 

years, we calculate the CAGR 

 

𝐶𝐴𝐺𝑅 = (
𝑉(𝑡𝑛)

𝑉(𝑡0)
)

1
𝑡𝑛−𝑡0

− 1 

(5.1) 

 

where 𝑉(𝑡𝑛) is the ending value, 𝑉(𝑡0) is the initial investment and 𝑡𝑛 − 𝑡0 is 

the number of years. We then calculate CAGR to 18.14% for EV/Sales, which 

means that this portfolio has provided a return of 18.14% each year on 

average, using the geometric mean. 
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Table 5.5: Selected strategies’ aggregated returns 

This table gives an overview of our two best long and two best long-short strategies and their 

aggregated returns each year. We also include P/B & EVEBIT to display another strategy that 

does not contain EV/Sales. The strategies beginning with L are long only and the ones 

beginning with LS are long-short. The two rightmost columns indicate the aggregate return of 

the S&P 1500 index and our whole sample. The bottom row displays the compounded annual 

growth rate (CAGR). 

EV/Sales is the absolute best performing portfolio in both long and long-short. 

EV/EBIT & EV/Sales is the second best performing. The other EV/Sales 

portfolios are the third and fourth best performing, but we have decided only 

to display the top two and then the best performing portfolio that does not 

include EV/Sales, which in both long and long-short is P/B & EV/EBIT. This is 

because the EV/Sales combinations are very much alike, and hence we choose 

to display a strategy that captures a different aspect of firms. Furthermore, our 

hypothesis 3 states that the EV/EBIT multiple or a combination thereof should 

provide the highest risk-adjusted return. EV/EBIT & EV/Sales and P/B & 

EV/EBIT are the two portfolios that includes EV/EBIT that performs best, but 

given the information in table 5.5 we cannot confirm the hypothesis.  
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In comparison, the other long-only portfolios provide a return of 3,365.8% and 

2,552.9% giving a CAGR of 17.33% and 15.87% respectively. These three 

strategies all yield returns well above the two benchmarks, which could 

indicate that the SARD approach for choosing comparable firms works very 

well. This is especially true when you link this to our hypothesis two and 

compare the CAGR of EV/Sales to that of our whole sample. Our portfolio, 

using the EV/Sales multiple, is able to pick the absolute top stocks from the 

sample, which means that the return is 6.06 pp. higher per year on average, 

compared to the sample. Furthermore, it takes the EV/Sales strategy seven 

years to give a return of 496.4%, which is nearly the same return the S&P 1500 

gives over the whole period of 22 years. These returns are not risk-adjusted, 

so we cannot make a final conclusion about the performance of our strategies 

yet. 

The long-short portfolios also perform well, when you consider the low risk 

they operate with. The long-short EV/Sales portfolio has almost the same 

return as the sample benchmark after 22 years, and actually beats looking at 

21 years alone. This is very well hedged and diversified portfolio, hence, the 

risk-return payoff is extremely good. The returns are however not as high as 

we had expected given hypothesis one, which could indicate a handful of 

things. Firstly, that the SARD approach is not very good at finding firms that 

are overvalued. Another theory is that our averaging measure, the arithmetic 

mean, is not the correct choice, and a harmonic mean could have been more 

precise. Thirdly, as we mentioned in chapter 2, there are restrictions with 

shorting stocks, which all else equal, can make stocks overvalued, as shorting 

can reduce overpricing (Miller, 1977).  

In Table 5.6 we present our selected three long and three long-short 

portfolios from before, but this time we show the five-year CAGR. The five-year 

CAGR is calculated as  
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5 𝑦𝑒𝑎𝑟 𝐶𝐴𝐺𝑅𝑡 = (

(1 + 𝑟𝑡) ∗ (1 + 𝑟𝑡−1) ∗ (1 + 𝑟𝑡−2) ∗
(1 + 𝑟𝑡−3) ∗ (1 + 𝑟𝑡−4)

)

1
5

− 1 

(5.2) 

where 𝑟𝑡 is the return in year t. The five-year CAGR for our long EV/Sales 

portfolio in 1999 is calculated by adding the returns from 1995 to 1999 with 

1, then multiplying them with each other and then raising the number to the 

power of 1 divided by the five years. Finally, we subtract 1 and we arrive at the 

5Y CAGR. We show this table to provide the reader with an overview of the 

stability of the strategies, even in stressed periods as during the financial crisis 

in 2007-2008 and during the IT bubble in 2000-2001.  

Table 5.6: Selected strategies’ 5Y CAGR 

This table gives an overview of our two best long and two best long-short strategies and their 

5 year CAGR from 1999 and on. We also include P/B & EVEBIT to display another strategy that 

does not contain EV/Sales. The strategies beginning with L are long only and the ones 

beginning with LS are long-short. The two rightmost columns indicate the aggregate return of 

the S&P 1500 index and our whole sample. 

 

By looking at the table we can conclude that the EV/Sales long portfolio 

consequently beats both the S&P 1500 and the sample benchmarks in every 
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year, although by a very small margin in the first year. Furthermore, the 

EV/Sales long portfolio never experiences a negative five-year CAGR. The long-

short portfolios of EV/Sales and EV/EBIT & EV/Sales likewise perform very 

well during crises, e.g. in 2002 and 2008. However, this is not surprisingly and 

very much consistent with our expectations and common logic.  

So far in this chapter we have shown our data sample and our results. They 

suggest that EV/Sales is by far the most efficient multiple at finding firms that 

are undervalued. The EV/Sales long portfolios yield the highest returns, which 

are all well above the benchmarks. The long-short portfolios do not perform 

as well, but do also contain less risk. We will now test if these results are 

robust. 

5.3 Robustness Checks 

All our robustness checks are performed on equal weighted portfolios, as we 

use an equal weight portfolio in our investment strategy. We perform 

robustness checks for the SMB and HML factors separately and combined, and 

both combined with a liquidity factor. The Sharpe ratios are calculated on all 

portfolios and compared to the Sharpe ratio for the market for each year.  

When creating a new investment strategy, the most important thing to test is 

whether it yields greater returns than the market and current investment 

strategies, otherwise it does not add any value to the existing investment 

strategy universe. The most widely used strategy to test against is the 3-factor 

model first proposed by Fama and French in 1993, and subsequently updated 

and improved upon. They recently published another improvement called the 

Fama French 5-factor model (2015) that breaks down the value factor from 

their old model into two new factors. To be able to expand upon their model 

with the addition of a liquidity measure, we have chosen to use their original 

3-factor model, as it would be substantially harder using a 5-factor model. In 

the following subsections, we will describe and comment on the significance 

of our adjustment factors on the entire market, before we apply them to our 

sample to check the significance of our returns. Finally, we have a look at the 
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Sharpe ratios of our investment strategies and use this to analyze the risk of 

our investments.  

5.3.1 Significance of Adjustment Factors 

Before we start applying our adjustment factors on our sample, we must check 

their significance. The SMB and HML-factors are widely accepted to be 

significant, and considering the scope of our thesis we will accept them as 

significant without testing. Liquidity as a factor for excess returns have not 

been cemented in the same way, so before applying it to our sample we will 

quickly consider its significance by finding the t-statistics for each of the 25 

portfolios each year. Table 5.7 shows the adjustment factor of liquidity after 

adjusting for SMB and HML for some selected years. We have chosen to show 

1999 and 2008, as they are the years with the most and least significant 

estimators.  

Table 5.7: Significance of the liquidity factor after accounting for SMB 

and HML. 

This table reports the adjustment factors of the 25 portfolios in 1999 and 2008 based on size 

and liquidity. The first line shows the estimator, and the second line shows the t-statistic for 

the estimator being different from 0. 

 

In Table 5.7 we see the estimators and t-values for the adjustment factors of 

liquidity after adjusting for SMB and HML for the most and least significant 

year. The most significant year, 1999, has t-values as high as -4.27, meaning 

that the estimator is 4.27 standard deviations lower than 0%. The average 

absolute t-value in 1999 is 2.51, and while we do not know the distribution, 
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and thus can not get a p-value, we believe we can confidently say it is 

significant. In 2008, however, the average absolute t-value is 0.45, which 

shows that in the least significant years, the liquidity factor is a lot less 

significant. Further cementing this notion is the fact that four of the estimators 

in 2008 has an absolute value below 0.2%, meaning that the absolute excess 

return from liquidity risk in the corresponding portfolios is less than 0.2%.  

What is surprising to see is that in 1999, the most significant year, the 

estimators take on the opposite values of what we would expect, as stocks with 

a low turnover rate have lower returns than average, and stocks with a high 

turnover rate have higher returns. We would expect the opposite to be true as 

lower liquidity is a risk factor, which investors should be compensated for with 

higher returns, if they are willing to take the risk. Our findings from 1999 

indicate that safer investments also have higher returns. Across all years, the 

average estimator for all low-liquidity stocks is -1.83%, and the estimator for 

high-liquidity stocks is 1.40%, showing that this trend is present on average 

across all years.  

In appendix 1 we have shown all the tables for estimators and their 

corresponding t-statistics. The average absolute t-value across all estimators 

throughout our entire investment period is 0.99, and while this indicates that 

the average estimator is only one standard deviation away from 0, we will 

accept the liquidity factor as significant, as a more in-depth analysis of its 

significance is beyond the scope of this thesis. However, considering the 

estimators are not what we expected and it seems they are not very significant, 

we will use it with caution.  

5.3.2 Adjusting our Portfolios 

Having assessed the significance of all our adjustment factors and found them 

satisfactory, we need to use them to adjust the returns of our portfolios, and 

examine if our adjusted returns are positive, which would indicate a return 

above the factor contribution. We have adjusted for SMB alone, HML alone, a 

combination of SMB and HML, and a combination of SMB, HML and Liquidity. 



  Chapter 5 

  81 
 

Additionally, we have adjusted for our sample returns, as we have found that 

our sample has a higher return than the market. This could be due to several 

factors, but it is most likely because the S&P 1500 returns are value-weighted, 

which means that the bigger companies will dominate the return of the index. 

According to the Fama French 3-factor model, stocks in smaller companies 

have higher average returns. Our sample return is a simple mean of the 

companies in our sample, which means that compared to the S&P 1500 index, 

smaller companies will have a higher relative contribution to the mean return. 

If this is the source of our outperformance, we will catch it when adjusting for 

size, but we would also like to test whether our SARD analysis picks the most 

undervalued stocks in our sample, which we will do by comparing our return 

to the sample return.  

We have two strategies, five tests, 10 portfolios and 22 years. Presenting it all 

would take up too much space, so we have moved the results of all our 

robustness checks to appendix 2, and shown the robustness checks for only 

the best portfolios in each strategy below. However, as all the three best 

portfolios include EV/Sales, a more complete picture can be given, if we 

include another strategy, so we have switched PB & EV/Sales with PB & 

EV/EBIT. Table 5.8 shows our long-only portfolios, and Table 5.9 shows our 

long-short portfolios.  
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Table 5.8: Adjusted returns and t-statistics of selected strategies, Long-

only strategy 

The table shows the raw returns of each of the chosen investment strategies, and their returns 

adjusted for the SMB, HML, SMB & HML and SMB, HML and Liquidity factors. For each year, 

the topmost figure is the return, and the lower number is the t-statistic. The t-statistic for Raw 

Return is measured against the sample return, so the statistic is calculated on the raw return 

after the sample mean for the year is subtracted. The t-statistics for all adjusted returns are 

measured as their difference from 0. The strategies depicted below are all long-only strategies. 

Table 5.8 above shows the adjusted returns and the corresponding t-statistics 

for three of our investment strategies. First, it is interesting to note whether 

we outperform our sample or not. Considering the CAGR of the three strategies 

are 18.14 %, 17.33 % and 15.87 %, compared to our sample’s CAGR of 12.09% 

through the entire investment period, we are lead to believe our strategies do 

outperform it. Yet, those figures do not account for the possibility of a single 

good year or if it is due to a higher risk in our portfolio. 
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To examine this, we have found the t-statistic for each year’s excess return 

compared to the sample mean for each of our strategies. For our EV/Sales 

strategy, the t-statistic ranges from -0.49 to 2.00, with only three years being 

negative. This means that our EV/Sales strategy outperforms our sample mean 

in 19 out of 22 years. The mean value of the t-statistics is 0.52, indicating that 

on average, our EV/Sales strategy return is 0.52 standard deviations higher 

than our sample mean. An average difference of 0.52 standard deviation can 

hardly be called significant, almost regardless of significance level and 

distribution. However, the fact that our return is higher than the sample mean 

in 19 out of 22 years, and the years we do get beat by the sample our relative 

loss is minimal, indicates that we have, in fact, found a strategy that can 

consistently beat our sample mean and the market over time.  

The results for EV/Sales & EV/EBIT are similar, but it seems that by including 

the implied premium from EV/EBIT as a selection criterion, we have reduced 

the risk a bit, as the range of t-statistics for our raw return is now from -0.28 

to 1.13, with 8 years being negative. This indicates that the return over the 

period is reduced a bit as well, as we are getting outperformed by the sample 

mean more often. The mean of the raw return t-statistics is 0.4, implying that 

we still outperform the sample on average, even though we underperform 

more often than using only EV/Sales. This makes sense, as the reduced risk of 

the portfolio should lead to lower returns.  

Lastly, we believe it would be interesting to examine whether this over-

performance is driven solely by the superior performance of the implied 

premiums from the EV/Sales multiple, or if other selection multiples can yield 

over-performing results as well. In line with our third hypothesis, we believe 

that portfolios created with EV/EBIT as the valuation multiple will be the best. 

Because of this, we examined the performance of a portfolio based on the 

implied premiums from the valuation multiples PB & EV/EBIT. Again, we find 

that we underperform compared to the market in 8 years, however, the lowest 

t-statistic is -0.7, the highest is 1.68, and the mean is 0.32. This suggests that 

compared to EV/Sales & EV/EBIT combined, we have a lower return and a 
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higher risk, and compared to EV/Sales alone, we have a similar risk, but a 

significantly lower return. This indicates that EV/Sales is the best valuation 

multiple and suggests that by using EV/Sales as a valuation multiple, we can 

outperform our sample.  

The rest of the tests are performed on adjusted returns and the return is tested 

against a return of 0. If we see a positive return, we have outperformed the 

adjustment factors. For EV/Sales we seem to be outperforming all factors on 

average through the years, with about 5-6 years of underperformance 

compared to the different adjustment factors. Every factor also has a positive 

average t-statistic of about 0.7.  While this is not an impressive t-statistic, it 

does imply that we outperform the market on average after adjusting for size, 

book-to-market ratio and liquidity. 

The adjusted returns for the other two investment strategies show similar 

results to what we found when looking at the return compared to the sample 

mean. EV/Sales & EV/EBIT underperforms compared to the adjustment 

factors in 4-5 years, indicating that our excess return stem from other sources 

than known market anomalies more often than when using the EV/Sales 

multiple alone. For P/B & EV/EBIT we can see that it underperforms in 7-8 

years, indicating that, while it does perform better than our sample mean, a 

larger part of the excess return is due to a higher exposure to size, value and 

liquidity risk. On average though, all three strategies outperform the risk 

factors, with EV/Sales having an average return of 4.13%, EV/Sales & EV/EBIT 

with 4.28 % and P/B & EV/EBIT with 2.52 %. An interesting thing to note here 

is that EV/Sales & EV/EBIT has a higher average return after adjusting for the 

risk factors, suggesting that the higher raw return by using EV/Sales alone 

comes from a higher exposure to the risk factors.  

These results summed up indicate that with a long-only strategy, using 

EV/Sales alone as the valuation multiple yields the highest returns compared 

to the sample, however, some of it can be explained by exposure to size, value 

and liquidity risks. To reduce this exposure, the EV/EBIT valuation multiple 

can be introduced. Nevertheless, this is done at the cost of lower returns 
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compared to the sample mean. Excluding the EV/Sales valuation multiple and 

rather introducing the P/B multiple seems to worsen the strategy on all 

parameters.  

Table 5.9: Adjusted returns and t-statistics of selected strategies Short-

long strategy 

The table shows the raw returns of each of the chosen investment strategies, and their returns 

adjusted for the SMB, HML, SMB & HML and SMB, HML and Liquidity factors. For each year, 

the topmost figure is the return, and the lower number is the t-statistic. The t-statistic for Raw 

Return is measured against the sample return, so the statistic is calculated on the raw return 

after the sample mean for the year is subtracted. The strategies depicted below are all long-

short strategies. 
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Table 5.9 above shows raw returns and adjusted returns with their 

corresponding t-statistics for the long-short portfolios created using the 

implied premiums from EV/Sales, EV/EBIT & EV/Sales and PB & EV/EBIT. The 

most apparent difference from Table 5.9 and Table 5.8 is that the raw returns 

in Table 5.9 is generally quite a bit lower than those in Table 5.8 and the 

adjusted returns are higher. This is because the long-short portfolios consist 

of 90 companies, with 45 in a long position and 45 in a short position. Most 

years the mean return on the short positions are positive, which gives them a 

negative impact on our long-short portfolio. Still, excess returns after adjusting 

for the different factors are massive compared to the returns in the long-only 

strategy. This is again due to the nature of the long-short strategy. When we 

get a positive net return after going long and short the same amount of stocks, 

the stocks in the short-portfolio appreciate less than the ones in the long-

portfolio. If the long-short portfolio holds companies from the same factor 

portfolios, the net adjustment factor should be 0, and adjusted returns will 

equal unadjusted returns.   

When looking at the t-statistics, it is immediately evident that they are of a 

much higher numerical value when using a long-short strategy. This is because 

most stocks have a positive correlation, but when half of the portfolio is a short 

position their correlation becomes negative, which reduces the standard 

deviation of the portfolio. This holds true both when our portfolio 

underperforms and when it outperforms the market or the adjustment factors, 

causing our over- or underperformance to be more significant.  

Looking at the strategy, it seems we significantly outperform the market on 

raw returns using EV/Sales and EV/EBIT & EV/Sales, but get slightly 

outperformed using our PB & EV/EBIT strategy. For the adjusted returns, we 

can see a clear tendency to outperformance, probably since there is no clear 

bias towards a certain size, book-to-market ratio or liquidity in any of the 

portfolios, which means that our raw returns and adjusted returns are very 

similar. This ultimately means that if we have a positive net return on our long-

short portfolio, we will have a similar return after adjusting for the risk-
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factors, and the low standard deviations of the portfolios will mean the 

outperformance is statistically significant.  

Even though our best long-short portfolios outperform the market, they are all 

outperformed by our sample mean and long-only portfolios. Considering we 

are still long in the same stocks, our short positions must net us heavy losses. 

In the portfolio based on the EV/Sales valuation multiple, the mean t-statistic 

is -0.43 for the raw return, underlining our assertion that we underperform 

our sample mean. With t-statistics ranging from -6.7 to 5.56, we clearly have a 

wide spread of adjusted performance, which on the surface indicates a higher 

risk. However, when considering that some of the reason for this spread is that 

our return is stable, and our standard deviation is low, while the returns of our 

sample varies greatly, one could make the argument that the spread is due to 

the deviations in the sample return, and not due to an increased risk in our 

investment strategy.  

In sum, our best strategies in the long-only portfolios seem to significantly 

outperform both the market and our sample mean. This also holds true after 

adjusting for our risk-factors, SMB, HML and liquidity, which suggests that our 

outperformance is due to superior stock-picking, and not the result of picking 

in line with preexisting strategies based on already known anomalies. For the 

long-short portfolios we have a significantly lower risk, but also a lower return, 

indicating that our SARD approach can’t identify overvalued companies to the 

extent that we make money on our short-portfolio. However, we do seem to 

consistently make money on our long-short strategy, which signifies that the 

SARD approach does successfully identify over- and undervalued companies, 

as our long-return is higher than the negative return in our short-portfolio.  

In the next subsections, we will compare the results above with the results 

from our regression, and then we will examine the implications of the reduced 

standard deviation in our short-portfolios by risk-adjusting our returns using 

the Sharpe ratio. 
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5.3.3 Regression Adjustment 

To perform our regression adjustment, we first need our yearly regression 

estimators. To get them, we have performed a regression on yearly return 

adjusted for the market return. The estimators and corresponding t-statistics 

for the three dependent variables and the intercept is shown in Table 5.10 

below. The r-squared for every year is shown as well.  

Table 5.10: Regression estimators and t statistics 

 The table shows the estimators for each independent variable and the corresponding t-

statistics. The rightmost column shows the R squared for each year. 
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Looking at Table 5.10, the first thing that sticks out is that the sign changes. 

We would expect the sign for size to be negative, as a larger company should 

have a lower return, according to the Fama French 3-factor model. 1995 

through 1998 it is positive with a t-statistic above 1 every year, and then 2007 

and 2011 have a positive t-statistic above 1.5. The Fama French 3-factor model 

also posits that value-stocks outperform growth stocks. A value-stock is 

defined as a stock with a high book-to-market ratio, which means we would 

expect a positive sign for our B/M estimators. However, we only observe a 

positive sign for B/M in 11 out of 22 years. Additionally, the negative signs 

seem very significant, as the t-statistics are well below 2 for most years. For 

share turnover, a higher turnover indicates a higher liquidity, which means a 

lower risk. A lower risk should yield a lower return. Consequently, a higher 

turnover rate should mean lower return, and we would expect a negative sign 

on our turnover rate. Six out of 22 years we have positive returns with a t-

statistic above 2. In sum, our estimators are not what we expect, and it is not 

surprising that the intercepts do not behave as we expect either, although most 

years they are reasonably close to the difference between our sample mean 

and the S&P 1500 return. 

Now, to test if our returns are significantly higher than the contribution from 

size, book-to-market and liquidity, we use the risk-factor values of each 

individual stock and multiply it with the estimators for the corresponding year 

and add the intercept. This sum is the implied return given our regression. The 

implied return is then subtracted from the adjusted return of the stock, and if 

the adjusted return minus the implied return is above 0, the stock has 

performed better than expected given its size, book-to-market and liquidity.  

Table 5.11 below, shows how much our portfolios outperform the S&P 1500 

after adjusting for our risk factors every year. It also shows the average values 

of our excess return for each portfolio across all years. We will now comment 

on the results of our regression adjustment and compare them to the results 

we got from our portfolio adjustment. 



5.3 Robustness Checks 

 90 

 

Table 5.11: Returns adjusted for risk factors using a regression 

This table shows the yearly returns for all of our portfolios, after adjusting for the risk factors obtained using our regression. The table also shows the average 

excess return for each portfolio.  
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The table above shows our adjusted returns for all our portfolios, both long-

only and long-short strategies, for every year. Comparing it to the results we 

got from our portfolio-adjustment, some years stick out. For 1998, 1999 and 

2003, our results are nowhere alike, even though both methods should adjust 

for the same risk factors. As the methodologies differ, we do not expect the 

exact same results, however, a difference of more than 10%, as it is across all 

portfolios these years, lends further credence to the notion that our regression 

has limited value. While neither methodology is perfect, we do see that on 

average across all years, we get similar results in EV/Sales, EV/Sales & 

EV/EBIT and P/B & EV/EBIT, with deviances of less than 1%, indicating that 

our outperformance is probably robust after adjusting for the risk factors size, 

book-to-market and liquidity. 

5.3.4 Risk-Adjusted Returns 

After having concluded that our excess return does not stem solely from 

already known market anomalies, we should examine if it stems from 

increased risk. There are several measures of risk in the stock market, but 

almost all boil down to a version of the same thing; volatility of stock returns. 

If a stock has high volatility, it is considered to be riskier than a more stable 

stock. This notion has been quantified in the form the Sharpe ratio, which 

measures excess return compared to a benchmark, in relation to the risk of the 

investment. The most usual benchmark and the one we will use, is the risk-

free rate to get a measure of the risk-adjusted return. 

 Table 5.12 below, shows the Sharpe ratios of our 10 portfolios using the long-

only strategy, and the Sharpe ratio of the S&P 1500, for reference. The Sharpe 

ratio of the S&P 1500 is only an approximation, as we cannot find the yearly 

Sharpe ratio or the yearly standard deviation of the index.  

As Table 5.12 shows, all the Sharpe ratios outperform the S&P 1500 

approximation on average. This also mostly holds true when looking at each 

year separately. We can still clearly see our anomaly in 1998, due to our 
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sample mean being negative, but apart from 1998 and 2011, all portfolios that 

include an Enterprise Value measure beat the market almost every year.  

Table 5.12: Sharpe ratios for all years of the long-only portfolios 

The table shows the Sharpe Ratios of all the long-only portfolios for all years, from 1995 

through 2016. The Sharpe Ratios are calculated by subtracting the risk-free rate for the year 

from the portfolio return, and dividing the sum with the standard deviation of the portfolio. 

The Sharpe Ratios of the S&P 1500 are approximated using the implied standard deviations 

from the 3-year weekly Sharpe Ratio measure in Datastream. 

 

Looking at the average values, EV/Sales, P/E & EV/Sales and EV/EBIT & 

EV/Sales stick out again, as the best strategies. However, while average return 

of the EV/EBIT & EV/Sales and P/E & EV/Sales portfolios were the same, the 

average Sharpe ratio of the EV/EBIT & EV/Sales portfolio is 1.27, whereas the 

Sharpe ratio of P/E & EV/Sales is 1.21, suggesting that EV/EBIT & EV/Sales 

has a slightly lower volatility on average throughout our investment period.  

Coming back to our hypothesis about EV/EBIT being the best multiple, we can 

see that while it definitely yields a good risk-adjusted return with an average 

Sharpe ratio of 1.11, it is not the best of our strategies. The superior returns of 

the EV/Sales, P/E & EV/Sales and EV/EBIT & EV/Sales portfolios outperforms 

it almost every year and on average throughout the period.  
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Table 5.13: Sharpe ratios for all years of the long-short portfolios 

The table shows the Sharpe Ratios of all the long-short portfolios for all years, from 1995 

through 2016. The Sharpe Ratios are calculated by subtracting the risk-free rate for the year 

from the portfolio return, and dividing the sum with the standard deviation of the portfolio. 

The Sharpe Ratios of the S&P 1500 are approximated using the implied standard deviations 

from the 3-year weekly Sharpe Ratio measure in Datastream. 

 

Table 5.13 shows the Sharpe ratios for our long-short strategies, and not 

surprisingly most of them are higher than the ones we found in our long-only 

strategy. This is due to the previously mentioned diversification and hedge-

effect that is inherent in the long-short portfolio, when calculating the 

standard deviations of the portfolios. Looking at the equation for the Sharpe 

ratio in Chapter 4, we divide the risk-adjusted return with the standard 

deviation of the portfolio. Considering the standard deviation of our long-short 

portfolios are often as low as one-third or fourth of the corresponding long-

only portfolios, the final Sharpe ratio will increase, because the returns are not 

reduced by as much. This indicates that our long-short strategy can, in fact, 

outperform our long-only strategy on risk-adjusted returns.  

An interesting thing to note in the above table is that the Sharpe ratios of all 

portfolios with the EV/Sales valuation multiple are considerably higher than 
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the others. This can either be due to higher returns or lower standard 

deviations. Looking at the returns for all long-short portfolios in Table 5.13, 

we find that the returns for the portfolios made with EV/Sales are higher, 

implying that EV/Sales is a better measure for finding good stocks for shorting.  

Considering the returns for all long-only portfolios in Table 5.12 as well, 

paints the same picture. The EV/Sales -portfolios consistently outperform the 

other portfolios. 

After testing for robustness, we can conclude that our portfolios based on the 

EV/Sales multiple hold up against adjusting for known risk factors, and yields 

a significantly higher risk-adjusted return than the market, with an average 

Sharpe ratio of 1.39 in the long-only strategy and 2.69 in the long-short 

strategy. We can also conclude that according to our Sharpe ratios, the long-

short strategy yields a higher risk adjusted return than our long-only strategy. 

It does however, seem like portfolios based on the EV/Sales multiple, or 

combinations with the EV/Sales and other multiples, provide the highest risk-

adjusted return.  
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Chapter 6   
 

Discussion 
 

In this chapter, we will start out by commenting on our empirical findings in 

relation to our hypotheses, and compare them to the findings in previous 

studies. Then we will examine our empirical results and interpret them to find 

the theoretical foundation to explain why they are as they are. This is followed 

by a subsection about limitations and lastly, we include our thought on further 

research and the implications of our findings in practical implementation. 

6.1 Preliminary Conclusions 

The principal theoretical foundation for the thesis is the notion that equal cash 

flows with equal risk, profitability and future growth expectations should be 

sold at the same price. This notion lays the foundation for all investment 

strategies based on comparable valuations. Knudsen and Kold (2015) and 

Knudsen, Kold, and Plenborg (2017) claims to have found a methodology for 

finding more similar companies than the standard methods, by using proxies 

for risk, profitability and growth to compare the companies. Our hypotheses 

were based on the fundamental belief that by using more closely comparable 

companies, our comparable valuation should be more accurate, allowing us to 

form a stock-picking strategy based on our valuations that will outperform the 

market.  

We formed three hypotheses based on these beliefs: 

 Hypothesis 1: The SARD approach can identify overvalued and 

undervalued companies well enough, to create a long-short strategy with 

higher returns than a long-only strategy.  
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Our first hypothesis is two-fold. First, it concerns the ability of our SARD-

approach to successfully identify companies that are over- and undervalued 

and separate them, so that we can create a strategy where we form a long-

portfolio by investing in the most undervalued companies. We should also be 

able to create a short-portfolio, where we short-sell the most overvalued 

companies. It should be possible to combine these two portfolios, creating a 

long-short strategy. Secondly, we should be able to find overvalued companies 

to the extent that our short-portfolio has a positive return, leading us to having 

a long-short strategy that yields higher returns than our long-only strategy. 

Alternatively, our long-short strategy should have a risk that is so much lower 

than the long-only, that its risk-adjusted is higher. 

Looking at the results in chapter 5, we can see that the returns of our long-

short strategies are consistently lower than the returns of our long-only 

strategies, leading us to reject our hypothesis that our raw returns are higher 

in our long-short strategy than our long-only strategy.  

However, looking at the adjusted returns, we find that the risk in our long-

short portfolios are considerably lower, giving a more nuanced picture. After 

accounting for the risk, we can see that for all portfolios including an 

Enterprise Value-measure except for EV/EBIT alone, the Sharpe ratios are 

higher in the long-short portfolios, than in the long-only portfolios. 

Additionally, when testing if our long-short returns are statistically different 

than 0%, the t-values are significantly higher than for the long-only portfolios.  

In conclusion, we must reject the notion that our long-short strategy can 

outperform the long-only strategy on raw returns, and with this we also reject 

the hypothesis that our SARD approach can successfully find overvalued 

companies to the extent that we can form a short-selling portfolio with positive 

returns. However, after adjusting for risk, we see that due to the considerably 

lower risk in the long-short portfolios, the long-short strategy outperforms the 

long-only strategy on risk-adjusted returns. 
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 Hypothesis 2: The investment strategies that we create using the SARD 

approach can provide higher returns than the S&P 1500 index and our 

data sample. 

Our second hypothesis concerns the risk-adjusted returns of our strategies in 

relation to the S&P 1500 Super Composite Index and our data sample. The 

importance of including both the index and our data sample as benchmark is 

evident when comparing the two, as our data sample is much smaller than the 

entire index, and our data sample is equally weighted, while the index is value 

weighted. This ultimately leads to a situation where a strategy can potentially 

outperform the S&P 1500 index, but be outperformed by our sample, 

suggesting that the value creating of our investment strategy comes from our 

sample selection and not from our SARD based stock picking strategy.  

The risk-adjusted returns of our best investment strategies have been 

presented in Table 5.8 through Table 5.11, in the robustness test section of 

Chapter 5. Additionally, the t-statistics for our excess return compared to the 

S&P 1500 index can be found in Table 5.3 and Table 5.4. The general 

conclusion that can be drawn is that for strategies using the EV/Sales valuation 

multiple, we seem to be able to outperform both the index and our sample in 

our long-only strategies.  

For the long-short strategies, the picture is a bit more nuanced. As we have 

negative returns most years on our short-portfolio, the returns of our long-

short strategy are much lower than our long-only returns, hence, we do not 

outperform the sample mean over the investment period. However, we still 

outperform the index and due to the low standard deviation, our 

outperformance of the index is significant in our best portfolios, including all 

the ones that uses EV/Sales or a combination thereof.  

In conclusion, our best investment strategies, the ones including EV/Sales, 

consistently outperform the index and sample mean when looking at the risk-

adjusted returns of the long-only portfolios. Looking at the long-short strategy, 



6.2 Interpretations 

 98 

the same portfolios consistently outperform the S&P 1500, but not our sample 

mean. 

 Hypothesis 3: An investment strategy based on the EV/EBIT multiple or 

combination thereof provides the highest return. 

Our third and last hypothesis is based on the findings of Knudsen, Kold, and 

Plenborg (2017) who demonstrated that EV/EBIT had the lowest absolute 

percentage error. This means that when we find closely comparable 

companies, EV/EBIT is the valuation multiple where they are most similar, and 

our hypothesis was that using EV/EBIT should also yield the most accurate 

implied premium.  

Our empirical results suggest that even though EV/EBIT does yield returns 

that are better than the market and our sample mean, EV/Sales yields far 

superior results. EV/Sales outperforms EV/EBIT and all other valuation 

multiples to the point that combining it with another valuation multiple 

reduces the returns. This holds true for both raw returns and risk-adjusted 

returns. 

In conclusion, an investment strategy based on the EV/EBIT multiple, yields 

higher risk-adjusted returns than the market and our sample, however, it does 

not yield the highest risk-adjusted return, as EV/Sales outperforms it in both 

risk and return.   

To answer our research question we sum the arguments above by concluding 

that a long-only portfolio based on EV/Sales will give the highest raw returns, 

while a long-short portfolio based on EV/Sales will provide the highest risk-

adjusted returns. The long-short strategy is under the condition that short-sale 

is possible and at a limited cost, however.  

6.2 Interpretations 

The foundation for our entire paper is the decomposition of the valuation 

multiples into growth, risk and profitability factors, as explained in our 

theoretical framework. Our grounds for this decomposition comes from 

Beaver and Morse (1978), Fairfield (1994) and Hansen, Mouritsen, and 
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Plenborg (2003) who argues that growth and profitability has an impact on 

P/E and P/B ratios, while Daghestani, Payne, and Sadler (2016) found that it 

also has an impact on EV/EBIT and EV/Sales. Our theoretical foundation for 

risk having an impact on valuation multiples comes from Beaver and Morse 

(1978) and Harris and Marston (1994), who studied the relation between risk 

and multiples, and Daghestani, Payne, and Sadler (2016), who found that a 

higher market capitalization affects risk negatively, indicating that larger 

companies are less risky.  

Considering these factors and the decomposition of the valuation multiples, 

we hypothesized that if we found companies with similar measures of risk, 

profitability and growth, their valuation multiples should be similar as well. If 

they were not, they should revert towards the mean of the selected peer group, 

implying that a company with a valuation multiple that is lower than that of its 

close, comparable companies should yield higher returns and vice versa.  

The selection variables used by Knudsen, Kold, and Plenborg (2017) formed 

the baseline for our analysis, as they proved significant and were based on the 

decomposition of the valuation multiples, which should ensure their 

significance in explaining the values of the multiples. The value drivers were 

ROE, Net debt/EBIT, Market Capitalization, expected growth and EBIT-margin.  

We have held on to the selection variables suggested by Knudsen, Kold, and 

Plenborg (2017) for all valuation multiples except for P/B. For P/B we 

performed an experiment, switching Net debt/EBIT for Net debt/Invested 

Capital, and switching ROE with ROIC. We did this for two reasons; we wanted 

to test if the findings from Knudsen, Kold, and Plenborg (2017) were directly 

implementable in an investment strategy, and we chose P/B as it is a measure 

of price in relation to a balance sheet item, while all the others are multiples of 

income statements. Even though the balance sheet is ultimately dependent on 

the income statement, we believe P/B was the most directly comparable 

valuation multiple to a balance sheet selection variable, like invested capital. 

Our findings indicated that the implied premiums using Net debt/Invested 

Capital and ROIC instead of Net debt/EBIT and ROE had a better explanatory 
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value on future returns, meaning the returns of our investment strategy after 

the change was higher. This is one of the reasons why we stuck with the 

change, and while this may be conceived as data mining, the fundamental 

approach is the same. We still have a measure of profitability in ROIC and risk 

in Net debt/Invested Capital, and the two combined create a measure of Net 

Debt/returns. This suggests that the correlation between the theoretical SARD 

approach and an investment strategy based on the selected variables and 

valuation multiples requires further research before an optimal solution can 

be found, as we have not performed the necessary robustness tests on the 

change to confidently say if the increased return is significant or not. This is in 

conjunction with the fact that EV/EBIT, with the lowest absolute percentage 

errors, was outperformed by EV/Sales, with far greater absolute percentage 

errors. 

One theoretical reason for the supremacy of the EV/Sales multiple can be that 

sales is a better measure for comparing firms in different businesses than say 

book value, earnings or EBIT. The idea of the SARD approach is of course that 

we combine industry with fundamentals, however, as we described in sample 

selection, in chapter 4, at least 10 companies can be found in the same GISC-6 

industry for at least 85% of the companies and 99% if using GISC-4 industry 

group. This means that for 85% of the companies, they will be in a relatively 

specific industry such as beverages. For the remaining 15% the beverages 

industry classification will be expanded to include food and tobacco, thus 

slightly expanding the form of businesses. In this case, book value for instance 

can vary a great deal as one could imagine that meat, beer and tobacco could 

have different assets. Earnings and EBIT also vary more across businesses, 

where sales is less affected by depreciation etc. Sales therefore, theoretically, 

makes for better comparisons within and across industries. By using our 

selection criteria for comparing firms, we also assume that the peers are 

similar from sales and down to earnings. 

Our investment strategy can, in short, be considered a combination of the 

overarching theoretical implications from Asness, Frazzini, and Pedersen 
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(2014), and Fama and French (1993; 2015). By saying this, we mean that the 

fundamental idea behind Asness, Frazzini, and Pedersen (2014) is that future 

stock returns can be explained by the quality of the company, regardless of 

current price. Fama and French (1993) argue that future stock returns can be 

explained by relative valuation measures, in the form of market capitalization 

and a multiple of market capitalization to book value of equity. Their original 

paper did not consider the quality of the underlying asset, the firm, at all. While 

their most recently published article, where they introduced their 5-factor 

model, did include a decomposition of the book-to-market multiple into a 

profitability and investment measure, the last of which can be considered 

growth, their fundamental approach is still the same. Both strategies consider 

the entire market and find measures that can be applied to all constituents of 

the market simultaneously. One through quality measures of the company and 

one through pricing measures. We alter it a bit, looking at parts of the market 

at a time and combine the two by finding the companies with the most similar 

quality measures, inspired by Asness, Frazzini, and Pedersen (2014). Then we 

find the companies that are mispriced the most, compared to their similar 

companies, loosely inspired by Fama and French.  

Considering the above, we assumed our strategy would yield a higher return 

than the market, but we also did think there was a decent probability that our 

excess return could be explained by previous research. While Fama and 

French (1993; 2015) use size as an explanatory variable for returns, we use it 

as a measure for risk, which means that our investment strategy should not be 

heavily biased towards smaller companies. The implication of having size as a 

risk measure however, may lead us to having a bias towards smaller 

companies by proxy. Our investment strategy is based on the notion that we 

invest in companies with the largest percentage difference in their valuation 

multiple compared to its peers, and with size being a risk measure, one could 

make the argument that smaller companies will be more likely to have a higher 

variability in their valuation multiples. Our robustness checks do not show any 
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clear indication of this, however, considering our returns are still positive after 

adjusting for size.  

The fact that our investment strategy relies solely on the percentage difference 

between the company’s valuation multiple and the average valuation 

multiples of its peers underlines the importance of finding closely related 

companies. This, combined with our findings that the explanatory value of our 

model on future returns does not necessarily correlate with the quality of the 

model found by Knudsen, Kold, and Plenborg (2017), has led us to fear we have 

taken the SARD approach as gospel, where we should have been more critical. 

One major shortcoming of the SARD as it is, is that it does not account for how 

closely comparable the closest peers are to the company we are analyzing. We 

may very well have a hypothetical scenario where a company does not have 

any close comparable peers in its peer universe, selected by the GICS-industry, 

and this leads to the company being grossly over- or undervalued compared 

to the companies selected as its peers, while another company is not so much 

over- or undervalued, but it is based on a peer group of almost perfectly 

comparable companies. The implied premium of the second company should 

be given more weight, as it is based on more closely comparable companies, 

and thus it should be a more accurate prediction. We would not be able to 

directly observe this, as our entire analysis is based on ranked differences. A 

possible way to take this into account could be to scale the implied premiums 

with a measure of how closely comparable the peer group is to the selected 

company, but this will be left for further research. 

6.3 Limitations 

An important limitation in a valuation method based on multiples is that all 

companies use the same set of accounting principles to eliminate noise in the 

valuation (Petersen & Plenborg, 2012). Our sample is selected to account for 

this by selecting companies in the S&P 1500. All companies in this index are 

subject to the same national accounting standards (US GAAP) and 

consequently, we do not control for accounting differences. However, this 

geographical limitation leads to some potential problems in the validity of our 
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findings, as we do not know whether the model can be applied to other 

geographical locations. We will continue this discussion in the following 

section. 

Our analysis is based on the data available at the time of investment, which 

should reduce bias that would be present if the multiples reflects information 

that was not available at the time. The analysis depends on data from 

COMPUSTAT and we have found that COMPUSTAT is slow in presenting new 

numbers, which means that the information that is available now, as data per 

March 31st, was not available in COMPUSTAT March 31st in the given year. A 

possible solution to this would be to use another database, like Bloomberg, to 

find the accounting and market data. While there shouldn’t be an immediate 

difference by utilizing a different database, they may treat their data 

differently, resulting in a small bias. 

As we have mentioned our sample constitutes the S&P 1500 index with 

approximately 1500 companies each year, including the ones that enter and 

leave. We have concluded that this sample size seems sufficient to support our 

conclusions. Although our strategy is not based on past returns, but 22 years 

of past fundamentals, it is incremental to stress that the strategy is not 

guaranteed to provide the same returns in the coming 22 years.  

We have in this thesis given our response to how a multiple valuation 

investment strategy, based on the SARD approach should be constructed in 

order to obtain the highest risk-adjusted returns. However, we have limited 

our definition of highest risk-adjusted returns to be returns with a Sharpe ratio 

above 1.0. This definition will always depend on the individual investor and 

his risk aversion. A higher Sharpe ratio is always preferable, all else equal. 

Hence, it will always be a matter of balancing the highest returns possible with 

the lowest standard deviation achievable.  

6.4 Relation to previous literature 

In this section, we will relate the findings in our empirical results to the 

empirical findings of other papers concerning multiples valuation and 
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investment strategies. First, we must make the reader understand that this 

thesis tests a completely different investment strategy than any of the ones 

related to in the literature review. Our methodology is very different from that 

of Fama and French (1993; 2015) and Asness, Frazzini, and Pedersen (2014). 

This is because we only select a part of the market for finding comparable 

companies. We do this by selecting a peer universe, using the GICS-industry 

numbers, and then finding the most closely comparable companies. This 

selection of comparable companies forms our grounds for deciding whether a 

company is over- or undervalued. In comparison, Fama and French (1993; 

2015) and Asness, Frazzini, and Pedersen (2014) make an analysis on the 

entire market, and find market-wide measures of profitability relating to size, 

book-to-market ratios or quality measures. Due to the nature of our 

methodology we cannot make a blanket statement of what factor makes a 

company over- or undervalued. In general, we have found that EV/Sales is a 

good measure of how correctly a company is priced, however, a low EV/Sales 

multiple does not necessarily imply the company is undervalued, as its closest 

peers may be even more undervalued.  

We find that the EV/Sales multiple is the best multiple to use in combination 

with the SARD approach. This is in part in contrast with the findings of 

Knudsen, Kold, and Plenborg (2017) as their findings show that the EV/EBIT 

multiple leads to the lowest mean in absolute percentage errors of valuations. 

However, their measure of valuation error cannot be directly compared to our 

returns and hence we cannot reject their findings.  

In relation to Fama and French (1993) we test our results using the exact same 

approach as a robustness check. We copy their concept of SMB and HML to test 

whether our results show significant performance after testing for size and 

value. According to the Fama French 3-factor model, value stocks and stocks 

in smaller companies have higher average return. We find that while some of 

the excess returns from our portfolio can be explained by the size and value 

factors, we still have an excess return after adjusting that cannot be explained 

by any of the risk-factors we have adjusted for.   
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Finally, our study resembles Asness, Frazzini, and Pedersen (2014) who find 

that profitability, growth, risk and payout defines the quality of a stock. We 

have used the fundamental approach to find peers for multiple valuation, 

which relies on the basis that the peers experience the same profitability, 

growth and risk.  

6.5 Implications for Practitioners and Future Research 

There are a number of questions that we have raised when performing the 

analyses and writing our discussion. In this section we raise them again and 

provide a reason for why they are interesting to look at in the future. The 

investment strategies that we have analysed and tested in this thesis have a 

vast potential for generating high returns in the past and most likely also in 

the future. The strategies that we have found can be used by both large 

institutional investors, such as pension and mutual funds to provide a high, 

stable, risk-adjusted return, but the strategies can also be utilized by individual 

investors, although it is an advantage to have access to COMPUSTAT to make 

large-scale multiple valuation, where you value all 1500 companies in the S&P 

1500 index. However, our investment strategies do not come without some 

direct or indirect practical implications.  

We will start by the most practical implications which are transaction costs 

and short-selling constraints. We touched upon the latter in chapter 2, but we 

feel that it is important to stress again that short selling is possible, but 

sometimes at a cost. We found in chapter 2 that short-selling is not very 

difficult, risky or expensive when it comes to the large US companies (S&P 

500). However, it is not as easy to do with smaller companies as there is a 

smaller demand for borrowing and they are less liquid. The price for shorting 

the small stocks in the S&P 1500 may therefore be too big, compared to the 

potential upside (stock price falling). Furthermore, there is a risk that the stock 

may be recalled before expiry, and thus also before the stock has been priced 

correctly in the market. We therefore deem the shorting strategy to be 

unviable in the current market. Yet, this is not something that we have 
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investigated, thus we feel the subject also could be interesting for future 

studies. 

With every stock traded there is a commission fee to the broker who trades it. 

There is furthermore a bid-ask spread, between the price that you can buy a 

stock at and the price that you can sell the stock at. The bid-ask spread is larger 

for smaller and less liquid stocks, hence making them more expensive to trade. 

This transaction cost is not something that we have treated so far in our 

calculations of return, as they have been purely theoretical, but if one were to 

turn this theory into practice he would have to account for transaction costs, 

which all else equal, would diminish some of the returns.  

In our long-only strategies we invest in the 45 stocks with the highest premium 

and in our long-short strategies we also short the 45 stocks with the smallest 

premium. Our best performing long-only portfolio had a CAGR of 18.14 %, 

while the best performing long-short portfolio had a CAGR of 11.75%. Hence, 

the stocks that we shorted gave us a negative return of 6.39% per year on 

average. This is clearly not an optimal return, as the SARD method should be 

able to find stocks that are overpriced. The reasons behind this loss of return 

can be many, but we would recommend any practitioners of our investment 

strategy to look at more than just the computed premium. Multiple valuation 

is based on the proposition that two identical firms should trade at the same 

price, however, given the results of our short strategy, something must not be 

working right. We thus advise that one looks at more than just one multiple, to 

determine whether the securities are indeed a good investment. The downside 

of this is that it requires more resources, i.e. time etc. The smart thing about 

multiple valuation and our investment strategy is that you can value 1,500 

companies in a relative short amount of time and find which stocks to buy and 

which to sell.  

In addition to the perhaps more qualitative approach listed above, we 

recommend that a practitioner also considers the number of securities to buy 

or sell, instead of automatically picking the top 45 each year. Consider a year 

when there are only 10 securities with a premium of more than say 30%. The 
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last 35 stocks have less than a 30% premium and thus it might not be worth 

taking the risk of investing in them, when the upside is so limited. You end up 

with a portfolio where almost 80% of the stocks have a limited potential, but 

you still incur the transaction costs. On the other hand, if you only invest in the 

10 securities with a higher premium than 30%, you are liable to unsystematic 

or unique risk, which the market does not compensate. We showed in chapter 

2 that there are no significant diversification rewards for investing in more 

than 40 companies, thus it does not matter if you one year have 100 stocks that 

have a premium of 1000% and you stand to gain a huge profit, but you only 

invest in the top 45. Hence, we advise practitioners to not select the top 45 

stocks each year without looking at the premiums and the potential upside, 

and then deciding how many stocks to include in the portfolio. This practical 

advice also calls for future research, as we are uncertain of the effects of a 

change in the number of stocks in the portfolio. 

The next idea we present for practitioners is to evaluate the holding period. 

We have decided a holding period of one year as the annual reports are 

released once a year, and typically between January to March. However, our 

results show that not all stock prices behave as the SARD model predicts, at 

least within the one-year timeframe that we have given. Thus, we recommend 

any practitioners to create their own stop/loss limits and to calculate the price 

of each stock invested in, and revaluate the stock once that price has been 

reached. This can potentially happen after one day, but it can also never 

happen. Our investment strategy is not yet implementable and thus we will 

recommend researching the implications of a change in the holding period 

before experimentation commences, as well as researching the implications of 

selling assets once the estimated price has been reached.  

The former discussion leads us to the next point of advice for practitioners, 

which is the inclusion of quarterly reports, and hence moving the investment 

horizon from one year to just three months. We have used yearly data, to fill in 

the gaps where adequate information was not given by the quarterly reports, 

and therefore only invested once a year. This new approach also requires 
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further research. This idea raises the question of when our strategy produces 

the returns. If our strategy produces the returns in the beginning of the holding 

period, then one could imagine an investment strategy with a shorter 

investment horizon. On the other hand, if our strategy earns the returns later, 

one could shorten the holding period, but introduce a lagged version of the 

holding period. The idea is that you analyse companies as of March 31st, but 

invest as of April 30th, and April 30th you analyse new firms that you invest in 

May 31st and so forth. This approach accounts for the time it takes for the 

market to realise that a given security is mispriced.  

We have covered the literature on calculating the average multiple of a peer 

group in chapter 3. The literature was inconclusive on which mean is the best 

to use, however, harmonic mean was found to be better at excluding outliers. 

In this thesis we have removed outliers and the harmonic mean was therefore 

not necessary to utilize. However, it is interesting to research whether the 

change in mean from Knudsen, Kold, and Plenborg (2017) and their harmonic 

mean to our arithmetic mean in the future has had any effects. The choice of 

mean can hypothetically have impacted the investment decision and given us 

a different premium, and thus different companies to invest in.  

As mentioned in our interpretations, we have found a possible problem with 

our implied premium. It does not consider the closeness of the peer group 

compared to the selected company. We propose scaling the implied premium 

with an accuracy measure. A possible way to do this is to scale the mean 

absolute difference in each value driver in the peer group, with the standard 

deviation of the value driver across the sample for the given year, so that we 

can see how many standard deviations the peer group differs from the selected 

company. The standard deviation should be based on all observations in the 

sample, so it is the same across all peer universes in the same year. The 

equation for the adjusted premium (AP) could look something like this 
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(6.1) 

In the equation above, APi denotes the adjusted premium of company i, which 

is the company we are currently analyzing. Pi denotes the premium of 

company i, which is found like in our analysis, by finding the growth rate 

required for company i to go from its current valuation multiple to the simple 

average multiple of its peer group. 𝑆𝑉𝑖
1 is the value of selection variable 1 of 

company i, and 𝑆𝑉𝑗
1 is the value of the same selection variable for company j, 

which is all companies in the selected peer group. The absolute differences are 

summed and divided by n, which is the number of peers in the peer group, to 

find the average value of the absolute difference. This average value is then 

divided by 𝜎1 which is the standard deviation of selection variable 1 through 

the entire sample, for that year. This is done for all selection variables, and the 

average absolute differenced selection variables, divided by the standard 

deviation of the selection variables is added up, to find the total standardized 

deviation of the peer group from company i.  

An immediate problem with the equation above is that it assumes a normal 

distribution of the selection variables, however, most selection variables will 

probably have a heavy right skewness, as we imagine we will observe a longer 

tail on the right side. Additionally, the mean will probably be lower than the 

peak of the distributions, as we will have more observations with lower values, 

but they will be clustered closer together. This will give us a bias towards 

small, unprofitable companies in our portfolios, as they will be more likely to 

find similar companies to be compared against. If a portfolio based on this 

model outperforms the market, it is more likely to be due to increased 

volatility risk, or increased exposure towards known risk measures like the 

Fama French size-factor. A possible solution to this would be to normalize the 

number by finding their logged values to test accuracy if a right skewness is 
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found, however, the accuracy of such a model is beyond the scope of this paper 

to determine.   

In our interpretations, we also discovered a potential problem with the direct 

implementation of the SARD model found by Knudsen, Kold, and Plenborg 

(2017) as switching some selection variables seemed to improve our results. 

This opens for questions of whether the selection variables found to be the 

most robust, when testing for absolute percentage error, are also the best for 

finding an investment strategy. The correlation between absolute percentage 

errors, and the direct applicability of the SARD model as an investment model 

need further research. Even though we have found satisfactory results using 

an almost carbon copied version of the model, the use of other selection 

variables may very well be found to yield even better results.   

The final request we make for future research of the application of this 

investment strategy is to test whether it holds true across the globe. We have 

tested the strategy on the top 1500 US equities, however, this does not mean 

that it is directly transferred and applied on other stock markets, like the 

European or Asian. We therefore first of all advice caution to any practitioners 

wishing to follow this strategy across the oceans, and secondly, we stress that 

future research should test the use on other markets. 
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Chapter 7 

 

Conclusion 
 

This thesis has addressed the issue of valuing listed companies using relative 

valuation. We have proposed a methodology based on the SARD approach 

created by Knudsen, Kold, and Plenborg (2017). The SARD approach is a model 

for finding the most closely comparable companies within an industry. The 

rationale for using this approach is that a more comparable company should 

give a more accurate valuation using a valuation multiple. We have created 

two investment strategies based on the SARD approach. One where we buy the 

most undervalued companies according to our model, and one where we buy 

the most undervalued and simultaneously short-sell the most overvalued 

companies.  

Our empirical evidence and robustness checks support not rejecting our 

hypothesis that we can find an investment strategy with higher returns, than 

the market and our sample. We have found that investment strategies based 

on implied premiums from the EV/Sales multiple, or combinations of the 

EV/Sales multiple and other multiples, yield a return that is consistently above 

the market, even after adjusting for our selected risk factors. It also has a 

considerably higher Sharpe ratio than the market, indicating that the excess 

returns are not due to increased risk. We do, however, find that the raw 

returns of our long-short portfolios are considerably lower than the returns of 

our long-only portfolios. This leads to our long-short portfolios not being able 

to beat our sample mean on raw returns, but their reduced risk gives them a 

higher risk-adjusted return than the long-only portfolios.  
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The implications of our findings that the long-short portfolios yield lower raw 

returns than our long-only portfolios, suggest that the SARD approach does 

not effectively find overvalued companies, as the average return of our short 

portfolio is negative during the period, meaning the shorted stocks 

appreciated. Despite the lower return, the hedge and diversification effect 

from having a combined long and short portfolio reduces the risk to the point 

that our risk-adjusted return is increased. 

We found that the best valuation multiple was EV/Sales, despite our initial 

hypothesis, based on the findings of Knudsen, Kold, and Plenborg (2017) that 

showed that the EV/EBIT multiple had the lowest absolute percentage error. 

These findings suggest a disconnection between accuracy based on lower 

absolute percentage error and future returns. Instead we suggest a new way 

to measure the accuracy of the selected peer group, based on the average 

difference between the mean value of the selection variables of the peer group, 

and that of the selected company. It is scaled by the standard deviation of each 

selection variable, to standardize it across selection variables of potentially 

drastically different nominal values. We suggest that the proposed model is 

subject to further research to account for the mentioned lack of correlation 

between the current measure of accuracy of the selected peer, and to find a 

way to account for skewness in the selection variables, to reduce bias towards 

a certain type of company.  



  Bibliography 

  113 
 

Bibliography 
Alford, A. (1992). The Effect of the Set of Comparable Firms on the Accuracy of 
the Price-EArnings Valuation Method. Journal of Accounting , 30, 94-108. 

Altman, E. (1968). Financial Ratios, Discriminant Analysis and the Prediction 
of Corporate Bankruptcy. The Journal of Finance , 23 (4), 589-609. 

Amihud, Y., & Mendelson, H. (1986). Asset Pricing and the Bid-Ask Spread. 
Journal of Financial Economics , 17, 223-249. 

Ang, A., Hodrick, R., Xing, Y., & Zhang, X. (2006). The Cross-Section of Volatility 
and Expected Returns. The Journal of Finance , 61 (1), 259-299. 

Asness, C., Frazzini, A., & Pedersen, L. (2014). Quality Minus Junk. Working 
Paper. 

Baker, M., & Ruback, R. (1999). Estimating Industry Multiples. Working Paper, 
Harvard University. 

Beatty, R., Riffe, S., & Thompson, R. (1999). The Method of Comparables and 
Tax Court Valuations of Private Firms: An Empirical Investigation. Accounting 
Horizons , 13, 177-199. 

Beaver, W., & Morse, D. (1978). What Determines Price-Earnings Ratios? 
Financial Analysts Journal , 34, 65-76. 

Bhojraj, S., & Lee, C. (2002). Who is my Peer? A Valuation-Based Approach to 
the Selection of Comparable Firms. Journal of Accounting Research , 40 (2), 
407-439. 

Bhojraj, S., Lee, C., & Oler, D. (2003). What's My Line? A Comparison of Industry 
Classification Schemes for Capital Market Research. Journal of Accounting 
Research , 41, 745-771. 

Black, F., Jensen, M. C., & Scholes, M. (1972). The Capital Asset Pricing Model: 
Some Empirical Tests. In M. C. Jensen, Studies in the Theory of Capital Markets. 
New York: Praeger. 

Brealey, R., Myers, S., & Allen, F. (2013). Principles of Corporate Finance (12th 
Edition ed.). McGraw-Hill. 

Campbell, J., Hilscher, J., & Szilagyi, J. (2008). In Search of Distress Risk. The 
Journal of Finance , 63 (6), 2899-2939. 

Cheng, A., & McNamara, R. (2000). The Valuation Accuracy of the Price-
Earnings and Price-Book Benchmark Valuation Methods. Review of 
Quantitative Finance and Accounting , 15 (4), 349-370. 

Cooper, I., & Cordeiro, L. (2008). Optimal Equity Valuation Using Multiples: The 
Number of Comparable Firms. Working Paper, London Business School. 



 

 114 

Daghestani, A., Payne, B., & Sadler, A. (2016). A Risk Return Profile and Ranking 
of the Determinants of the Enterprise Multiple. Academy of Accounting and 
Financial Studies Journal , 20 (1), 93-102. 

Damodaran, A. (2006). Damodaran on Valuation (2nd Edition ed.). Hoboken, 
NJ, USA: Wiley. 

Datar, V., Naik, N., & Radcliffe, R. (1998). Liquidity and Stock Returns: An 
Alternative Test. Journal of Financial Markets , 1 (2), 203-219. 

Davis, J. (1996). The Cross-Section of Stock Returns and Survivorship Bias: 
Evidence from Delisted Stocks. The Quarterly Review of Economics and Finance 
, 36 (3), 365-375. 

Dittman, I., & Weiner, C. (2005). Selecting Comparables for the Valuation of 
European Firms. Working Paper, Erasmus School of Economics. 

Elton, E., & Gruber, M. (1977). Risk Reduction and Portfolio Size: An Analytical 
Solution. The Journal of Business , 50 (4), 415-437. 

Fairfield, P. (1994). P/E, P/B and the Present Value of Future Dividends. 
Financial Analysts Journal , 50, 23-31. 

Fama, E. (1970). Efficient Capital Markets: A Review of Theory and Empirical 
Work. The Journal of Finance , 25, 383-417. 

Fama, E., & French, K. (2015). A five-factor asset pricing model. Journal of 
Financial Economics , 116, 1-22. 

Fama, E., & French, K. (1993). Common risk factors in the returns on stocks 
and bonds. Journal of Financial Economics , 33, 3-56. 

Fama, E., & French, K. (2008). Dissecting Anomalies. The Journal of Finance , 63 
(4), 1653-1678. 

Frazzini, A., & Pedersen, L. (2014). Betting Against Beta. Journal of Financial 
Economics , 111, 1-25. 

George, T., & Hwang, C.-Y. (2010). A Resolution of the Distress Risk and 
Leverage Puzzles in the Cross Section of Stock Returns. Journal of Financial 
Economics , 96, 56-79. 

Gilbert, E., & Strugnell, D. (2010). Does survivorship bias really matter? An 
Empirical Investigation Into its Effects on the Mean Reversion of Share Returns 
on the JSE. Investment Analysts Journal , 72, 31-42. 

Gunasekarage, A., & Kot, H. W. (2007). Return-based Investment Strategies in 
the New Zealand Stock Market: Momentum Wins. Pacific Accounting Review , 
19 (2), 108-124. 

Hansen, C., Mouritsen, J., & Plenborg, T. (2003). Sammenhænge mellem P/E og 
K/IV nøgletal i teori og praksis. Ledelse & Erhvervsøkonomi , 67, 69-82. 

Harris, R., & Marston, F. (1994). Value Versus Growth Stocks: Book-to-Market, 
Growth, and Beta. Financial Analysts Journal , 50, 18-24. 



  Bibliography 

  115 
 

Healy, P., Palepu, K., & Peek, E. (2013). Business Analysis & Valuation: Text and 
Cases (3rd Edition ed.). Andover, Hampshire, United Kingdom: Cengage 
Learning EMEA. 

Herrmann, V., & Richter, F. (2003). Pricing with Performance-Controlled 
Multiples. Schmalenbach Business Review , 55. 

Kim, M., & Ritter, J. (1999). Valuing IPOs. Journal of Financial Economics , 53 
(3), 409-437. 

Knudsen, J., & Kold, S. (2015). On The Accuracy of Comparable Firm Selection 
Methods for Multiple Valuation. Copenhagen Business School, Denmark: 
Unpublished Master's Thesis. 

Knudsen, J., Kold, S., & Plenborg, T. (2017). Stick to the Fundamentals and 
Discover Your Peers. Working Paper. 

Kothari, S., Shanken, J., & Sloan, R. (1995). Another Look at the Cross-section 
of Expected Stock Returns. The Journal of Finance , 50 (1), 185-224. 

Lamont, O. (2005, December). Short Sale Constraints and Overpricing. 
Retrieved April 14, 2017, from The National Bureau of Economic Research: 
http://www.nber.org/reporter/winter05/lamont.html 

Lee, C., Ma, P., & Wang, C. (2015). Search-Based Peer Firms: Aggregating 
Investor Perceptions Through Internet Co-Searches. Journal of Financial 
Economics , 116 (2), 410-431. 

Lie, E., & Lie, H. (2002). Multiples Used to Estimate Corporate Value. Financial 
Analyst Journal , 58 (2), 44-54. 

Liu, J., Nissim, D., & Thomas, J. (2002). International Equity Valuation Using 
Multiples. Journal of Accounting Research , 40 (1), 135-172. 

Liu, J., Nissim, D., & Thomas, J. (2007). Is Cash Flow King in Valuations. 
Financial Analysts Journal , 63 (2), 56-68. 

Markowitz, H. (1952). Portfolio Selection. Journal of Finance , 77-91. 

Miller, E. (1977). Risk, Uncertainty, and Divergence of Opinion. Journal of 
Finance , 1151-1168. 

Mohanram, P. (2005). Separating Winners from Losers among Low Book-to-
Market Stocks using Financial Statement Analysis. Review of Accounting 
Studies , 10, 133-170. 

MSCI, i. (2017). MSCI. Retrieved April 14, 2017, from 
https://www.msci.com/gics 

Nel, S., Bruwer, W., & le Roux, N. (2014). An Emerging Market Perspective on 
Peer Group Selection based on Valuation Fundamentals. Applied Financial 
Economics , 24 (9), 621-637. 

Nissim, D. (2013). Relative Valuation of US Insurance Companies. Review of 
Accounting Studies , 18 (2), 324-359. 



 

 116 

Novy-Marx, R. (2013). The Other Side of Value: The Gross Profitability 
Premium. Journal of Financial Economics , 108, 1-28. 

Ohlson, J. (1980). Financial Ratios and the Probabilistic Prediction of 
Bankruptcy. Journal of Accounting Research , 18 (1), 109-131. 

Penman, S. (1996). The Articulation of Price-EArnings Ratios and Market-to-
Book Ratios and the Evaluation of Growth. Journal of Accounting Research , 34, 
235-259. 

Penman, S., Richardson, S., & Tuna, I. (2007). The Book-to-Price Effect in Stock 
Returns: Accounting for Leverage. Journal of Accounting Research , 45 (2), 427–
467. 

Petersen, C., & Plenborg, T. (2012). Financial Statement Analysis (2nd Edition 
ed.). Harlow: Pearson Longman. 

Pimentel, R. C., & Plenborg, T. (2016). How to Apply Multiples for Valuation 
Purposes: A Review of the Literature. Journal of Private Equity , 19 (3), 55-64. 

Schreiner, A., & Spremann, K. (2007). Multiples and their Valuation Accuracy in 
European Equity Markets. Working Paper, University of St. Gallen. 

Statman, M. (1987). How Many Stocks Make a Diversified Portfolio? The 
Journal of Financial and Quantitative Analysis , 22 (3), 353-363. 

Yoo, Y. K. (2006). The Valuation Accuracy of Equity Valuation Using a 
Combination of Multiples. Review of Accounting and Finance , 5. 

 

 

 

  



  Appendix 1 

  117 
 

Appendix 1 

Returns and t-statistics for all Size/Value/Liquidity portfolios for all 22 years. 
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Appendix 2 

Adjusted returns and t-statistics for all portfolios, using the different risk-factor 

portfolios to adjust returns. 
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