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Abstract 

Baseret på relativ værdiansættelse af 2,885 selskaber finder vi, at professionelle aktieanalytikere 

præsterer en signifikant højere præcisionsgrad end de undersøgte algoritmer ved en kombination af P/E 

og EV/EBITDA. Forskellen forøges i takt med, at selskabets markedsværdi øges. 

Vi baserer vores resultater på algoritmer, der er udviklet og verificeret på baggrund af over 40,000 

observationer fra 2010-2019. Vi betragter tre forskellige algoritmer, herunder Global Industry 

Classification Standard, Sum of Absolute Rank Differences (SARD), og Warranted Multiples. 

Algoritmerne er søgt optimeret igennem restriktioner på sektor, industri og geografi. Blandt algoritmerne 

leverer SARD den højeste præcisionsgrad. Denne optimeres ved udelukkende at udvælge 

sammenlignelige selskaber fra den samme industri som det selskab, der værdiansættes, befinder sig i. 

Herunder finder vi, at man bør benytte estimerede fremfor historiske regnskabstal når multiplerne 

beregnes. Præcisionsgraden øges, når estimeringshorisonten øges. Den højeste præcisionsgrad for 

enkelte multipler opnås ved at bruge P/E beregnet med estimater for næste års indtjening. Såfremt det 

antages, at kun en enkelt multipel kan benyttes, er der ikke signifikant forskel mellem præcisionsgraden 

af den industri begrænsede SARD-algoritme og aktieanalytikerne. 
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1. Introduction 

Relative valuation involves valuing assets based on the market prices of similar assets. The underlying 

assumption is the law of one price stating that perfect substitutes should sell for the same price. The 

value of an asset ultimately depends on the size, timing and uncertainty of its future cash flows. Thus, if 

two assets are identical in terms of these three properties, an investor would be indifferent between the 

two assets, consequently leading to the same price. In practice, relative valuations are based on multiples 

obtained from comparable trading companies or transactions. A multiple represents the ratio of a market 

price (e.g. enterprise value) to a particular value driver (e.g. EBITDA). 

The relative valuation approach is favoured by practitioners (Pinto, Robinson, and Stowe, 2018) as it 

reflects the current market sentiment and can be applied with relative ease (Rosenbaum and Pearl, 2012). 

The difficult and time-consuming task of predicting future cash flows as well as estimating the terminal 

value and discount rate is not required, unlike for absolute valuation approaches such as the Discounted 

Cash Flow- (DCF) or Residual Income (RI) model. However, conducting a multiple valuation entails other 

challenges such as selecting the suitable value driver(s), peers, and determining how peer group 

multiples should be aggregated (Plenborg and Pimentel, 2016).  

1.1 Motivation 

In our opinion, the major issue in relative valuation is the high degree of subjectivity involved. The topic 

contains limited academic research to guide practitioners in their peer selection despite the extensive 

application of this valuation method in practice. Some practitioners even state that relative valuation is an 

art rather than a science (e.g. (Bhojraj and Lee, 2002); (Lee, Ma, and Wang, 2016)). The high degree of 

subjectivity ultimately undermines the credibility of relative valuation as an alternative to the absolute 

valuation approaches. This motivated us to determine whether it is possible to develop an objective 

algorithm that is able to achieve a higher valuation accuracy than professional equity research analysts. 

Further, we believe that the empirical studies in the existing literature are influenced by at least one of 

the following factors, which may have impacted their results and conclusions: 

(1) Countries: Some studies are focusing exclusively on companies from a single country, which could 

bias the results both positively and negatively. A positive bias could stem from factors such as a similar 

accounting practices, whereas a negative bias could stem from a limited peer pool. Furthermore, the 

results are less relevant for practitioners who are not restricted in terms of peers to a single country. 

(2) Sectors: Some studies include the financial-, real estate-, and utility sectors, which could potentially 

cloud the results as these industries differ materially on characteristics such as capital structure, 

regulation, ownership profile, and reporting practice.  
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(3) Financials: Previous literature has found that forecasted earnings led to higher prediction accuracy 

compared to trailing earnings. However, several studies comparing peer identification approaches rely 

on historical financials despite that it has proven inferior. As such, their conclusions may not hold if 

forecasted financials were applied instead.   

(4) Validation: Previous literature has introduced several algorithms for the identification of comparable 

companies. A common validation approach has been to benchmark the performance of the algorithm 

with randomly selected peers from an industry taxonomy such as GICS or SIC. Such a setup is a poor 

validation given that practitioners do not rely on such simple procedures1. 

We will try to avoid the aforementioned biases by considering a (1) global sample, (2) excluding the 

financial, real estate, and utility sectors, (3) considering forecasted financials, (4) and providing a 

benchmark with peers selected by professional equity research analysts. 

The results of this study are relevant for a variety of practitioners. Multiples are frequently a part of fairness 

opinions of investment bankers, and they serve an important part of sell-side analysts’ reports (Lee et al., 

2016). Further, they are commonly used in valuation of Initial Public Offerings (Kim and Ritter, 1999), 

Mergers and Acquisitions (DeAngelo, 1990) and Leveraged Buyouts (Kaplan and Ruback, 1995). 

Consequently, our study is highly relevant for buy- and sell-side professionals. 

1.2 Research question 

Our analysis has been structured into four different hypotheses that provide us with information enabling 

us to answer our research question: 

Can algorithms outperform professional equity research analysts in terms of relative valuation? 

Specifically, we address this objective by benchmarking different selection methodologies on a global 

sample comprising of more than 40,000 firm-year observations. We apply two fundamental approaches, 

namely Sum of Absolute Rank Differences (SARD) introduced by Knudsen, Kold, and Plenborg (2017) 

and Warranted Multiples (WARR) introduced by Bhojraj and Lee (2002). Further, we apply an industry 

taxonomy approach, viz. the Global Industry Classification Standard (GICS). Then we seek to optimise 

the algorithms by applying various peer group restrictions in order to achieve the highest potential 

valuation accuracy. The highest performing algorithms are subsequently benchmarked against the peer 

groups applied by professional analysts that have been hand-collected from broker reports for the 

purpose of this study. This enables us to validate whether practitioners ought to rely on the subjective 

choice of professional analysts or apply an algorithm for peer group selection. 

 
 

1 A similar critique was raised in the discussion of Bhojraj & Lee (2002) by Sloan (2002). 
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In the first hypothesis, we investigate whether sector affiliation can improve valuation accuracy for the 

algorithms. As a peer pool restriction inevitably leads to lesser comparability in the selection variables, it 

is a trade-off relative to the information gained by restricting the peer pool. We hypothesise that the benefit 

of restricting on sector affiliation will outweigh the negative consequences of a smaller peer pool, as we 

believe sector affiliation contains information not reflected in the observed financials.  

➢ Hypothesis 1: Combining sector affiliation and fundamental characteristics leads to more 

accurate valuation estimates than fundamental characteristics alone  

The second hypothesis is inspired by Bhojraj, Lee, and Ng (2003) who finds that applying a 2-digit SIC 

code and country specific factors in peer identification increases valuation accuracy. We consider a 

similar approach by introducing a geographical restriction. Consequently, companies can only identify 

companies from their own region or country. 

➢ Hypothesis 2: Restricting peer selection on geography leads to more accurate valuation 

estimates for the algorithms considered in hypothesis 1 

The third hypothesis is inspired by Knudsen et al. (2017). The authors document that SARD combined 

with industry affiliation (INDSARD) yields superior results compared to an unrestricted SARD approach. 

In a global context, Henningsen (2019) confirms these results. We are thus examining if the industry 

restriction leads to a higher valuation accuracy than the geographical and sector restrictions considered 

in hypothesis 1 and 2.  

➢ Hypothesis 3: Restricting peer identification to only include those in the same industry 

classification yields a higher accuracy relative to a sector and/or geographical restriction 

In the fourth hypothesis, we benchmark the most accurate algorithms to investigate if they can beat a 

broker, i.e. if they can yield superior valuation accuracy compared to a professional equity research 

analyst. We hypothesise that brokers can achieve a higher valuation accuracy as they are not restricted 

to certain industry classifications and/or a set of predetermined fundamental variables in their 

identification process. 

➢ Hypothesis 4: Peer identification by brokers leads to more accurate valuation estimates 

than peers selected by an algorithm 

1.3 Delimitations 

We have made the following delimitations in this thesis: 

First, we are assuming that the efficient market hypothesis is valid. We are thus evaluating peer 

identification approaches based on their ability to predict the observed market prices, not their ability to 

predict the intrinsic value. 
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Second, we have delimited our choice of fundamental approaches to SARD and WARR. We do not 

intend to test the impact of all potential selection variables. Instead we have employed the selection 

variables introduced by Knudsen et al. (2017); (1) Return on Equity, (2) NIBD/EBIT, (3) Market 

capitalisation, (4) Net Income growth, and (5) EBIT-margin.  

Third, an interesting benchmark would be the “crowd-of-crowds” approach introduced by Lee, Ma, and 

Wang (2015). However, they rely on data not publicly available and we therefore delimit ourselves from 

this approach. 

Fourth, we have not examined if optimisation of weights for SARD can lead to incremental valuation 

accuracy. Furthermore, we do not test if the exclusion of some of the five variables will lead to different 

results for SARD and WARR. 

Fifth, differences in accounting standards could bias our results. However, we are not aware of any 

previous study that corrects for such differences and thus we have not made any adjustments. 

Lastly, we do not consider firms valued on a sum-of-the-parts basis for hypothesis 4. Some firms were 

consistently valued on a sum-of-the-parts basis by brokers, implying that the analyst made individual 

forecasts for each of the company’s segments and later identified numerous peer groups. While we were 

able to collect peer groups for the different segments, we were not able to gather analyst consensus 

estimates for these forecasts through S&P Capital IQ. We are not aware of any financial database that 

provides analyst estimates on a non-consolidated basis.  
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2. Conceptual framework 

The valuation literature can be divided into five broad categories for estimating firm value. The first is 

absolute valuation, in which firm value is derived as the present value of future cash flows (Petersen, 

Plenborg, and Kinserdal, 2017). The second approach is relative valuation, where the market prices of 

other firms are considered to estimate firm value through multiples (e.g. P/E), and ultimately rests on the 

law of one price. Relative valuation can be conducted by considering the market prices of publicly traded 

assets or private transactions. The third approach is a combination of the two former approaches. Here, 

the value of the firm is calculated from the cash flows in the budget period, and the terminal value is 

estimated separately by applying an exit multiple (e.g. Rosenbaum and Pearl (2012)). The Leveraged 

Buyout model (LBO) is perhaps the most popular approach within this category due to its widespread 

application among private equity investors (Gompers, Kaplan, and Mukharlyamov, 2016). The fourth 

approach is the asset-based approach, commonly used in valuing real estate, distressed firms (Bhojraj 

and Lee, 2002), and conglomerates. Common models include the Net Asset Value- (NAV), Sum-Of-The-

Parts- (SOTP), and the Liquidation Value approach (Petersen et al., 2017). The fifth approach is 

Contingent Claim valuation, which applies option pricing models, such as Black Scholes, to estimate firm 

value (Damodaran, 2012). 

This thesis will only consider relative valuation in relation to publicly traded firms. Furthermore, we will 

only consider “current multiples”, i.e. multiples based on spot prices at the time of valuation, and not 

“through-the-cycle multiples”, which Nissim (2019) finds to produce more accurate estimates of terminal 

value. Lastly, we define firm value as the value of a company on a cash free and debt free basis, i.e. the 

Enterprise Value (EV), throughout the thesis. We note that equity multiples can produce an estimate of 

firm value by adding the value of the net debt and minority interest to the estimated market capitalisation. 

A key implementation issue for relative valuation is the choice of comparable firms (Plenborg and 

Pimentel, 2016). There exists different school of thoughts for the identification of comparable firms, 

including the fundamental approach, the industry approach, and the co-search-based approach. The 

latter approach will not be considered in this thesis as motivated in section 1.3. 

In the first section in our conceptual framework, we will seek to define the fundamental- and industry 

approach. In the last two sections, we will provide an explanation of the different rationales behind the 

two school of thoughts.  
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2.1 Definitions 

We are not aware of any formal definitions of the two approaches in the literature. We therefore initiate 

this section with a definition for each of the two approaches considered. 

The fundamental approach: 

“The fundamental approach is a methodology for 

the purpose of relative valuation where a set of 

predetermined financial value drivers is required 

for the identification of a peer group.” 

The industry approach: 

“The industry approach is a methodology for the 

purpose of relative valuation where industry 

affiliation is required for the identification of a 

peer group.” 

Common for both definitions is that they through relative valuation provide an estimate of enterprise value 

or market capitalisation for a given firm. The immediate difference of the two definitions is that the 

fundamental approach identifies peers through financial value drivers (such as return on equity and net 

income growth), whereas the industry approach identifies peers through industry affiliation. However, we 

note that the ultimate difference is that the fundamental approach is restricted in terms of financial 

variables to the ones predetermined, whereas the industry approach is not.  

2.2 The fundamental approach 

The underlying rationale for the fundamental school of thought is to match companies directly on the 

value drivers affecting multiples, and thereby identify peers as those with the most similar drivers to the 

target firm. In the first section, we provide a theoretical foundation for the approach, and then proceed to 

discuss the practical application. 

2.2.1 A theoretical perspective 

Assuming an efficient market and that all companies are in a steady-state, we can calculate the enterprise 

value as (Petersen et al., 2017, p. 320): 

𝐸𝑉 =
𝐹𝐶𝐹𝐹

𝑊𝐴𝐶𝐶 − 𝑔
 

These are the three factors determining enterprise value. Two firms with identical FCFF, WACC, and g 

should, in a steady-state, trade at the same price. 

As opposed to firm valuation, equity valuation only considers the cash flows to the stockholders. 

Consequently, the market value of the equity (Mcap) can be defined as (Petersen et al., 2017, p. 321): 

𝑀𝑐𝑎𝑝 =
𝐷𝑖𝑣𝑖𝑑𝑒𝑛𝑑𝑠

𝑟𝑒 − 𝑔
 

These are ultimately the three factors that determines the value of the market capitalisation. 
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In appendix 10.1, we present a thorough derivation of the value drivers for the three enterprise value 

multiples considered in this thesis, EV/Sales, EV/EBITDA, and EV/EBIT, and the equity value multiples, 

P/E and P/B. Inspired by Petersen et al. (2017, p. 322), we summarise the theoretical value drivers 

affecting the multiples below in Table 1. 

Table 1: The drivers of the multiples investigated in this thesis 

 denotes that an increase in the variable (e.g. ROIC) will lead to an increase in the multiple (e.g. EV/EBIT), holding other 

variables constant, while  denotes that an increase in the variable (e.g. WACC) will lead to a decrease in the multiple 

(e.g. EV/EBIT). The growth rate, 𝑔, will impact P/E and P/B positively given that 𝑅𝑂𝐸 > 𝑟𝑒 (vice versa). 

 

The table illustrates the drivers that should match in order for two firms to trade at the same multiples. 

For instance, if two firms have an identical ROIC, WACC, and tax rate they should trade at the same 

EV/EBIT multiple. This is, as previously mentioned, the rationale behind the fundamental school of 

thought; to match companies directly on variables affecting multiples and thereby identify peers.  

2.2.2 A practical perspective 

Although the theoretical relations of the drivers influencing multiples serves as a good starting point, the 

practical application may not be as straightforward as the theory would suggest.  

It is questionable whether a firm can ever be said to be in a true steady-state as theory assumes. Also, 

even if such a steady-state exists, the variables are not directly observable for the steady-state given that 

a company is not currently in it. Furthermore, there might be different perceptions in the market on when 

a company will reach steady-state and what the drivers (e.g. FCFF) will be in that scenario.  

For instance, we can observe the current EBITDA-margin in the annual report but not what it would be in 

a steady-state. By using financials from the annual report, one therefore implicitly assumes that the last 

reported EBITDA-margin is equivalent to the EBITDA-margin in a steady-state. This might explain why 

some companies disclose non-GAAP measures such as “EBITDA before special items”, “Embedded 

EBITDA”, and “Run-rate EBITDA” assuming these serves as better proxies for EBITDA in a steady-state 

scenario. However, relying on such measures also have some pitfalls. The most obvious is that the 

information providers (management) rarely share the same incentives as the information users (e.g. 

stockholders). Furthermore, such non-GAAP measures contain a considerable amount of judgement from 

management and may not represent what the market believes EBITDA would in the steady-state. Instead, 

Drivers influencing the multiples

Enterprise value-based multiples

EV/Sales ROIC  WACC  Tax rate  D&A rate  EBITDA-margin 

EV/EBITDA ROIC  WACC  Tax rate  D&A rate 

EV/EBIT ROIC  WACC  Tax rate 

Equity-based multiples

P/E ROE  re  g 

P/B ROE  re  g 
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broker consensus estimates are sometimes used as a proxy for what the market believes a company 

could generate in EBITDA in the future, although these estimates could also deviate from market 

expectations. EBITDA was used as an example, but the issues remain the same across all the other 

variables; the true variables are not directly observable.  

In order to apply the fundamental approach in practice one would have to find surrogates for the variables 

influencing price. Such surrogates are presented in several studies, including Bhojraj and Lee (2002) and 

Knudsen et al. (2017). Both authors apply actual reported financials2 in their peer identification algorithms 

and find that the inclusion of these significantly increase valuation accuracy, indicating that although 

theoretically perfect variables do not exist, proxies still enhance the estimation of multiples. 

Furthermore, Rossi and Forte (2016) and Liu, Nissim, and Thomas (2002) document that analyst 

forecasted earnings increase accuracy relative to actual earnings, and accuracy increases when the 

forecast horizon lengthens. This provide some evidence for the following: (1) The more the input variables 

resemble the theoretically correct steady-state variable, the more valuation accuracy is enhanced, (2) 

and broker estimates are generally in line with market expectations.  

One could argue that we should simply avoid a steady-state assumption and match firms based on a 

multi-stage model. Although such an approach could seem attractive, it would fail empirically due to lack 

of long-term forecasts, the curse of dimensionality, and/or overfitting.  

To summarise, some of the assumptions of the theoretical model will inevitably be violated when applied 

in practice. Despite this, previous literature suggests that the approach have an empirical claim and not 

just a theoretical one.  

2.3 The industry affiliation approach 

Both the fundamental- and the industry approach rest on the law of one price. However, for this approach, 

industry affiliation is used as a matching criterion rather than a set of proxy-variables. The underlying 

thought of the industry approach is that companies within the same industry are similar in terms of risk, 

growth, and profitability. In a perfect world, the variables would offer a superior way of identifying peers. 

Nevertheless, we can only find proxy-variables, which makes the industry approach a relevant alternative 

to the fundamental approach. In section 2.3.1 we will briefly highlight some of the arguments presented 

in Bodie, Kane, and Marcus (2017) on convergence within industries, and in section 2.3.2 we will 

investigate the subject empirically based on previous literature. Lastly, in section 2.3.2.1 and 2.3.2.2, we 

 
 

2 Knudsen et al. (2017) applies one- and two year forecasted earnings in order to approximate the long-term 
growth rate. Bhojraj & Lee (2002) also apply a forecast to approximate the long-term growth rate. 
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will introduce and discuss two different concepts for the application of the industry approach, namely 

brokers and industry codes. 

2.3.1 A theoretical perspective 

From a theoretical perspective, Bodie et al. (2017) argue that industries have different sensitivities to 

business cycles depending upon the price-elasticity of the product offered (e.g. discretionary goods vs. 

staples) and operating leverage (the division between fixed and variable costs). As a result, risk varies 

between industries. For instance, software-as-a-service (SaaS) is generally characterised by long running 

contracts, whereas luxury retailers are characterised by a more volatile and cyclical revenue stream. 

SaaS firms can serve a demand for critical IT-infrastructure, whereas a luxury retailer offers discretionary 

goods. Furthermore, SaaS firms often exhibit a relatively high-level of variable costs due to the industry’s 

employee-heavy nature, whereas luxury retailers tend to have a higher level of fixed costs due to prime 

store locations.  

Furthermore, the authors argue that industries are at different stages of maturity and that industry growth 

rates reflect these stages3. A SaaS firm and a luxury retailer may match on a set of proxy-variables, but 

the former is in an industry that could be perceived as less mature and experience a higher growth rate. 

Naturally, the maturity of an industry will also influence when a firm reaches a steady-state scenario. 

Finally, Bodie et al. (2017) focus on Porter’s well known Five Forces ((Porter, 1980); (Porter, 1985)) in 

their argumentation on why profitability differs on an industry level. The five forces shape the competitive 

environment, which in turn shapes industry profitability. For instance, severe rivalry between existing 

competitors in an industry will lead to price competition and lower margins. 

2.3.2 A practical perspective 

Empirically, it has been found that ROIC and its components converge within industries (Nissim, 2019). 

Nissim and Penman (2001) find that ROIC tends to converge to industry medians over time and that there 

are long-run differences in profit margins and asset turnovers across industries. Concerning growth, 

Fairfield, Ramnath, and Yohn (2009) find that industry-specific models generate more accurate forecasts 

of long-term growth in sales, book value, and net operating assets compared to economywide models. 

Finally, industry affiliation has been found to be a significant factor for determining a firm’s cost of capital 

((Fama and French, 1997); (Gebhardt, Lee, and Swaminathan, 2001)). As an example, Gebhardt et al. 

(2001) find an average implied industry risk premium of 8.38% and -2.79% for the toy- and real estate 

 
 

3 We should note that the long-term growth rate of a company cannot exceed the long-term growth rate of the 
economy as it would imply that the company eventually becomes larger than the economy itself.  
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industries, respectively4. In a study on different approaches to the estimation of terminal value, Nissim 

(2019, p. 21) finds that “(…) industry profitability is a much better proxy for steady-state profitability than 

the firm’s own historical profitability.”. This finding could be interpreted as market participants generally 

expect profitability to converge within industries in a steady-state5. 

In sum, both theory and empirical evidence support the claim that industries are similar in terms of risk, 

growth, and profitability. 

2.3.2.1 Brokers 

Research suggests that relative valuation is the most popular valuation technique applied by equity 

research analysts (e.g. Asquith, Mikhail, and Au (2005)). Consequently, one can identify a peer group for 

a listed firm from a broker report.  

A widely accepted practice among investment professionals for selecting comparables is through industry 

affiliation. Similar business models often serve as the main argument of why a company should be 

considered a peer. For instance, in a broker report concerning ISS, an analyst from Morgan Stanley 

(2014) justify the selection of peers as follows: 

“The core peer group for comparable valuation should comprise global facility services providers, we 

argue. The companies that best fit are Compass, Sodexo, Aramark, G4S and Securitas, in our view.” and 

“We also considered another group of potential peers, but we are mindful of far lower overlap with ISS’s 

model, in our opinion.” (Morgan Stanley, 2014, p. 9) 

The quote exemplifies that the definition of an industry is not clear-cut among analysts. A popular textbook 

within the investment banking community advocates that:   

“Companies that share core business characteristics tend to serve as good comparables. These core 

traits include sector, products and services, customers and end markets, distribution channels, and 

geography.” (Rosenbaum and Pearl, 2012, p. 52) 

The description of good comparables illuminates the subjectivity involved when selecting peers in practice 

– when do companies share core business characteristics? As a result, peer selection among brokers 

has been subject to criticism in academia (e.g. Bhojraj and Lee (2002)). The degree of subjectivity 

 
 

4 The authors find that the industry premium is significant after controlling for different variables such as size 
and leverage. Beta, on the other hand, loses statistical significance in explaining next years implied cost of 
capital when the industry risk premium is included, suggesting that beta is an industry-related proxy (Gebhardt 
et al., 2001). 
5 Nissim (2019) evaluates different approaches to the estimation of the terminal value by considering absolute 
percentage errors calculated relative to the observed enterprise value in the market.  
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involved in peer identification through brokers is also what makes the approach distinct from the others 

presented in the thesis; it relies on the judgement of the individual analyst.  

2.3.2.2 Industry classification schemes  

As opposed to brokers, classification schemes present a standardised framework for defining industries. 

Industry affiliation is thus determined by an industry taxonomy rather than an individual broker, i.e. 

industry affiliation is not determined by the one conducting the valuation. Subjectivity emerging from the 

individual valuation is detached, although companies can get industry codes assigned based on a 

subjective assessment. Industry classification schemes can be developed through two distinct 

approaches (MSCI, 2020). 

First, one can develop industry classification schemes based on a purely statistical approach. As an 

example, industries can be defined based on the correlation of past returns. Disadvantages of such an 

approach includes non-intuitive and unstable classifications (MSCI, 2020). For instance, two companies 

could have similar past returns but may be in what the market perceives as different industries. Further, 

industry classifications would then rely on when and how often past returns are measured. 

Second, one can define industries from an economical perspective. Here, one can take a production-

oriented- or a demand-oriented stance. The former is advantageous in an economy where emphasis is 

on producers, whereas the latter is advantageous in an economy where emphasis is on consumers. 

Examples of the product-oriented industry taxonomies include SIC and NAICS, whereas GICS is an 

example of a market demand-oriented classification scheme (MSCI, 2020).  

MSCI (2020) argues that an increasing share of discretionary income, the emergence of the new service 

era, and increased accessibility of information has moved emphasis from producers to consumers. This 

view is supported in the marketing literature by Kotler, Keller, Brady, Goodman, and Hansen (2016), who 

argues that there has been a transition from supply-dominated markets to demand-dominated markets. 

The subject is investigated empirically by Bhojraj, Lee, and Oler (2003) who compare GICS, SIC, NAICS, 

and the Fama-French industry classifications6. The authors find evidence in support of the GICS 

taxonomy: 

“We find that GICS classifications are significantly better at explaining stock return comovements, as well 

as cross-sectional variations in valuation multiples, forecasted growth rates, and key financial ratios.” 

(Bhojraj et al., 2003, p. 770).  

The results of Bhojraj et al. (2003) are later confirmed by Hrazdil, Trottier, and Zhang (2013) in a sample 

consisting of more than 16,000 companies. The superiority of GICS has also been documented in 

 
 

6 The (Fama & French, 1997) is derived from the SIC taxonomy.  
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different research settings, such as in the classification of high-tech firms (Kile and Phillips, 2009), 

explaining co-movements in stock returns7 (Chan, Lakonishok, and Swaminathan, 2007), estimating 

discretionary accruals (Hrazdil and Scott, 2013), and capturing industry concentration ratios (Hrazdil and 

Zhang, 2012). 

Bhojraj et al. (2003) subscribe the superior performance of GICS to the financial-oriented nature of the 

industry categories and the consistency of the firm assignment process (each company is assigned a 

GICS code by a team of specialists at Standard and Poor’s and MSCI). SIC and NAICS originate from 

government sources and is thus not developed with the purpose of serving the finance community 

(Hrazdil et al., 2014). GICS, on the other hand, is developed to enhance investment research and “(…) 

is the result of numerous discussions with asset owners, portfolio managers and investment analysts 

around the world.” (Standard & Poor’s, 2018, p. 3). In addition, GICS is renewed annually (Standard & 

Poor’s, 2018), whereas NAICS and SIC are not. In fact, SIC had its latest major revision in 19878 (Hrazdil 

et al., 2014), while NAICS is reviewed every five years with the next scheduled revision in 2022 (NAICS, 

2020a). 

Companies are assigned a GICS code primarily based on revenues, but earnings and market perception 

are also considered in the partitioning (Standard & Poor’s, 2018, p. 5). The main information sources 

comprise of annual reports and accounts. Other sources include investment research reports.9 MSCI 

(2020, p. 13-14) provides a detailed description of the classification process: 

“As a general rule, a company is classified in the Sub-Industry whose definition most closely describes 

the business activities that generate more than 60% of the company’s revenues. However, a company 

engaged in two or more substantially different business activities, none of which contribute 60% or more 

of revenues, is classified in the Sub-Industry that provides the majority of both the company’s revenues 

and earnings. When no Sub-Industry provides the majority of both the company’s revenues and earnings, 

the classification will be determined based on further research and analysis. 

In addition, a company significantly diversified across three or more Sectors, none of which contributes 

the majority of revenues or earnings, is classified either in the Industrial Conglomerates Sub-Industry 

(Industrial Sector) or in the Multi-Sector Holdings Sub-Industry (Financials Sector).”. 

 
 

7 The authors also considered statistical cluster analysis and found GICS to be superior.  
8 Still, SIC codes are still widely used. For instance, the U.S. Securities and Exchange Commission applies 
the SIC scheme (NAICS, 2020b).  
9 Bhojraj et al. (2003) conducted interviews with Standard and Poor’s officials. Their impression was that 
analyst perceptions influences the original formulation of industry categories, whereas they do not influence 
the assignment of firms to specific categories.   



13 of 152 
 

GICS comprises of four levels and a company can only belong to one grouping at each of the four levels. 

In Figure 1, we present two examples published in MSCI (2020) for Amazon and General Electric: 

Figure 1: Classification of Amazon and General Electric in the GICS scheme with data from 

MSCI (2020) 

 

We note that, for these two examples, the sub-industry and industry are identical as there only exist one 

sub-industry to each of the two industries. 

Concerning Amazon, the company is assigned to the “Internet and Direct Marketing Retail” industry as 

more than 60% of the company’s revenues stems from adjacent segments (highlighted in bold). Also, we 

note that Amazon is regarded as a company operating in the Consumer Discretionary sector rather e.g. 

Information Technology or Transportation, which also illustrates the market demand-oriented approach 

in the GICS framework. For General Electric, no segment contributes with more than 60% of revenues. 

Furthermore, the company is significantly diversified across more than three sectors and is consequently 

classified as an industrial conglomerate.   

GICS provides several advantages over brokers. First, GICS is a convenient way of establishing an 

industry benchmark approach due to firms having a code assigned. Second, the approach is systematic, 

and rule based. Third, GICS should provide unbiased results, whereas brokers can be biased due to 

conflicts of interests ((De Franco, Hope, and Larocque, 2015); (Vismara, Signori, and Paleari, 2015)). 

The main disadvantage of GICS is that practitioners rarely (if ever) justify or restrict peer selection based 

on industry codes. Its validity as a proxy for industry affiliation as defined by practitioners is therefore 

questionable to say the least. Among the 2,885 analyst reports investigated in this thesis, we found no 

GICS level GICS code GICS description GICS level GICS code GICS description

Sector 25
Consumer 

Discretionary
Sector 20 Industrials

Industry Group 2550 Retailing Industry Group 2010 Capital Goods

Industry 255020
Internet and Direct 

Marketing Retail
Industry 201050

Industrial 

Conglomerates

Sub-Industry 25502020
Internet and Direct 

Marketing Retail
Sub-Industry 20105010
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Aviation, 
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(Internet 
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incidents of analysts that mentioned any of the industry codes as a selection criterion or restricted peer 

identification on either of them. This could be due to GICS not ensuring an adequate homogeneity among 

firms classified in an industry relative to equity research standards. Quantitative characteristics (e.g. 

profitability) and/or qualitive characteristics (e.g. business models) may vary more than an investment 

professional finds reasonable for the definition of an industry. Analysts can also disagree with the 

classification scheme and select peers irrespective of the target company’s assigned GICS industry.10   

 
 

10 Similarly, Kim & Ritter (1999) provides an example on how analysts ignore SIC codes when identifying peers. 
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3. Literature review 

Relative valuation is in academia regarded as being rather unsophisticated and ‘naïve’ (Sloan, 2002). In 

popular corporate finance textbooks such as Brealey, Myers, and Allen (2017) and Bodie et al. (2017) 

only a few pages are devoted to multiple valuation. In addition, Block (2010) documents how only 1 out 

of 10 leading investment texts mention EV/EBITDA in the index or the glossary. In section 3.1, we 

introduce our literature review by documenting the widespread use of relative valuation by practitioners. 

We then delve into the findings of prior literature on peer identification approaches in section 3.2. 

3.1 Evidence from the field  

Relative vs. absolute valuation 

One of the first studies to investigate valuation practices among finance professionals is DeAngelo (1990). 

From a sample of 60 fairness opinions provided by investment bankers, the author finds that accounting 

information and public market prices influences the fairness opinion in all cases (100%), indicating that 

the use of multiples is a popular valuation methodology among investment bankers. Furthermore, prices 

paid in other acquisitions influenced 73% of the fairness opinions. In comparison, cash flow analysis was 

only reported to have influenced the fairness opinion in 13% of the cases. 

Among US-based equity research analysts, relative valuation seems to be an important valuation 

methodology as well. Consistent with DeAngelo (1990), Asquith et al. (2005) find, in a sample of 1,126 

American analyst reports, that 99.1% apply an earnings or cash flow multiple, whereas only 12.8% use 

a DCF variation. A similar result is found by Bradshaw (2002) who, in a sample of 103 reports, finds that 

76% of equity research reports use a P/E multiple to justify recommendations. Furthermore, Block (1999) 

finds that present value techniques are only used by 54% of analysts in a sample consisting of 297 AMIR11 

members.  

The application of relative valuation is widespread in overseas investment research as well. Imam, 

Barker, and Clubb (2008) find that the P/E multiple is used as the dominant model in 46% of the 98 

reports analysed, whereas EV/EBITDA is used as the dominant model in 26% of the reports. In contrast 

to the previous literature, the authors document that the DCF appears to be the most popular valuation 

method as it is used as a dominant valuation methodology in 50% of the reports.  

Recent studies document similar findings. In a survey of European 356 valuation professionals with CFA 

or equivalent designation, Bancel and Mittoo (2014) finds that relative valuation is the most popular of all 

valuation methods (used by over 80% of the participants), followed by the DCF (applied by just under 

80% of the participants). Brown, Call, Clement, and Sharp (2015) document similar results in a survey of 

 
 

11 The Association for Investment Management and Research. 
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365 US analysts where relative valuation appears to be the most popular method followed by the DCF. 

Mukhlynina and Nyborg (2016) also find that finance professionals more frequently use relative valuation 

compared to present value techniques in a survey of 299 European respondents. Finally, in a global study 

consisting of almost 2,000 valid responses, Pinto et al. (2018) find that market multiples are the most 

popular valuation method (92.8%) followed by a present value technique (78.8%).  

To summarise, it can generally be inferred from the literature that relative valuation is the most popular 

valuation technique among practitioners. Below, we briefly document the different multiples favoured by 

practitioners when performing relative valuation. 

Multiples applied by practitioners 

Bancel and Mittoo (2014) find that EV/EBITDA is the most popular multiple used by 83% of the 

participants, followed by P/E (68%). This finding is consistent with the prediction made by the survey 

participants in Block (2010), namely that EV/EBITDA would become the primary multiple in the future - 

P/E was then applied by 42% as their primary metric, while EV/EBITDA was preferred by 36%12. The 

study consisted of 1,209 responses from US financial analysts (Block, 2010). Furthermore, Kantšukov 

and Sander (2016) report EV/EBITDA to be the most popular multiple (81%) followed by P/E (67%) in a 

survey of 32 Estonian finance professionals. Mukhlynina and Nyborg (2016) find that EV/EBITDA is most 

popular multiple (95%), followed by EV/EBIT (88%), industry-specific multiples (87%), and P/E (85%). 

Pinto et al. (2018) find that equity multiples scaled with some measure of earnings are the most popular 

type of multiple, while EV/EBITDA was the most popular specific multiple followed by P/E. 

In an IPO context, Vismara, Signori, and Paleari (2015) find that EV/EBITDA is the most popular multiple 

(79.2%), followed by the P/E (72.3%) in a sample of 130 IPOs in Western Europe. 

In sum, P/E and EV/EBITDA seem to be the preferred multiples among practitioners. Other multiples 

such as EV/EBIT and asset multiples are also applied in practice although to a lesser extent.  

3.2 Evidence from the literature  

Previous findings on the selection of peers 

One of the first papers to outline a peer selection approach was Boatsman and Baskin (1981). They 

identify a peer by randomly selecting a company from the same industry as the target firm and compare 

the accuracy to an approach where a peer is identified from the same industry and with a similar 10-year 

 
 

12 The survey participants state dissatisfaction with GAAP as the main reason for the increased popularity of 
EV/EBITDA. 
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average earnings growth. The authors find that the valuation accuracy is higher using the latter approach, 

although they do not carry out any formal tests. 

In contrast to Boatsman and Baskin (1981), Alford (1992) concludes that the industry approach is 

relatively effective and that a similar valuation accuracy can be achieved by selecting peers through a 

combination of growth and risk. The author further finds that no incremental accuracy can be achieved 

by combining industry with growth and/or risk, and suggests that industry affiliation reflects the majority 

of growth and risk for a company. 

Cheng and McNamara (2000) confirm that the industry approach is effective as they find that a combined 

P/E-P/B valuation approach based on industry membership was the highest performing approach of 

those evaluated13. When they consider valuation estimates from a single multiple (i.e. either P/E or P/B), 

they find that peers should be identified from a combination of industry affiliation and return on equity. 

Bhojraj and Lee (2002) uses eight explanatory variables to predict a firm’s “warranted multiple”. The 

comparable firms are then identified as the four firms with warranted multiples closest to the target firm. 

The authors find that the “warranted multiple” approach offers sharp improvements to the industry 

approach – for instance, using the warranted multiple approach on EV/Sales yields mean (median) 

absolute errors of 61% (35%) compared to 86% (55%) for the industry approach. Constraining the 

warranted multiple approach to only include peers within the same industry does not yield incremental 

accuracy14.  

In a working draft, Bhojraj et al. (2003) further test the application of the “warranted multiple” approach. 

Extending the analysis to include G7 countries rather than only US15, the authors generally confirm the 

results of Bhojraj and Lee (2002); the authors find that the adjusted r-square is typically more than double 

compared to industry and size matches. However, in contrast to Bhojraj and Lee (2002), Bhojraj et al. 

(2003) find that industry membership is important in explaining variations in multiples. Furthermore, they 

find that cross-country differences are ‘extremely important’ in explaining variations in P/E multiples 

(Bhojraj et al., 2003, p. 6), whereas they are less important in explaining differences in the EV/Sales and 

P/B multiples. 

 
 

13 The results from (Fairfield, 1994) and Hansen, Mouritsen, & Plenborg (2003) can explain this finding. They 
investigate the relationship between P/B and P/E and find that both multiples contain valuable information; P/E 
relates to the expected growth in earnings, while P/B relates to the level of the expected earnings. 
14 The authors state that ”COMP and ICOMP yield similar results.” (Bhojraj & Lee, 2002, p. 426). However, we 
note that Bhojraj and Lee’s selection variables already reflect the industry median. 
15 Bhojraj et al. (2003) extends the work of Bhojraj and Lee (2002) on other parameters as well. They introduce 
a country-specific variable in addition to the eight explanatory variables used in Bhojraj and Lee (2002). 
Furthermore, they also include two additional value drivers; actual earnings and next-year earnings.  
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Herrmann and Richter (2003) develop yet another method of selecting peers. They consider eight 

fundamental factors and define peers as those that deviate less than 30% from the target company’s 

respective factors. Consistent with Bhojraj and Lee (2002), the authors find that a fundamental approach 

yields a higher accuracy than an industry approach and find that industry affiliation does not add any 

incremental accuracy beyond that already reflected in the fundamentals.   

Further evidence in favour of the fundamental approach is found in Dittmann and Weiner (2005). The 

authors select peers as the 2% of companies with the closest return on assets to the target firm. They 

find that the approach has a higher accuracy than the industry approach. 

Henschke and Homburg (2009) propose a slightly different method for peer selection. They define their 

peer group as the ten peers with the lowest absolute peer score. The absolute peer score is based on a 

regression of six explanatory variables, where the variables comprise of differences in financial ratios 

between a given company and the target firm. In addition, a company is only considered a peer if it 

belongs to the same industry as the target firm. The authors find that such an approach offers 

improvements to the industry approach. 

Nel, Bruwer, and le Roux (2014) consider peer group selection from an emerging market perspective. As 

the authors do not benchmark their results against an industry benchmark, it is not possible to determine 

whether a fundamental approach is superior or not. Nevertheless, they document how using a 

combination of valuation fundamentals offer a higher degree of accuracy vis-á-vis only using one 

fundamental driver to identify peers.  

In a working paper, Couto, Brito, and Cerqueira (2017) use cluster analysis (K-means) to identify peers 

based on various fundamentals and find that fundamentals generally increase accuracy compared to an 

industry approach. However, they find that the difference is not statistically significant for some multiples. 

The authors do not examine the accuracy when financial variables are applied in combination with an 

industry classification. The study has a distinct sample as both non-developed and developed countries 

are represented, amounting to a total of 54 countries.  

Knudsen et al. (2017) suggest yet another peer selection method based on the sum of absolute rank 

differences, abbreviated to SARD, across variables. Peers are identified as those with the lowest SARD-

scores. Consistent with most of the previous literature, the authors document significant improvements 

in accuracy when using the fundamental approach rather than the industry approach. Also, Knudsen et 

al. (2017) find that using an industry taxonomy in conjunction with the fundamental variables further 
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increases accuracy. Finally, Knudsen et al. (2017) benchmark their approach to the one developed by 

Bhojraj and Lee (2002) and find that the SARD approach yields a higher valuation accuracy16. 

The results reported by Knudsen et al. (2017) were based on a sample of US companies. Henningsen 

(2019) applies the SARD approach on a larger sample stemming from 27 OECD-countries over the period 

2000-2019. The results from Knudsen et al. (2017) are confirmed by Henningsen (2019); SARD yields a 

higher valuation accuracy than an industry approach – using SARD in conjunction with industry further 

enhances accuracy. 

Overall, previous literature generally suggests that a fundamental approach offers a higher degree of 

accuracy relative to an industry approach, especially when variables are used in conjunction with the 

industry approach. This interpretation of the literature is also supported by Plenborg and Pimentel (2016) 

in their systematic review of studies on relative valuation. No study report that the industry approach is 

more effective than the fundamental approach – rather, only two studies ((Alford, 1992); (Couto et al., 

2017)) report similar results for the two approaches. However, Couto et al. (2017) only report similar 

results for some multiples17 and do not test for a selection method combining industry and fundamentals 

– as such, it cannot be ruled out that if Couto et al. (2017) did use such a combination it would yield a 

higher accuracy across all the examined multiples. In light of this, Alford’s (1992, p. 107) interpretation 

that “(…) much of the cross-sectional variation in P/E multiples that is explained by risk and earnings 

growth is also explained by industry” does not seem to be backed by the literature. 

Industry surrogate 

All of the previous studies have applied an industry taxonomy as a proxy for industry affiliation; the 

majority use 4-digit SIC codes ((Alford, 1992); (Herrmann and Richter, 2003); (Dittmann and Weiner, 

2005); (Henschke and Homburg, 2009)), followed by 6-digit GICS codes as the second most popular 

choice ((Lee et al., 2016); (Knudsen et al., 2017); (Henningsen, 2019)). Bhojraj and Lee (2002) use 2-

digit SIC codes, while Boatsman and Baskin (1981) use Compustat industry codes. Couto et al. (2017) 

apply an industry classification provided by Datastream. 

Kim and Ritter (1999) is the only study considering an alternative industry approach as they consider 

peers selected by an investment bank. The study concerns 143 IPOs from September 1992 to December 

1993. They find that investment bankers are superior at selecting peers than simply using peers from the 

same four-digit SIC code – for instance, the mean absolute prediction errors using the peers identified by 

the investment bank are 55.0% compared to 59.5% for SIC codes. However, the improvement is rather 

 
 

16 The largest difference in accuracy between the SARD approach and warranted multiple approach by Bhojraj 
and Lee (2002) is observed for the P/E multiple; SARD yields mean errors (median) of 33% (24%), while the 
warranted multiple approach yields mean errors of 71% (38%).  
17 EV/EBIT, EV/OCF, P/E, and P/EBT (Couto et al., 2017, p. 27) 
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small which could be explained by the fact that the investment bank only selects 2 peers, only produce a 

one-page research report (i.e. not an extensive equity research report), and that there are frequent 

overlaps with the comparables chosen by the investment bank and the ones mentioned in the prospectus. 

Regarding the latter, Vismara et al. (2015) find that 3 out of 7 comparable firms, on average, are changed 

from the peer group in equity research reports from the underwriting investment bank prior to, and after, 

the IPO. Specifically, they find that the peers mentioned in the prospectus have higher valuations than 

the peers subsequently selected for equity research reports post-IPO. This could imply that the 

improvement in valuation accuracy resulting from applying peers identified by investment bankers is 

smaller for firms going public compared to firms already listed, although De Franco et al. (2015) find that 

equity research analysts, on average, select peer companies strategically.  

In summary, the conflicting industry surrogates used in the various studies reduce comparability among 

them. Bhojraj et al. (2003) provides documentation that GICS codes are the optimal industry code for 

identifying peers. Kim and Ritter’s (1999) findings indicate that industry codes are a suboptimal surrogate 

for the industry approach compared to peers selected by investment professionals.  

The optimal number of peers 

Another inconsistency can be found regarding the number of peers selected. The most frequent number 

of peers applied in the literature is six ((Alford, 1992); (Cheng and McNamara, 2000); (Knudsen et al., 

2017); (Henningsen, 2019)) but ranges from one (Boatsman and Baskin, 1981) to ten (Henschke and 

Homburg, 2009). The number of peers can also be varying (e.g. Herrmann and Richter (2003)18). 

Knudsen et al. (2017) find that the optimal number of peers are between 6 and 16 depending on the 

multiple and selection method used. Henningsen (2019) finds that the marginal improvement beyond 10 

peers is too small to justify the inclusion of additional peers.  

Cooper and Cordeiro (2008) show that it is not theoretically possible to determine the size of the peer 

pool. The authors investigate the issue empirically and find that the optimal number of peers is 10. 

Generally, it can be inferred from the literature that the optimal number of peers is around five to ten. 

More specifically, the optimal number of peers may be ten rather than five; both Henningsen (2019) and 

Cooper and Cordeiro (2008) report ten as the optimal number of peers. Combined, these studies rely on 

approximately 100,000 firm-year observations from the periods 1982-2006 and 2000-2019.  

  

 
 

18 Herrmann & Richter (2003) select peers as those with a deviation of less than 30% to the target firm’s 
fundamentals (50% if the peers are restricted to be from the same industry).  
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Aggregation measure 

Regarding the aggregation measure (a statistic such as the arithmetic mean, the geometric mean, the 

median, or the harmonic mean) the harmonic mean stands out as the most popular in the previous 

literature ((Bhojraj and Lee, 2002); (Liu et al., 2002); (Dittmann and Weiner, 2005); (Nel et al., 2014); 

(Couto et al., 2017); (Knudsen et al., 2017)).  

Baker and Ruback (1999) investigate the issue and find that the harmonic mean should be the preferred 

aggregation measure. Schueler (2017) provides a theoretical justification for superiority of the harmonic 

mean. Liu et al. (2002) investigate the issue empirically and find that the harmonic mean is superior to 

the median. This finding is confirmed by Couto et al. (2017) and Knudsen et al. (2017). 

Herrmann and Richter (2003) criticise Baker and Ruback’s (1999) results, pointing out that they draw 

their conclusions from a normal distribution. Not eliminating the 1% extreme values in multiples, 

Herrmann and Richter (2003) find that the median yields the highest pricing accuracy. This finding is 

supported by Schreiner and Spremann (2007), who find that the median delivers superior results – the 

authors do not report whether they eliminate or winsorise their sample.  

Dittmann and Maug (2008) find that the harmonic mean should be preferred; however, this finding only 

holds when percentage errors are applied. Using logarithmic errors, the authors find that the harmonic 

mean is downward biased as much as the arithmetic mean is upward biased and report that the geometric 

mean and median provide unbiased results.  

Regarding the aggregation measure, the empirical evidence points toward using either the median or the 

harmonic mean. Inconsistent results are reported on which of the two central statistics that should be 

preferred. Considering the number of studies that favour the use of the harmonic mean versus the 

median, and the sample size of these19, evidence points toward using the harmonic mean.  

Accounting differences 

One of the first studies to consider the impact of accounting in relation to relative valuation is Beaver and 

Dukes (1973). The authors find that two groups of firms with the same beta and historical earnings growth, 

but different depreciation schemes trade at different P/E multiples (average of 16.6x and 15.1x). However, 

when they adjust earnings of the two groups to the same depreciation scheme, they trade at essentially 

the same multiples (average of 16.6x and 16.2x). Therefore, the authors conclude that accounting 

 
 

19 Regarding the evidence found in favour of the harmonic mean: Liu et al. (2002) use a sample size of 
approximately 20,000 firm-year observations in the period 1982 to 1999. Knudsen et al. base their results on 
a US sample consisting of 12,350 firm-year observations in the period 1995-2014. Finally, Couto et al. (2017) 
use a global sample of 7,590 companies in 2011. Regarding the evidence found in favour of the median: 
Herrmann & Richter (2003) have a sample of approx. 645 firms in 1997-1999, while Schreiner & Spremann 
(2007) use the Dow Jones STOXX 600 and S&P500 to construct a sample from 1996-2005.  



22 of 152 
 

differences explain the difference of the P/E multiples observed in the two groups. Similar findings are 

provided by Beaver and Morse (1978). Zarowin (1990) later finds that the results by Beaver and Morse 

(1978) overstate the effects of different accounting methods as they rely on historical growth as a proxy 

for future growth for peer identification. Using forecasted growth, the author suggests that difference in 

accounting methods explains 15% of the cross-sectional variation. 

A related study on companies applying US-GAAP finds that conservativeness of accounting method 

varies positively with total assets – larger firms are generally more conservative than small firms (Watts 

and Zimmerman, 1978). 

Hence, accounting differences can impact relative valuation under the same accounting regime and 

under different accounting regimes. The studies on peer identification approaches reviewed in this paper 

do not correct for such accounting differences. 

Value driver 

Practitioners tend to favour P/E and EV/EBITDA for relative valuation ((Block, 2010); (Bancel and Mittoo, 

2014); (Vismara et al., 2015); (Kantšukov and Sander, 2016); (Mukhlynina and Nyborg, 2016); (Pinto et 

al., 2018)).  

Evidence generally supports the application of P/E and EV/EBITDA; P/E has generally been found to be 

the most precise multiple in several studies when valuing equity value, while the same can be said for 

EV/EBITDA when valuing enterprise value ((Liu et al., 2002); (Yoo, 2006); (Liu, Nissim, and Thomas, 

2007); (Schreiner and Spremann, 2007); (Chullen, Kaltenbrunner, and Schwetzler, 2015); (Rossi and 

Forte, 2016); (Nissim, 2017))20. Although one can derive an enterprise value from an equity value and 

vice versa given the value of net debt and minority interest is known, relatively few studies compare the 

accuracy of P/E and EV/EBITDA. Liu et al. (2002) find that P/E is more accurate than EV/EBITDA, but 

the authors do not consider forecasted financials for EV/EBITDA. In addition, they find that adjusting for 

leverage does not improve the performance of EV/Sales and EV/EBITDA. Kang (2016) compares 

EV/EBITDA and P/E and finds that P/E is overall the most accurate multiple. The author also notes that 

EV/EBITDA is at least as accurate when valuing firms with low debt, and/or firms with large negative 

values of special and non-operating items.  

Surprisingly, studies evaluating peer selection approaches rarely apply EV/EBITDA despite that it has 

been found in several papers to be the most accurate enterprise value multiple and as one of the most 

 
 

20 We found three studies contradicting this statement. Minjina (2009) considers BSE-listed firms and found 
P/CF had the best valuation performance. Lie & Lie (2002) find that a market to book value of assets generally 
results in a higher valuation relative to price earnings. Lastly, Park & Lee (2003) found that the best multiple 
for prediction accuracy is P/B for the Japanese stock market. 
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popular multiples in practice. To our knowledge, only Couto et al. (2017) include EV/EBITDA in their 

investigation of the fundamental- and the industry approach.  

In addition, Liu et al. (2002) provide evidence supporting the theoretical claim that there should be 

consistency in multiples (e.g. if the net debt is subtracted in the nominator, net financial expenses should 

also be subtracted in the denominator). Chullen et al. (2015) specifically investigate whether it improves 

accuracy to use consistently defined multiples and find that it does improve accuracy. In contrast, 

Schreiner and Spremann (2007) find that equity value multiples outperform entity value multiples 

regardless of the principle of consistency.  

Finally, we found no literature documenting that actual earnings improve valuation accuracy compared 

to forecasted earnings, while we find several studies providing evidence for the opposite (e.g. (Kim and 

Ritter, 1999); (Lie and Lie, 2002); (Liu et al., 2002); (Liu et al., 2007); (Schreiner and Spremann, 2007)). 

One can generally say for the choice of value drivers that P/E is the best performing equity multiple, 

whereas EV/EBITDA is the best performing enterprise value multiple. There are inconsistencies 

regarding whether one should follow a principle of consistency regarding the nominator and denominator. 

Finally, forecasted earnings outperform realised earnings. 
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4. Research design 

In the following section, we describe the applied research design. First, we report the data inputs for the 

analysis. Next, we introduce the applied peer identification approaches to provide readers with an 

understanding of the mechanics of the individual approaches. Lastly, we discuss our evaluation 

framework. 

4.1 Data items 

The capital markets-, financial statement- and broker forecast data was extracted through the Capital IQ 

database, which is offered by Standard and Poor’s. The database contains company intelligence on over 

sixty thousand public companies and more than four million private companies worldwide (Standard and 

Poor’s, 2020). The data quality was of the highest importance, and much attention was devoted to this 

as it lays the foundation for the analysis.  

We have chosen 31 March as the date of valuation for all years in our analysis. 31 March was chosen as 

the majority of the firms in our sample follow the calendar year for financial reporting. The date allows 

these firms to have published their annual report and brokers to have the information reflected in their 

estimates.  

An important feature of the Capital IQ database is that we can ensure that the data applied was available 

at the date of valuation. Thus, the inputs applied in this analysis represent the information that was 

available at the time of valuation.  

The following table exhibit the data points applied for the analysis as well as the calculation of certain 

variables and multiples. 
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Table 2: Overview of data items 

 

All financials have been converted to EUR with the conversion rate as of the valuation date. This only 

affect absolute values such as market capitalisation and enterprise value (but not multiples, ratios, etc.). 

Variable Description Calculation / Capital IQ identifier

Company information

Country Headquarter location IQ_COUNTRY_NAME

Industry GICS 6 industry IQ_INDUSTRY

Currency Filing currency IQ_FILING_CURRENCY

Fiscal year Fiscal year end date IQ_EST_DATE

Financial information

Size (Mcap) Market Capitalisation IQ_MARKETCAP

NIBD Net Interest-Bearing Debt (last full quarter) IQ_Net_Debt

Minority Int. Minority Interest (last full quarter) IQ_Minority_Interest_Total

EV Enterprise Value Market Capitalisation + NIBD + Minority Int.

Sales (ACT) Revenue (last full year) IQ_EST_ACT_REV

Sales (FWD & FWD+1) Revenue (median consensus forecast) IQ_REVENUE_MEDIAN_EST

EBITDA (ACT) EBITDA (last full year) IQ_EST_ACT_EBITDA

EBITDA (FWD & FWD+1) EBITDA (median consensus forecast) IQ_EBITDA_MEDIAN_EST

EBIT (ACT) EBIT (last full year) IQ_EST_ACT_EBIT

EBIT (FWD & FWD+1) EBIT (median consensus forecast) IQ_EBIT_MEDIAN_EST

Net Income (ACT) Net Income (last full year) IQ_EST_ACT_NI

Net Income (FWD & FWD+1) Net Income (median consensus forecast) IQ_NI_MEDIAN_EST

CapEx (ACT) Capital expenditure (last full year) IQ_EST_ACT_CAPEX

CapEx (FWD & FWD+1) Capital expenditure (median consensus forecast) IQ_CAPEX_MEDIAN_EST

Total equity Book value of equity (last full quarter) IQ_Total_Equity

Total assets Book value of assets (last full quarter) IQ_Total_Assets

Multiples

EV/Sales Enterprise Value-to-Sales Enterprise value / Sales

EV/EBITDA Enterprise Value-to-EBITDA Enterprise value / EBITDA

EV/EBIT Enterprise Value-to-EBIT Enterprise value / EBIT

P/E Price-to-Earnings Market Capitalisation / Net Income

P/B Price-to-Book Market Capitalisation / (Total Equity - Minority Int.)

Selection variables

ROE Return on Equity FWD Net Income / (Total Equity - Minority Int.)

NIBD/EBIT Net Interest-Bearing Debt-to-EBIT NIBD / FWD EBIT

Size (Mcap) Market Capitalisation Market Capitalisation

NI Grow th Grow th in Net Income (FWD+1 Net Income / FWD Net Income)-1

EBIT (%) EBIT-to-Sales FWD EBIT / FWD Sales

Other variables

NIBD/EBITDA Net Interest-Bearing Debt-to-EBITDA NIBD / FWD EBITDA

ROIC Return on Invested Capital FWD EBIT / (Total Equity + NIBD)

EBITDA (%) EBITDA-to-Sales FWD EBITDA / FWD Sales

CapEx (%) Capital expenditure-to-Sales FWD CapEx / FWD Sales

Sales grow th Grow th in Sales (FWD+1 Sales / FWD Sales)-1

Asset turnover Sales-to-Invested Capital FWD Sales / (Total Equity + NIBD)

D&A (%) Depreciation & Amortisation-to-Sales (FWD EBITDA- FWD EBIT) / FWD Sales
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We seek to test the impact of applying historical or forecasted financials on valuation accuracy. This led 

us to consider three types of financials; actual (ACT) based on historical financials, forward (FWD) based 

on current year forecasted financials, and forward+1 (FWD+1) based on next-year forecasted financials. 

We extracted the historical financials from the income statement by applying “EST_ACT”-formulas. When 

“EST_ACT” financials are reported, they are compared by Capital IQ to the median broker consensus 

estimates to evaluate ‘surprises’ (the difference between forecasted and realised financials). Hence, 

Capital IQ regards these numbers as stated on a comparable basis relative to analyst estimates. For 

forecasted financials, we applied the brokers median consensus forecast at the time of valuation. We 

used data from the latest available quarterly report for the balance sheet financials to ensure the most 

recent information available. 

For the Net Interest-Bearing Debt (NIBD), we decided to apply the Capital IQ definition to ensure 

consistency across our sample. NIBD is not a GAAP measure, which entails that it is not clearly defined 

by regulation. This could potentially lead to higher valuation errors as brokers likely use a variety of 

different definitions21. Further, we want to highlight the data item, Market Capitalisation. The formula 

determines the value of each stock class separately and then add them together. 

We decided to calendarise all financials in order to save a substantial amount of observations by using 

linear interpolation between two financial years. The process of calendarisation is best explained by an 

example. The company 1-800-FLOWERS.COM has a fiscal year ending at the 30th June 2018. Thus, in 

order to calculate the calendarised FWD EBITDA applied in the year 2019, we use 50% of the consensus 

median EBITDA for 2019 and 50% of the consensus median EBITDA for 2020. This can be shown as 

follows: 

𝐸𝐵𝐼𝑇𝐷𝐴 (𝐹𝑊𝐷) = 50% ∙ 𝐸𝐵𝐼𝑇𝐷𝐴 (2019) + 50% ∙ 𝐸𝐵𝐼𝑇𝐷𝐴 (2020) = 50% ∙ 72.5 + 50% ∙ 80.0 = 76.3 

This calendarisation approach is also applied by professional analysts (see appendix 10.2 for an 

example). If we had chosen to only include companies with the calendar year as the fiscal year, we would 

have had to drop roughly 40% of our total observations. These firms are typically from the same countries 

as the preferred period for the fiscal year differs across countries ((CIA, 2020), (PFM, 2016)). Further, if 

we had excluded companies with a fiscal year different from the calendar year, a substantial number of 

peers applied by brokers would be excluded in the analysis. Thus, if we decided to drop these 

observations, it would likely lead to a bias. 

 
 

21 We observed similar results when we applied the brokers’ definition of NIBD (“IQ_EST_ACT_NET_DEBT”) 
compared to the Capital IQ definition. As such, we continued with the Capital IQ definition to ensure 
consistency. 
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We have included five different multiples in our analysis in order to analyse the efficacy of different value 

drivers. The included multiples are EV/Sales, EV/EBITDA, EV/EBIT, P/E and P/B. We decided to only 

include accrual-based multiples as previous literature has found these to be more accurate in a valuation 

setting than cash flow based multiples (Plenborg and Pimentel, 2016). We have available financials for 

the first four multiples to analyse the impact of applying actual or forecasted financials. However, Capital 

IQ do not contain forecasted book value of equity, so P/B is only reported for actual financials. 

The objective of this thesis is not to test different selection variables but is instead focused on 

benchmarking different approaches for peer group identification. Thus, we decided to apply the same 

selection variables as Knudsen et al. (2017). We have used forecasted variables in our analysis as 

previous literature have confirmed that these lead to a significantly higher valuation accuracy ((Kim and 

Ritter, 1999); (Lie and Lie, 2002); (Liu et al., 2002); (Liu et al., 2007); (Schreiner and Spremann, 2007)). 

4.2 Identifying peers 

4.2.1 GICS 

A common approach in the literature to identify peers is through an industry taxonomy. We have applied 

the GICS system as prior research has found this to be the most accurate classification system for 

valuation purposes (Bhojraj, Lee, and Oler, 2003). We extracted the six-digit GICS codes for each firm-

year observation in our sample. GICS 6 was also applied by Knudsen, Kold, and Plenborg (2018, p. 14, 

translated), who commented that it “(…) ensures the best balance between comparability and a sufficient 

number of observations in each industry.”. Chan et al. (2007) also found that applying GICS 6 improves 

discrimination between companies, and only small improvements are gained from considering GICS 8. 

Contrary, Hrazdil, Trottier, and Zhang (2014) finds that there is a decline in homogeneity when 

considering GICS 8 rather than GICS 6.  

In this thesis, we analyse the effect of restricting peer pools to certain geographic areas, namely to regions 

and countries. As our sample includes countries with few observations, this inherently leads to a 

challenge if peer pools do not contain the required number of peers. In that case, we cannot conclude 

whether our results are affected by the selection methodology or simply due to the method selecting a 

different number of peers. 

This challenge is resolved by applying a level-up algorithm inspired by Alford (1992). The algorithm 

identifies the potential peer universe for each target firm by determining the appropriate industry level 

from the total number of peers at each level. It begins at GICS 6 by searching for the required number of 

peers, and if this requirement is not met, it gradually broadens the universe by levelling up to the next 

GICS level (from GICS 6 to GICS 4 to GICS 2) until a sufficient number of peers are identified. The 

algorithm then randomly selects the required number of peers from the peer pool. We have applied a 

criterion of at least 16 identifiable peers for a target firm to be included in the analysis. Consequently, if 
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the algorithm cannot identify 16 peers at the GICS 2 level, the target firm is excluded from the analysis in 

the given year. We have applied this criterion in order to sensitise our results as to whether the applied 

number of peers influences our results. This analysis has been performed for 4 to 16 peers, thus 

demanding this restriction. 

Take the facility management company ISS as an example, which has the GICS code 202010 

corresponding to the industry Commercial Services and Supplies. The global peer universe constitutes 

of 125 companies in 2019 from the same GICS 6 industry. By choosing a default number of peers as 10, 

the algorithm selects 10 random peers amongst those 125 companies. If the peer pool is restricted to 

only include companies from the same country, Denmark in this example, ISS is the only company from 

this industry. The algorithm then levels up to the GICS 4 code 2020 equivalent to the industry group 

Commercial and Professional Services. Again, ISS is the only company from Denmark in this Industry 

Group, so the algorithm levels up to the GICS 2 code 20, which is the sector Industrials containing 12 

companies. The algorithm then selects 10 random peers from this group. However, as 12 peers do not 

satisfy the criterion of at least 16 peers at the GICS 2 level, ISS is excluded from the analysis with the 

country restriction. 

Table 3 exhibits the percentage of the total companies that are able to identify the required number of 

peers at the three different classification levels. This is illustrated for the unrestricted peer universe, 

global, and with restrictions so that peers can only be identified from the same region and country. For 

the global sample, only 0.1% of the firm-year observations are unable to identify 10 peers at the GICS 6 

level, and 100.0% identifies 10 peers at the GICS 4 level. The table illustrates the impact of geographic 

restrictions on the peer pool as it naturally leads to a lower percentage of companies that can identify 

enough peers from the same industry and must level-up to a more aggregated GICS code. The impact 

of the region restriction is fairly small as 93.1% of the firm-year observations can identify 10 peers at the 

GICS 6 level, and 99.9% can find peers at the GICS 4 level. However, the country restriction has a large 

impact as only 57.7% of all companies can identify 10 peers at the GICS 6 level, and 76.2% are able to 

identify 10 peers at the GICS 4 level. Lastly, the table illustrates that the country restriction leads to a loss 

of observations as only 81.9% can satisfy the condition of identifying at least 16 peers at the GICS 2 

level. 
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Table 3: Companies that can identify the required number of peers at the three different 

classification levels 

 

The table below provides an example of a peer group identified with the GICS algorithm without any 

geographical restriction. As previously mentioned, the algorithm identified 10 random peers for ISS 

amongst the 125 potential peers at the GICS 6 level.   

Table 4: Illustrative peer group for the GICS approach 

 

  

Global Region Country

GICS 6 GICS 4 GICS 2 GICS 6 GICS 4 GICS 2 GICS 6 GICS 4 GICS 2

4 100.0% 100.0% 100.0% 99.0% 100.0% 100.0% 75.8% 90.2% 96.7%

5 100.0% 100.0% 100.0% 98.3% 100.0% 100.0% 71.8% 87.8% 94.8%

6 99.9% 100.0% 100.0% 97.5% 100.0% 100.0% 68.5% 85.6% 93.6%

7 99.9% 100.0% 100.0% 96.9% 100.0% 100.0% 65.6% 83.3% 92.4%

8 99.9% 100.0% 100.0% 95.9% 100.0% 100.0% 63.1% 80.4% 91.0%

9 99.9% 100.0% 100.0% 94.5% 100.0% 100.0% 60.6% 78.1% 90.0%

10 99.9% 100.0% 100.0% 93.1% 99.9% 100.0% 57.7% 76.2% 88.9%

11 99.9% 100.0% 100.0% 91.4% 99.9% 100.0% 55.8% 74.5% 87.6%

12 99.8% 100.0% 100.0% 90.3% 99.8% 100.0% 54.3% 72.8% 86.3%

13 99.8% 100.0% 100.0% 89.0% 99.8% 100.0% 52.4% 71.2% 85.4%

14 99.6% 100.0% 100.0% 87.5% 99.6% 100.0% 50.3% 69.8% 84.2%

15 99.4% 100.0% 100.0% 86.1% 99.5% 100.0% 48.8% 68.4% 83.0%

16 99.4% 100.0% 100.0% 84.8% 99.3% 100.0% 46.9% 66.7% 81.9%

No. of 

peers

Percentage of companies that are able to select a sufficient number of peers at the three GICS levels

Illustrative peer group for the GICS approach (FWD+1 multiples)

Company Industry ROE NIBD/EBIT Mcap
( EURm)

NI Growth EBIT (%) EV/Sales EV/EBITDA EV/EBIT P/E

ISS 202010 20.2% 2.7x 5,009 15.2% 5.1% 0.6x 7.7x 10.8x 12.9x

ACCO Brands 202010 15.3% 4.1x 779 12.4% 10.5% 0.9x 5.4x 7.6x 6.4x

Bravida Holding 202010 19.2% 1.0x 1,591 2.6% 6.6% 0.9x 10.0x 13.2x 16.1x

Nippon Air 

Conditioning Services
202010 9.8% -1.7x 192 3.6% 5.5% 0.4x 6.2x 7.4x 14.0x

Brambles 202010 23.6% 2.3x 11,862 10.7% 17.4% 2.5x 8.7x 13.8x 17.8x

Ennis 202010 13.4% -1.0x 483 -1.3% 12.5% 1.2x 7.5x 9.6x 14.3x

RPS Group 202010 9.7% 1.3x 474 9.1% 8.4% 0.7x 6.9x 8.1x 10.2x

ABM Industries 202010 9.4% 4.2x 2,145 14.1% 3.5% 0.5x 9.3x 12.9x 15.3x

Boyd Group Services 202010 18.4% 1.6x 1,821 17.5% 6.7% 1.2x 12.2x 17.0x 22.2x

Knoll 202010 25.5% 3.1x 823 12.5% 10.9% 1.0x 6.7x 8.6x 8.3x

Mobile Mini 202010 10.9% 5.7x 1,357 13.7% 25.1% 3.7x 9.5x 14.0x 15.2x

Harmonic mean 0.9x 7.8x 10.3x 12.4x

Absolute percentage errors (stated on EV-basis - see section 4.3 for explanation) 46.7% 1.7% 4.5% 3.4%
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4.2.2 Brokers 

We apply two different types of broker reports, namely initiating coverage reports and regular reports. An 

initiating coverage report is the first report published by a broker and includes a very detailed analysis of 

the company, industry, and competitive environment. Furthermore, the report contains financial forecasts, 

a valuation estimate based on different methodologies, and the analyst’s stock recommendation (see 

appendix 10.3 for an example of the content in an initiating coverage report). The regular reports are then 

published afterwards containing new financial forecasts, valuation estimates, and the analyst’s stock 

recommendation. The information content of the regular reports ranges substantially from a few pages to 

more than 20 pages of detailed analysis. See section 5.2.2 for explanation of how a peer group is 

identified for brokers. 

The brokers are not restricted to a default number of peers. In our sample, the number of peers applied 

by brokers range from 1 to 53 with the median peer group consisting of 7 firms. In Table 5, an example 

of a peer group has been illustrated, where the broker has chosen eight peers. Interestingly, Aramark, 

Sodexo and Compass Group are the most comparable companies according to a broker from Morgan 

Stanley (2014) (see section 2.3.2.1), but they have been classified in another industry (and sector!) and 

would thus not serve as potential peers by applying the GICS approach. This is one of the strengths of 

the broker approach as they can identify peers across GICS classifications. 

Table 5: Illustrative peer group for the broker approach 

 

  

Illustrative peer group for the broker approach (FWD+1 multiples)

Company Industry ROE NIBD/EBIT Mcap
( EURm)

NI Growth EBIT (%) EV/Sales EV/EBITDA EV/EBIT P/E

ISS 202010 20.2% 2.7x 5,009 15.2% 5.1% 0.6x 7.7x 10.8x 12.9x

ABM Industries 202010 9.4% 4.2x 2,145 14.1% 3.5% 0.5x 9.3x 12.9x 15.3x

Aramark 253010 19.1% 6.2x 6,485 9.6% 7.0% 0.9x 8.2x 11.8x 10.8x

Compass 253010 51.6% 1.8x 33,210 6.3% 7.6% 1.2x 12.5x 16.0x 20.0x

Sodexo 253010 24.0% 1.9x 14,291 7.9% 5.7% 0.7x 10.0x 12.7x 16.8x

Securitas 202010 22.7% 2.9x 5,269 7.3% 5.1% 0.6x 8.6x 11.8x 13.4x

G4S 202010 34.9% 3.3x 3,303 9.5% 6.5% 0.6x 6.9x 8.7x 8.9x

Mitie 202010 225.8% 2.1x 623 9.8% 4.0% 0.3x 5.8x 7.3x 7.2x

Coor 202010 19.2% 4.1x 762 16.7% 3.6% 0.9x 13.2x 22.0x 16.0x

Harmonic mean 0.6x 8.7x 11.7x 12.2x

Absolute percentage errors (stated on EV-basis - see section 4.3 for explanation) 3.5% 13.3% 7.9% 4.4%
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4.2.3 Capital IQ Quick Comps 

We wanted to include a selection methodology developed by a leading data provider for benchmarking 

purposes. We decided on the Capital IQ Quick Comps function, which provides a list of up to 10 

comparable companies selected from a proprietary score “(…) based on a company's size, industry, 

geography and other factors” according to Capital IQ22.  

However, it is only possible to extract the list of peers as of today, not from a particular date. The list of 

peers was extracted as of 16 March 2020 and is assumedly based on information that was not public at 

the time of valuation (31 March 2019). Despite this inconsistency, we decided to include it for illustrative 

purposes as we still believe that it demonstrates the potential of an algorithm developed by a leading 

database provider, but we urge the reader to treat the results accordingly. 

Table 6 provides an example of a peer group identified with the Quick Comps algorithm. As stated above, 

these peers have been selected based on the proprietary algorithm of Capital IQ, which selected nine 

peers for ISS. 

Table 6: Illustrative peer group for the CIQ Quick Comps approach 

 

 
 

22 Capital IQ also has a function that shows (1) the competitors mentioned in the company’s own regulatory 
filings, (2) the set of companies that considers the company as a competitor in their regulatory filings and (3) 
lastly the set of companies considered to be the company’s competitors as disclosed in the regulatory filings 
of third party companies (Lee et al., 2016). We do not consider it as the function was applied by Lee et al. 
(2016) and they found that it performed on par or worse than GICS 6. 

Illustrative peer group for the CIQ Quick Comps approach (FWD+1 multiples)

Company Industry ROE NIBD/EBIT Mcap
( EURm)

NI Growth EBIT (%) EV/Sales EV/EBITDA EV/EBIT P/E

ISS 202010 20.2% 2.7x 5,009 15.2% 5.1% 0.6x 7.7x 10.8x 12.9x

Securitas 202010 22.7% 2.9x 5,269 7.3% 5.1% 0.6x 8.6x 11.8x 13.4x

G4S 202010 34.9% 3.3x 3,303 9.5% 6.5% 0.6x 6.9x 8.7x 8.9x

SPIE 202010 16.2% 3.3x 2,451 7.6% 6.1% 0.5x 6.7x 8.8x 9.5x

Caverion 202010 15.0% 0.1x 757 55.9% 2.6% 0.3x 5.6x 10.2x 12.8x

Loomis 202010 22.5% 1.8x 2,314 5.7% 12.4% 1.4x 7.0x 10.8x 12.5x

Serco Group 202010 23.5% 2.4x 1,621 19.9% 3.5% 0.5x 9.7x 13.2x 18.0x

Coor Service 202010 19.2% 4.1x 762 16.7% 3.6% 0.9x 13.2x 22.0x 16.0x

Elis 202010 8.5% 7.7x 3,155 14.7% 13.3% 1.9x 6.1x 14.3x 11.3x

Spotless Group 202010 25.4% 4.2x 1,192 5.0% 5.5% 0.8x 10.0x 15.2x 20.0x

Harmonic mean 0.7x 7.7x 11.8x 12.7x

Absolute percentage errors (stated on EV-basis - see section 4.3 for explanation) 13.0% 0.1% 9.4% 1.2%
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4.2.4 SARD 

In order to apply the SARD approach, one has to select a set of variables. We have applied the variables 

(1) return on equity, (2) NIBD/EBIT, (3) Market capitalisation, (4) EPS growth, and (5) EBIT-margin in our 

analysis. Each company is then ranked separately on each of the five parameters. The SARD approach 

then selects companies based on the lowest sum of rank differences between the target company and 

the potential peers23. It thus seeks to identify companies that are most similar in terms of the selection 

variables. We have performed this analysis by identifying 4 to 16 peers, but we apply a default number 

of 10 in our empirical results. A new peer group is identified for each year as financial ratios change over 

time. 

The identified peers are required to have a SARD-score above zero in order to exclude the target firm. If 

the peer pool is restricted on either geography and/or a given GICS level, the comparable companies are 

then identified from the constrained peer pool. We apply the level-up algorithm described in section 4.2.1, 

when there are less than the default number of peers in the peer pool.  

The methodology of SARD is best explained by an example. Table 7 exhibits an example of a peer group 

for ISS in 2019. The table illustrates the five selection variables, and the ranks of the individual companies 

(exhibited in parentheses below the financial ratio) based on the total sample size of 4,389 companies in 

2019. Next to the selection variables, we have also included SARD. 

Table 7: Illustrative peer group for the SARD approach 

  

 
 

23 A random tiebreaker is assigned in order to avoid peers having identical ranks.  

Illustrative peer group for the SARD approach (FWD+1 multiples)

Company Industry ROE NIBD/EBIT Mcap
( EURm)

NI Growth EBIT (%) SARD EV/Sales EV/EBITDA EV/EBIT P/E

ISS 202010
20.2% 

(1,304)

2.7x 

(1,336)

5,009 

(1,063)

15.2% 

(1,607)

5.1% 

(3,664)
- 0.6x 7.7x 10.8x 12.9x

Prysmian 201040
20.1% 

(1,312)

3.1x 

(1,138)

4,436 

(1,158)

14.8% 

(1,652)

6.1% 

(3,424)
587 0.6x 6.3x 8.5x 8.5x

X5 Retail Group 301010
21.1% 

(1,221)

2.6x 

(1,362)

6,030 

(935)

22.1% 

(1,040)

3.9% 

(3,968)
1,108 0.3x 4.6x 8.2x 10.4x

TUI 253010
22.1% 

(1,124)

1.6x 

(1,989)

5,027 

(1,057)

12.8% 

(1,923)

5.8% 

(3,500)
1,319 0.4x 4.2x 5.9x 6.4x

MasTec 201030
23.7% 

(985)

2.8x 

(1,313)

3,205 

(1,414)

12.5% 

(1,982)

6.6% 

(3,286)
1,446 0.6x 5.9x 9.0x 9.7x

C.P. Pokphand 302020
20.1% 

(1,315)

2.8x 

(1,269)

2,042 

(1,885)

15.0% 

(1,632)

7.2% 

(3,137)
1,452 0.5x 5.4x 6.8x 7.7x

Air France-KLM 203020
20.3% 

(1,283)

5.4x 

(533)

4,286 

(1,187)

11.9% 

(2,111)

4.9% 

(3,716)
1,503 0.4x 2.7x 8.0x 5.8x

Flex 452030
20.6% 

(1,262)

1.6x 

(1,984)

4,646 

(1,128)

12.5% 

(1,987)

3.4% 

(4,056)
1,526 0.2x 4.4x 6.7x 7.3x

thyssenkrupp 151040
25.8% 

(849)

3.7x 

(932)

7,623 

(791)

15.6% 

(1,564)

3.3% 

(4,091)
1,601 0.4x 5.8x 8.8x 8.7x

Deutsche Post 203010
20.1% 

(1,309)

3.0x 

(1,202)

35,753 

(192)

12.6% 

(1,962)

6.6% 

(3,287)
1,742 0.7x 5.9x 10.0x 11.6x

Autogrill 253010
19.5% 

(1,372)

3.7x 

(933)

2,180 

(1,806)

12.8% 

(1,932)

4.2% 

(3,874)
1,749 0.6x 6.1x 12.6x 16.4x

Harmonic mean 0.4x 4.8x 8.1x 8.5x

Absolute percentage errors (stated on EV-basis - see section 4.3 for explanation) 29.1% 37.5% 25.1% 26.6%
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4.2.5 WARR 

The WARR approach was developed by Bhojraj and Lee (2002) and is a regression-based approach for 

peer identification. The approach is based on a set of estimated coefficients that are used to estimate a 

warranted multiple for each firm in the sample. Peer companies are then identified as the companies with 

the closest warranted multiples to the target firm. 

We follow the approach described in Bhojraj and Lee (2002) and use the estimated coefficients from the 

prior year’s regression to predict the current year’s warranted multiple. Observations in the top and bottom 

1% are excluded (for multiples and variables) when the coefficients are estimated in line with Bhojraj and 

Lee (2002). Thirteen regressions are run per year; one for each of the thirteen multiples investigated24 

(see appendix 10.4 for regression coefficients). When we constrain the analysis to only contain peers 

from a certain geographical area or GICS-code, the regressions coefficients remain unchanged, but the 

selection algorithm is restricted to only pick the closest peers from the same country and/or industry. An 

alternative approach would be to estimate coefficients intra-industry and/or intra-country rather than on 

the overall data, but we avoid such an approach due to the risk of overfitting. We apply the level-up 

algorithm described in section 4.2.1, when there are less than the required number of peers in the peer 

pool.  

In order to be able to compare the SARD and WARR approaches on a strictly fundamental basis (i.e. 

without considering industry affiliation), we do not adjust the operating profit margin or growth for the 

industry median as otherwise suggested by Bhojraj and Lee (2002). The model is based on the following 

variables: (1) Return on equity, (2) NIBD/EBIT, (3) the natural logarithm of market capitalisation25, (4) 

EPS growth, and (5) EBIT-margin. 

The required number of peers are identified as those with a warranted multiple closest to the warranted 

multiple of the target firm. Rather than applying the harmonic mean of the warranted multiples, we apply 

the harmonic mean of the actual multiples. This choice is motivated by Bhojraj and Lee (2002, p. 409) 

who finds: “(…) that using the actual multiples from the best comparable firms is generally better than 

using the warranted multiple itself.” 

We apply a default number of 10 peers, but we later sensitise our results by applying 4 to 16 peers. As 

opposed to the SARD approach, the peers identified through the warranted multiple approach are 

dependent on the multiple. That is, the peers with the closest warranted EV/sales multiple may not be the 

same peers with the closest EV/EBIT multiple. 

 
 

24 There are five multiples for ACT, and four for FWD and FWD+1. 
25 We log-transform market capitalization to ease interpretation, as the resulting coefficients will mean the 
absolute change in the dependent variable from a percentage change in the predictor. The SARD algorithm is 
unaffected by whether data is log-transformed or not. 
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The approach is best explained by an example. Table 8 shows an example of a peer group for ISS in 

2019 for P/E26. As previously mentioned, the algorithm identifies 10 peers based on their warranted 

multiples. We have also provided another example in Table 9, which is the peer group for EV/EBIT in 

2019. It is interesting to note that the 10 peers selected in each example are all different.  

Table 8: Illustrative peer group for the WARR approach (P/E) 

 

Table 9: Illustrative peer group for the WARR approach (EV/EBIT) 

 

 
 

26 For comparison purposes we disclose the market capitalization, but we calculate the warranted multiple 
based on the natural logarithm. 

Illustrative peer group for the WARR approach (FWD+1 P/E)

Company Industry ROE NIBD/EBIT Mcap 
( EURm)

NI Growth EBIT (%) WARR P/E Actual P/E

ISS 202010 20.2% 2.7x 5,009 15.2% 5.1% 15.9x 12.9x

PC Depot Corp. 255040 7.1% -1.6x 179 2.2% 6.2% 15.9x 12.8x

Jadestone Energy 101020 54.9% 0.4x 277 5.8% 51.3% 15.9x 3.5x

Pirelli & C. 251010 13.0% 4.1x 5,738 15.4% 19.0% 15.9x 8.7x

TietoEVRY 451020 28.1% 0.8x 2,011 4.3% 10.6% 15.9x 14.2x

NuVasive 351010 14.2% 2.8x 2,624 13.5% 15.2% 15.9x 21.8x

NRC Group 201030 17.9% 1.3x 333 33.7% 4.7% 15.9x 9.3x

Genesco 255040 7.6% 0.3x 820 5.9% 4.2% 15.9x 13.6x

Hollyw ood Bow l Group 253010 21.9% 0.1x 366 7.3% 20.8% 15.9x 14.1x

Kaufman & Broad 252010 34.5% -0.2x 784 9.4% 8.8% 15.9x 9.5x

BillerudKorsnäs 151030 10.0% 3.9x 2,449 31.7% 7.7% 15.9x 13.9x

Harmonic mean 9.8x

Absolute percentage errors (stated on EV-basis - see section 4.3 for explanation) 18.9%

Illustrative peer group for the WARR approach (FWD+1 EV/EBIT)

Company Industry ROE NIBD/EBIT Mcap
( EURm)

NI Growth EBIT (%)
WARR 

EV/EBIT

Actual 

EV/EBIT

ISS 202010 20.2% 2.7x 5,009 15.2% 5.1% 13.4x 10.8x

ProSiebenSat.1 Media 502010 58.2% 3.2x 2,876 6.1% 17.1% 13.4x 7.3x

Graphic Packaging 151030 16.2% 5.2x 3,326 7.0% 9.2% 13.4x 12.4x

CIRCOR International 201060 8.4% 6.9x 577 30.1% 9.2% 13.4x 11.7x

Telekom Austria 501010 17.7% 4.8x 4,303 0.8% 12.7% 13.4x 11.1x

Sunrise Communications 501010 7.3% 6.2x 2,956 4.5% 9.8% 13.4x 22.7x

Chegg 253020 21.0% -2.0x 3,936 23.2% 23.6% 13.4x 33.7x

Goodrich Petroleum 101020 39.4% 2.3x 147 60.8% 20.7% 13.4x 4.7x

Kratos Defense & Security 201010 6.8% 2.4x 1,449 38.7% 6.2% 13.4x 26.5x

Silgan Holdings 151030 27.3% 5.2x 2,915 7.4% 9.6% 13.4x 12.3x

WellCare Health Plans 351020 16.1% -1.5x 12,090 22.0% 3.8% 13.4x 9.3x

Harmonic mean 11.0x

Absolute percentage errors (stated on EV-basis - see section 4.3 for explanation) 2.1%
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4.3 Evaluation framework 

Previous literature operates with either absolute percentage errors or logarithmic errors. We apply 

absolute percentage errors motivated by the fact that the loss for the seller and acquirer is the same in 

the case of under- and overvaluations, respectively. For example, if a seller divests a company for 20% 

less than the company’s true value, the seller incurs a loss of 20%; if the buyer acquires a company for 

20% more than the company’s true value, the buyer will have a loss of 20%. Using log errors, it would 

imply a loss for the seller of 22% and a loss for the buyer of 18%. One could therefore argue that the use 

of unequal weights for over- and undervaluations is inconsistent with reality. Dittmann and Maug (2008) 

also acknowledge that the choice of error measure is subjective and essentially depends on the 

researcher’s loss function.  

In order to compare valuation accuracy across enterprise and equity multiples, we predict enterprise 

value. The difference between actual and predicted enterprise value is then expressed as a proportion of 

actual enterprise value: 

𝐴𝑏𝑠𝑜𝑙𝑢𝑡𝑒 𝑝𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 𝑒𝑟𝑟𝑜𝑟𝑠 = |
𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝐸𝑛𝑡𝑒𝑟𝑝𝑟𝑖𝑠𝑒 𝑉𝑎𝑙𝑢𝑒 − 𝐴𝑐𝑡𝑢𝑎𝑙 𝐸𝑛𝑡𝑒𝑟𝑝𝑟𝑖𝑠𝑒 𝑉𝑎𝑙𝑢𝑒

𝐴𝑐𝑡𝑢𝑎𝑙 𝐸𝑛𝑡𝑒𝑟𝑝𝑟𝑖𝑠𝑒 𝑉𝑎𝑙𝑢𝑒
| 

We measure the central tendency in peer group multiples by applying the harmonic mean, motivated by 

previous literature (e.g. Baker and Ruback (1999)) that documents the superiority of the aggregation 

measure when absolute percentage errors are applied. 

For an enterprise multiple, absolute percentage errors can be found by scaling the absolute difference of 

the target firm multiple and the harmonic mean of the peer group multiples with the multiple of the target 

firm. 

For an equity multiple, we derive the predicted enterprise value as follows: 

𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝐸𝑛𝑡𝑒𝑟𝑝𝑟𝑖𝑠𝑒 𝑉𝑎𝑙𝑢𝑒 = 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝐸𝑞𝑢𝑖𝑡𝑦 𝑉𝑎𝑙𝑢𝑒 + 𝑁𝐼𝐵𝐷 + 𝑀𝑖𝑛𝑜𝑟𝑖𝑡𝑦 𝑖𝑛𝑡𝑒𝑟𝑒𝑠𝑡 

The predicted equity value would be the harmonic mean of the peer group’s equity multiples multiplied 

by the relevant value driver for the target firm (i.e. for an FWD P/E multiple the relevant value driver would 

be FWD earnings).  

We benchmark the different peer identification approaches through three aggregation measures: The 

median, arithmetic mean (mean), and IQ range of the absolute percentage errors. 
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First, the median is applied as it is a robust measure of the central tendency. Second, we apply the mean 

as it could contain information about a skewed performance27. An approach with a low median - and high 

mean of absolute percentage errors could reveal an insufficient performance across a subset (e.g. one 

sector) of the target firms compared to an approach with a relatively higher median and lower mean, 

although this could also be the result of outliers. Finally, we use the IQ range as a measure of the 

dispersion in errors. Furthermore, the choice of these three measures are also motivated by their 

popularity in prior research (e.g. (Knudsen et al., 2017); (Henningsen, 2019)).  

We test for statistical significance by applying two sets of tests. The first set of tests, two-tailed Mann-

Whitney test and two-tailed Welch’s t-test, are applied in the case of unpaired samples. The second set 

of tests, two-tailed Wilcoxon signed rank test and Student’s paired t-test with robust standard errors28, 

are applied in the case of paired samples. 

  

 
 

27 Absolute percentage errors are right skewed in nature due to errors being limited to 100% in the case of 
undervaluation’s while theoretically unlimited in the case of overvaluations. 
28 The paired t-test is based on Driscoll-Kraay robust standard errors (Driscoll & Kraay, 1998) in line with 
Knudsen et al. (2017). 
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5. Data 

In any data analytical task, the collection, processing, and classification of data is imperative to the overall 

robustness of the results. This section seeks to describe the data collection process, the sampling 

procedure, and important insights arising hereof. 

5.1 Sample selection 

We considered different procedures for our sample selection as we wanted a large global sample with 

companies in various sizes from different geographic regions in order to prevent biases. 

One solution was to include global firms from a combined list of stock indexes and international 

composites. This sample strategy was, for example, applied by Schreiner and Spremann (2007) as the 

authors combined S&P 500 and STOXX 600. However, this inherently leads to some issues. First, this 

procedure excludes a large amount of potentially relevant companies not included in the indexes. 

Additionally, it could lead to a size bias as these indexes primarily consist of large companies. Lastly, it 

could lead to a bias to certain countries with a large fraction of companies in the particular indexes. 

Instead, we applied a different sampling strategy and included all companies with headquarter in the 2329 

countries constituting the MSCI Developed Index. This mitigated some of the challenges described 

above. It further added an interesting aspect to the analysis as accounting standard differs across regions 

and countries. The impact of varying accounting standards will naturally affect the results and may provide 

additional information regarding optimal peer group selection in different geographic regions. 

In order to test our first three hypotheses, we decided to apply data from 2010-2019. Furthermore, we 

have included observations from 2009 to estimate the regression coefficients applied in the WARR 

approach for 2010. For the fourth hypothesis, we only consider data from 2019. The analysis required 

hand-collected information that was very time consuming, consequently limiting the analysis to one year. 

The data was extracted with the Capital IQ screening tool. We required that the companies had 

headquarter in one of the 23 countries in the MSCI Developed Index (MSCI Developed Index, 2020). We 

further required companies to have a market capitalisation above EUR 135m (corresponding to roughly 

DKK 1,000m and USD 150m) at the time of valuation (e.g. 31 March 2010) to ensure adequate broker 

coverage as this has an impact on the forecasted financials applied in our analysis. Consequently, if a 

company had a market capitalisation of EUR 140m in 2010 but a market capitalisation of 130m in 2011, 

it would be included in 2010 but not in 2011. Also, we included companies that went bankrupt or got 

 
 

29 The 23 countries comprise of: Canada, USA, Austria, Belgium, Denmark, Finland, France, Germany, Ireland, 
Israel, Italy, Netherlands, Norway, Portugal, Spain, Sweden, Switzerland, United Kingdom, Australia, Hong 
Kong, Japan, New Zealand, and Singapore. Regions are defined in accordance with MSCI except that Israel 
has been included in North America rather than Middle East as Israel is the only country from this region. Also, 
more than half of the Israeli companies are listed in the United States, thus motivating our choice. 
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delisted throughout the period to avoid survivorship bias (see 5.2.1 for a breakdown of the sample 

regarding survivorship bias). This resulted in a total gross list of 110,376 firm-year observations. 

5.2 Construction of the sample 

5.2.1 Sample for hypotheses 1, 2 and 3 

Our starting point for the sample for the first three hypotheses was the 110,376 firm-year observations 

extracted. Inspired by Lie and Lie (2002), we excluded companies in the GICS sectors Financials, Real 

estate30, and Utilities due to the distinct features of these sectors. As an example, the concept of operating 

income has a different interpretation for the Financials sector (Nissim, 2017). Lie and Lie (2002) only 

excluded financial and real estate companies, but we decided to extend this to utilities due to the distinct 

regulation and ownership structure that characterise the sector. This is a common choice in the empirical 

valuation literature (Bach and Christensen, 2017). This led to a loss of 40,103 observations. 

We restricted companies to have the required financials that would enable us to calculate the financial 

ratios described in section 4.1. Further, we excluded observations with negative multiples. This led us to 

exclude observations with negative enterprise value, net income, EBITDA, EBIT, sales, and book value 

of equity resulting in a total loss of 25,285 observations. Additionally, we have winsorised the applied 

multiples and the selection variables at 0.5% and 99.5% each year in order to reduce the effect of extreme 

outliers. 

As previously mentioned, WARR regression coefficients are estimated based on data from the prior year. 

Thus, in order to estimate the coefficients for 2010, we included a sample of 2,80331 companies in 2009. 

As mentioned in section 4.1, we analyse the impact of using historical- (ACT), current year forecasts- 

(FWD), or next-year forecasts (FWD+1). This led us to create three different samples with available 

financials in each group. Our sample with FWD financials consists of 42,185 firm-year observations, 

which is the largest of our samples. 546 of these did not have available FWD+1 forecast and were thus 

excluded from this sample. An additional 2,634 observations were unprofitable based on ACT financials 

resulting in exclusion. This led to a total of 39,005 observations in our benchmark sample with ACT 

financials. 

For our largest sample, i.e. the FWD sample (with a total of 42,185 observations), we note that:  

• 6,714 (15.9%) stem from firms that went bankrupt or got delisted before 31 March 2019, 

 
 

30 Real estate companies were formerly a part of the financial GICS code, but the industries were separated 
in 2016 (REIT, 2016) 
31 There are 2,634, 2,803, and 2,745 companies in the ACT, FWD, and FWD+1 sample, respectively. These 
were excluded in the benchmarking samples as we only considered observations from 2010-2019. 
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• 370 (0.9%) stem from firms that went bankrupt or got delisted in the period 31 March 2019 to 16 

March 2020, 

• 17,411 (41.3%) stem from public firms that were excluded in one or more years due to not 

satisfying one or more of the following requirements: a market capitalisation of more than EUR 

135m, available historical and forecasted financials, and/or non-negative multiples, and 

• 17,690 (41.9%) stem from firms that were included throughout sample, i.e. did not go bankrupt or 

got delisted, had a market capitalisation of more than 135m in all years, had available historical 

and forecasted financials, and non-negative multiples.32 

Lastly, we want to refer to Table 3 that displays the percentage of companies that are able to identify the 

required number of peers. When the country restriction is introduced, it leads to a loss of observations as 

some target firms cannot identify 16 peers as required for our analysis. Consequently, as an example, 

when this restriction is applied, the FWD+1 sample is reduced to 34,083 observations. 

5.2.2 Sample for hypothesis 4 

Our sample differs in the fourth hypothesis as it is only based on valuations performed in 2019. We apply 

the same data requirements as described in section 5.2.1. We excluded a total of 4,484 companies as 

they were from the financials, real estate, and utilities sectors. In addition, we have excluded 2,724 

companies due to lack of available forecasts or negative multiples. 

In order to test whether the algorithmic peer identification approaches are able to beat professional 

analysts, we required the companies in this sample to have an available peer group from a broker report. 

As the peer groups provided by brokers are not available in any database, we hand-collected broker 

reports from Thomson One Investext and manually extracted the peer groups from these. We only 

collected broker reports that were written in the Latin alphabet. Further, as Thomson One Investext does 

not contain reports from all brokers (for instance, reports from Goldman Sachs are unavailable), our 

sample may contain selection bias, and should be interpreted accordingly. Our collection process was as 

follows: 

1. We first collected Initiating coverage reports if there was an available report within six months of 

the 31 March 2019 since they contain more information than regular reports. 

2. If this was not possible, we found the most recently published regular report containing a peer 

group within the last six months. 

 
 

32 In this sample, we have a total of 7,574 unique companies. 1,866 of these went bankrupt or got delisted 
before 31 March 2019, 37 went bankrupt or got delisted after 31 March 2019, 3,902 were excluded in one or 
more years, and 1,769 were part of the sample throughout the period. 
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3. If no initiating coverage report or regular report contained a peer group within the last six months, 

we found the most recent initiating coverage report. In that case, we read every report up until 31 

March 2019 from the same broker to check if they stated changes in the peer group from the 

initiating coverage report and corrected the peer group accordingly if there were such. 

We refrained ourselves from applying auto-generated broker reports such as Buysellsignals Research, 

Globaldata, Wright Investors Service, Value Engine and Zacks Equity Research as they would not fit the 

purpose of this study. Further, we were cautious to only apply peer groups if they were explicitly applied 

for valuation purposes, and thus referenced to in the valuation section (see appendix 10.5 for an 

example). This was important as peer groups can be referenced regarding competitive dynamics, 

financial benchmarking, etc. without necessarily being applied for valuation. 

As brokers seldom report their peer groups in regular reports, this was a very time-consuming process 

(with an estimated collection-time per peer group of 15 minutes), thus limiting us to collect reports for 

2019. This process resulted in a total sample of 2,885 companies as 1,504 companies did not have an 

available peer group or were valued on a sum-of-the-parts basis.  

Our procedure left us with a unique dataset enabling to test the valuation accuracy of brokers. To our 

knowledge, this is the first study addressing this subject. 

Table 10 illustrates the construction of our samples described above. 
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Table 10: Overview of the sample selection for hypotheses 1-3 and hypothesis 4 

 

As stated above, we perform a benchmark of the 2,885 companies using different approaches to peer 

group selection in hypothesis 4. For the GICS, SARD and WARR approaches, the peer universe 

constitutes all the companies satisfying our data requirements. This results in a total universe of 4,389 

companies as potential peers. We have available data for 93.8-95.8% of peers selected by brokers 

MSCI Developed Countries

Real Estate, Financials & Utilities

Companies in relevant industries

Unavailable FWD forecast or negative multiples

WARR estimation purposes

Benchmark sample for FWD

Unavailable FWD+1 forecast or negative multiples

Benchmark sample for FWD+1

Negative ACT multiples

Benchmark sample for ACT

MSCI Developed Countries

Real Estate, Financials & Utilities

Companies in relevant industries

Unavailable FWD+1 forecast or negative multiples

No available peer group from broker reports

Benchmark sample for FWD+1

Sample selection for hypothesis 4 (2019)

Sample selection

Sample selection for hypotheses 1, 2 and 3 (2009-2019)

110,376

70,273

42,185

41,639

39,005

40,103

25,285

2,803

546

2,634

11,597

7,113

2,885

4,484

2,724

1,504
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depending on the applied multiple. For the CIQ Quick Comps approach, we have available financials for 

82.3-85.0% of all the applied peers.  

5.3 Descriptive statistics 

5.3.1 Sample statistics 

Table 11: Summary statistics for examined multiples and parameters 

 

Table 11 provides an overview of our total dataset from 2009-2019. The number of observations and the 

dispersion in multiples differ depending on the type of financials they are based on. For instance, for ACT 

multiples, we have 41,639 observations and an IQ range (standard deviation) for P/E of 12.2x (35.3x), 

whereas for FWD+1, we have 44,384 observations and an IQ range (standard deviation) for P/E of 7.5x 

(9.5x). This can be explained by the two-pronged effect of selecting another value driver.  

First, there is an isolated effect on the multiple. Mathematically, multiples decrease as the forecast horizon 

lengthens due to brokers generally expecting that firms grow sales and earnings over time. The lower the 

denominator, the more significant is the effect on variation when applying forecasted financials rather 

than actuals. Further, multiples should generally converge the more the value driver resembles a steady-

Summary statistics for examined multiples and parameters

For years 2009-19 Mean X10 X25 Median X75 X90 IQ range STD

ACT multiples (n=41,639, including 2,634 observations in 2009)

ACT EV/Sales 2.2x 0.4x 0.7x 1.4x 2.7x 4.7x 1.9x 2.5x

ACT EV/EBITDA 10.8x 4.7x 6.5x 9.0x 12.5x 17.3x 6.0x 8.8x

ACT EV/EBIT 17.5x 7.0x 9.7x 13.2x 18.2x 26.8x 8.6x 22.6x

ACT P/E 25.1x 9.2x 12.9x 17.8x 25.0x 39.1x 12.2x 35.3x

ACT P/B 3.3x 0.9x 1.3x 2.2x 3.7x 6.3x 2.3x 4.4x

FWD multiples (n=44,988, including 2,803 observations in 2009)

FWD EV/Sales 2.0x 0.4x 0.7x 1.3x 2.5x 4.2x 1.8x 2.0x

FWD EV/EBITDA 9.5x 4.6x 6.1x 8.2x 11.1x 14.9x 5.0x 6.2x

FWD EV/EBIT 14.9x 6.8x 9.0x 11.9x 16.0x 22.8x 7.0x 14.1x

FWD P/E 21.5x 9.1x 12.1x 16.0x 21.7x 32.2x 9.6x 26.2x

FWD+1 multiples (n=44,384, including 2,745 observations in 2009)

FWD+1 EV/Sales 1.8x 0.4x 0.7x 1.2x 2.3x 3.8x 1.6x 1.7x

FWD+1 EV/EBITDA 8.2x 4.1x 5.5x 7.4x 9.8x 12.9x 4.3x 4.4x

FWD+1 EV/EBIT 11.7x 6.1x 8.0x 10.4x 13.6x 18.1x 5.7x 6.6x

FWD+1 P/E 15.7x 8.0x 10.5x 13.7x 18.0x 24.1x 7.5x 9.5x

Parameters (n=44,988, including 2,803 observations in 2009)

ROE 19.0% 5.1% 8.6% 13.9% 21.7% 33.8% 13.1% 22.7%

NIBD/EBIT 1.3x -2.3x -0.7x 1.0x 3.0x 5.8x 3.7x 4.2x

Size (Mcap) 5,867 243 477 1,266 3,914 12,305 3,437 16,309

Net income grow th 30.0% 3.2% 7.9% 13.7% 25.4% 54.6% 17.5% 73.7%

EBIT-margin 14.1% 3.8% 6.4% 10.9% 18.2% 28.5% 11.8% 11.1%
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state scenario (given that broker consensus forecasts are in line with market expectations), although 

there can still be variation in multiples in a steady-state scenario. 

Second, selecting a different value driver may change the size of the peer group. For instance, if a 

company has negative reported earnings, it would be excluded from a peer group based on ACT P/E. 

However, the same peer could be included if one used FWD P/E, given that estimated earnings were 

positive33. This sub-effect is evident from the reported observations; it drops from 44,898 when using an 

FWD as a value driver to 41,639 when using an ACT value driver. Similarly, there is drop in the number 

of observations when selecting FWD+1 financials rather than FWD as more FWD forecasts are available. 

We have provided the multiples of Maersk A/S in 2019 in Figure 2 as an example of multiples calculated 

on different types of financials. Here, it is evident that EV/EBIT and P/E decrease considerably by 

applying FWD+1 financials rather than ACT or FWD. For instance, Maersk trade at a ACT P/E of 153.1x, 

whereas the company trade at an FWD+1 P/E of 18.3x.  

Figure 2: Example of ACT, FWD, and FWD+1 multiples for Maersk (31 March 2019) 

  

 

 

  

 
 

33 The reverse might also be true; the number of peers could be larger when using actual numbers rather than 
estimated numbers given there is no forecasts available. However, this will not be the case in our dataset due 
to the requirement of forecasted financials for the calculation of selection variables. 

EV/EBITEV/Sales EV/EBITDA P/E

Example of ACT, FWD, and FWD+1 multiples for Maersk

52.7x

21.8x

15.4x

8.7x

6.3x

5.9x

0.8x

0.8x

0.8x

153.1x

42.2x

18.3x

ACT multiples FWD multiples FWD+1 multiples
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Table 12: Summary statistics for sectors, regions and size 

 

Above, we split our dataset on sectors, regions, and size. It becomes evident that there exists some 

variation in the different variables and FWD+1 multiples across the different splits. Considering the sector 

split, an interesting insight emerges. For Industrials and Consumer Discretionary, we observe a roughly 

equal median net income growth, EBIT-margin, and size. However, ROE is higher, and leverage is lower 

for Consumer Discretionary. These effects suggest that Consumer Discretionary should trade at a 

premium relative to Industrials. This is not the case: In fact, the two sectors trade at approximately the 

same multiples. This could be explained by an additional risk embedded in the Consumer Discretionary 

sector relative to Industrials, which is not captured by the proxy-variables. 

Concerning regions, APAC stand out through a lower ROE and NIBD/EBIT compared to Europe and 

North America. North America stands out with a considerably higher median size, net income growth, 

and EBIT-margin.  

For the size split, there seems to be a large variation in the variables. Net income growth seems to 

decrease with size, whereas the other variables seem to increase with size. Furthermore, multiples seem 

to expand with size, which could be explained by size being a proxy for risk.   

Median summary statistics split for sectors, regions, and size for variables and FWD+1 multiples

Years: 2009-19 n
EV/

Sales

EV/

EBITDA

EV/

EBIT P/E ROE
NIBD/

EBIT

Market 

cap.

NI 

Growth

EBIT-

margin

Sectors (n=44,384, including 2,745 observations in 2009)

Energy 3,450 2.1x 6.3x 10.5x 12.8x 11.0% 2.5x 1,667 23.9% 18.6%

Materials 4,725 1.2x 6.3x 9.5x 11.9x 12.0% 1.7x 1,467 15.5% 11.7%

Industrials 10,995 1.0x 7.3x 10.2x 13.2x 13.7% 1.4x 1,175 13.1% 9.0%

Consumer Discretionary 8,025 0.9x 7.2x 9.9x 13.3x 15.1% 0.8x 1,117 13.1% 9.0%

Consumer Staples 3,634 0.9x 8.1x 11.3x 14.8x 13.1% 1.6x 1,554 10.2% 7.7%

Health Care 4,228 2.1x 9.4x 12.1x 16.3x 15.0% 0.5x 1,507 13.9% 15.3%

Information Technology	 6,346 1.5x 7.8x 10.3x 14.3x 15.3% -0.7x 1,026 15.7% 12.4%

Communication Services	 2,981 1.8x 7.2x 10.8x 14.2x 14.4% 1.7x 1,597 11.9% 15.3%

Regions (n=44,384, including 2,745 observations in 2009)

Asia & Pacif ic 12,406 0.9x 6.6x 9.6x 13.1x 10.6% 0.3x 1,002 12.3% 9.3%

Europe 13,886 1.2x 7.5x 10.4x 13.0x 15.7% 1.3x 1,069 12.8% 10.7%

North America 18,092 1.5x 7.8x 10.8x 14.6x 15.1% 1.2x 1,733 15.6% 12.4%

Size (n=44,384, including 2,745 observations in 2009)

X-small [0% ; 20%) 8,877 0.8x 6.1x 8.8x 11.7x 12.2% 0.6x 245 17.7% 8.9%

Small [20% ; 40%) 8,877 1.0x 6.7x 9.7x 12.9x 12.1% 0.8x 587 15.5% 9.5%

Medium [40% ; 60%) 8,876 1.2x 7.3x 10.4x 13.7x 13.3% 1.0x 1,284 14.1% 10.3%

Large [60% ; 80%) 8,877 1.5x 8.1x 11.3x 14.7x 14.8% 1.3x 3,041 12.7% 11.9%

X-large [80% ; 100%] 8,877 1.9x 8.8x 11.8x 15.1x 17.6% 1.3x 12,442 10.8% 15.0%

(FW D+1) (FW D+1) (FW D+1) (FW D+1)
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Figure 3: Yearly development in multiples (Valuation as of 31 March) 

 

Our dataset reveals a large variation for the different multiples across time. The development does not 

seem to articulate with the development in the underlying variables shown in appendix 10.6. The true 

cause may be that the trading environment in e.g. 2009 was different than in 2019. The level of multiples 

can thus be an indicator of the trading environment. This interpretation is generally accepted among 

practitioners (Rosenbaum and Pearl, 2012). 
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5.3.2 Broker statistics 

Table 13: Summary statistics for brokers 

 

Statistics for aggregated brokers and brokers split on coverage intensity

n = 2,885 All brokers Bulge brackets Middle markets Locals

Broker summary statistics

Reports (n) 2,885 1,015 907 963

Contributing f irms 207 7 19 181

Median peer group size 7 7 7 7

Asia & Pacif ic coverage pct. 20.9% 34.8% 13.3% 13.5%

Europe 36.3% 30.5% 43.2% 35.7%

North America 42.8% 34.7% 43.4% 50.8%

Energy coverage pct. 6.6% 3.9% 9.0% 7.1%

Materials 10.8% 12.8% 10.6% 8.8%

Industrials 24.6% 22.2% 28.3% 23.7%

Consumer Discretionary 18.4% 18.8% 18.3% 18.0%

Consumer Staples 8.7% 10.1% 7.8% 7.9%

Health Care 10.1% 11.6% 7.6% 10.8%

Information technology 14.6% 14.9% 11.1% 17.5%

Communication services 6.3% 5.6% 7.2% 6.2%

Median target company covered

Median target ROE 15.1% 15.1% 15.2% 15.1%

Median target NIBD/EBIT 1.5x 1.4x 1.8x 1.2x

Median target Size (EURm) 2,253 3,560 2,396 1,153

Median target NI grow th 11.5% 10.7% 11.5% 12.5%

Median target EBIT-margin 11.9% 12.2% 11.8% 11.3%

ACT multiples (median absolute valuaton errors)

ACT EV/Sales 37.4% 36.0% (2) 34.9% (1) 39.3% (3)

ACT EV/EBITDA 24.0% 24.1% (2) 21.9% (1) 25.1% (3)

ACT EV/EBIT 25.0% 24.3% (2) 24.0% (1) 26.4% (3)

ACT P/E 23.1% 21.8% (1) 22.1% (2) 25.3% (3)

ACT P/B 33.6% 32.6% (1) 33.4% (2) 34.9% (3)

FWD multiples (median absolute valuaton errors)

FWD EV/Sales 35.9% 34.5% (2) 33.7% (1) 38.1% (3)

FWD EV/EBITDA 21.5% 22.8% (3) 20.1% (1) 22.2% (2)

FWD EV/EBIT 21.4% 21.5% (2) 20.7% (1) 21.7% (3)

FWD P/E 20.0% 19.6% (2) 17.2% (1) 22.4% (3)

FWD+1 multiples (median absolute valuaton errors)

FWD+1 EV/Sales 34.7% 34.1% (2) 33.1% (1) 37.0% (3)

FWD+1 EV/EBITDA 20.8% 21.3% (2) 19.2% (1) 22.1% (3)

FWD+1 EV/EBIT 20.7% 20.4% (2) 19.8% (1) 22.2% (3)

FWD+1 P/E 18.7% 18.3% (2) 18.3% (1) 20.1% (3)
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Table 13 presents summary statistics for the broker sample in hypothesis 4. We present our aggregated 

dataset in the first column (“Brokers”) and then divide our sample into three different categories: Bulge 

brackets, middle markets, and locals. The three categories are defined in terms of their coverage intensity 

in our sample:  

• Bulge brackets consist of firms who have contributed with more than 90 reports in our sample, 

• Middle markets consist of firms who have contributed with 90 or less reports but more than 30, 

and 

• Locals consist of firms who have contributed with 30 or less reports.  

The limits are chosen to divide our dataset into three roughly equal parts, however brokers are generally 

classified in accordance with the general perception of the categories: (1) Bulge bracket comprise of 

brokers such as JP Morgan and Morgan Stanley, (2) Middle markets comprise of brokers such as BMO 

Capital Markets and Cowen, (3) and Locals comprise of brokers such Erik Penser Bank and Frankfurt 

Main Research. Three important points arise from the table:  

First, sector coverage is relatively evenly divided among the broker categories, while regional coverage 

differs. It is similar for locals and middle markets, but bulge brackets stand out with a high APAC coverage. 

This is influenced by our choice of only considering brokers using the Latin alphabet as many local Asian 

brokers prefer to report in a different writing system such as the Japanese. Further, we suspect that 

American and European firms are enjoying a higher amount of coverage in general relative to Asian firms. 

Investext could also simply have better access to American or European brokers. 

Second, bulge brackets tend to cover larger firms than middle markets, while middle markets cover larger 

firms than locals. This could reflect the focus of their investment banking business; i.e. financial firms 

align their equity research with their underwriting business.  

Third, bulge brackets and middle markets generally have a similar performance across different multiples, 

while locals exhibit a slightly lower accuracy. For instance, bulge brackets and middle markets generally 

seem to have a similar performance on FWD+1 P/E, whereas locals have a lower accuracy. However, 

one should not deduct that locals have a worse performance – it could also reflect that locals cover 

smaller companies, and these are, on average, more difficult to value.   
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Table 14: Percentage of peers per broker report from the same geographic area and/or GICS 

classification as the target firm 

Table 14 reports how brokers select their peers in terms of geographical and/or GICS definitions. Roughly 

all peers identified are from developed markets (as defined by MSCI (MSCI Developed Index, 2020)). 

Region and country differences seem less important for the selection of peers – for instance, almost half 

of all peers are from another country than the target firm. 

Roughly 3 out of 10 peers are, on average, from outside the target firm’s GICS industry. Even on a sector 

level, 2 out of 10 peers are, on average, selected from another sector than the target firm. This documents 

that brokers do not constrain their peers to a specific industry or sector as defined by GICS.  

We investigated if there was a variation in valuation accuracy for brokers who select peers within the 

same geographical area and/or GICS as the target firm, but we found no systematic differences 

(Appendix 10.7). 

  

n: 2,885
Developed 

markets
Region Country GICS2 GICS4 GICS6

Peers per analyst report from the same geographic area or GICS classification

Mean 93.4% 79.1% 54.6% 83.9% 78.0% 68.7%

X
25 100.0% 66.7% 11.1% 78.6% 66.7% 42.9%

Median 100.0% 95.2% 60.0% 100.0% 95.5% 81.8%

X
75 100.0% 100.0% 100.0% 100.0% 100.0% 100.0%

n: 2,885
Region and 

GICS2

Region and 

GICS4

Region and 

GICS6

Country and 

GICS2

Country and 

GICS4

Country and 

GICS6

Peers per analyst report from the same geographic area and GICS classification

Mean 66.6% 61.7% 54.1% 45.7% 42.4% 36.9%

X
25 41.7% 33.3% 22.2% 0.0% 0.0% 0.0%

Median 75.0% 66.7% 55.2% 40.0% 33.3% 25.0%

X
75 100.0% 100.0% 88.9% 85.7% 80.0% 70.0%

Percentage of peers per broker report from the same geograhic area or GICS classification as the target firm

Percentage of peers per broker report from the same geograhic area and GICS classification as the target firm
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Figure 4: Correlation with the target firm’s variable and peer group median variable  

Figure 4 reports the Spearman correlation, shown on the Y-axis, and the Pearson correlation, shown on 

the X-axis, of the target firm’s variable and the median peer group variable. The blue dots represent the 

variables applied in the SARD algorithm. The green dots represent a set of alternative variables inspired 

by benchmark variables frequently applied in broker reports. “Mcap” and “EV” is the natural logarithm of 

market capitalisation and enterprise value, respectively. 

Interestingly, brokers seem to have (directly or indirectly) applied other variables than theory would 

suggest. The three least important variables, ROIC, ROE, and Net Income Growth, are variables theory 

suggest should play a role in explaining differences in multiples. This could be a consequence of brokers 

justifying peer selection by industry affiliation rather than by fundamentals. Furthermore, it is interesting 

that CapEx (%) and D&A (%) exhibit a very similar correlation as CapEx does not follow a matching 

principle. This could be explained by our choice of using forecasted financials rather than actual financials 

for the selection variables as forecasts often represent a ‘normalised’ level. 

  

Correlation (Y: Spearman, X: Pearson) with the target firm’s variable and the peer group's median variable 

ROE

NIBD/EBIT

Mcap

NI Growth

EBIT (%)

NIBD/EBITDA

ROIC

EBITDA (%)

CapEx (%)

Sales growth

Asset turnover

EV

D&A (%)

30%

40%

50%

60%

70%

80%

0% 10% 20% 30% 40% 50% 60% 70% 80%

Selection variables

Other variables

S
p

e
a
rm

a
n

Pearson



50 of 152 
 

6. Empirical results 

We have performed a multiple valuation for all the target companies in our sample in every year from 

2010-2019 based on the peer selection methodologies introduced in section four. The Capital IQ 

algorithm and broker approach are not considered in hypothesis 1-3 (as described in section 4.2.3 and 

5.2.2, respectively). We assess the accuracy of each methodology based on absolute valuation errors as 

described in section 4.3. The accuracy of each methodology is evaluated based on the central tendency 

(mean and median) and dispersion (IQ range). 

The following parameters are applied as default in hypotheses 1-4: 

• The GICS, SARD, and WARR approaches select a default number of 10 peers, 

• we have applied the industry level-up procedure for the GICS, SARD and WARR approaches 

when necessary, and 

• we have used the harmonic mean as aggregation measure to calculate the predicted multiples. 

The following four subsections have been structured in accordance with our four hypotheses. Further, we 

have included robustness checks in section 6.5 in which we sensitise our findings. 

The purpose of this section is solely to state the results of our analysis. We are only commenting on the 

content of the data tables and figures but leave the discussion and possible explanations of the results 

for section 7. Hence, we refrain ourselves from expressing our own opinions but merely state the findings 

objectively.  
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6.1 Hypothesis 1 

➢ Hypothesis 1: Combining sector affiliation and fundamental characteristics leads to more 

accurate valuation estimates than fundamental characteristics alone  

Table 15: The performance of different multiples and approaches with ACT, FWD, FWD+1 

financials 

Table 15 exhibits the median absolute percentage valuation errors for different approaches. The same rankings are 

achieved for the mean and IQ range as evidenced by the first section in Appendix 10.10. The performance of the five 

different multiples is shown in the rows of the table, whereas columns represent the different peer identification approaches. 

Furthermore, columns are grouped into three different sections depending on the type of financials applied in the calculation 

of the multiples. These three sections are ACT, FWD, FWD+1 financials, respectively. SECSARD and SECWARR are 

restricted to only identify peers from the same sector. 

 

Four important points arise from Table 15: 

• First: The performance of both SARD and WARR improves significantly (Appendix 10.8) if sector 

affiliation is included as a restriction on peer selection. There are two exceptions, being EV/Sales 

and P/B for SARD, where no improvement is observed. Hypothesis 1 is confirmed. 

• Second: Accuracy increases when applying forecasted financials compared to actuals. In 

addition, accuracy increases when the forecast horizon lengthens. The improvement from actuals 

to forecasted financials is significant (Appendix 10.9), and the improvement from FWD to FWD+1 

is significant in the majority of instances. We therefore continue with FWD+1 financials. 

Median absolute valuation errors for various peer identification approaches with different types of financials (ACT, FWD, 

and FWD+1)

2010-2019 GICS SARD SECSARD WARR SECWARR

EV/Sales

ACT (n=39,005) 49.6% (5) 25.0% (1) 26.8% (3) 27.7% (4) 26.7% (2)

FWD (n=42,185) 48.8% (5) 24.5% (1) 26.1% (2) 27.0% (4) 26.2% (3)

FWD+1 (n=41,639) 47.7% (5) 24.1% (1) 25.6% (3) 26.5% (4) 25.6% (2)

EV/EBITDA

ACT (n=39,005) 29.1% (4) 26.1% (2) 24.6% (1) 29.6% (5) 28.3% (3)

FWD (n=42,185) 27.0% (4) 24.4% (2) 22.9% (1) 27.9% (5) 26.7% (3)

FWD+1 (n=41,639) 25.7% (4) 23.5% (2) 22.0% (1) 27.1% (5) 25.1% (3)

EV/EBIT

ACT (n=39,005) 29.3% (5) 25.2% (2) 24.3% (1) 27.7% (4) 27.0% (3)

FWD (n=42,185) 26.9% (5) 22.2% (2) 21.4% (1) 25.3% (4) 24.6% (3)

FWD+1 (n=41,639) 24.7% (5) 21.2% (2) 20.4% (1) 23.9% (4) 22.7% (3)

P/E

ACT (n=39,005) 26.3% (5) 23.0% (2) 22.3% (1) 24.9% (4) 24.3% (3)

FWD (n=42,185) 23.4% (5) 19.7% (2) 18.8% (1) 21.8% (4) 21.1% (3)

FWD+1 (n=41,639) 21.1% (4) 19.5% (2) 18.2% (1) 21.7% (5) 20.9% (3)

P/B

ACT (n=39,005) 38.2% (5) 20.5% (1) 20.6% (2) 22.4% (4) 21.4% (3)
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• Third: SARD and SECSARD significantly outperforms WARR and SECWARR, respectively (see 

Appendix 10.8). 

• Fourth: SARD outperforms GICS on all multiples. 

6.2 Hypothesis 2 

➢ Hypothesis 2: Restricting peer selection on geography leads to more accurate valuation 

estimates for the algorithms considered in hypothesis 1 

Table 16: Geographical restriction for peer identification 

Table 16 exhibits the median absolute percentage valuation errors for different approaches. The same rankings are 

achieved for the mean and IQ range as evidenced by Appendix 10.10. The rows contain information about the performance 

of the individual multiples. Global denotes when the approaches are geographically unrestricted in terms of peer selection. 

Region and country denote when the approaches are restricted to only select peers from the same region and country, 

respectively. The five different approaches applied are shown in each column. SECSARD and SECWARR are restricted 

to only identify peers from the same sector. For differences on a country level, see Appendix 10.11. 

Three insights emerge from Table 16: 

• First, a regional restriction leads to a higher accuracy for all the investigated approaches and 

multiples, except EV/Sales for SARD and SECSARD. The difference is significant on all instances 

(shown in Appendix 10.12). Hypothesis 2 is therefore confirmed.  

• Second, there is no incremental increase in accuracy by restricting on country compared to 

region (Appendix 10.12). 

Median absolute valuation errors for FWD+1 value drivers for different peer identification approaches either 

geographically unrestricted or restricted to select peers from the same region or country

2010-2019 GICS SARD SECSARD WARR SECWARR

FWD+1 EV/Sales

Global (n=41,639) 47.7% (5) 24.1% (1) 25.6% (3) 26.5% (4) 25.6% (2)

Region (n=41,639) 45.6% (5) 24.6% (1) 27.4% (4) 26.0% (3) 25.0% (2)

Country (n=34,083) 45.1% (5) 25.7% (2) 29.6% (4) 25.6% (1) 26.2% (3)

FWD+1 EV/EBITDA

Global (n=41,639) 25.7% (4) 23.5% (2) 22.0% (1) 27.1% (5) 25.1% (3)

Region (n=41,639) 25.0% (4) 22.9% (2) 21.5% (1) 26.2% (5) 24.5% (3)

Country (n=34,083) 24.9% (4) 22.2% (2) 21.4% (1) 25.7% (5) 24.0% (3)

FWD+1 EV/EBIT

Global (n=41,639) 24.7% (5) 21.2% (2) 20.4% (1) 23.9% (4) 22.7% (3)

Region (n=41,639) 23.7% (5) 20.8% (2) 20.0% (1) 23.4% (4) 22.2% (3)

Country (n=34,083) 24.2% (5) 20.6% (2) 20.3% (1) 23.0% (4) 21.9% (3)

FWD+1 P/E

Global (n=41,639) 21.1% (4) 19.5% (2) 18.2% (1) 21.7% (5) 20.9% (3)

Region (n=41,639) 20.6% (4) 18.8% (2) 17.8% (1) 21.3% (5) 20.2% (3)

Country (n=34,083) 20.8% (4) 18.5% (2) 18.1% (1) 21.1% (5) 20.0% (3)
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• Third, again, SARD and SECSARD are superior to WARR and SECWARR, respectively. Due to 

this finding, we restrict our further analysis to only consider the SARD algorithm for the 

fundamental approach. 

6.3 Hypothesis 3 

➢ Hypothesis 3: Restricting peer identification to only include those in the same industry 

classification yields a higher accuracy relative to a sector and/or geographical restriction 

Table 17: The accuracy of different SARD algorithms 

Table 17 exhibits the median, mean, and IQ range of the absolute percentage valuation errors. The rows contain 

information about the performance of the individual multiples. The six columns display the different SARD algorithms 

investigated. SECSARD denotes when the SARD algorithm is restricted to only identify peers from the same sector, 

whereas INDSARD denotes when the SARD algorithm is restricted to only identify peers from the same industry. “(G)” 

denotes when the algorithm is geographically unrestricted, whereas “(R)” denotes when the algorithm is restricted to only 

identify peers within the same region. 

Three key points emerge from Table 17: 

• First, an industry restriction offers incremental accuracy to an algorithm restricted on sector and 

region. Hence, the SECSARD (R) algorithm developed in hypothesis 2 is outperformed by the 

INDSARD algorithms. Hypothesis 3 is therefore confirmed. 

• Second, no further significant benefit is found by restricting an industry-exclusive peer pool on 

geography (Appendix 10.13). 

• Third, the performance of EV/Sales decreases as the number of restrictions increase. In contrast, 

the accuracy of the other multiples increases when restrictions are implemented, except when 

the algorithm is already restricted on industry. 

Median, mean, and IQ range of absolute valuation errors for FWD+1 value drivers for different SARD algorithms (2010-2019)

n= 41,639 SARD (G ) SARD (R ) SECSARD (G ) SECSARD (R ) INDSARD (G ) INDSARD (R )

FWD+1 EV/Sales

Median 24.1% (1) 24.6% (2) 25.6% (3) 27.4% (4) 27.5% (5) 30.2% (6)

Mean 32.8% (1) 33.1% (2) 34.3% (3) 36.4% (4) 37.0% (5) 40.5% (6)

IQ range 30.8% (1) 31.5% (2) 32.3% (3) 33.9% (5) 33.7% (4) 36.9% (6)

FWD+1 EV/EBITDA

Median 23.5% (6) 22.9% (5) 22.0% (4) 21.5% (3) 20.5% (1) 20.7% (2)

Mean 31.5% (6) 30.8% (5) 29.3% (4) 28.6% (3) 27.5% (2) 27.5% (1)

IQ range 29.5% (6) 29.1% (5) 27.6% (4) 27.5% (3) 26.3% (1) 26.5% (2)

FWD+1 EV/EBIT

Median 21.2% (6) 20.8% (5) 20.4% (4) 20.0% (3) 19.5% (1) 19.9% (2)

Mean 28.8% (6) 28.0% (5) 27.6% (4) 27.0% (3) 26.5% (1) 26.6% (2)

IQ range 27.9% (6) 27.5% (5) 27.0% (4) 26.5% (3) 25.8% (1) 26.0% (2)

FWD+1 P/E

Median 19.5% (6) 18.8% (5) 18.2% (4) 17.8% (3) 17.2% (1) 17.3% (2)

Mean 27.7% (6) 26.8% (5) 25.6% (4) 25.2% (3) 24.0% (1) 24.1% (2)

IQ range 25.9% (6) 25.5% (5) 24.9% (4) 24.5% (3) 23.6% (1) 24.0% (2)
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6.4 Hypothesis 4 

➢ Hypothesis 4: Peer identification by brokers leads to more accurate valuation estimates 

than peers selected by an algorithm 

Table 18: Brokers versus the proprietary CIQ algorithm, GICS (R), INDSARD (G), and INDSARD (R) 

Table 18 exhibits the median, mean, and IQ range of the absolute percentage valuation errors. The rows contain 

information about the performance of the individual multiples. The five columns display different approaches to peer group 

identification. INDSARD (G) and INDSARD (R) are included as they were proven as the most accurate algorithms for peer 

identification. INDSARD denotes the SARD algorithm restricted to only identify peers within the same industry. “(G)” 

denotes when the algorithm is geographically unrestricted, whereas “(R)” denotes when the algorithm is restricted to only 

identify peers within the same region. GICS (R) is included to display the performance of an alternative definition of industry 

affiliation. 

 

Four insights arise from Table 18: 

• First, brokers achieve the lowest median absolute percentage errors in every instance except for 

EV/Sales. The INDSARD algorithms generally achieve the lowest mean and IQ range, except for 

EV/EBIT where brokers achieve a lower IQ range. 

• Second, the highest accuracy is achieved through the broker approach and the INDSARD 

algorithms by applying a P/E multiple. The difference in accuracy between the approaches is 

insignificant (appendix 10.14). 

• Third, the INDSARD algorithms lead to a higher valuation accuracy on all multiples compared to 

the proprietary CIQ algorithm. The difference is statistically significant. 

• Fourth, brokers exhibit a significantly stronger performance across all multiples relative to GICS 

(Appendix 10.14). 

The results exhibit that brokers generally achieve the lowest median percentage valuation errors, 

whereas the INDSARD algorithms achieve the lowest mean percentage valuation errors. The statistical 

n= 2,885 Brokers CIQ GICS (R ) INDSARD (G ) INDSARD (R )

FWD+1 EV/Sales

Median 34.7% (3) 37.7% (4) 47.5% (5) 29.0% (1) 31.6% (2)

Mean 48.5% (3) 49.6% (4) 59.6% (5) 37.5% (1) 40.0% (2)

IQ range 42.6% (4) 41.6% (3) 44.4% (5) 34.0% (1) 36.1% (2)

FWD+1 EV/EBITDA

Median 20.8% (1) 23.4% (4) 28.2% (5) 22.7% (3) 22.4% (2)

Mean 28.8% (2) 31.2% (4) 33.8% (5) 28.9% (3) 28.6% (1)

IQ range 27.5% (2) 30.3% (4) 32.9% (5) 27.3% (1) 28.0% (3)

FWD+1 EV/EBIT

Median 20.7% (1) 23.2% (4) 26.5% (5) 21.4% (2) 21.7% (3)

Mean 29.1% (3) 31.0% (4) 32.8% (5) 27.8% (2) 27.3% (1)

IQ range 26.4% (1) 28.7% (4) 30.9% (5) 27.9% (3) 27.3% (2)

FWD+1 P/E

Median 18.7% (1) 21.1% (4) 24.2% (5) 19.7% (2) 19.8% (3)

Mean 26.2% (3) 28.8% (4) 30.3% (5) 25.6% (1) 26.1% (2)

IQ range 26.1% (2) 28.0% (4) 30.7% (5) 26.1% (3) 25.5% (1)

Benchmarking of different peer identification approaches based on calendarised 2020 value drivers with 

valuation date as of 31 March 2019
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tests for brokers and INDSARD (G) lead to the following results (all tests are displayed in Appendix 

10.14). 

Table 19: Significance test for hypothesis 4 

 

As evidenced from Table 19, only EV/Sales is significant on the Wilcoxon Signed Rank test and the paired 

t-test (for a 5% level). For the remaining multiples, we are not able to statistically conclude that either of 

the two approaches are superior. The paired t-test favours the INDSARD (G) algorithm due to a lower 

mean of absolute percentage valuation errors, whereas the Wilcoxon Signed Rank test favours brokers 

(except for EV/Sales) due to a lower median of errors. For instance, the p-value is 0.0948 in favour of 

brokers for the P/E multiple on the Wilcoxon Signed Rank test, whereas the p-value is 0.0919 in favour 

of INDSARD (G) for the P/E multiple on the t-test. 

Up until now we have only applied stand-alone multiples for valuation as our results have been 

conclusive. However, our results from Table 18 are inconclusive; brokers do seem to outperform on the 

median, while the INDSARD algorithms outperform on the mean. One could argue that our results are 

based on a too simplistic assumption, namely that relative valuation is conducted by applying stand-alone 

multiples. Our literature review suggested that P/E and EV/EBITDA were the most popular multiples, and 

the reported frequency of their usage suggests that they are applied in combination. 

Theory suggests that a combination of two multiples could be advantageous when comparing firms with 

different leverage. For instance, EV/EBITDA and P/E could represent an attractive combination as 

EV/EBITDA is in theory (assuming a tax-free world) independent of the capital structure, whereas P/E is 

dependent on it. Firms with similar operating characteristics and risk would be expected to trade at 

roughly the same EV/EBITDA multiples. However, if the same two firms have different capital structures, 

they would not be expected to trade at the same P/E. In appendix 10.15 we provide an example of how 

firms can trade at the same EV/EBITDA multiples, but at different P/E multiples due to different capital 

structures. EV/EBITDA was used as an example, but the same argument holds for enterprise value 

multiples in general as they are independent of the capital structure. 

Brokers vs INDSARD (G) Brokers vs INDSARD (G)

n=2,885 EV/Sales EV/EBITDA EV/EBIT P/E

Wilcoxon signed rank test

Median difference (brokers minus INDSARD) 5.7* pp. -1.8* pp. -0.6 pp. -1.0 pp.

P-value <0.0001 0.0139 0.1955 0.0948

Favours INDSARD (G) Brokers Brokers Brokers

Paired Student's t-test

Mean difference (brokers minus INDSARD) 11.0* pp. 0.0 pp. 1.3* pp. 0.6 pp.

P-value <0.0001 0.9229 0.0020 0.0919

Favours INDSARD (G) INDSARD (G) INDSARD (G) INDSARD (G)
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This led us to consider the aggregation of firm value estimates from the various multiples considered in 

Table 18. Enterprise value multiples would mitigate the effect of differences in gearing that could be 

especially profound for target firms with abnormal leverage ratios. In order to combine equity and 

enterprise value multiples, we consider a combination of P/E and EV/Sales, EV/EBITDA, and EV/EBIT, 

respectively. In addition, we also consider a combination of P/B and P/E as Cheng and McNamara (2000) 

found that this combination led to superior results relative to applying the multiples on a stand-alone 

basis. In order to include P/B, we deviate from only presenting FWD+1 financials in this instance. We 

base our results on the harmonic mean of the two firm value estimates produced by each of the 

multiples34. 

Table 20: Brokers versus the proprietary CIQ algorithm, GICS (R), INDSARD (G), and INDSARD (R) 

for different combination of multiples 

Table 20 exhibits the median, mean, and IQ range of the absolute percentage valuation errors. The rows contain 

information about the performance of a combination of multiples based on the harmonic mean. The five columns display 

different approaches to peer group identification. INDSARD (G) and INDSARD (R) are included as they were proven as 

the most accurate algorithms for peer identification. INDSARD denotes the SARD algorithm restricted to only identify peers 

within the same industry. “(G)” denotes when the algorithm is geographically unrestricted, whereas “(R)” denotes when the 

algorithm is restricted to only identify peers within the same region. GICS (R) is included to display the performance of a 

different definition of industry affiliation. 

 

 
 

34 We also considered to apply the median (mean) of the combined firm value estimates. It yielded similar or 
slightly less accurate results.  

n= 2,885 Brokers CIQ GICS (R ) INDSARD (G ) INDSARD (R )

FWD+1 P/E and FWD+1 EV/Sales

Median 23.8% (2) 27.9% (4) 34.6% (5) 23.1% (1) 24.9% (3)

Mean 30.1% (3) 33.9% (4) 38.6% (5) 28.4% (1) 29.7% (2)

IQ range 31.0% (3) 33.4% (4) 37.9% (5) 28.0% (1) 30.3% (2)

FWD+1 P/E and FWD+1 EV/EBITDA

Median 18.2% (1) 21.0% (4) 24.9% (5) 20.3% (3) 20.2% (2)

Mean 24.6% (1) 27.4% (4) 29.7% (5) 25.5% (2) 25.6% (3)

IQ range 23.8% (1) 26.9% (4) 29.9% (5) 25.8% (2) 26.2% (3)

FWD+1 P/E and FWD+1 EV/EBIT

Median 18.6% (1) 21.4% (4) 25.0% (5) 20.1% (2) 20.6% (3)

Mean 25.6% (2) 28.1% (4) 30.1% (5) 25.6% (1) 25.7% (3)

IQ range 24.8% (1) 27.1% (4) 29.5% (5) 25.9% (2) 26.0% (3)

FWD+1 P/E

Median 18.7% (1) 21.1% (4) 24.2% (5) 19.7% (2) 19.8% (3)

Mean 26.2% (3) 28.8% (4) 30.3% (5) 25.6% (1) 26.1% (2)

IQ range 26.1% (2) 28.1% (4) 30.7% (5) 26.1% (3) 25.5% (1)

FWD+1 P/E and ACT P/B

Median 23.9% (3) 26.7% (4) 28.0% (5) 20.7% (1) 21.4% (2)

Mean 30.5% (3) 32.9% (4) 33.2% (5) 26.4% (1) 27.4% (2)

IQ range 32.4% (3) 35.6% (4) 36.3% (5) 28.3% (1) 29.1% (2)

Benchmarking of different peer identification approaches based on the harmonic mean of a combination of value 

drivers with valuation date as of 31 March 2019
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Four important points arise from the above table in comparison with Table 18: 

• First, accuracy increases for the enterprise multiples and P/B when their firm estimates are 

combined with those produced by P/E. For instance, the combination of EV/Sales and P/E for 

brokers yields median errors of 23.8% compared to 34.7% for EV/Sales on a stand-alone basis. 

• Second, a notable improvement is observed for INDSARD (G) relative to INDSARD (R) when 

considering a combination of multiples. Consequently, INDSARD (G) stands out as the most 

accurate algorithm of the ones considered in this thesis. 

• Third, the accuracy of P/E improves when applied in conjunction with EV/EBITDA for brokers. 

The median, mean and IQ range of errors are reduced by 0.5 pp., 1.6 pp., and 2.3 pp., 

respectively. The improvement is not evident for the INDSARD algorithms for this combination. 

For INDSARD (G), the median errors increase by 0.6 pp. while mean and IQ range are reduced 

by 0.1 pp., and 0.3 pp, respectively. 

• Fourth, the highest performance among combinations of multiples and stand-alone multiples is 

achieved through the broker approach by combining firm value estimates from P/E and 

EV/EBITDA. This combination yields mean, median, and IQ range that are approximately 1-2 pp. 

lower than the second most accurate approach, namely INDSARD (G) applying a P/E multiple. 

Below we have reported the results of the statistical tests on the difference in accuracy for brokers and 

INDSARD (G). 

Figure 5: Significance test for hypothesis 4 for a combination of P/E and EV/EBITDA for brokers 

and P/E on stand-alone basis for INDSARD (G) 

We have applied a combination of EV/EBITDA and P/E for brokers, while P/E is applied for INDSARD (G) as it yielded 

more accurate results than any combination or other stand-alone multiple (as mentioned previously). 

 

As evidenced from Figure 5, brokers achieve a superior accuracy once EV/EBITDA and P/E are 

combined. Brokers have a 1.5 pp. higher accuracy on median errors, and a 1 pp. higher accuracy on 

mean errors. The difference is significant for both the Wilcoxon signed rank test and the paired t-test. 

Hypothesis 4 is confirmed. 

18.2%

24.6% 23.8%

19.7%

25.6% 26.1%

Median of absolute percentage errors Mean of absolute percentage errors IQ range of absolute percentage errors

Wilcoxon signed rank p-value 
of 0.0011 in favour of brokers

Paired t-test p-value 
of 0.0144 in favour of brokers

Brokers
(EV/EBITDA 

and P/E)

INDSARD (G)
(P/E)

Brokers
(EV/EBITDA 

and P/E)

INDSARD (G)
(P/E)

Brokers
(EV/EBITDA 

and P/E)

INDSARD (G)
(P/E)

Brokers vs. INDSARD (G)
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6.5 Robustness checks 

6.5.1 Number of peers 

In our empirical results, we decided on a default number of 10 peers identified for each approach as prior 

research has reported a limited improvement from including additional peers (e.g. (Cooper and Cordeiro, 

2008); (Henningsen, 2019)). In this section, we test whether our results are affected by this choice by 

assessing the effect on valuation accuracy when the number of peers vary. 

Figure 6: Median errors across different number of companies in a peer group 

The following four graphs depict the median absolute percentage errors for the seven peer selection approaches included 

in hypotheses 1-3. We have prepared valuations for each firm-year observation in our 2010-2019 FWD+1 sample by 

altering the number of peers identified for each methodology in the interval of 4 to 16 peers. SECSARD and SECWARR 

denote when the SARD and WARR algorithms, respectively, are restricted to only identify peers from the same sector, 

whereas INDSARD indicates when the SARD algorithm is restricted to only identify peers from the same industry. “(G)” 

denotes when the algorithm is geographically unrestricted, whereas “(R)” denotes when the algorithm is restricted to only 

identify peers within the same region. 

 

The following insights arise from Figure 6: 

First, our results are in line with prior research. Adding additional peers beyond 10 does not appear to 

lead to incremental valuation accuracy for the examined approaches for EV/EBITDA, EV/EBIT and P/E. 

For SECSARD and INDSARD. It even seems to lead to lower valuation accuracy for EV/Sales. 

Second, the INDSARD (G) approach consistently achieves the highest valuation accuracy across varying 

number of peers for EV/EBITDA, EV/EBIT and P/E, and the gap seems to be widening as the number of 

Median absolute valuation errors across different number of peers (n=41,639)
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peers increase compared to SECSARD (R) and INDSARD (R). Interestingly, as the number of 

comparables increase, the INDSARD (R) approach appears to decrease in valuation accuracy and 

resembles SECSARD (R). 

Third, the regionally restricted SARD and SECWARR algorithms deliver the highest valuation accuracy 

for EV/Sales. However, EV/Sales delivers the lowest accuracy of the four multiples consistently. 

The graphs illustrate that a differing number of comparable firms would not lead to altered outcomes, and 

we can thus conclude that our results from hypotheses 1-3 are robust. 

6.5.2 Time variation of errors 

We conducted the following robustness check to assess whether our results from hypotheses 1-3 are 

robust across time. Thus, we provide four graphs for each multiple displaying the time variation in 

absolute percentage errors for each of the peer identification approaches. 

Figure 7: Time variation of absolute valuation errors 

The following four graphs depict the development in the yearly median absolute percentage errors for the seven peer 

selection approaches included in hypotheses 1-3 over the sample period from 2010-2019. SECSARD and SECWARR 

denote when the SARD and WARR algorithms, respectively, are restricted to only identify peers from the same sector, 

whereas INDSARD indicates when the SARD algorithm is restricted to only identify peers from the same industry. “(G)” 

denotes when the algorithm is geographically unrestricted, whereas “(R)” denotes when the algorithm is restricted to only 

identify peers within the same region. 

 

  

Median absolute valuation errors across time (n=41,639)
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The following insights emerge from Figure 7: 

First, the INDSARD algorithms deliver the highest accuracy across time for every multiple except 

EV/Sales. INDSARD (R) exhibit a higher volatility in the yearly median errors than INDSARD (G). 

Second, the SARD algorithm is the superior fundamental approach across time for the EV/EBITDA, 

EV/EBIT and P/E multiples, irrespective of restrictions applied. 

Third, the SECWARR approach appear to deliver approximately the same results as the GICS approach 

from 2019 and onwards, except for EV/Sales. 

Fourth, valuations based on P/E generally lead to the highest valuation accuracy across time for every 

approach followed by EV/EBIT, EV/EBITDA, and EV/Sales, respectively. 

Fifth, valuation accuracy decreases across EV/EBITDA, EV/EBIT and P/E in 2018 and 2019. 
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6.5.3 Combination of multiples 

We introduced different combinations of multiples in hypothesis 4 as we expected that enterprise 

multiples and P/E would represent an attractive combination as enterprise multiples in theory (assuming 

tax-free world) are independent of the capital structure, whereas P/E is dependent on this. We did not 

experience a substantial increase in accuracy for the INDSARD algorithms, which can partly be explained 

from the correlation of errors. 

Figure 8: Spearman correlation for the absolute percentage valuation errors between FWD+1 

multiples and ACT P/B 

 

As evidenced from Figure 8, valuation errors for FWD+1 P/E exhibit a higher correlation with the other 

multiples for INDSARD (G) than for brokers. Hence, the INDSARD algorithm yields more similar 

estimation errors across the four different multiples than brokers. Generally, if the correlation coefficients 

were close to one, there would a very limited benefit of using another multiple to estimate firm value as 

they would all yield similar results. Hence, the potential benefit of applying another multiple for valuation 

is therefore less for INDSARD (G) than for brokers. E.g. if the P/E multiple is producing a far-off estimate 

of firm value, the remaining multiples will generally produce less far-off estimates for the broker approach 

than for the INDSARD (G) approach. 

As we only considered combinations of two multiples in hypothesis 4 (and in the table above), we decided 

to test whether our results were robust to combinations of more than two multiples. Specifically, we tested 

all of the 31 possible combinations for the four FWD+1 multiples and ACT P/B. As evident from Table 21 

below, our results from hypothesis 4 remain robust as no other stand-alone or combination of multiples 

yield a significantly higher accuracy. A combination of P/E and EV/EBITDA is superior for brokers, while 

it does not yield incremental accuracy to combine P/E with another multiple for INDSARD (G) relative to 

applying P/E on a stand-alone basis. 

  

Spearman correlation between FWD+1 multiples for Brokers and INDSARD (G)
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Table 21: Benchmark of different combinations of multiples for brokers and INDSARD (G) 

Table 21 reports the median, mean and IQ range of absolute valuation errors. Firm estimates from individual multiples are 

aggregated through the harmonic mean to derive a firm estimate for the combined multiples. Bars highlighted with dark 

blue and white represents the highest ranking stand-alone or combination of multiples for brokers and INDSARD (G), 

respectively. 

  

No.
EV/

Sales

EV/

EBITDA

EV/

EBIT
P/E P/B Median Mean IQ range

1 O

2 O

3 O

4 O

5 O

6 O O
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10 O O

11 O O

12 O O
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15 O O

16 O O O

17 O O O

18 O O O

19 O O O

20 O O O

21 O O O

22 O O O

23 O O O

24 O O O

25 O O O

26 O O O O

27 O O O O

28 O O O O

29 O O O O

30 O O O O

31 O O O O O

34.7%

20.8%

20.7%

18.7%

34.4%

26.8%

25.9%

23.8%

32.2%

19.7%

18.2%

25.2%

18.6%

23.9%

23.9%

22.9%

22.3%

27.2%

21.9%

25.8%

25.4%

18.3%

22.2%

21.4%

21.4%

20.9%

23.8%

23.4%

23.0%

20.3%

21.9%

29.0%

22.7%

21.4%

19.7%

23.5%

24.2%

24.1%

23.1%

24.0%

21.6%

20.3%

21.9%

20.1%

21.2%

20.7%

22.9%

22.1%

22.7%

22.5%

22.8%

22.4%

20.6%

21.4%

20.6%

20.1%

21.7%

21.9%

21.7%

21.6%

20.5%

21.2%

48.5%

28.8%

29.1%

26.2%

50.6%

34.7%

32.7%

30.1%

41.1%

27.3%

24.6%

33.4%

25.6%

31.5%

30.5%

30.2%

28.4%

34.5%

27.9%

32.6%

32.0%

25.2%

29.0%

28.0%

27.4%

27.3%

30.6%

29.9%

29.0%

26.6%

28.1%

37.5%

28.9%

27.8%

25.6%

31.0%

30.5%

30.3%

28.4%

30.1%

27.4%

25.5%

27.7%

25.6%

27.3%

26.4%

28.8%

27.6%

28.5%

27.6%

28.3%

27.6%

25.9%

26.8%

26.0%

26.0%

27.2%

27.7%

27.0%

27.1%

25.9%

26.9%

42.6%

27.5%

26.4%

26.1%

45.4%

33.8%

33.1%

31.0%

38.0%

26.7%

23.8%

32.8%

24.8%

31.0%

32.4%

30.3%

29.5%

33.8%

28.1%

32.5%

31.6%

23.9%

28.5%

28.4%

27.8%

27.4%

30.7%

30.1%

28.9%

26.2%

28.5%

34.0%

27.3%

27.9%

26.1%

31.6%

30.1%

30.0%

28.0%

30.3%

27.0%

25.8%

28.1%

25.9%

27.5%

28.3%

28.8%

27.3%

28.7%

27.9%

28.0%

27.8%

26.1%

27.3%

26.9%

27.1%

27.1%

28.1%

27.5%

27.2%

26.6%

27.5%

Brokers Brokers Brokers

INDSARD (G) INDSARD (G) INDSARD (G) 



63 of 152 
 

6.5.4 Sector, region, and size 

Table 22: Sector, region, and size differences for valuation errors, 2019, n = 2,885 (FWD+1) 

Table 22 reports the median absolute percentage error from hypothesis 4 split on sectors, regions, and size. The 

robustness test is conducted to reveal differences in the performance of the different approaches on subsets of the data. 

We show a combination of EV/EBITDA and P/E for brokers, while we show P/E for the remaining approaches as no 

improvement was found by combining multiples. We have also provided P/E and EBITDA on stand-alone basis marked 

with grey. Additional tables are provided in appendix 10.16.2 to show the distribution of errors for the other multiples 

considered in hypothesis 4. We have provided a similar breakdown on countries in appendix 10.17.2. 

 

The following points emerge Table 22: 

Generally, brokers rank first across sectors, regions, and size. It is interesting to note the improvement 

in accuracy for brokers by combining EV/EBITDA and P/E. The results exhibit that the accuracy for the 

combination is generally close to the most accurate results of the individual multiples (e.g. for Energy and 

Industrials). Further the combination delivers higher accuracy than either of the stand-alone multiples in 

several instances. Take Information Technology as an example. For this sector, the broker P/E and 

EV/EBITDA median errors are, on a stand-alone basis, 24.5% and 23.1%, respectively. However, the 

combination of these multiples yields median errors of 21.8%.  

Regarding sectors, brokers perform above (5/8 sectors) or on par (2/8) with the INDSARD algorithms, 

except for Consumer Discretionary where the INDSARD (R) algorithm has ca. 1 pp. lower valuation 

errors. We also note that brokers seem to have the largest advantage for Energy, Materials, Industrials, 

and Information Technology where they outperform by roughly 2 pp. 

Median absolute valuation error split for sectors, regions, and size

Year: 2019 n Brokers
( P/ E)

Brokers
( EV / EB ITD A )

Brokers
( P/ E and  

EV / EB ITD A )

CIQ
( P/ E)

GICS (R )
( P/ E)

INDSARD 

(G )
( P/ E)

INDSARD 

(R )
( P/ E)

Sectors

Energy 190 20.7% 15.4% 16.7% (1) 21.5% (4) 24.5% (5) 18.6% (2) 19.3% (3)

Materials 311 17.3% 18.5% 16.8% (1) 21.1% (4) 21.2% (5) 19.7% (3) 18.5% (2)

Industrials 710 15.6% 20.5% 16.6% (1) 17.1% (2) 21.9% (5) 18.4% (4) 18.0% (3)

Consumer Discretionary 530 18.3% 22.8% 19.1% (2) 21.8% (4) 22.0% (5) 19.9% (3) 17.9% (1)

Consumer Staples 250 18.1% 20.9% 16.8% (2) 19.4% (4) 22.2% (5) 16.6% (1) 18.5% (3)

Health Care 291 18.7% 22.1% 20.1% (1) 21.9% (4) 26.9% (5) 21.3% (3) 21.3% (2)

Information Technology	 421 24.5% 23.1% 21.8% (1) 29.8% (4) 31.8% (5) 23.7% (2) 25.3% (3)

Communication Services	 182 21.0% 19.1% 19.5% (1) 22.3% (3) 26.7% (5) 19.5% (2) 24.6% (4)

Regions

Asia & Pacif ic 604 20.5% 22.1% 18.5% (1) 20.6% (4) 23.2% (5) 18.7% (2) 19.0% (3)

Europe 1,046 18.3% 21.9% 18.6% (1) 20.5% (4) 22.1% (5) 19.3% (2) 19.6% (3)

North America 1,235 18.4% 19.5% 17.7% (1) 22.1% (4) 26.5% (5) 20.6% (3) 20.4% (2)

Size

X-small [0% ; 20%) 577 21.3% 23.9% 19.8% (1) 25.2% (5) 23.9% (4) 20.3% (2) 21.0% (3)

Small [20% ; 40%) 577 21.0% 22.2% 20.3% (2) 22.6% (5) 22.6% (4) 21.1% (3) 19.8% (1)

Medium [40% ; 60%) 577 18.7% 20.5% 18.8% (1) 20.5% (3) 23.8% (5) 21.3% (4) 20.1% (2)

Large [60% ; 80%) 577 17.9% 19.7% 16.6% (1) 19.3% (4) 23.6% (5) 18.3% (2) 19.2% (3)

X-large [80% ; 100%] 577 15.8% 18.0% 16.1% (1) 19.2% (3) 26.2% (5) 18.3% (2) 19.5% (4)
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On regions, brokers have a superior performance for North America and Europe. For these regions, 

brokers outperform by approx. 2 pp. and 1 pp., respectively. For APAC, brokers outperform INDSARD 

(G) by a small margin (0.2 pp.).  

For size, brokers outperform the INDSARD algorithms by roughly 2 pp. on valuing larger companies (X-

Large and Large), 1 pp. on medium-sized companies, and performs on par with the INDSARD algorithms 

on smaller companies. 

Table 23: FWD+1 P/E sector, region, and size differences for valuation errors, 2010-2019, n = 

41,639 

Table 23 reports the median absolute percentage error from hypotheses 1-3 split on sectors, regions, and size. The 

robustness test is conducted to reveal differences in the performance of the different approaches on subsets of the data. 

Additional tables are provided in appendix 10.16.1 to show the distribution of errors for the other multiples considered in 

hypotheses 1-3. We have provided a similar breakdown on countries in appendix 10.17.1. 

  

The following insights arise from Table 23:        

Generally, the INDSARD algorithms consistently achieve top ranks across sectors, regions, and size.  

Regarding sectors, INDSARD (G) performs on par or above for the various sectors compared to 

INDSARD (R). The largest difference in accuracy is observed for Communication Services and Health 

Care, where INDSARD (G) yields median absolute percentage errors of roughly 1 pp. less than INDSARD 

(R).  

FWD+1 P/E absolute valuation errors for sectors, regions, and size

Years: 2010-19 n GICS
SARD

(R )

SECSARD

(R )

INDSARD

(G )

INDSARD

(R )

WARR

(R )

SECWARR

(R )

Sectors

Energy 3,194 24.4% (6) 21.1% (4) 19.7% (3) 19.0% (1) 19.2% (2) 26.0% (7) 23.9% (5)

Materials 4,438 18.9% (6) 17.3% (4) 16.6% (3) 16.2% (2) 16.1% (1) 20.1% (7) 18.9% (5)

Industrials 10,301 17.6% (6) 15.6% (3) 15.7% (4) 15.2% (2) 15.2% (1) 17.8% (7) 17.4% (5)

Consumer Discretionary 7,603 20.3% (5) 19.9% (4) 19.3% (3) 17.5% (2) 17.3% (1) 21.9% (7) 21.6% (6)

Consumer Staples 3,374 19.2% (6) 18.6% (5) 15.7% (3) 15.4% (1) 15.6% (2) 19.8% (7) 17.2% (4)

Health Care 3,932 22.2% (6) 21.0% (4) 18.0% (1) 18.0% (2) 18.5% (3) 24.2% (7) 21.1% (5)

Information Technology	 6,017 26.4% (7) 23.0% (4) 22.5% (3) 21.5% (1) 21.6% (2) 25.6% (6) 24.7% (5)

Communication Services	 2,780 20.6% (7) 18.5% (4) 17.6% (2) 16.9% (1) 17.8% (3) 20.4% (5) 20.5% (6)

Regions

Asia & Pacif ic 11,795 22.4% (6) 21.0% (4) 19.9% (3) 18.6% (1) 18.9% (2) 23.7% (7) 22.3% (5)

Europe 12,946 18.7% (6) 16.9% (4) 16.3% (3) 15.6% (1) 15.9% (2) 19.3% (7) 18.4% (5)

North America 16,898 21.1% (6) 18.9% (4) 17.8% (3) 17.4% (2) 17.4% (1) 21.3% (7) 20.6% (5)

Size

X-small [0% ; 20%) 8,328 24.5% (7) 21.2% (3) 21.2% (4) 20.7% (1) 21.0% (2) 23.6% (6) 22.1% (5)

Small [20% ; 40%) 8,328 21.1% (6) 19.7% (4) 18.4% (2) 18.5% (3) 18.1% (1) 21.4% (7) 20.2% (5)

Medium [40% ; 60%) 8,327 20.0% (5) 18.8% (4) 17.8% (3) 17.1% (1) 17.1% (2) 21.0% (7) 20.1% (6)

Large [60% ; 80%) 8,328 19.4% (5) 18.1% (4) 16.9% (3) 15.8% (1) 15.9% (2) 20.3% (7) 19.6% (6)

X-large [80% ; 100%] 8,328 18.8% (5) 16.8% (4) 15.7% (3) 14.6% (1) 15.2% (2) 20.2% (7) 19.3% (6)
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For regions, INDSARD (G) and INDSARD (R) exhibit a very similar performance. 

For size, accuracy for INDSARD (G) is ca. 1 pp. higher than INDSARD (R) on X-large companies. 

Performance is similar for the other size intervals. 

6.5.5 Choice of aggregation measure 

Baker and Ruback (1999), Schueler (2017), Liu et al. (2002), and Knudsen et al. (2017) have provided 

evidence of the harmonic mean’s superiority to other averaging procedures in terms of aggregating peer 

group multiples. However, Herrmann and Richter (2003) and Schreiner and Spremann (2007) found that 

the median yields the highest valuation accuracy. Thus, in this section, we investigate whether the results 

are affected by our choice of applying the harmonic mean rather than the median. 

Table 24: Robustness check on the choice of aggregation measure 

Table 24 exhibits the median, mean, and IQ range of the absolute percentage valuation errors for the five peer selection 

approaches included in hypothesis 4 when applying the harmonic mean or the median, to calculate the predicted multiple. 

INDSARD indicates when the SARD algorithm is restricted to only identify peers from the same industry. “(G)” denotes 

when the algorithm is geographically unrestricted, whereas “(R)” represents when the algorithm is restricted to only identify 

peers within the same region. 

 

Table 24 illustrates the following points: 

First, the two procedures generally lead to similar results, when considering the median absolute 

valuation errors.  

Second, the harmonic mean leads to a lower mean and IQ range in almost every instance. 

Harmonic mean versus median errors for FWD+1 multiples (2019)

n= 2,885 B ro kers C IQ GIC S ( R ) IN D SA R D  ( G ) IN D SA R D  ( R )

Harmean M edian Harmean M edian Harmean M edian Harmean M edian Harmean M edian

F WD +1 EV/ Sales

M edian 34.7% (1) 36.7% (2) 37.7% (1) 37.8% (2) 47.5% (2) 45.8% (1) 29.0% (2) 28.1% (1) 31.6% (1) 32.0% (2)

M ean 48.5% (1) 59.2% (2) 49.6% (1) 60.0% (2) 59.6% (1) 73.1% (2) 37.5% (1) 41.6% (2) 40.0% (1) 45.1% (2)

IQ range 42.6% (1) 47.7% (2) 41.6% (1) 47.9% (2) 44.4% (1) 52.1% (2) 34.0% (1) 37.3% (2) 36.1% (1) 38.8% (2)

F WD +1 EV/ EB IT D A

M edian 20.8% (1) 21.9% (2) 23.4% (1) 23.5% (2) 28.2% (2) 27.9% (1) 22.7% (2) 22.6% (1) 22.4% (2) 22.2% (1)

M ean 28.8% (1) 32.1% (2) 31.2% (1) 34.3% (2) 33.8% (1) 36.1% (2) 28.9% (1) 30.3% (2) 28.6% (1) 30.1% (2)

IQ range 27.5% (1) 28.8% (2) 30.3% (1) 32.8% (2) 32.9% (1) 33.7% (2) 27.3% (1) 28.3% (2) 28.0% (1) 29.2% (2)

F WD +1 EV/ EB IT

M edian 20.7% (1) 21.3% (2) 23.2% (1) 23.5% (2) 26.5% (2) 25.7% (1) 21.4% (2) 21.0% (1) 21.7% (2) 21.6% (1)

M ean 29.1% (1) 32.2% (2) 31.0% (1) 33.9% (2) 32.8% (1) 34.8% (2) 27.8% (1) 28.9% (2) 27.3% (1) 28.7% (2)

IQ range 26.4% (1) 28.5% (2) 28.7% (1) 31.3% (2) 30.9% (1) 32.7% (2) 27.9% (1) 28.5% (2) 27.3% (1) 28.6% (2)

F WD +1 P / E

M edian 18.7% (1) 19.0% (2) 21.1% (1) 21.5% (2) 24.2% (1) 24.9% (2) 19.7% (1) 20.2% (2) 19.8% (1) 20.5% (2)

M ean 26.2% (1) 27.9% (2) 28.8% (1) 31.2% (2) 30.3% (1) 32.3% (2) 25.6% (1) 26.8% (2) 26.1% (1) 27.2% (2)

IQ range 26.1% (1) 26.8% (2) 28.0% (1) 29.4% (2) 30.7% (1) 31.7% (2) 26.1% (1) 26.2% (2) 25.5% (1) 27.4% (2)

F WD +1 P / E and F WD +1 EV/ EB IT D A

M edian 18.2% (1) 18.5% (2) 21.0% (1) 21.3% (2) 24.9% (1) 25.2% (2) 20.3% (1) 20.4% (2) 20.2% (2) 20.1% (1)

M ean 24.6% (1) 26.5% (2) 27.4% (1) 29.3% (2) 29.7% (1) 31.2% (2) 25.5% (1) 26.6% (2) 25.6% (1) 26.6% (2)

IQ range 23.8% (1) 25.0% (2) 26.9% (1) 28.6% (2) 29.9% (2) 29.5% (1) 25.8% (1) 25.9% (2) 26.2% (1) 27.2% (2)



66 of 152 
 

We have provided a similar table in appendix 10.18 for hypotheses 1-3, which illustrates the same points 

as above. 

The tables demonstrate that our results in hypothesis 1-4 are robust to the choice of aggregation measure 

for peer multiples, and that the harmonic mean is generally resulting in a lower mean and IQ range across 

approaches and multiples. 

6.5.6 Alternative distance measure 

The SARD algorithm effectively minimises the sum of absolute rank differences. A different approach 

would be to minimise the sum of squared rank differences. The difference between the approaches is 

that the former weights all differences equally, whereas the latter places a higher weight on outliers. The 

former is in the machine learning literature known as the Manhattan distance as it considers absolute 

differences, whereas the latter is known as Euclidean distance as it considers squared differences. 

Machine learning literature generally recommends Manhattan distance (Aggarwal, Hinneburg, and Keim, 

2001) if there is a large number of dimensions, as squaring distances may ‘wash’ the distance of other 

variables away in the instance of an outlier. Stated differently, squared differences would ignore some of 

the dimensionality. An intuitive example is provided below in Table 25. To supplement and illustrate the 

point of variables ‘washing’ each other out, we have calculated the rank differences to the power of 5 the 

purple panel. 

Table 25: Illustrative example of Manhattan and Euclidean distance 

 

Ranks Target A Peer B Peer C Peer D Peer E

RoE 1 5 3 4 2

Leverage 2 3 4 5 1

Size 3 1 5 4 2

Grow th 4 3 2 5 1

EBIT-% 5 4 3 2 1

Manhattan distance Target A Peer B Peer C Peer D Peer E

RoE - 4 2 3 1

Leverage - 1 2 3 1

Size - 2 2 1 1

Grow th - 1 2 1 3

EBIT-% - 1 2 3 4

Sum 9 (closest peer) 10 11 10

Euclidean distance Target A Peer B Peer C Peer D Peer E

RoE - 16 4 9 1

Leverage - 1 4 9 1

Size - 4 4 1 1

Grow th - 1 4 1 9

EBIT-% - 1 4 9 16

Sum 23 20 (closest peer) 29 28

Diff., power of 5 Target A Peer B Peer C Peer D Peer E

RoE - 1,024 32 243 1

Leverage - 1 32 243 1

Size - 32 32 1 1

Grow th - 1 32 1 243

EBIT-% - 1 32 243 1,024

Sum 1,059 160 (closest peer) 731 1,270
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In this example, peer B would be the closest to target Firm A if one considers the Manhattan distance, 

while peer C would be the closest to target Firm A if one considers the Euclidean distance. As one might 

notice, the outcome is determined by a large difference in ranks on ROE. Hence, more weight is given to 

ROE in the case of the Euclidean distance. Now, in the extreme case where one considers the difference 

to the power of 5, the sum for Peer B is almost entirely determined by the difference in ROE, making the 

other variables redundant. 

As five variables are considered in the SARD algorithm, it is not clear whether one should measure the 

distances as absolute differences or squared differences.  

Table 26: Benchmarking of the different approaches including INDSARD (G) based on Euclidean 

distance 

Table 26 exhibits the median, mean, and IQ range of the absolute percentage valuation errors. The rows contain 

information about the performance of the individual multiples. The columns display different approaches to peer group 

identification. INDSARD (G) and INDSARD (R) are included as they were proven as the most accurate algorithms for peer 

identification. INDSARD denotes the SARD algorithm restricted to only identify peers within the same industry. “(G)” 

denotes when the algorithm is geographically unrestricted, whereas “(R)” denotes when the algorithm is restricted to only 

identify peers within the same region. GICS (R) is shown to display the performance of an alternative definition of industry 

affiliation. In the column to the far right, we report the errors of INDSARD (G) based on the Euclidean distance. 

 

As evidenced, our conclusion from hypothesis 4 remain unchanged by minimising the Euclidean distance 

rather than the Manhattan distance as all three key statistical measures are roughly the same for both 

measures of distance. This could be due to SARD ‘only’ applying five selection variables.  

For completeness, we also tried to use an exponent of 0.5 (recall that 1 is applied in the calculation of 

the Manhattan distance). Although the median of errors was roughly the same, the mean increased by 

n= 2,885 Brokers CIQ GICS (R ) INDSARD (G ) INDSARD (R ) INDSARD (G)

Manhattan Euclidean

FWD+1 EV/Sales

Median 34.7% (4) 37.7% (5) 47.5% (6) 29.0% (1) 31.6% (3) 29.4% (2)

Mean 48.5% (4) 49.6% (5) 59.6% (6) 37.5% (2) 40.0% (3) 37.2% (1)

IQ range 42.6% (5) 41.6% (4) 44.4% (6) 34.0% (1) 36.1% (3) 35.1% (2)

FWD+1 EV/EBITDA

Median 20.8% (1) 23.4% (5) 28.2% (6) 22.7% (4) 22.4% (3) 22.4% (2)

Mean 28.8% (3) 31.2% (5) 33.8% (6) 28.9% (4) 28.6% (1) 28.7% (2)

IQ range 27.5% (2) 30.3% (5) 32.9% (6) 27.3% (1) 28.0% (4) 27.9% (3)

FWD+1 EV/EBIT

Median 20.7% (1) 23.2% (5) 26.5% (6) 21.4% (2) 21.7% (4) 21.7% (3)

Mean 29.1% (4) 31.0% (5) 32.8% (6) 27.8% (3) 27.3% (1) 27.6% (2)

IQ range 26.4% (1) 28.7% (5) 30.9% (6) 27.9% (4) 27.3% (3) 27.0% (2)

FWD+1 P/E

Median 18.7% (1) 21.1% (5) 24.2% (6) 19.7% (3) 19.8% (4) 19.5% (2)

Mean 26.2% (4) 28.8% (5) 30.3% (6) 25.6% (1) 26.1% (3) 25.6% (2)

IQ range 26.1% (3) 28.0% (5) 30.7% (6) 26.1% (4) 25.5% (2) 25.5% (1)

FWD+1 P/E and FWD+1 EV/EBITDA

Median 18.2% (1) 21.0% (5) 24.9% (6) 20.3% (3) 20.2% (2) 20.3% (4)

Mean 24.6% (1) 27.4% (5) 29.7% (6) 25.5% (2) 25.6% (4) 25.6% (3)

IQ range 23.8% (1) 26.9% (5) 29.9% (6) 25.8% (3) 26.2% (4) 25.0% (2)

Benchmarking of different peer identification approaches based on calendarised 2020 value drivers with valuation date as of 31 

March 2019
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ca. 2 pp for all multiples except FWD+1 EV/Sales where it increased by ca. 5 pp. Results are reported in 

appendix 10.19. 

6.5.7 Next-year forecasts for selection variables 

The purpose of this robustness check is to investigate whether our choice of using FWD financials for the 

calculation of ROE, NIBD/EBIT, and EBIT-% could have impacted our conclusion relative to applying 

FWD+1 financials. The robustness check is motivated by hypothesis 1, where accuracy generally 

increased with the forecast horizon.  

Table 27: Benchmarking of the different approaches including INDSARD (G) based on FWD+1 

financials for ROE, NIBD/EBIT, and EBIT-% 

Table 27 exhibits the median, mean, and IQ range of the absolute percentage valuation errors. The rows contain 

information about the performance of the individual multiples. The columns display different approaches to peer group 

identification. INDSARD (G) and INDSARD (R) are included as they were proven as the most accurate algorithms for peer 

identification. INDSARD denotes the SARD algorithm restricted to only identify peers within the same industry. “(G)” 

denotes when the algorithm is geographically unrestricted, whereas “(R)” denotes when the algorithm is restricted to only 

identify peers within the same region. GICS (R) is shown to display the performance of an alternative definition of industry 

affiliation. In the column to the far right, the median, mean and IQ range of the absolute percentage errors are reported for 

INDSARD (G), where FWD+1 financials are applied for the above-mentioned ratios. We note that net income growth is still 

calculated based on FWD and FWD+1 net income, and size is still based on market capitalisation. 

 

From Table 27, it becomes evident, that our choice of applying FWD financials rather than FWD+1 for 

ROE, NIBD/EBIT, and EBIT (%) did not affect our conclusions from hypothesis 4 as the results of 

INDSARD (G) remain roughly unchanged.   

n= 2,885 Brokers CIQ GICS (R ) INDSARD (G ) INDSARD (R ) INDSARD (G)

Original FWD+1

FWD+1 EV/Sales

Median 34.7% (4) 37.7% (5) 47.5% (6) 29.0% (1) 31.6% (3) 29.0% (2)

Mean 48.5% (4) 49.6% (5) 59.6% (6) 37.5% (2) 40.0% (3) 36.6% (1)

IQ range 42.6% (5) 41.6% (4) 44.4% (6) 34.0% (2) 36.1% (3) 33.6% (1)

FWD+1 EV/EBITDA

Median 20.8% (1) 23.4% (5) 28.2% (6) 22.7% (3) 22.4% (2) 22.9% (4)

Mean 28.8% (3) 31.2% (5) 33.8% (6) 28.9% (4) 28.6% (1) 28.7% (2)

IQ range 27.5% (2) 30.3% (5) 32.9% (6) 27.3% (1) 28.0% (4) 27.6% (3)

FWD+1 EV/EBIT

Median 20.7% (1) 23.2% (5) 26.5% (6) 21.4% (2) 21.7% (4) 21.7% (3)

Mean 29.1% (4) 31.0% (5) 32.8% (6) 27.8% (3) 27.3% (1) 27.5% (2)

IQ range 26.4% (1) 28.7% (5) 30.9% (6) 27.9% (4) 27.3% (2) 27.7% (3)

FWD+1 P/E

Median 18.7% (1) 21.1% (5) 24.2% (6) 19.7% (2) 19.8% (3) 19.9% (4)

Mean 26.2% (4) 28.8% (5) 30.3% (6) 25.6% (2) 26.1% (3) 25.5% (1)

IQ range 26.1% (3) 28.0% (5) 30.7% (6) 26.1% (4) 25.5% (1) 25.7% (2)

FWD+1 P/E and FWD+1 EV/EBITDA

Median 18.2% (1) 21.0% (5) 24.9% (6) 20.3% (3) 20.2% (2) 20.5% (4)

Mean 24.6% (1) 27.4% (5) 29.7% (6) 25.5% (2) 25.6% (4) 25.5% (3)

IQ range 23.8% (1) 26.9% (5) 29.9% (6) 25.8% (3) 26.2% (4) 25.8% (2)

Benchmarking of different peer identification approaches based on calendarised 2020 value drivers with valuation date as of 31 

March 2019
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6.5.8 Combining brokers and algorithms 

From Table 18 in hypothesis 4, it can be observed that brokers and CIQ share a similar pattern in terms 

of errors; the methods perform relatively poorly on EV/Sales, while they perform relatively well on 

EV/EBITDA, EV/EBIT, and P/E. Conversely, INDSARD have a more even performance across all 

multiples. This could indicate that the methods identify peers based on different criteria. This finding leads 

to the question of whether a combination of peer identification approaches can improve accuracy. 

From the robustness test in section 6.5.1, it became clear that there is a benefit from adding peers up 

until around 10 peers, whereas the effect of adding more than 10 peers becomes less visible. In section 

5.3.2, we reported that brokers use a median of seven companies in their peer groups. Thus, there may 

be potential for improvement by adding peers when there are less than 10 peers included in a peer group. 

These results led to the hypothesis that the largest incremental effect from combining different 

approaches is found when brokers have selected less than 10 peers and the other approaches are used 

to select the additional peers up to 10. In order to highlight the effect of adding additional peers, we have 

only reported figures for the target firms with broker peer groups consisting of less than 10 companies, 

and thus excluded the target companies with more than 10 peers, resulting in a total of 1,981 target firms. 

Table 28: Combination of brokers and algorithms for broker peer groups below 10 peers, n=1,981 

Table 28, the median, mean, and IQ range of absolute valuation errors are reported for target firms with broker peer groups 

below 10. INDSARD denotes the SARD algorithm restricted to only identify peers within the same industry. “(G)” denotes 

when the algorithm is geographically unrestricted, whereas “(R)” denotes when the algorithm is restricted to only identify 

peers within the same region. The approaches, BCIQ and BINDSARD, represent a combination of brokers and an 

algorithm. For reference, we also report the performance of the individual approaches for the same firms. 

 

n= 1,981 Brokers CIQ INDSARD (G ) INDSARD (R ) BCIQ BINDSARD (G ) BINDSARD (R )

FWD+1 EV/Sales

Median 35.5% (6) 39.1% (7) 29.9% (1) 33.1% (4) 35.5% (5) 30.4% (2) 30.8% (3)

Mean 50.9% (6) 52.1% (7) 38.2% (1) 41.9% (4) 46.3% (5) 38.3% (2) 39.8% (3)

IQ range 44.5% (7) 42.8% (6) 34.5% (2) 35.9% (4) 41.0% (5) 33.1% (1) 34.9% (3)

FWD+1 EV/EBITDA

Median 20.9% (3) 23.8% (7) 23.2% (6) 23.1% (5) 21.4% (4) 20.5% (2) 20.4% (1)

Mean 28.9% (4) 31.5% (7) 29.2% (6) 29.0% (5) 28.0% (3) 26.6% (2) 26.5% (1)

IQ range 27.7% (5) 30.2% (7) 27.6% (4) 27.6% (3) 28.0% (6) 25.9% (2) 25.2% (1)

FWD+1 EV/EBIT

Median 20.8% (3) 23.2% (7) 21.6% (5) 22.3% (6) 21.0% (4) 19.8% (1) 20.0% (2)

Mean 29.1% (6) 30.8% (7) 27.9% (5) 27.5% (3) 27.7% (4) 25.9% (1) 26.0% (2)

IQ range 25.9% (4) 27.9% (6) 28.5% (7) 27.6% (5) 25.1% (2) 25.1% (1) 25.4% (3)

FWD+1 P/E

Median 18.4% (2) 21.0% (7) 20.0% (5) 20.6% (6) 19.7% (4) 18.0% (1) 18.9% (3)

Mean 26.2% (5) 28.3% (7) 26.0% (4) 26.6% (6) 25.4% (3) 23.9% (1) 24.5% (2)

IQ range 25.4% (4) 27.1% (7) 26.3% (6) 25.8% (5) 24.7% (3) 23.6% (2) 23.3% (1)

FWD+1 P/E and FWD+1 EV/EBITDA

Median 18.0% (1) 21.0% (5) 21.1% (7) 21.1% (6) 19.2% (4) 18.1% (2) 18.6% (3)

Mean 24.3% (4) 27.0% (7) 25.9% (5) 26.0% (6) 24.0% (3) 23.0% (1) 23.2% (2)

IQ range 23.3% (3) 26.4% (7) 25.4% (5) 25.9% (6) 23.4% (4) 22.3% (1) 22.4% (2)

Benchmarking of different peer identification approaches based on calendarised 2020 value drivers with valuation date 

as of 31 March 2019
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It does not lead to improved results to include additional peers identified by the INDSARD approaches or 

CIQ to the broker peer groups for the combination of EV/EBITDA and P/E. Adding peers to brokers leads 

to marginally higher median errors, but slightly reduces the mean and IQ range. Further, adding peers 

through the INDSARD approaches lead to stronger results than by including CIQ peers. 

6.5.9 Calendarisation of financials 

In section 4.1, we described our decision to calendarise all financials for companies with a fiscal year 

different from the calendar year. This enabled us to save a considerable amount of observations. Further, 

we hypothesised that consistent financials could potentially lead to higher valuation accuracy. However, 

we are the first study in the relative valuation literature to apply such an approach. 

Table 29: Benchmarking of approaches based on calendarised and fiscal year financials 

In Table 29, the median, mean, and IQ range of absolute valuation errors are reported. INDSARD denotes the SARD 

algorithm restricted to only identify peers within the same industry. “(G)” denotes when the algorithm is geographically 

unrestricted, whereas “(R)” denotes when the algorithm is restricted to only identify peers within the same region. 

“Calendarised” expresses absolute valuation errors when financials are calendarised. “Fiscal year” represents absolute 

valuation errors when financials are not calendarised. 

 

From Table 29, it can be inferred that median valuation accuracy is up to 1 pp. higher when applying 

calendarised financials. The results also illustrate that the dispersion is generally lower when applying 

calendarised financials. However, in some instances, the approach leads to a lower valuation accuracy 

(e.g. EV/Sales and EV/EBITDA for GICS). These findings allow us to conclude that our results are robust 

to the choice of calendarisation.  

Calendarised financials versus uncalendarised financials for FWD+1 multiples (2019)

N =2,885 B ro ker C IQ GIC S ( R ) IN D SA R D  ( G ) IN D SA R D  ( R )

Calendarised Fiscal year Calendarised Fiscal year Calendarised Fiscal year Calendarised Fiscal year Calendarised Fiscal year

F WD +1 EV/ Sales

M edian 34.7% (1) 34.8% (2) 37.7% (1) 38.0% (2) 47.5% (2) 46.4% (1) 29.0% (1) 29.3% (2) 31.6% (1) 31.8% (2)

M ean 48.5% (1) 48.6% (2) 49.6% (1) 49.9% (2) 59.6% (1) 61.9% (2) 37.5% (2) 37.4% (1) 40.0% (1) 40.2% (2)

IQ range 42.6% (1) 42.8% (2) 41.6% (2) 41.4% (1) 44.4% (1) 45.7% (2) 34.0% (1) 34.2% (2) 36.1% (2) 36.1% (1)

F WD +1 EV/ EB IT D A

M edian 20.8% (1) 21.1% (2) 23.4% (1) 23.5% (2) 28.2% (2) 27.7% (1) 22.7% (1) 23.0% (2) 22.4% (1) 22.9% (2)

M ean 28.8% (1) 29.0% (2) 31.2% (1) 31.6% (2) 33.8% (2) 33.7% (1) 28.9% (1) 29.0% (2) 28.6% (1) 28.9% (2)

IQ range 27.5% (1) 28.1% (2) 30.3% (1) 30.4% (2) 32.9% (2) 32.5% (1) 27.3% (1) 28.5% (2) 28.0% (1) 28.1% (2)

F WD +1 EV/ EB IT

M edian 20.7% (1) 20.9% (2) 23.2% (1) 23.6% (2) 26.5% (1) 26.8% (2) 21.4% (1) 22.3% (2) 21.7% (1) 22.3% (2)

M ean 29.1% (1) 29.5% (2) 31.0% (1) 31.5% (2) 32.8% (1) 32.9% (2) 27.8% (1) 28.1% (2) 27.3% (1) 27.7% (2)

IQ range 26.4% (1) 26.8% (2) 28.7% (1) 29.2% (2) 30.9% (1) 32.1% (2) 27.9% (1) 28.3% (2) 27.3% (1) 27.7% (2)

F WD +1 P / E

M edian 18.7% (1) 18.9% (2) 21.1% (1) 21.6% (2) 24.2% (1) 24.6% (2) 19.7% (1) 20.1% (2) 19.8% (1) 20.2% (2)

M ean 26.2% (1) 26.6% (2) 28.8% (1) 29.3% (2) 30.3% (2) 30.3% (1) 25.6% (1) 26.2% (2) 26.1% (1) 26.5% (2)

IQ range 26.1% (1) 26.3% (2) 28.0% (1) 28.7% (2) 30.7% (2) 30.2% (1) 26.1% (1) 26.3% (2) 25.5% (1) 26.2% (2)

F WD +1 P / E and F WD +1 EV/ EB IT D A

M edian 18.2% (1) 18.2% (2) 21.0% (1) 21.1% (2) 24.9% (2) 24.9% (1) 20.3% (1) 20.9% (2) 20.2% (1) 20.5% (2)

M ean 24.6% (1) 24.8% (2) 27.4% (1) 27.7% (2) 29.7% (1) 29.8% (2) 25.5% (1) 26.0% (2) 25.6% (1) 26.0% (2)

IQ range 23.8% (2) 23.7% (1) 26.9% (1) 27.5% (2) 29.9% (1) 30.1% (2) 25.8% (1) 25.9% (2) 26.2% (1) 26.3% (2)
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7. Discussion 

7.1 Relation to prior research 

In the following section, we first discuss our findings from hypotheses 1-3 and then proceed to discuss 

the findings from hypothesis 4. Our results from hypotheses 1-3 are generally more comparable to the 

previous literature, whereas the results from hypothesis 4 are unique as we consider peer identification 

through equity research reports. 

For hypotheses 1-3, we compare our general findings to the previous literature. Then we focus on 

Knudsen et al. (2017) and Henningsen (2019) due to a similar research design. 

Next, we will compare our results in hypothesis 4 to the findings of Kim and Ritter (1999) who consider 

peers identified by an investment bank. Finally, we compare our results to the previous findings in the 

literature regarding combination of multiples. 

7.1.1 The results from hypotheses 1-3 

Forecasted earnings vs actual earnings  

We find that accuracy increases when we calculate multiples based on forecasted financials rather than 

actuals and further that the accuracy increases when the forecast horizon lengthens. For instance, for 

P/E we find that the median (mean) pricing error for GICS is 26.3% (37.7%), 23.4% (32.5%), and 21.1% 

(28.7%) for ACT, FWD, and FWD+1, respectively. The finding is consistent with the previous literature 

such as Kim and Ritter (1999), Lie and Lie (2002), Liu et al. (2002), Liu et al. (2007), Schreiner and 

Spremann (2007). Interestingly, in their study of 143 IPOs, Kim and Ritter (1999) find that mean absolute 

prediction errors decrease from 55.0% to 43.7% to 28.5% for ACT, FWD, and FWD+1, respectively. The 

increase in accuracy found by Kim and Ritter (1999) by using FWD+1 financials rather than FWD 

financials is not mirrored in this study, possibly explained by the fact that the effect is more pronounced 

for firms going public as they tend to be younger. 

Performance of stand-alone multiples 

Prior studies have generally found P/E as the most precise equity-based multiple, while EV/EBITDA is 

the most accurate enterprise-based multiple ((Liu et al., 2002); (Yoo, 2006); (Liu et al., 2007); (Schreiner 

and Spremann, 2007); (Chullen et al., 2015); (Rossi and Forte, 2016); (Nissim, 2017)). We find that P/E 

based on next-year forecasts yields the most precise estimates of enterprise value when applied on a 

stand-alone basis. This finding is not comparable to the previous literature as the majority of papers do 

not distinguish between enterprise value and equity value for valuation accuracy, except for Kang (2016) 

and Liu et al. (2002) who define errors consistently. Both authors find that P/E produces more accurate 

estimates of firm value compared to EV/EBITDA, which is consistent with the findings of this thesis.  
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The performance of GICS, SARD, and Warranted multiples 

In this section, we will compare our results to those of Knudsen et al. (2017) and Henningsen (2019) for 

EV/EBIT. Both authors do not investigate the performance of the EV/EBITDA multiple, and Henningsen 

(2019) does not consider EV/Sales either. Also, both authors define errors based on predicted multiples 

rather than predicted enterprise values, making our results for equity-based multiples incomparable. The 

results for GICS, SARD, INDSARD, and WARR are compared to Knudsen et al. (2017), whereas the 

results for GICS, SARD, and INDSARD are compared to Henningsen (2019) as he does not consider 

WARR. The results from the different approaches are compared on a geographically unrestricted basis 

as Henningsen (2019) does not show his results for a geographically restricted model on an aggregated 

level.  

Before the comparison, we highlight some differences between the studies. Our results are based on 

FWD+1 financials for the calculation of multiples, whereas the other papers base their multiples on ACT 

financials. We also apply forecasted financials for the calculation of the selection variables, whereas they 

apply historical financials (except for net income growth). Our results are based on a default number of 

10 peers, whereas the other studies apply 6 peers. Also, sample sizes differ; Knudsen et al. (2017) have 

a US-based sample of 12,350 company-year observations obtained in the period 1995-2014; Henningsen 

(2019) base his results on a global sample of 50,193 firm-year observations obtained in the period 2000-

2019 for 27 OECD countries; we base our results on 41,639 company-year observations over the period 

2010-2019 for the 23 countries contained in the MSCI Developed Index. Finally, Knudsen et al. (2017) 

exclude companies without a five-year earnings history, whereas neither Henningsen (2019) or this thesis 

have such a criterion. 

Results are shown for all three studies for the SARD and WARR approaches including all five selection 

variables. Additionally, we compare our results for US firms to the results from Knudsen et al. (2017) as 

their sample consists of S&P1500 firms, whereas we compare our global results to Henningsen (2019). 

  



73 of 152 
 

Table 30: Comparison of our results to Knudsen et al. (2017) and Henningsen (2019) 

Results are shown as reported in the different studies. The rows show each of the four different peer identification 

approaches and the median, mean, and IQ range of the absolute percentage errors for the four approaches. Rankings are 

provided to provide the reader a quick overview on the differences in accuracy, although the studies are not directly 

comparable due to the aforementioned differences.  

 

As evidenced by Table 30, INDSARD is the approach yielding the highest accuracy in all three studies, 

followed by the unrestricted SARD approach. In other words, across all three studies, INDSARD 

outperforms SARD, while SARD outperforms GICS. We have a conflicting result compared to Knudsen 

et al. (2017), as we find the warranted multiple approach to be more accurate than the GICS approach 

on median errors (for US). We report slightly lower pricing errors for the GICS approach, whereas they 

report notably higher pricing errors for the warranted approach. This could be due to differences in the 

warranted multiple algorithms. They winsorise the top and bottom 0.5% for the estimation of coefficients, 

where we exclude top and bottom 1%. Further, they calculate regression coefficients based on data for 

1995-1999 and apply them for 2000-2014, while we use the estimated coefficients from the prior year’s 

regression to predict the current year’s warranted multiple. Also, we apply the harmonic mean of the 

actual multiples – it is not specified in Knudsen et al. (2017) if actual or warranted multiples are applied. 

As mentioned, the comparison of results is, amongst other differences, impacted by data from different 

time periods. We compare the time variation of median absolute percentage errors for 2010-2014 in Table 

31. Results are shown for EV/EBIT and we only provide the median errors as the mean and IQ range are 

not provided for these robustness checks in Knudsen et al. (2017) or Henningsen (2019). In addition, we 

do not show a comparison for WARR and INDSARD as Knudsen et al. (2017) do not report robustness 

checks for these approaches in their paper. Knudsen et al. (2017) and Henningsen (2019) report their 

robustness checks using a graph and these results have been read through Graph Digitizer. Minor 

differences to the actual results may therefore occur. 

Valuation accuracy for the EV/EBIT multiple obtained in this thesis compared to Knudsen et al. (2017) and Henningsen (2019)

Results Our US sample Knudsen et al. (2017) Our global sample Henningsen (2019)

n=14,420 n=12,350 n=41,369 n=50,193

GICS

Median 23.7% (1) 25.5% (2) 24.7% (1) 31.2% (2)

Mean 29.0% (1) 34.1% (2) 33.1% (1) 48.2% (2)

IQ range 28.9% (1) 33.0% (2) 31.0% (1) 40.2% (2)

SARD

Median 20.5% (1) 22.2% (2) 21.2% (1) 28.0% (2)

Mean 26.6% (1) 30.7% (2) 28.8% (1) 42.7% (2)

IQ range 26.7% (1) 29.1% (2) 27.9% (1) 36.6% (2)

INDSARD

Median 18.6% (1) 20.3% (2) 19.5% (1) 25.9% (2)

Mean 24.0% (1) 27.5% (2) 26.5% (1) 39.8% (2)

IQ range 24.2% (1) 27.9% (2) 25.8% (1) 34.7% (2)

WARR

Median 23.1% (1) 32.3% (2) 23.9%

Mean 29.7% (1) 52.3% (2) 32.4%

IQ range 29.7% (1) 46.7% (2) 30.4%
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Table 31: Comparison of time variation of median absolute percentage errors for EV/EBIT in 2010-

2014 to Knudsen et al. (2017) and Henningsen (2019) 

 

As evidenced by Table 31, we consistently report lower errors than prior studies for the SARD algorithm. 

Regarding GICS, a similar story unfolds except for 2014 where Knudsen et al. (2017) report a slightly 

higher accuracy.  

Another factor that impacts the comparison is the applied number of peers. We compare the accuracy of 

using 10 peers, the default number applied in our study, to the accuracy of using 6 peers, the default 

number applied by Knudsen et al. (2017) and Henningsen (2019), below in Figure 9. Again, the results 

are read through Graph Digitizer so minor differences to the actual results may occur. 

Figure 9: Comparison of the performance of 6 and 10 peers for EV/EBIT in 2010-2014 to Knudsen 

et al. (2017) and Henningsen (2019) 

 

As evidenced from Figure 9, the absolute percentage errors decrease when 10 peers are applied rather 

than 6 for both GICS and SARD. The median errors decrease by roughly 1 pp. in all instances.   

Time variation of median percentage valuation errors for the EV/EBIT multiple obtained in this thesis compared to 

Knudsen et al. (2017) and Henningsen (2019)

Results Our US sample Knudsen et al. (2017) Our global sample Henningsen (2019)

GICS n=14,420 n=12,350 n=41,369 n=50,193

2010 22.2% (1) 25.1% (2) 23.2% (1) 30.3% (2)

2011 22.1% (1) 25.3% (2) 23.2% (1) 31.3% (2)

2012 25.0% (1) 25.6% (2) 25.5% (1) 31.7% (2)

2013 24.8% (1) 26.0% (2) 25.4% (1) 33.2% (2)

2014 22.7% (2) 22.4% (1) 24.0% (1) 31.5% (2)

SARD

2010 19.1% (1) 20.2% (2) 19.1% (1) 26.1% (2)

2011 19.5% (1) 21.3% (2) 19.2% (1) 25.9% (2)

2012 21.1% (1) 22.3% (2) 20.9% (1) 27.7% (2)

2013 20.6% (1) 20.6% (2) 20.5% (1) 28.2% (2)

2014 18.7% (1) 21.1% (2) 20.0% (1) 27.0% (2)

6 

peers

10

peers

6 

peers

10

peers

23.7% 24.6% 24.7%

30.1%

24.2%
25.5% 25.5%

31.2%

Our US Sample Knudsen et al. (2017) Our global sample Henningsen (2019)

10 peers

6 peers

The performance of 6 and 10 peers for GICS

10 peers

6 peers

The performance of 6 and 10 peers for the SARD algorithm

20.5% 21.6% 21.2%

27.3%

21.2% 22.2% 21.9%

28.0%

Our US Sample Knudsen et al. (2017) Our global sample Henningsen (2019)
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Our results generally yield a higher accuracy than those reported in Knudsen et al. (2017) and 

Henningsen (2019). We believe this outcome is a consequence of (1) our usage of FWD+1 financials for 

the calculation of multiples, (2) the application of forecasts for the calculation of the ROE, NIBD/EBIT, 

and EBIT-%. For future research, we also advocate for a default number of 10 peers rather than 6.  

If we compare our findings to the general literature considered in “Different approaches to peer selection” 

(section 3.2), they remain consistent as we find that a combination of industry and fundamental 

characteristics increases accuracy and have a superior performance compared to GICS.  

7.1.2 The results for hypothesis 4 

Brokers 

As opposed to the results from hypotheses 1-3, our results in hypothesis 4 apply a unique research 

design as we consider peers from broker reports. Kim and Ritter (1999) are the only authors who consider 

peer identification through investment professionals. Their sample size consists of 143 IPOs from 

September 1992 to December 1993. They consider reports from Renaissance Capital, a firm which the 

authors describe as a boutique investment bank specialising in IPO research. Concerning the reports, 

the authors note: 

“Renaissance Capital produces a one-page research report on most IPOs with an expected market 

capitalisation of over $50 million, in which the company lists the ‘street’ estimate (i.e., the consensus 

earnings forecast) for current fiscal year and next year EPS, as well as the latest 12 months’ EPS 

numbers, for the IPO and two comparable firms.” (Kim and Ritter, 1999, p. 425-426) 

From the description it becomes clear that the reports considered by Kim and Ritter (1999) are different 

from the reports considered in this thesis. Perhaps the most obvious difference is that Renaissance 

Capital only considers two peers35, whereas the median peer group for the brokers considered in this 

thesis is 7. Also, the reports considered by Kim and Ritter (1999) only contain one page – we did not find 

a broker report consisting of only one page with a disclosed peer group. This could indicate that the 

reports considered by Kim and Ritter (1999) are more generic than the reports considered in this thesis.  

Based on historical earnings, the median (mean) of the absolute percentage errors is 52.1% (55.0%) and 

59.6% (59.5%) for Renaissance Capital and SIC codes, respectively. The authors consider both 

forecasted and actual earnings for Renaissance Capital, but only actual earnings for the peers identified 

through SIC codes. The authors state that: 

“The Renaissance Capital comparables do a slightly better job at explaining the cross-sectional 

dispersion of IPO P/E ratios than comparables chosen using SIC codes do. This suggests that the main 

 
 

35 The authors further note that the peers are often the same as listed in the prospectus. 
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source of better predictions is from using earnings forecasts, rather than from picking more appropriate 

comparable firms.” 

Our results contradict this finding. When controlling for forecasted financials, as it is done in hypothesis 

4, we find that brokers perform significantly better in terms of peer identification than peers identified 

through industry codes. We have confidence in our results as they are based on 2,885 individual research 

reports (the largest sample of reports yet considered in the literature).  

Performance of a combination of multiples 

Cheng and McNamara (2000) found that a combination of P/E and P/B yielded superior results relative 

to applying either on a stand-alone basis. We are unable to confirm their findings, as we find that P/E 

produces superior results relative to a combination of P/E and P/B. 

We are the first study to consider a combination of P/E and EV/EBITDA to our knowledge. Such a 

combination yields superior results for the broker approach. The finding ties well with evidence from the 

field, i.e. that practitioners commonly apply P/E and EV/EBITDA multiples. This could suggest that 

practitioners believe that firm estimates from a P/E multiple contain valuable information not reflected in 

the EV/EBITDA multiple and vice versa. Kang (2016) reported that the EV/EBITDA multiple is at least as 

precise as the P/E multiple for firms with low debt, and Liu et al. (2002) found that the performance of 

EV/EBITDA is unaffected by varying debt levels. Our results suggest that both estimates contain valuable 

information not reflected in one another and that valuation accuracy is enhanced when they are applied 

together. 

7.2 Practical relevance 

In the following section, we highlight, discuss, and provide explanations for our most important findings. 

7.2.1 Restriction of peer pools 

If the theoretical assumptions underlying the fundamentals approach were unviolated, the unrestricted 

SARD algorithm would yield superior results. However, as discussed in the conceptual framework, the 

assumptions are inevitably violated when the approach is applied in practice. This led us to consider 

various peer pool restrictions. A disadvantage of restrictions is that they do not allow for the same 

comparability in terms of the five selections variables relative to when peer pools are unrestricted. For 

instance, the chance of identifying a company with similar values for the selection variables is reduced 

when considering a peer pool of 125 companies versus one of 4,000 companies. We provide an example 

of this issue in appendix 10.20. Hence, a restriction can only be justified if it contains information not 

reflected in the five selection variables, and the information in the restriction compensates for the loss of 

comparability in the five selection variables as a result of a smaller peer pool. 
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In the first hypothesis, it was investigated whether a sector restriction could improve accuracy. It was 

confirmed that such a restriction did significantly enhance valuation accuracy. The finding suggests that 

sector affiliation contains valuable information about firm risk, profitability, or growth not reflected in the 

five selection variables. 

In the second hypothesis, we found that adding a regional restriction to the sector restricted models led 

to a significant improvement in valuation accuracy. This finding indicates that the regional selection 

criteria captures additional information not reflected in the accounting figures or sector affiliation. Next, 

our analysis displayed that adding a country restriction generally did not improve valuation accuracy 

significantly (appendix 10.12). This may be explained by a limited benefit of achieving a higher degree of 

comparability in accounting regulation in addition to the effect captured by the regional restriction. All 

listed European companies are already applying IFRS for example. One could hypothesise that there 

might be an effect for the companies operating in APAC as they have different intra-region accounting 

standards. However, we did not observe evidence in support of such a hypothesis (appendix 10.11). 

In the third hypothesis, we decided to test whether an industry restriction could increase valuation 

accuracy compared to sector affiliation for the SARD algorithm. In addition, we tested whether a regional 

restriction enhanced valuation accuracy when applied in conjunction with the industry restriction. First, 

we found that industry affiliation increases valuation accuracy compared to sector affiliation. Decreased 

comparability in terms of the five selection variables is offset by additional information gained from 

industry affiliation (compared to sector affiliation), underlining the importance of industry as a selection 

criterion. Second, we found no further improvement by restricting industry-exclusive peer pools on 

geography. This could indicate that industry is a ‘safeguard’ to geographical differences as suggested by 

Henningsen (2019)36. Another explanation could be that the enhanced comparability gained from a 

regional restriction is offset by the level-up algorithm, i.e. a regional restriction will lead to more firms 

being identified at a higher level than GICS 6 (GICS 4 or GICS 2).  

We explain the importance of industry affiliation from the discussion in the conceptual framework. Two 

firms might seem comparable based on a set of proxy variables for growth, risk, and profitability, but that 

does not necessarily imply that they are comparable. If the true risk, growth, and profitability are different 

or will be different in a steady-state scenario, the firms should trade at different multiples. We believe that 

 
 

36 Evidence suggests that firms in the same industry often use similar accounting methods (Alford, 1992). From 
a shareholder perspective, it seems logical given that these firms are used for relative valuation- and 
benchmarking purposes. Further, as there exists no GAAP definition for EBITDA and EBIT, definitions of these 
are often industry specific. Industry definitions on such measures could therefore enhance comparability, 
although only intra-industry. As an example, both ISS, Sodexo, and Compass define EBIT excluding goodwill 
impairments and amortisation/impairment of brands and customer contracts. Forecasted EBIT is defined 
accordingly, making companies that define EBIT inclusive of these expenses incomparable in terms of 
accounting practices. 
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industry affiliation contains valuable information about risk, growth, and profitability not reflected in 

fundamentals. However, industry affiliation is not sufficient on a stand-alone basis. Firms can still differ 

within industry classifications as evidenced from the example provided in section 4.2.1 and the results in 

hypotheses 1-4 for GICS. Thus, the INDSARD algorithm accounts for both the heterogeneity and 

homogeneity of industries as defined by GICS. 

7.2.2 Definition of industry affiliation 

Previous studies have exclusively applied a classification system such as GICS or SIC as a proxy for 

industry affiliation. However, we questioned if such a benchmark reflected the true performance of 

industry affiliation as defined by practitioners. To investigate the subject, we included peers identified by 

brokers as we hypothesised that they would have a more sophisticated approach for identification of 

comparable firms not encapsulated by considering a random number of peers from a given industry code. 

Previous literature has relied on industry codes in order to validate the performance of various algorithms. 

For instance, Knudsen et al. (2017, p. 101) stated that: 

“Most analysts and investors use industry classification as a proxy for company comparability.” 

We found no brokers stating that they relied on industry classification for peer selection through our 2,885 

hand-collected peer groups from broker reports. Furthermore, the results and data underlying this thesis 

do not support such statements. In section 5.3.2, Table 14 documents that 68.7% of peers included by 

brokers are from the same GICS 6 industry. This illustrates that brokers do not constrain their selection 

of peers to a specific industry as defined by GICS. This was also illustrated in section 4.2.2 with an 

example of a peer group for ISS provided by a broker from SEB. The broker included the three peers, 

Aramark, Compass and Sodexo, which are also deemed to be comparable to ISS by another broker, 

Morgan Stanley (2014, p. 9): “The companies that best fit are Compass, Sodexo, Aramark, G4S and 

Securitas, in our view.”. However, these three companies are not classified in the same GICS 6, GICS 4, 

or even GICS 2. 

In hypothesis 4, we found that brokers outperformed INDSARD and GICS. First, this solidifies that brokers 

are more sophisticated in their peer selection methodology than GICS. Second, it indicates that industry 

affiliation may prove as a strong tool for peer selection if peer groups from broker reports are applied. 

Finally, to the extent that academia has considered industry codes as a surrogate for the performance of 

practitioners in terms of peer selection, their conclusions may no longer hold. 

7.2.3 Brokers and their biases 

The broker approach is not without flaws. As the approach is based on the analyst’s subjective opinion 

of which companies are comparable, it is potentially influenced by bias due to conflicts of interest. 

Research has shown that brokers are not always acting in the best interest of investors. Instead they may 

serve their own personal objectives of achieving promotions (Hong and Kubik, 2003), improve relations 
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with management (Francis and Philbrick, 1993), and promote stocks when their employers perform 

investment banking services for the covered firms (Lin and McNichols, 1998). De Franco et al. (2015) 

further observed evidence of brokers selecting peers strategically.  

Figure 10: Signed percentage errors for a combination of P/E and EV/EBITDA for brokers and P/E 

on stand-alone basis for INDSARD (G) 

 

Our results did not reveal a statistically significant bias37 as evidenced from Figure 10 for the median 

signed percentage errors (i.e. non-absolute errors)38. This does not imply that brokers are unbiased when 

they perform relative valuation. For instance, our results would likely be upward biased if we applied the 

arithmetic mean as aggregation measure. Furthermore, if we had considered individual broker estimates 

rather than consensus estimates, our results could have been biased as well. However, it does imply that 

applying the harmonic mean of a peer group from a broker report with valuation multiples calculated on 

the basis of consensus estimates does not lead to biased results on average.  

Interestingly, the INDSARD (G) algorithm is statistically downward biased. This could be due to the 

application of the harmonic mean as aggregation measure since it is naturally downward biased.  

7.2.4 Performance across size 

The subjectivity involved in peer selection by practitioners sparked our interest in finding an objective 

methodology applicable by practitioners that could perform as well as professionals. Thus, we sought to 

validate the strongest algorithm developed against peers identified by brokers in hypothesis 4. The 

results, however, revealed that brokers performed significantly better than any of the algorithms 

considered in this thesis. 

 
 

37 We evaluate bias based on percentage errors (“signed percentage errors”) inspired by Dittmann & Maug 
(2008). 
38 Excluding top 8 positive outliers would have resulted in an insignificant upward bias regarding the average 
for brokers. Thus, the result is due to outliers rather than an upward biased tendency in data, which is also 
evident from the median and sum of 1st and 3rd quartile.  

Brokers vs. INDSARD (G)

Brokers (P/E and EV/EBITDA)

INDSARD (G) (P/E)

Asterisk ( ) indicates significance 

at a 5% level

0.1783 <0.0001 0.0005 <0.0001

Wilcoxon Signed Rank p-value

Paired Student’s T-test p-value

# #

# #

-1.4%

1.9%*

-2.2%

-5.2%*
-2.9%*

-9.6%

Median of signed percentage errors Mean of signed percentage errors Sum of 1st and 3rd quartile
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Nevertheless, it was disclosed in section 6.5.4 that brokers and algorithms performed on par for smaller 

companies, whereas brokers outperformed on larger companies. One explanation could be that brokers 

are unable to cross-check peer selection with other analysts for small companies (due to poor coverage), 

which could lead to a lower performance. Another explanation could be that smaller companies are 

generally covered by junior-analysts, while senior-analysts cover larger companies. Lastly, it could be 

that smaller companies are less extensive in terms of their reporting to the public than larger companies, 

which could affect the broker’s assessment in identifying peers. 

The aforementioned analysis in section 6.5.4 also revealed that the accuracy of brokers increased 

substantially as the size of the target company increased, whereas the accuracy of INDSARD was less 

impacted by firm size. This further builds upon the argument that the accuracy of brokers increases as 

additional information becomes available. 

7.2.5 Performance of multiples 

On the performance of the combination of EV/EBITDA and P/E 

Our results evidence a benefit of applying P/E and EV/EBITDA multiples when considering peers 

identified through broker reports. Below, we will try and explain this finding. The results from Kang (2016) 

and Liu et al. (2002) suggest a difference in the behaviour of P/E and EV/EBITDA for different levels of 

leverage. Kang (2016) found that EV/EBITDA was more accurate than P/E for firms with low debt levels 

and large negative values of special items39, while Liu et al. (2002) found that the performance of 

EV/EBITDA was not improved by adjusting for leverage. These findings suggest the difference in 

behaviour for EV/EBITDA and P/E is the level of debt. 

The chart below exhibits the median signed valuation errors for the 2,885 companies valued in hypothesis 

4 disaggregated into 20 different intervals of leverage (resulting in 144-145 companies in each interval). 

We depict signed errors with the purpose of identifying biases rather than to evaluate performance40. By 

combining firm estimates, a negative bias can be offset by a positive bias. Not only could such a 

combination mitigate biases, but it could also produce more accurate estimates of firm value.41 

 
 

39 We do not consider special items to have impacted our results as we apply next-year forecasts than actuals. 
40Consider approach A, producing two estimates of firm value with an error of +15% and -17%. Now consider 
approach B, producing two estimates of firm value with an error of -10% and +14%. For A, the median signed 
percentage errors will be -1%, while the median absolute percentage errors are 16%. For B, the median signed 
percentage errors will be 2%, while the median absolute percentage errors would be 12%. 
41If one were to combine the firm estimates from approach A and B, mentioned above, it would yield signed 
percentage errors of +0.5% and a median absolute valuation error of 2.0%.  



81 of 152 
 

Figure 11: Median signed valuation errors for 20 intervals of leverage as defined by NIBD/EBIT 

From Figure 11 it becomes evident that the P/E multiple is downward biased when the leverage of the 

target firm is low, whereas the EV/EBITDA multiple is generally unbiased for brokers. This is 

advantageous as the EV/EBITDA multiple will then counter some of the downward bias in P/E. However, 

as noted in hypothesis 4, our results did not improve by applying a median (mean) aggregation measure 

for firm values rather than a harmonic mean. This also implies that this effect is to some extent offset by 

large overvaluations produced by the EV/EBITDA multiple, which in turn favours the harmonic mean as 

the aggregation measure. 

Performance for INDSARD (G) is almost consistently downward biased across different intervals of 

leverage. The bias is similar for both EV/EBITDA and P/E, explaining the absent benefit of combining the 

multiples. 

Figure 12: Median absolute valuation errors for 20 intervals of leverage as defined by NIBD/EBIT 
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Figure 12 illustrates the benefit of combining EV/EBITDA and P/E for brokers. For instance, median 

absolute valuation errors for P/E is 37.3%, while the combination of EV/EBITDA and P/E yields median 

errors of 30.7% for the target companies with the lowest debt levels (i.e. the interval “Low”). In contrast, 

the absolute valuation errors for the INDSARD algorithm for the same companies are 38.3% and 40.6% 

for P/E and the combination of P/E and EV/EBITDA, respectively. 

EV/EBITDA and EV/EBIT in combination with P/E 

As evidenced in hypothesis 4, the benefit of combining EV/EBIT and P/E was less pronounced than 

combining EV/EBITDA and P/E. A further analysis, shown in appendix 10.21, revealed that this was due 

to a similar bias in EV/EBIT and P/E for depreciations. EV/EBITDA is slightly upward biased for firms with 

above median D&A (%), whereas EV/EBIT is downward biased for firms with above median D&A (%). 

The more the firm positively deviates from the median D&A (%), the more downward biased EV/EBIT 

becomes. P/E, on the other hand, is slightly downward biased for firms with above median D&A (%). 

Hence, by combining EV/EBITDA and P/E, the downward bias for firms with large D&A (%) diminishes 

relative to applying P/E on a stand-alone basis, whereas the bias magnifies by combining P/E with 

EV/EBIT.  

In sum, the synergy effect from applying a combination of EV/EBITDA and P/E is two-pronged. First, P/E 

is downward biased for firms with low leverage, while EV/EBITDA is generally unbiased. Second, P/E is 

downward biased for firms with large values for D&A (%), whereas EV/EBITDA is upward biased.  

On stand-alone multiples 

Our analysis further revealed that P/E was the highest performing stand-alone multiple in every instance 

except in section 6.1 for actual financials, where the highest overall accuracy could be achieved by 

applying a P/B multiple for the SARD algorithm.  

There are various explanations for the strong performance of P/E as a stand-alone multiple. First, only 

the market capitalisation is estimated. Second, the numerator and denominator are both based on an 

after-tax basis. Third, P/E is arguably the most popular metric among practitioners. If the majority of 

analysts refer to P/E when they assess whether a stock is mispriced, then there might be tendency that 

trading multiples will revert towards the target prices set by P/E. Also, if one assume that market 

participants in general refer to P/E, it would become a self-fulfilling prophecy that P/E should produce the 

most accurate estimates of firm value (in our research design where the efficient market hypothesis is 

assumed to be valid). 

P/E benefits from restrictions on the peer pool. This finding is also evident for EV/EBITDA and EV/EBIT. 

However, EV/Sales yields the highest accuracy when the peer pool is unrestricted. For P/B, the accuracy 

is roughly unchanged by peer pool restrictions. Similar results were reported by Knudsen et al. (2017).  
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7.2.6 Choice of multiples 

An underlying assumption for the investigation of hypothesis 4 was that brokers and algorithms could 

only select one type of multiple (e.g. FWD+1 P/E) or a combination of FWD+1 P/E and another multiple 

(e.g. FWD+1 EV/EBITDA) for all the 2,885 target companies. One could hypothesise that brokers selects 

different stand-alone- or combinations of multiples depending on the target company or peer group. The 

rationale is best explained by an example. Consider two firms whose main activity is the operation of 

fitness clubs. Both firms are in a steady-state, but Firm A has just stopped the roll out of fitness clubs, 

whereas firm B has not been rolling out fitness clubs for the last 10 years. In this example, Firm A’s D&A 

reflects expansion CapEx, while Firm B’s D&A only reflects maintenance CapEx (assuming a 

depreciation period of less than 10 years for tangible assets such as new equipment). Hence, EV/EBITDA 

could in this example result in a higher accuracy than EV/EBIT or P/E given that the firms will eventually 

have the same D&A once Firm A’s growth CapEx has been fully depreciated. 

Below we report the results of a hypothetical scenario, where the different peer identification approaches 

select the multiple that yields the lowest absolute percentage error for the 2,885 target companies in 

hypothesis 4. We label this scenario “Superior multiple”. 

Table 32: Hypothetical valuation errors by applying the multiple yielding the highest accuracy 

Table 32 reports the median, mean, and IQ range of the absolute percentage errors. The “Median errors when superior” 

reports the median absolute valuation errors for the instances where the multiple yields the lowest accuracy. “Superior 

frequency” reports the frequency when a multiple is superior. For instance, for brokers, EV/Sales yields the lowest accuracy 

for 17.9% - 516 / 2,885 - of the valuations performed. The median absolute valuation error is 8.7% in these 516 instances.  

 

Such a scenario is only hypothetical as it would require an out-of-sample method to determine which 

multiple that would yield the highest accuracy. However, as evidenced from Table 32, a large incremental 

n= 2,885 Brokers CIQ GICS (R ) INDSARD (G ) INDSARD (R )

Superior multiple

Median 8.0% (1) 9.6% (2) 11.1% (5) 9.9% (3) 10.0% (4)

Mean 13.8% (1) 16.1% (2) 17.6% (5) 16.4% (4) 16.1% (3)

IQ range 15.5% (1) 18.9% (2) 21.4% (5) 19.6% (3) 19.8% (4)

Median error when superior

Superior frequency 

Benchmarking of different peer identification approaches based on calendarised 2020 value drivers with valuation date as of 31 March 

2019. The superior multiple is the one yielding the highest accuracy.

33.6% 32.8% 33.9% 32.9% 31.5%

26.8% 27.0% 27.2% 23.1% 25.5%

22.9% 23.9% 23.6% 23.7% 24.3%

17.9% 17.5% 16.5% 21.6% 19.8%

8.7%
6.4%

9.0% 7.9%
9.8%

7.6%
10.7%10.2%10.7% 9.9%

12.4%11.5%
9.2% 10.0% 8.9%

11.1%
9.7% 9.9% 8.8%

11.4%FWD+1 EV/Sales

FWD+1 EV/EBITDA

FWD+1 EV/EBIT

FWD+1 P/E

FWD+1 EV/Sales

FWD+1 EV/EBITDA
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gain in valuation accuracy can be achieved by selecting the multiple yielding the lowest accuracy rather 

than consistently applying one multiple42. 

Furthermore, industry specific multiples might yield better results than the general ones presented in this 

thesis. Rosenbaum and Pearl (2012) present a selected list of examples on p. 102. From their list, one 

of the most popular is probably EBITDAX, used in the oil and gas industry (EBITDAX is EBITDA before 

exploration costs). By using EBTIDAX rather than EBITDA, one can compare oil and gas companies 

irrespective of accounting differences in the treatment of exploration costs. Another popular industry 

multiple is “Cash-EBITDA” used in the software industry. Here, capitalised R&D expenditures are 

subtracted from EBITDA, essentially resulting in EBITDA being unaffected by whether R&D is capitalised 

or expensed. 

The main disadvantage of industry specific multiples is that the required value driver is not available from 

financial databases such as S&P Capital IQ. Hence, forecasted values would have to be obtained 

manually from broker reports. Also, one would have to ensure that these forecasted values are not 

affected by any public information that was not available at the time of the forecast. 

7.2.7 Unavailable forecasts 

In the first hypothesis, we found that multiples calculated on the basis of forecasted financials increase 

valuation accuracy significantly relative to historical financials. This finding is highly relevant for 

professional practitioners, who have access to these. However, as forecasts might not be available in 

every instance, it is interesting to consider how this could have impacted our results. 

First, this consideration is relevant for investors, who may not have access to financial databases 

containing the required forecasts. Second, it is important for poorly covered companies, where there may 

not be newly updated broker reports containing updated financial forecasts. Third, it is relevant, when 

public peers are applied for the valuation of a private company. 

  

 
 

42 More precise estimates could be achieved by considering combinations of multiples. However, they are not 
considered in Table 32 for simplicity. 
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Table 33: Benchmarking of the different approaches based on ACT financials 

We have performed an update to the results in hypothesis 4 to illustrate the impact of unavailable forecasts. We report 

median, mean and IQ range of absolute percentage valuation errors when ACT financials are applied for the calculation of 

multiples. Further, we have adjusted the INDSARD algorithms to apply ACT financials for the selection variables, 

NIBD/EBIT and EBIT-margin. The last twelve month growth in net income is applied as a proxy for growth. Lastly, we have 

not applied calendarised financials. These choices resulted in a loss of observations from 2,885 to 2,603. 

 

The table illustrates that brokers deliver the highest median valuation accuracy for EV/EBITDA, EV/EBIT, 

P/E and for a combination of P/E and EV/EBITDA. Further, it is evident that INDSARD (G) delivers the 

highest accuracy for EV/Sales and P/B. Lastly, the table exhibits that the highest accuracy is achieved 

by applying the broker approach with a combination of P/E and EV/EBITDA. The results are thus 

consistent with our findings in hypothesis 4. The results indicate that peers identified by brokers ought to 

be the preferred alternative when forecasts are unavailable for the practitioner43. Furthermore, if one 

assumes that brokers would have selected the same peers irrespective of whether they had forecasts 

 
 

43 One might note that a practitioner would have forecasts available if he or she could identify peers from a 
broker report. However, if the company is poorly covered, there may not be a recent broker report containing 
an updated forecast.  

n= 2,603 Brokers CIQ GICS (R ) INDSARD (G ) INDSARD (R )

ACT EV/Sales

Median 36.8% (2) 40.8% (4) 47.9% (5) 33.5% (1) 37.1% (3)

Mean 50.3% (3) 51.9% (4) 60.3% (5) 42.4% (1) 45.2% (2)

IQ range 44.1% (3) 44.2% (4) 48.7% (5) 38.0% (1) 39.9% (2)

ACT EV/EBITDA

Median 23.9% (1) 27.0% (3) 30.7% (5) 26.9% (2) 27.4% (4)

Mean 32.5% (1) 36.0% (4) 37.8% (5) 33.9% (2) 34.1% (3)

IQ range 31.2% (1) 33.8% (3) 34.9% (5) 33.9% (4) 31.7% (2)

ACT EV/EBIT

Median 24.7% (1) 28.4% (4) 31.1% (5) 26.8% (2) 27.3% (3)

Mean 35.0% (3) 38.0% (4) 39.4% (5) 33.7% (1) 34.1% (2)

IQ range 33.7% (2) 34.6% (3) 36.1% (5) 34.7% (4) 33.5% (1)

ACT P/E

Median 23.3% (1) 25.9% (4) 28.5% (5) 24.9% (2) 24.9% (3)

Mean 32.6% (1) 36.6% (4) 37.1% (5) 32.8% (3) 32.8% (2)

IQ range 31.1% (1) 33.8% (4) 36.6% (5) 32.9% (3) 32.2% (2)

ACT P/B

Median 33.4% (3) 35.3% (4) 36.7% (5) 26.9% (1) 28.0% (2)

Mean 48.7% (5) 43.9% (3) 45.1% (4) 35.0% (1) 36.0% (2)

IQ range 43.7% (3) 44.6% (5) 44.1% (4) 33.9% (1) 36.6% (2)

ACT P/E and ACT EV/EBITDA

Median 21.3% (1) 24.3% (2) 28.3% (5) 24.7% (3) 25.2% (4)

Mean 29.4% (1) 33.2% (4) 35.0% (5) 31.8% (2) 31.8% (3)

IQ range 29.0% (1) 31.0% (3) 32.9% (5) 32.1% (4) 30.5% (2)

Benchmarking of different peer identification approaches based on ACT value drivers with valuation date as of 31 

March 2019
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available, the analysis could reveal an important insight; brokers are less dependent on forecasts in terms 

of accuracy.  

7.2.8 The implications of IFRS 16 

Future results will be affected by the implementation of IFRS 16. We provide a brief introduction to IFRS 

16 (and ASC 842) in appendix 10.22. We believe the new accounting standard could impact future results 

in four ways. 

First, the implementation itself could impact the results. IFRS 16 has a mandatory effect for annual 

periods beginning on or after 1 January 2019. As an example, Sodexo has fiscal year end 31 August, 

while ISS has fiscal year end 31 December. Hence, ISS’s financials would reflect IFRS 16 for the period 

covering 01 January – 31 March (Q1 2019), while Sodexo’s financials would not reflect IFRS 16 for the 

period covering 01 January – 31 March (Q3 2018/19). In addition to the historical earnings, we also 

believe a company’s fiscal year end impacts the forecasted financials. We hypothesise that brokers base 

their forecast on the accounting standards applied in the latest financial report. Assuming this would be 

true, forecasted financials (as well as last twelve months financials) for ISS and Sodexo would be 

incomparable as they are based on different accounting standards. Furthermore, the net debt would also 

be affected by whether a company’s latest quarter reflects the new accounting standard; the net debt for 

the fiscal quarter ending on 31 March would reflect capitalised operating leases for ISS, while the net 

debt for Sodexo would not. It might also be that brokers have conflicting views on when IFRS 16 should 

apply to the forecasts – this would make consensus estimates not meaningful as they would reflect the 

median of forecasts based on different accounting standards44.  

Second, some companies may (temporarily) choose to continue to provide non-GAAP financials and 

guidance exclusive of the effects of IFRS 16. In that case, we hypothesise that brokers would continue 

to forecast accordingly. This could impact the performance of forecasted financials negatively due to the 

distortion in accounting practices. 

Third, we believe the performance of the EV/EBITDA multiple will worsen following the implementation 

of IFRS 16 as it no longer reflects operating lease expenses. We believe rent expenses reflects valuable 

information. This information will no longer be reflected in EBITDA following IFRS 16.  

Finally, we expect IFRS 16 to affect, especially, selection algorithms positively as EBITDA and EBIT will 

not be affected by whether a company has operating or financial leases. For instance, under IAS 17, 

EBIT was impacted by the financial costs relating to operating lease financing. 

 
 

44 In the case that brokers have forecasted inclusive of the effects of IFRS 16 prior to the publication of Q1 
2019 reports, it could have influenced our results. However, based on our own experience in the investment 
banking industry throughout the transition period, we have not experienced this to be the case. 
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However, if one also takes into consideration the effects of the American counterpart of IFRS 16, ASC 

842, we are sceptical about the positive effects. Unlike IFRS 16, ASC 842 only impacts the balance sheet 

– leases are still expensed above EBITDA as a single line item and EBIT is still impacted by the financial 

costs relating to operational leasing. Due to this discrepancy, we hypothesise that a regional restriction 

on the INDSARD algorithm could lead to improvements in accuracy following the implementation of IFRS 

16 and ASC 842. We therefore encourage future research to include an INDSARD (R) algorithm despite 

that it did not yield significantly different results from the INDSARD (G) algorithm in this thesis. 

7.3 Limitations  

We were limited by the extensive time requirement of hand-collecting broker peer groups in our analysis, 

which constrained us to collect the latest available broker report up to the valuation date 31 March 2019. 

However, to our knowledge, we still managed to obtain the largest hand-collected sample gathered from 

broker reports. Nevertheless, it would be interesting to assess the impact of additional observations on 

our results. We do not believe that the conclusions would be altered by additional observations, but they 

could potentially aid in firmly concluding some of our findings with additional statistical backing. 

In relative valuation, it is important that the accounting figures from different companies are based on the 

same accounting principles to avoid noise in the valuation (Petersen et al., 2017). We have not fully 

controlled for accounting differences in this thesis as it was deemed out of scope. This choice is similar 

to that of previous studies in the literature. However, this served as an interesting aspect of our analysis 

as we partly controlled for this by introducing restrictions to companies with similar geographic presence 

or industry affiliation that presumably have a higher degree of comparability in their choice of accounting 

principles. 

Finally, we were limited by the data availability of S&P Capital IQ. We were not able to obtain forecasts 

for other value drivers than the ones presented in this thesis. For instance, we do not present an 

EV/EBITA multiple as S&P Capital IQ do not provide actual financials nor forecasts for EBITA. 

7.4 Future research 

For future research, we identify three topics that we believe could provide valuable insights in terms of 

relative valuation. 

Time variation of errors 

The results in hypothesis 4 were limited to only include data from 2019, which inhibited us from testing if 

our conclusions are robust across time. This serves as an interesting topic for future research as our 

analysis exhibited that valuation accuracy decreased for the algorithms in 2018 and 2019. It would be 

interesting to examine if valuation errors exhibited a similar pattern for brokers. This can be tested by 

collecting broker reports over a longer time period. 
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Price vs. value 

In our thesis, we have assumed that the efficient market hypothesis is valid, and thus decided not to 

evaluate the approaches based on their ability to identify mispriced assets. Following the publication of 

Bhojraj and Lee (2002), Sloan (2002) discussed their findings and suggested to evaluate WARR on its 

ability to identify situations where firms are temporarily mispriced. An, Bhojraj, and Ng (2010) followed up 

on the suggestion of Sloan (2002) and found that the warranted multiple approach was able to identify 

(temporarily) mispriced assets. An et al. (2010) is, to our knowledge, the first and only study to evaluate 

peer selection methods on their ability to identify mispricings. This has some important implications for 

the comparison of the fundamental approaches. From our results, it cannot be rejected that WARR is 

superior to SARD for estimating intrinsic value. Similarly, the SARD algorithm, with or without restrictions, 

could be superior to brokers in terms of estimating the true value of a firm. We encourage future research 

to investigate whether the SARD algorithm and brokers are able to identify mispriced assets through 

relative valuation. 

Public vs. private firms 

Lastly, we focused exclusively on public companies in this thesis. However, it would be interesting to 

conduct a similar study on private markets. A research topic could be relative valuation in private markets, 

i.e. the identification of comparable transactions. Furthermore, future research could examine the 

accuracy of applying public peers and historical transactions in conjunction to value private- and public 

firms. Such a setup could also be utilised to reveal information concerning the liquidity discount and 

control premium. An algorithm identifying comparable transactions in private markets could also be 

extended to include other features that may be relevant for pricing in private markets (e.g. buyer-types).  
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8. Conclusion 

The objective of this thesis was twofold. The first three hypotheses served the purpose of identifying and 

developing the best performing algorithm. The last hypothesis explored whether this algorithm could beat 

a broker, i.e. provide superior estimates of firm value. 

We investigated whether a restriction on sector affiliation could improve the SARD- and WARR algorithms 

in H1. Then we considered if geographical restrictions could further enhance the GICS -, SARD-, and 

WARR algorithms in H2. We found that SARD yielded superior results relative to the other algorithms 

and we decided to further optimise it in H3. Here, we examined whether industry affiliation could yield 

additional accuracy relative to sector affiliation. Finally, in H4, we benchmarked the valuation accuracy of 

the fully optimised SARD algorithm from H3 against the accuracy of peers selected by brokers.  

The empirical results confirm H1. We find that sector affiliation increases accuracy for EV/EBITDA, 

EV/EBIT, and P/E for the approaches considered. No further improvement is seen for P/B, while the 

performance of EV/Sales worsens by restricting the peer pool. An additional finding from H1 is that 

multiples calculated on the basis of forecasted financials increase accuracy relative to historical 

financials, and that accuracy increases as the forecast horizon lengthens. As a result of this finding we 

decided to continue with next-year forecasted financials (FWD+1). 

H2 is confirmed as well. Restricting the peer pool on country and region leads to lower valuation errors 

for the peer identification approaches on the examined multiples except for EV/Sales. However, no further 

improvement was observed for a country restricted peer pool compared to a regionally restricted. Another 

insight emerging from the examination of H2 was that the SARD-algorithm outperformed the WARR 

approach by a significant margin independent of whether sector and geographical restrictions were 

considered. This led us to focus on further improving the SARD-algorithm and exclude WARR. 

From H3 it became evident that an industry restriction led to incremental accuracy relative to a sector 

restriction. Again, this result was observed for EV/EBITDA, EV/EBIT, and P/E, whereas the performance 

of EV/Sales worsened. EV/Sales performed optimally when the peer pool was unrestricted, but it also 

exhibited the highest valuation errors. As opposed to the sector restricted SARD-algorithm, no further 

improvement was observed from restricting an industry-exclusive peer pool on geography. H3 was 

confirmed. 

H4 was confirmed through valuation of 2,885 target companies. We find systematic evidence that peers 

identified by brokers lead to higher valuation accuracy than algorithms. Median absolute valuation errors 

for the broker approach are 18.2% compared to 19.7% for the industry restricted SARD algorithm. For 

brokers, we find that the most accurate estimates of firm value are obtained through a combination of P/E 

and EV/EBITDA. The synergy effect from the combination is two-pronged. First, for firms with a low 

leverage ratio, P/E appears to be downward biased, while EV/EBITDA is generally unbiased. Second, 
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EV/EBITDA is preferable in combination with P/E rather than EV/EBIT due to P/E and EV/EBIT sharing 

a downward bias for firms with high values of D&A (%), whereas EV/EBITDA is upward biased for these 

firms. 

In addition, we also find that peers identified through a broker report with multiples calculated based on 

consensus forecasts, and aggregated through the harmonic mean do, on average, yield unbiased firm 

estimates. Interestingly, peers identified through the industry restricted SARD algorithm (INDSARD) do, 

on average, yield significantly downward biased results when the harmonic mean is applied as 

aggregation measure. Further, we note that if one assumes that valuation can only be conducted by 

applying one multiple, we find that INDSARD performs as well as brokers for P/E. 

Our results from H1, H2, and H3 remain robust over time, across varying number of peers, different 

sectors, regions, size, and aggregation measures. Further, we also perform robustness checks on H4. 

Here, we observe an interesting finding. The gap in accuracy for brokers and the INDSARD algorithm 

widens as the size of the target companies increase. We interpret this as brokers informational advantage 

increases with firm size, as more public information becomes available. We also perform robustness 

checks for H4 regarding different combinations of multiples, alternative distance measures, a combination 

of brokers and INDSARD for peer identification, and the performance when strictly applying forecasts or 

actuals. These robustness checks do not lead us to alter our conclusion in H4. 

In regard to our research question, “Can algorithms outperform professional equity research 

analysts in terms of relative valuation?”, our overall conclusion is that peers identified by brokers yield 

superior valuation accuracy given that firm estimates are based on a combination of P/E and EV/EBITDA. 
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10.1 Derivation of the five multiples 

Enterprise value multiples 

Assuming an efficient market and that all companies are in a steady-state, the enterprise value can be 

calculated as (Petersen et al, 2017, p. 320): 

𝐸𝑉 =
𝐹𝐶𝐹𝐹

𝑊𝐴𝐶𝐶 − 𝑔
 

These are the three factors determining enterprise value. Two firms with identical FCFF, WACC, and g 

should, in a steady-state, trade at the same price.  

In the following section, we will focus on deriving drivers for the EV/Sales, EV/EBITDA, and EV/EBIT 

multiples as these are the three types of enterprise multiples considered in this thesis.  

We start by stating that FCFF, through the indirect method, can be calculated as:  

𝐹𝐶𝐹𝐹 = 𝐸𝐵𝐼𝑇𝐷𝐴 − 𝐶𝑎𝑝𝐸𝑥 − 𝐼𝑛𝑣𝑒𝑠𝑡𝑚𝑒𝑛𝑡 𝑖𝑛 𝑁𝑤𝐶 − 𝑇𝑎𝑥 

If CapEx exceeds D&A in a steady-state, the excess amount equals the change in non-current-operating 

assets, which allows us to write FCFF as: 

𝐹𝐶𝐹𝐹 = 𝐸𝐵𝐼𝑇 − 𝐶ℎ𝑎𝑛𝑔𝑒 𝑖𝑛 𝑛𝑜𝑛-𝑐𝑢𝑟𝑟𝑒𝑛𝑡 𝑜𝑝𝑒𝑟𝑎𝑡𝑖𝑛𝑔 𝑎𝑠𝑠𝑒𝑡𝑠 − 𝐼𝑛𝑣𝑒𝑠𝑡𝑚𝑒𝑛𝑡𝑠 𝑖𝑛 𝑁𝑤𝐶 − 𝑇𝑎𝑥 

If one substitutes (𝐸𝐵𝐼𝑇 − 𝑇𝑎𝑥) with 𝑁𝑂𝑃𝐴𝑇 we get: 

𝐹𝐶𝐹𝐹 = 𝑁𝑂𝑃𝐴𝑇 − 𝐶ℎ𝑎𝑛𝑔𝑒 𝑖𝑛 𝑛𝑜𝑛-𝑐𝑢𝑟𝑟𝑒𝑛𝑡 𝑜𝑝𝑒𝑟𝑎𝑡𝑖𝑛𝑔 𝑎𝑠𝑠𝑒𝑡𝑠 − 𝐼𝑛𝑣𝑒𝑠𝑡𝑚𝑒𝑛𝑡𝑠 𝑖𝑛 𝑁𝑤𝐶 

Which can further be reduced to: 

𝐹𝐶𝐹𝐹 = 𝑁𝑂𝑃𝐴𝑇 − ∆𝐼𝑛𝑣𝑒𝑠𝑡𝑒𝑑 𝐶𝑎𝑝𝑖𝑡𝑎𝑙 

Now, as we assume a constant capital structure in a steady-state scenario, the maximum a firm can 

invest in growth is NOPAT given that all cash is deployed into operations. The deployment rate (DR) 

would then be the proportion of NOPAT reinvested in the firm and can be found from the above equation 

by dividing with NOPAT: 

𝐹𝐶𝐹𝐹

𝑁𝑂𝑃𝐴𝑇
=

𝑁𝑂𝑃𝐴𝑇

𝑁𝑂𝑃𝐴𝑇
−

(∆𝐼𝑛𝑣𝑒𝑠𝑡𝑒𝑑 𝐶𝑎𝑝𝑖𝑡𝑎𝑙)

𝑁𝑂𝑃𝐴𝑇
→ 1 −

𝐹𝐶𝐹𝐹

𝑁𝑂𝑃𝐴𝑇
=

(∆𝐼𝑛𝑣𝑒𝑠𝑡𝑒𝑑 𝐶𝑎𝑝𝑖𝑡𝑎𝑙)

𝑁𝑂𝑃𝐴𝑇
→ 

𝐷𝑅 =
(∆𝐼𝑛𝑣𝑒𝑠𝑡𝑒𝑑 𝐶𝑎𝑝𝑖𝑡𝑎𝑙)

𝑁𝑂𝑃𝐴𝑇
 

Now we can substitute in DR as follows: 

𝐹𝐶𝐹𝐹 = 𝑁𝑂𝑃𝐴𝑇 ∙ (1 − 𝐷𝑅) 
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And by further rearranging the equation and: 

1) substituting 𝐹𝐶𝐹𝐹 with 𝑁𝑂𝑃𝐴𝑇 − ∆𝐼𝑛𝑣𝑒𝑠𝑡𝑒𝑑 𝐶𝑎𝑝𝑖𝑡𝑎𝑙, 

2) dividing both sides of the equation with Invested Capital, 

3) then substituting 𝑁𝑂𝑃𝐴𝑇/𝐼𝑛𝑣𝑒𝑠𝑡𝑒𝑑 𝐶𝑎𝑝𝑖𝑡𝑎𝑙 with 𝑅𝑂𝐼𝐶, and 

4) substituting ∆𝐼𝑛𝑣𝑒𝑠𝑡𝑒𝑑 𝐶𝑎𝑝𝑖𝑡𝑎𝑙/𝐼𝑛𝑣𝑒𝑠𝑡𝑒𝑑 𝐶𝑎𝑝𝑖𝑡𝑎𝑙 with 𝑔 

We find that: 

𝑅𝑂𝐼𝐶 − 𝑔 = 𝑅𝑂𝐼𝐶 ∙ (1 − 𝐷𝑅) 

We can now isolate the growth rate by dividing with ROIC on both sides of the equation: 

1 −
𝑔

𝑅𝑂𝐼𝐶
= 1 − 𝐷𝑅 →

𝑔

𝑅𝑂𝐼𝐶
= 𝐷𝑅 → 𝑔 = 𝑅𝑂𝐼𝐶 ∙ 𝐷𝑅 

From here, we can subsequently calculate the value of the firm in a steady-state as: 

𝐸𝑉 =
𝑁𝑂𝑃𝐴𝑇 ∙ (1 − 𝐷𝑅)

𝑊𝐴𝐶𝐶 − 𝑔
=

𝑁𝑂𝑃𝐴𝑇 ∙ (1 −
𝑔

𝑅𝑂𝐼𝐶)

𝑊𝐴𝐶𝐶 − 𝑔
=

(𝑅𝑂𝐼𝐶 ∙ 𝐼𝑛𝑣𝑒𝑠𝑡𝑒𝑑 𝐶𝑎𝑝𝑖𝑡𝑎𝑙) ∙ (1 −
𝑔

𝑅𝑂𝐼𝐶)

𝑊𝐴𝐶𝐶 − 𝑔
 

We can then rearrange the expression to get: 

𝐸𝑉 =
(𝑅𝑂𝐼𝐶 ∙ 𝐼𝑛𝑣𝑒𝑠𝑡𝑒𝑑 𝐶𝑎𝑝𝑖𝑡𝑎𝑙) ∙ (1 −

𝑔
𝑅𝑂𝐼𝐶)

𝑊𝐴𝐶𝐶 − 𝑔
= 𝐼𝑛𝑣𝑒𝑠𝑡𝑒𝑑 𝐶𝑎𝑝𝑖𝑡𝑎𝑙 ∙

𝑅𝑂𝐼𝐶 − 𝑔

𝑊𝐴𝐶𝐶 − 𝑔
 

And then divide by Invested Capital on both sides of the equation to get an expression for the EV/IC 

multiple: 

𝐸𝑉

𝐼𝑛𝑣𝑒𝑠𝑡𝑒𝑑 𝐶𝑎𝑝𝑖𝑡𝑎𝑙
=

𝑅𝑂𝐼𝐶 − 𝑔

𝑊𝐴𝐶𝐶 − 𝑔
 

If we then multiply the denominator with ROIC, we get an expression for the EV/NOPAT multiple: 

𝐸𝑉

𝑁𝑂𝑃𝐴𝑇
=

𝑅𝑂𝐼𝐶 − 𝑔

𝑊𝐴𝐶𝐶 − 𝑔
∙

1

𝑅𝑂𝐼𝐶
 

If we consider the 𝐷𝑎𝑛𝑑𝐴 𝑟𝑎𝑡𝑒 to be 
𝐷&𝐴

𝐸𝐵𝐼𝑇𝐷𝐴
, we can identify the following relations: 

𝑁𝑂𝑃𝐴𝑇 = 𝑆𝑎𝑙𝑒𝑠 ∙ 𝐸𝐵𝐼𝑇𝐷𝐴-𝑚𝑎𝑟𝑔𝑖𝑛 ∙ (1 − 𝐷&𝐴 𝑟𝑎𝑡𝑒) ∙ (1 − 𝑡) 

𝑁𝑂𝑃𝐴𝑇 = 𝐸𝐵𝐼𝑇𝐷𝐴 ∙ (1 − 𝐷&𝐴 𝑟𝑎𝑡𝑒) ∙ (1 − 𝑡) 

𝑁𝑂𝑃𝐴𝑇 = 𝐸𝐵𝐼𝑇 ∙ (1 − 𝑡) 

If we consider the expression for the EV/NOPAT multiple, one can derive expressions for EV/Sales, 

EV/EBITDA, and EV/EBIT multiples by substituting NOPAT with the right-side of the above first, second, 
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and third relation, respectively, and then multiplying with the variables not reflected in the denominator, 

e.g. for EV/Sales it would be EBITDA-margin, D&A rate, and tax as these are not considered in Sales.  

𝐸𝑉

𝑆𝑎𝑙𝑒𝑠
=

𝑅𝑂𝐼𝐶 − 𝑔

𝑊𝐴𝐶𝐶 − 𝑔
∙

1

𝑅𝑂𝐼𝐶
∙ 𝐸𝐵𝐼𝑇𝐷𝐴-𝑚𝑎𝑟𝑔𝑖𝑛 ∙ (1 − 𝐷&𝐴 𝑟𝑎𝑡𝑒) ∙ (1 − 𝑡) 

𝐸𝑉

𝐸𝐵𝐼𝑇𝐷𝐴
=

𝑅𝑂𝐼𝐶 − 𝑔

𝑊𝐴𝐶𝐶 − 𝑔
∙

1

𝑅𝑂𝐼𝐶
∙ (1 − 𝐷&𝐴 𝑟𝑎𝑡𝑒) ∙ (1 − 𝑡) 

𝐸𝑉

𝐸𝐵𝐼𝑇
=

𝑅𝑂𝐼𝐶 − 𝑔

𝑊𝐴𝐶𝐶 − 𝑔
∙

1

𝑅𝑂𝐼𝐶
∙ (1 − 𝑡) 

From here it becomes obvious that the less information reflected in the denominator, the more value 

drivers have to be considered when firms are compared for relative valuation. E.g. if we consider an 

EV/Sales multiple we would have to identify firms identical on WACC, g, ROIC, EBITDA-margin, D&A-

rate, and tax rate, whereas we would not have to consider the EBITDA-margin and D&A-rate if we used 

an EV/EBIT multiple as this information is already reflected in the denominator.  

Equity value multiples 

As opposed to firm valuation, equity valuation only considers the cash flows to the stockholders. 

Consequently, the market value of the equity (Mcap) can be defined as (Petersen et al., p. 321): 

𝑀𝑐𝑎𝑝 =
𝐷𝑖𝑣𝑖𝑑𝑒𝑛𝑑𝑠

𝑟𝑒 − 𝑔
 

These are ultimately the three factors that can affect the value of the market capitalisation (Mcap). We 

will briefly derive the drivers of the P/E and P/B multiples below. 

First, we assume that the company is only financed with equity. In that case: 

• 𝐸𝑉 would equal 𝑀𝑐𝑎𝑝, 

• FCFF would equal 𝐷𝑖𝑣𝑖𝑑𝑒𝑛𝑑𝑠, 

• 𝑁𝑂𝑃𝐴𝑇 would equal 𝑁𝑒𝑡 𝑒𝑎𝑟𝑛𝑖𝑛𝑔𝑠,  

• 𝑅𝑂𝐼𝐶 would equal 𝑅𝑜𝐸, 

• 𝐼𝑛𝑣𝑒𝑠𝑡𝑒𝑑 𝐶𝑎𝑝𝑖𝑡𝑎𝑙 would equal the 𝐵𝑜𝑜𝑘 𝑣𝑎𝑙𝑢𝑒 𝑜𝑓 𝑒𝑞𝑢𝑖𝑡𝑦, 

• 𝑊𝐴𝐶𝐶 would equal 𝑟𝑒, 

• and 𝑔 = 𝑅𝑂𝐸 ∙ 𝐷𝑅, where 𝐷𝑅 = ∆𝐵𝑜𝑜𝑘 𝑣𝑎𝑙𝑢𝑒 𝑜𝑓 𝑒𝑞𝑢𝑖𝑡𝑦/𝑁𝑒𝑡 𝑒𝑎𝑟𝑛𝑖𝑛𝑔𝑠 = 𝑔/ROE  

We can now use the expression found for EV/IC multiple to find an expression for the P/B multiple: 

𝑀𝑐𝑎𝑝

𝐵𝑜𝑜𝑘 𝑣𝑎𝑙𝑢𝑒 𝑜𝑓 𝑒𝑞𝑢𝑖𝑡𝑦
=

𝑅𝑜𝐸 − 𝑔

𝑟𝑒 − 𝑔
 

By multiplying the denominator in the expression above with ROE, we arrive at the P/E multiple: 
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𝑀𝑐𝑎𝑝

𝑁𝑒𝑡 𝑒𝑎𝑟𝑛𝑖𝑛𝑔𝑠
=

𝑅𝑜𝐸 − 𝑔

𝑟𝑒 − 𝑔
∙

1

𝑅𝑂𝐸
 

It turns out that these expressions hold irrespective of how the firm is financed as we only consider the 

market capitalisation for the P/E and P/B multiples. 
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10.2 Example of calendarisation in a broker report 

In this appendix, we provide an example of a broker applying calendarised financials. In the section, 

“Multiple comparison”, they stated the following: 

“For the peer group comparison, we have accounted for the non-calendar fiscal year of Vilmorin, 

Monsanto and KWS by adding earnings on a pro rata base, e.g. 50% of FY 2016/7 + 50% of FY 2017/8 

= Earnings 2017.” (Equinet Bank, 2016, p. 25). 

The following table was also provided: 

Table 34: Broker peer group of KWS SAAT SE 

 

 

  

Peer group comparison for KWS SAAT SE

PE EV/EBIT EV/EBITDA

2017 2018 2017 2018 2017 2018

KWS SAAT SE 18.8x 16.4x 12.8x 11.2x 9.6x 8.5x

Vilmorin & CIE SA 12.1x 11.0x 15.2x 14.0x 6.4x 6.1x

Syngenta AG 21.5x 19.8x 16.7x 15.3x 13.3x 12.4x

Monsanto Company 20.3x 17.5x 15.4x 13.5x 12.5x 11.1x

Dupont 17.2x 16.3x 13.1x 11.6x 10.2x 9.3x

Fuchs Petrolub SE Pref 21.3x 20.5x 14.3x 13.5x 12.7x 12.0x

Symrise AG 26.8x 24.1x 19.3x 17.3x 13.9x 12.7x

Median 20.8x 18.7x 15.3x 13.8x 12.6x 11.5x

Company
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10.3 Example of table of contents in an initiating coverage report 

Table 35: Table of contents from an initiating coverage report (Deutsche Bank, 2015, p. 3) 

Investment thesis  1 

Valuation 4 

Risks 5 

Company description 5 

ISS in charts 6 

Potential risks 7 

Room for cash returns to shareholders 8 

Cash generation: A deep dive 9 

Three reasons why we believe the cash looks interesting 10 

We believe excess cash will be returned to shareholders 12 

Assessing the threats to our thesis 13 

How does FCF compare? 15 

Valuation 16 

Peer group multiple-based valuation 17 

Financial performance 20 

Resilient organic growth 20 

Forecasting organic growth 21 

Acquisitions and divestments 23 

FX impact 23 

Cost structure 24 

Profitability 27 

Balance sheet 29 

Cleaning up the cash flow – further detail 32 

ISS: The history 35 

IFS: A deep dive 37 

A decade of bolt-on acquisitions was a game-changer 39 

Ownership history 41 

Background: The facilities services industry 42 

Market sizing 43 

Competitive landscape 45 

Macro-economic trends: further analysis 48 

Appendix A: Geographical segments 51 

Appendix B: Management 58 
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10.4 Regression coefficients 

Table 36: Regression coefficients for ACT multiples 

 

Regression coefficients for the warranted multiple approach (WARR) based on ACT value drivers. 

Asterisk marks significance at a=0.05

2019 2018 2017 2016 2015 2014 2013 2012 2011 2010

Intercept -1.3038* -1.1813* -1.1152* -1.2472* -1.0516* -1.1324* -0.9488* -1.0671* -0.7127* -0.3521*

RoE 0.1090 0.1327 0.0861 0.2493 0.2067 0.2012 0.0175 -0.1770 -0.2853 -0.3457*

Leverage -0.0166* 0.0009 0.0144* 0.0281* 0.0105 0.0282* 0.0247* 0.0184* 0.0109 0.0159*

Size 0.1119* 0.0927* 0.0915* 0.1016* 0.0668* 0.1081* 0.1004* 0.0880* 0.0580* 0.0454*

Growth 2.6642* 2.0072* 1.4185* 1.4396* 1.9902* 1.2924* 1.0900* 1.8391* 1.2075* 0.2112*

Margin 16.9352* 17.2639* 16.1430* 16.7154* 15.6652* 13.1600* 11.6798* 13.3549* 13.4616* 9.7252*

Intercept 3.9557* 4.3744* 3.5506* 4.1678* 4.1441* 2.5971* 2.9611* 3.3669* 4.3901* 3.8334*

RoE 5.2027* 4.6799* 4.4280* 4.7908* 6.4775* 5.4085* 4.8433* 5.7114* 4.0787* 1.2935*

Leverage -0.3301* -0.1704* -0.1321* -0.0990* -0.1500* -0.0141 -0.0024 -0.1110* -0.1893* 0.0369*

Size 0.4459* 0.3798* 0.4101* 0.4569* 0.3038* 0.5208* 0.4117* 0.3095* 0.3067* 0.1764*

Growth 14.4576* 8.6530* 7.2811* 5.0413* 9.6526* 5.6465* 4.5103* 8.6263* 6.7634* 0.1803

Margin 13.3853* 16.2532* 15.4236* 13.5389* 10.3289* 6.0343* 5.3883* 8.5793* 7.4482* 7.3942*

Intercept 6.3415* 6.9744* 7.4261* 8.9656* 8.2555* 5.2703* 5.8990* 5.7234* 6.6241* 6.4857*

RoE -1.5794 0.0305 0.4724 0.2652 -0.1030 -0.2200 0.4680 -0.7511 -3.8626* -1.5110

Leverage -0.0222 0.2171* 0.2817* 0.2264* 0.1774* 0.2926* 0.3142* 0.2399* -0.0291 0.2464*

Size 0.6472* 0.5902* 0.4852* 0.4735* 0.2949* 0.6794* 0.4517* 0.4451* 0.5950* 0.2016*

Growth 37.4015* 24.2556* 15.2432* 13.7716* 20.7753* 14.9877* 13.1005* 19.8371* 19.4283* 0.7564*

Margin 9.4290* 10.9672* 10.0482* 6.9289* 7.9181* 2.0788 2.2861 8.0727* 3.8994* 5.9322*

Intercept 9.8468* 9.1751* 10.3225* 13.6872* 13.2385* 7.5773* 8.8601* 5.6505* 12.0518* 10.6205*

RoE -5.3424* -6.3917* -4.4927* -2.2281 -6.6994* -6.0560* -3.4085* -9.6886*-14.2537* -5.9087*

Leverage -0.7788* -0.5316* -0.3019* -0.3573* -0.2967* -0.3151* -0.3826* -0.4399* -0.8216* -0.3736*

Size 0.8077* 0.8862* 0.7313* 0.7324* 0.2444 1.0030* 0.6555* 0.9308* 0.7712* 0.3257*

Growth 58.4500* 52.5068* 36.0454* 25.6226* 44.4104* 30.4404* 29.6226* 49.2421* 44.0603* 2.4126*

Margin 11.3825* 15.7645* 8.7096* 2.2272 9.2265* 2.8436 0.4797 11.9437* -0.3732 5.4889*

Intercept -1.6741* -1.4780* -1.7322* -1.8061* -1.4948* -1.5651* -1.4411* -1.3438* -1.0006* -0.6109*

RoE 16.9902* 17.2655* 15.7110* 17.9039* 16.5408* 14.9686* 12.9896* 14.0339* 14.0991* 9.9469*

Leverage -0.1476* -0.0978* -0.0871* -0.0721* -0.0748* -0.0727* -0.0878* -0.0841* -0.0756* -0.0601*

Size 0.1664* 0.1491* 0.2100* 0.1936* 0.1474* 0.1906* 0.2006* 0.1562* 0.1317* 0.1188*

Growth 4.0809* 2.7647* 2.1155* 2.2722* 2.6375* 1.6607* 1.4136* 2.2107* 1.7671* 0.5452*

Margin 2.0530* 2.5056* 1.9098* 1.5056* 1.4205* 0.3691 0.1857 0.4209* 0.3488 0.6077*

A
C
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/B

Year
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a
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A
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Table 37: Regression coefficients for FWD multiples 

 

 

 

 

  

Regression coefficients for the warranted multiple approach (WARR) based on FWD value drivers. 

Asterisk marks significance at a=0.05

2019 2018 2017 2016 2015 2014 2013 2012 2011 2010Year

Regression coefficients for the warranted multiple approach (WARR) based on FWD value drivers. 

Asterix marks significance at a=0.05

2019 2018 2017 2016 2015 2014 2013 2012 2011 2010

Intercept -1.0166* -0.8756* -0.9521* -1.0521* -0.7797* -0.9217* -0.7649* -0.7955* -0.2849* -0.3523*

RoE 0.0317 -0.1339 -0.2131* -0.0538 -0.0285 -0.0363 -0.1647 -0.3721* -0.8128* -0.7202*

Leverage -0.0084 0.0092* 0.0214* 0.0265* 0.0146* 0.0278* 0.0296* 0.0237* 0.0117* 0.0163*

Size 0.1146* 0.0947* 0.0999* 0.1150* 0.0787* 0.1196* 0.1053* 0.0953* 0.0536* 0.0557*

Growth 1.0787* 0.7852* 0.7044* 0.6642* 0.7436* 0.5239* 0.4990* 0.7948* 0.2718* 0.2004*

Margin 14.9128* 15.1032* 14.5473* 14.6996* 13.7157* 11.2048* 9.9501* 11.1706* 11.5719* 9.7515*

Intercept 4.3186* 5.1213* 3.2757* 3.4933* 4.1212* 2.6272* 2.7570* 3.4573* 5.1244* 3.9311*

RoE 4.1051* 3.2438* 2.7507* 3.4000* 4.8041* 4.0277* 2.8775* 3.6219* 1.1751* -0.7335

Leverage -0.2542* -0.1407* -0.0746* -0.0740* -0.1147* -0.0078 0.0057 -0.0453* -0.0543* 0.0215

Size 0.4708* 0.3474* 0.4821* 0.5493* 0.3829* 0.5347* 0.4844* 0.3642* 0.2971* 0.2968*

Growth 4.6113* 2.7684* 3.0896* 2.0535* 3.2320* 1.9173* 1.6638* 2.7109* 1.3579* 0.5647*

Margin 9.9900* 11.4114* 12.4502* 10.3116* 7.4876* 4.4273* 2.8039* 4.6649* 4.4814* 4.5161*

Intercept 7.1413* 7.9277* 5.8756* 6.4436* 7.2625* 5.4202* 5.0628* 5.5864* 8.8725* 6.6344*

RoE -0.9738 -1.5066 -1.8060* -1.7646* -1.3415 -1.0582 -1.7793* -2.2062* -6.8941* -6.2802*

Leverage 0.0383 0.1898* 0.2561* 0.3072* 0.1569* 0.2941* 0.3052* 0.2692* 0.2500* 0.2362*

Size 0.7349* 0.6159* 0.7220* 0.7693* 0.5298* 0.7028* 0.6536* 0.5412* 0.4698* 0.5154*

Growth 12.3503* 9.3826* 8.9180* 7.2829* 8.7002* 5.8445* 5.4785* 7.5318* 5.0821* 3.2092*

Margin 2.4256 3.4914* 5.7975* 4.3330* 3.6545* -0.2667 -1.0991 2.3358* -2.0931* -2.0495

Intercept 9.5630* 8.8496* 6.7056* 6.2014* 8.2437* 7.2982* 6.9586* 7.2968* 10.2587* 8.9573*

RoE -6.0163* -6.8422* -6.6651* -8.1883* -8.9866* -5.9085* -5.8817* -9.8751*-14.1630*-12.5036*

Leverage -0.7555* -0.5115* -0.4609* -0.3539* -0.3726* -0.3717* -0.4777* -0.4140* -0.3568* -0.5037*

Size 0.9896* 1.0936* 1.1959* 1.4589* 0.9977* 1.0367* 0.9720* 0.8992* 0.8828* 0.8946*

Growth 24.9727* 26.2748* 22.0787* 22.8702* 21.6645* 14.4697* 14.0989* 18.6056* 17.8399* 10.9543*

Margin 3.6733 3.8995 8.0005* 4.8392* 7.4764* 1.5049 -0.9317 5.1533* -1.6325 -4.8570*
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Table 38: Regression coefficients for FWD+1 multiples 

 

 

 

 

 

 

 

Regression coefficients for the warranted multiple approach (WARR) based on FWD+1 value drivers. 

Asterisk marks significance at a=0.05

2019 2018 2017 2016 2015 2014 2013 2012 2011 2010Year

Regression coefficients for the warranted multiple approach (WARR) based on FWD+1 value drivers. 

Asterix marks significance at a=0.05

2019 2018 2017 2016 2015 2014 2013 2012 2011 2010

Intercept -0.8965* -0.8347* -0.8804* -0.9228* -0.7370* -0.7930* -0.6745* -0.6772* -0.2975* -0.3681*

RoE 0.1957 0.0298 -0.1771* 0.0100 0.1086 0.1077 0.0468 -0.2170* -0.4574* -0.4703*

Leverage 0.0042 0.0193* 0.0297* 0.0301* 0.0214* 0.0296* 0.0374* 0.0274* 0.0170* 0.0227*

Size 0.1056* 0.0954* 0.0976* 0.1068* 0.0797* 0.1094* 0.0965* 0.0846* 0.0567* 0.0565*

Growth 0.8114* 0.5908* 0.5141* 0.4601* 0.6070* 0.3661* 0.3067* 0.6023* 0.2118* 0.1710*

Margin 13.3826* 13.6114* 13.2198* 13.1831* 12.1704* 9.8160* 8.7525* 9.9786* 10.0509* 8.8912*

Intercept 4.0175* 4.3754* 3.0403* 3.2212* 3.5193* 2.5539* 2.5853* 3.2910* 4.1843* 3.4296*

RoE 4.2888* 2.8585* 2.3805* 2.5888* 4.3328* 3.7198* 3.0392* 3.2102* 2.1924* -0.0111

Leverage -0.1365* -0.0489* 0.0021* -0.0048* -0.0164* 0.0528 0.0847 0.0227* 0.0207* 0.0782

Size 0.4347* 0.3753* 0.4631* 0.5056* 0.3865* 0.4772* 0.4243* 0.3193* 0.2933* 0.2874*

Growth 1.6955* 0.6627* 0.7419* 0.2965* 0.9990* 0.1139* 0.0380* 0.7977* 0.3097* -0.1962*

Margin 8.2422* 9.7284* 10.6279* 9.3756* 6.2929* 3.3839* 2.2727* 4.2510* 3.3798* 3.6576*

Intercept 6.9865* 7.1547* 5.6272* 5.9681* 6.0523* 4.9969* 4.6576* 5.3503* 7.0171* 5.5313*

RoE 0.4018 -0.6605 -0.9829* -0.8972* -0.1642 -0.0350 -0.2439* -0.7880* -2.9054* -3.7240*

Leverage 0.1652 0.2652* 0.3206* 0.3364* 0.2997* 0.3517* 0.3832* 0.3170* 0.3017* 0.3248*

Size 0.6036* 0.5535* 0.6302* 0.6586* 0.5234* 0.5958* 0.5430* 0.4445* 0.4148* 0.4673*

Growth 3.4475* 2.1398* 1.7874* 1.4075* 2.0897* 0.6856* 0.6633* 1.7970* 0.7850* -0.0030*

Margin 3.4850 5.0191* 6.1195* 5.0148* 4.2206* 0.7123 -0.0776 2.7513* 0.2532* -0.6621

Intercept 11.2040* 10.6301* 8.1780* 9.2205* 8.9841* 7.9504* 7.4400* 8.2192* 11.1318* 8.7384*

RoE -2.3602* -3.7035* -3.9873* -4.4055* -4.5382* -3.3075* -3.0326* -5.1091* -8.2365* -7.2378*

Leverage -0.6020* -0.4314* -0.3741* -0.3043* -0.3166* -0.3079* -0.3326* -0.3325* -0.2722* -0.3842*

Size 0.6783* 0.7862* 0.9416* 0.9934* 0.8020* 0.8339* 0.7569* 0.6577* 0.6139* 0.6481*

Growth 5.2171* 4.7288* 4.0404* 3.1714* 4.6585* 1.5649* 1.7697* 4.0426* 1.4956* 0.6771*

Margin 4.0225 5.3637 7.0291* 4.1447* 6.0751* 1.6154 0.6645 4.7959* -0.0529 -1.7798*
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10.5 Example of an appropriate peer group from a broker report 

In this appendix, we provide an example of an appropriate peer group from a broker report that could be 

included in this analysis. In a regular report, an SEB analyst stated the following in the valuation section: 

“Our target price is based on 2019 [sic] where ISS at our target price [sic] ISS trades at a 2019E EV/EBIT 

of 12.6x, which is in line with key peers…” (SEB, 2018, p. 5).  

Further, the broker provided the following financials (adopted to our template): 

Table 39: Broker peer group of ISS 

 

 

  

"Relative valuation – ISS trades at a 10% discount to key peers on our favourite multiple in 2019"

PE EV/EBIT

2017 2018 2019 2017 2018 2019

ISS 16.4x 16.6x 14.1x 11.8x 12.2x 11.4x

ABM Industries 16.8x 14.5x 12.5x 18.4x 11.4x n.a.

Aramark 19.4x 17.1x 14.9x 15.3x 15.0x 13.4x

Compass Group 21.8x 20.3x 18.9x 16.8x 16.1x 15.0x

Sodexo 15.6x 16.4x 15.4x 10.6x 11.7x 10.8x

Securitas 17.7x 15.7x 14.1x 14.6x 12.9x 11.9x

G4S 17.1x 13.7x 12.5x 11.5x 11.3x 10.4x

Mitie Group 12.0x 9.9x n.a. 10.1x 8.4x n.a.

Coor Service Mgmt. 15.2x 16.4x 13.3x 16.2x 21.1x 17.4x

Median 17.7x 16.4x 14.8x 15.3x 13.9x 12.5x

Current trading
(Based on calendarised financials)
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10.6 The development over time of observations and variables 

Table 40: Yearly development in number of observations (FWD) and selection variables 

 

  

Yearly number of observations (in thousands, k) Yearly development in median market cap. (EURbn)

Yearly development in RoE Yearly development in median net income growth

Yearly development in median NIBD/EBIT Yearly development in median EBIT-margin

2.0k

2.5k

3.0k

3.5k

4.0k

4.5k

5.0k

09 10 11 12 13 14 15 16 17 18 19

Observations

12.0%

12.5%

13.0%

13.5%

14.0%

14.5%

15.0%

09 10 11 12 13 14 15 16 17 18 19

FWD RoE

0.6x

0.8x

0.9x

1.1x

1.2x

1.4x

1.5x

09 10 11 12 13 14 15 16 17 18 19

NIBD/EBIT

10.0%

11.5%

13.0%

14.5%

16.0%

17.5%

19.0%

09 10 11 12 13 14 15 16 17 18 19

Net Income Growth

9.0%

9.5%

10.0%

10.5%

11.0%

11.5%

12.0%

09 10 11 12 13 14 15 16 17 18 19

EBIT-margin (%)

0.70bn

0.85bn

1.00bn

1.15bn

1.30bn

1.45bn

1.60bn

09 10 11 12 13 14 15 16 17 18 19

Market cap
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10.7 Geographical and GICS split for broker median errors for P/E 

FWD+1  

Table 41: Geographical and GICS split for broker median errors for P/E FWD+1 

  

  

n: 2,885
Developed 

markets
Region Country GICS2 GICS4 GICS6

Peers per analyst report from the same geographcy and GICS

Mean 93.4% 79.1% 54.6% 83.9% 78.0% 68.7%

Min. 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%

X
25 100.0% 66.7% 11.1% 78.6% 66.7% 42.9%

Median 100.0% 95.2% 60.0% 100.0% 95.5% 81.8%

X
75 100.0% 100.0% 100.0% 100.0% 100.0% 100.0%

Max. 100.0% 100.0% 100.0% 100.0% 100.0% 100.0%

Number of observations in each quarter

Q1 631 717 709 716 702 716

Q2 0 712 705 467 740 716

Q3 0 29 635 0 15 355

Q4 2,254 1,427 836 1,702 1,428 1,098

Median FWD+1 P/E absolute valuation errors

Q1 19.4% 18.6% 18.7% 19.6% 20.4% 20.5%

Q2 n.a. 18.7% 18.2% 19.2% 19.3% 18.4%

Q3 n.a. 24.5% 19.3% n.a. 20.9% 19.6%

Q4 18.6% 18.7% 18.7% 18.3% 17.7% 17.8%

Percentage of peers per broker report from the same geograhic area or GICS as the target firm
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Table 42: Combination of geographical and GICS split for broker median errors for P/E FWD+1 

   

n: 2,885
Region and 

GICS2

Region and 

GICS4

Region and 

GICS6

Country and 

GICS2

Country and 

GICS4

Country and 

GICS6

Peers per analyst report from the same intersection of geographcy and GICS

Mean 66.6% 61.7% 54.1% 45.7% 42.4% 36.9%

Min. 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%

X
25 41.7% 33.3% 22.2% 0.0% 0.0% 0.0%

Median 75.0% 66.7% 55.2% 40.0% 33.3% 25.0%

X
75 100.0% 100.0% 88.9% 85.7% 80.0% 70.0%

Max. 100.0% 100.0% 100.0% 100.0% 100.0% 100.0%

Number of observations in each quarter

Q1 720 680 718 0 0 0

Q2 642 665 724 1419 1396 1426

Q3 606 734 696 717 725 734

Q4 917 806 747 749 764 725

Median FWD+1 P/E absolute valuation errors

Q1 19.1% 20.6% 20.3% n.a. n.a. n.a.

Q2 18.4% 18.1% 18.2% 18.6% 18.5% 19.1%

Q3 19.3% 19.5% 19.2% 18.5% 18.5% 18.2%

Q4 18.2% 17.7% 17.9% 19.1% 18.5% 18.7%

Percentage of peers per broker report from the same geograhic area and GICS as the target firm
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10.8 Significance test for hypothesis 1 (Approaches) 

Results of the two-tailed Wilcoxon signed rank test and the two-tailed paired t-test can be found below 

for SARD vs SECSARD, WARR vs SECWARR, SARD vs WARR, and SECSARD vs SECWARR. 

Table 43: The choice of fundamental approach 

Green fields indicate that the peer identification approach in the column obtains a lower median absolute valuation error 

than the selection model in the row and both tests are significant at 5%. 

Red fields indicate that the peer identification approach in the column obtains a higher median absolute valuation error 

than the selection model in the row and both tests are significant at 5%.  

White colour fields indicate an insignificant difference between the two results, i.e. either one or both tests are insignificant. 

 

  

EV/Sales 1 EV/Sales 1

EV/EBITDA -1 EV/EBITDA 1

EV/EBIT -1 EV/EBIT 1

P/E -1 P/E 1

SECSARD WARR

EV/Sales -1 EV/Sales 0

EV/EBITDA -1 EV/EBITDA 1

EV/EBIT -1 EV/EBIT 1

P/E -1 P/E 1

SECWARR SECWARR

S
A

R
D

W
A

R
R

S
E

C
S

A
R

D

S
A

R
D
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10.9 Significance test for hypothesis 1 (Financials) 

Results of the two-tailed Mann-Whitney test and the two-tailed Welch’s t-test can be found below.  

Table 44: The choice of value driver – actual (ACT) vs. current year forecast (FWD) vs. next-year 

forecast (FWD+1) 

Green fields indicate that the first mentioned multiple (e.g. “FWD”) obtains a lower median absolute valuation error than 

the last mentioned multiple (e.g. “ACT”) and both tests are significant at 5%. 

Red fields indicate that the first mentioned multiple (e.g. “FWD”) obtains a higher median absolute valuation error than the 

last mentioned multiple (e.g. “ACT”) and both tests are significant at 5%. 

White colour fields indicate an insignificant difference between the two results, i.e. either one or both tests are insignificant. 

  

FWD vs. 

ACT

FWD+1 vs.

ACT

FWD+1 vs.

FWD

GICS 1 1 1

SARD 0 1 0

SECSARD 1 1 1

WARR 1 1 1

SECWARR 1 1 1

GICS 1 1 1

SARD 1 1 1

SECSARD 1 1 1

WARR 1 1 1

SECWARR 1 1 1

GICS 1 1 1

SARD 1 1 1

SECSARD 1 1 1

WARR 1 1 1

SECWARR 1 1 1

GICS 1 1 1

SARD 1 1 0

SECSARD 1 1 1

WARR 1 1 0

SECWARR 1 1 0
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10.10 Multiples and selected statistics for hypothesis 2 

Table 45: Multiples and selected statistics for hypothesis 2 

 

Median, mean, and IQ range of absolute valuation errors for ACT, FWD and FWD+1 value drivers for different approaches.

A C T F WD F WD +1 ACT

GICS SARD SECSARD WARR INDWARR GICS SARD SECSARD WARR INDWARR GICS SARD SECSARD WARR INDWARR

Glo bal n: 39,005 n: 42,185 n: 41,639

EV/ Sales

M edian 49.6% (5) 25.0% (1) 26.8% (3) 27.7% (4) 26.7% (2) 48.8% (5) 24.5% (1) 26.1% (2) 27.0% (4) 26.2% (3) 47.7% (5) 24.1% (1) 25.6% (3) 26.5% (4) 25.6% (2)

M ean 68.7% (5) 33.6% (1) 35.5% (2) 39.5% (4) 38.4% (3) 67.2% (5) 33.2% (1) 34.9% (2) 38.2% (4) 37.0% (3) 65.7% (5) 32.8% (1) 34.3% (2) 37.2% (4) 35.6% (3)

IQ range 49.0% (5) 31.6% (1) 33.4% (2) 34.2% (4) 33.6% (3) 48.3% (5) 31.3% (1) 33.0% (2) 34.0% (4) 33.3% (3) 47.3% (5) 30.8% (1) 32.3% (2) 33.3% (4) 32.3% (3)

EV/ EB IT D A

M edian 29.1% (4) 26.1% (2) 24.6% (1) 29.6% (5) 28.3% (3) 27.0% (4) 24.4% (2) 22.9% (1) 27.9% (5) 26.7% (3) 25.7% (4) 23.5% (2) 22.0% (1) 27.1% (5) 25.1% (3)

M ean 38.0% (4) 34.8% (2) 32.9% (1) 39.8% (5) 37.6% (3) 35.5% (4) 32.8% (2) 30.6% (1) 37.5% (5) 35.3% (3) 33.7% (4) 31.5% (2) 29.3% (1) 36.0% (5) 33.3% (3)

IQ range 35.0% (4) 32.5% (2) 30.8% (1) 35.1% (5) 33.9% (3) 32.7% (4) 30.7% (2) 28.9% (1) 33.3% (5) 31.9% (3) 31.1% (4) 29.5% (2) 27.6% (1) 31.8% (5) 30.7% (3)

EV/ EB IT

M edian 29.3% (5) 25.2% (2) 24.3% (1) 27.7% (4) 27.0% (3) 26.9% (5) 22.2% (2) 21.4% (1) 25.3% (4) 24.6% (3) 24.7% (5) 21.2% (2) 20.4% (1) 23.9% (4) 22.7% (3)

M ean 39.6% (5) 34.5% (2) 33.3% (1) 37.8% (4) 36.7% (3) 36.5% (5) 30.4% (2) 29.1% (1) 34.0% (4) 33.0% (3) 33.1% (5) 28.8% (2) 27.6% (1) 32.4% (4) 30.8% (3)

IQ range 37.4% (5) 32.4% (2) 32.0% (1) 35.3% (4) 34.2% (3) 34.6% (5) 29.0% (2) 28.5% (1) 32.0% (4) 31.4% (3) 31.0% (5) 27.9% (2) 27.0% (1) 30.4% (4) 29.8% (3)

P / E

M edian 26.3% (5) 23.0% (2) 22.3% (1) 24.9% (4) 24.3% (3) 23.4% (5) 19.7% (2) 18.8% (1) 21.8% (4) 21.1% (3) 21.1% (4) 19.5% (2) 18.2% (1) 21.7% (5) 20.9% (3)

M ean 37.7% (5) 34.6% (2) 33.3% (1) 36.7% (4) 35.7% (3) 32.5% (5) 28.5% (2) 26.6% (1) 30.3% (4) 29.1% (3) 28.7% (3) 27.7% (2) 25.6% (1) 30.6% (5) 29.3% (4)

IQ range 35.4% (5) 31.1% (2) 30.5% (1) 33.3% (4) 32.2% (3) 31.6% (5) 26.3% (2) 25.7% (1) 28.6% (4) 28.0% (3) 28.1% (4) 25.9% (2) 24.9% (1) 28.5% (5) 27.8% (3)

P / B

M edian 38.2% (5) 20.5% (1) 20.6% (2) 22.4% (4) 21.4% (3)

M ean 50.8% (5) 28.6% (1) 28.7% (2) 33.4% (4) 31.3% (3)

IQ range 44.6% (5) 27.6% (1) 27.9% (2) 29.4% (4) 28.2% (3)

R egio n n: 39,005 n: 42,185 n: 41,639

EV/ Sales

M edian 47.7% (5) 25.5% (1) 28.5% (4) 27.4% (3) 26.5% (2) 46.6% (5) 25.0% (1) 27.8% (4) 26.6% (3) 25.7% (2) 45.6% (5) 24.6% (1) 27.4% (4) 26.0% (3) 25.0% (2)

M ean 65.6% (5) 34.0% (1) 37.7% (2) 39.3% (4) 37.8% (3) 64.0% (5) 33.4% (1) 36.9% (3) 37.4% (4) 36.3% (2) 62.3% (5) 33.1% (1) 36.4% (3) 36.5% (4) 35.1% (2)

IQ range 49.4% (5) 32.3% (1) 35.2% (4) 34.0% (3) 33.5% (2) 48.6% (5) 31.9% (1) 34.6% (4) 33.6% (3) 33.0% (2) 47.6% (5) 31.5% (1) 33.9% (4) 32.9% (3) 31.9% (2)

EV/ EB IT D A

M edian 28.0% (4) 25.4% (2) 24.5% (1) 29.0% (5) 27.5% (3) 25.9% (4) 23.7% (2) 22.5% (1) 27.4% (5) 25.8% (3) 25.0% (4) 22.9% (2) 21.5% (1) 26.2% (5) 24.5% (3)

M ean 36.6% (4) 34.1% (2) 32.4% (1) 38.9% (5) 36.6% (3) 33.7% (3) 31.9% (2) 29.9% (1) 36.7% (5) 34.1% (4) 32.4% (4) 30.8% (2) 28.6% (1) 35.2% (5) 32.3% (3)

IQ range 34.3% (4) 32.0% (2) 30.9% (1) 34.9% (5) 33.3% (3) 31.9% (4) 30.1% (2) 28.7% (1) 32.9% (5) 31.7% (3) 30.4% (4) 29.1% (2) 27.5% (1) 31.8% (5) 30.0% (3)

EV/ EB IT

M edian 28.7% (5) 24.7% (2) 24.2% (1) 27.4% (4) 26.3% (3) 25.8% (5) 21.7% (2) 21.1% (1) 24.7% (4) 24.1% (3) 23.7% (5) 20.8% (2) 20.0% (1) 23.4% (4) 22.2% (3)

M ean 38.2% (5) 33.8% (2) 32.9% (1) 37.3% (4) 35.8% (3) 34.8% (5) 29.4% (2) 28.6% (1) 33.2% (4) 31.9% (3) 31.8% (5) 28.0% (2) 27.0% (1) 31.6% (4) 29.7% (3)

IQ range 36.5% (5) 32.3% (2) 31.9% (1) 35.2% (4) 33.7% (3) 33.6% (5) 28.6% (2) 28.0% (1) 31.8% (4) 30.9% (3) 30.5% (5) 27.5% (2) 26.5% (1) 29.6% (4) 28.9% (3)

P / E

M edian 25.9% (5) 22.6% (2) 22.0% (1) 24.9% (4) 23.8% (3) 22.5% (5) 19.1% (2) 18.5% (1) 21.2% (4) 20.6% (3) 20.6% (4) 18.8% (2) 17.8% (1) 21.3% (5) 20.2% (3)

M ean 36.5% (5) 33.9% (2) 32.8% (1) 36.5% (4) 35.1% (3) 31.4% (5) 27.2% (2) 26.1% (1) 29.8% (4) 28.4% (3) 28.0% (3) 26.8% (2) 25.2% (1) 29.8% (5) 28.1% (4)

IQ range 34.8% (5) 31.0% (2) 30.4% (1) 33.1% (4) 31.9% (3) 30.9% (5) 26.0% (2) 25.6% (1) 28.7% (4) 27.4% (3) 27.4% (4) 25.5% (2) 24.5% (1) 28.3% (5) 27.0% (3)

P / B

M edian 35.4% (5) 20.4% (1) 21.2% (3) 21.8% (4) 20.7% (2)

M ean 46.0% (5) 28.1% (1) 29.0% (2) 32.5% (4) 30.0% (3)

IQ range 43.0% (5) 27.7% (2) 28.9% (3) 29.1% (4) 27.5% (1)

C o untry n: 31,527 n: 34,642 n: 34,083

EV/ Sales

M edian 47.2% (5) 26.5% (1) 30.8% (4) 27.5% (2) 28.0% (3) 45.9% (5) 26.1% (1) 30.1% (4) 26.3% (2) 27.0% (3) 45.1% (5) 25.7% (2) 29.6% (4) 25.6% (1) 26.2% (3)

M ean 64.8% (5) 35.6% (1) 41.3% (4) 38.8% (2) 39.3% (3) 62.9% (5) 35.1% (1) 40.6% (4) 36.8% (2) 37.7% (3) 61.9% (5) 34.6% (1) 39.8% (4) 35.7% (2) 36.5% (3)

IQ range 49.6% (5) 33.8% (1) 38.1% (4) 34.2% (2) 35.0% (3) 48.4% (5) 33.6% (2) 37.4% (4) 33.5% (1) 34.4% (3) 48.1% (5) 32.8% (2) 36.7% (4) 32.7% (1) 33.5% (3)

EV/ EB IT D A

M edian 28.0% (4) 24.7% (2) 24.5% (1) 28.3% (5) 26.9% (3) 26.0% (4) 23.2% (2) 22.5% (1) 26.5% (5) 25.1% (3) 24.9% (4) 22.2% (2) 21.4% (1) 25.7% (5) 24.0% (3)

M ean 36.6% (4) 33.5% (2) 32.7% (1) 38.1% (5) 36.1% (3) 33.7% (4) 31.3% (2) 30.0% (1) 35.7% (5) 33.2% (3) 32.4% (4) 30.2% (2) 28.7% (1) 34.4% (5) 31.6% (3)

IQ range 34.3% (4) 31.6% (2) 31.3% (1) 34.7% (5) 33.4% (3) 32.0% (4) 29.3% (2) 28.9% (1) 32.9% (5) 31.3% (3) 30.7% (4) 28.6% (2) 27.4% (1) 31.6% (5) 30.0% (3)

EV/ EB IT

M edian 28.7% (5) 24.4% (1) 24.4% (2) 26.8% (4) 25.9% (3) 26.1% (5) 21.5% (2) 21.5% (1) 24.4% (4) 23.6% (3) 24.2% (5) 20.6% (2) 20.3% (1) 23.0% (4) 21.9% (3)

M ean 38.3% (5) 33.5% (2) 33.0% (1) 36.8% (4) 35.3% (3) 34.8% (5) 29.1% (2) 28.7% (1) 32.8% (4) 31.2% (3) 32.0% (5) 27.8% (2) 27.1% (1) 31.0% (4) 29.2% (3)

IQ range 36.8% (5) 32.2% (1) 32.3% (2) 35.0% (4) 34.0% (3) 33.7% (5) 28.4% (1) 28.6% (2) 31.9% (4) 30.7% (3) 30.8% (5) 27.0% (2) 26.8% (1) 29.7% (4) 28.7% (3)

P / E

M edian 26.2% (5) 22.3% (2) 22.2% (1) 24.4% (4) 23.4% (3) 22.9% (5) 19.0% (1) 19.0% (2) 21.2% (4) 20.4% (3) 20.8% (4) 18.5% (2) 18.1% (1) 21.1% (5) 20.0% (3)

M ean 36.9% (5) 33.5% (2) 32.8% (1) 35.6% (4) 34.5% (3) 31.5% (5) 26.9% (2) 26.4% (1) 29.8% (4) 28.1% (3) 27.9% (4) 26.4% (2) 25.2% (1) 29.6% (5) 27.8% (3)

IQ range 34.8% (5) 30.8% (2) 30.5% (1) 32.7% (4) 31.8% (3) 31.0% (5) 26.2% (1) 26.3% (2) 28.6% (4) 27.7% (3) 27.6% (4) 25.5% (2) 24.7% (1) 28.1% (5) 26.8% (3)

P / B

M edian 35.4% (5) 20.8% (1) 22.9% (4) 21.5% (3) 21.5% (2)

M ean 44.9% (5) 28.3% (1) 30.7% (3) 31.7% (4) 30.5% (2)

IQ range 42.9% (5) 28.4% (1) 31.2% (4) 28.8% (2) 29.1% (3)
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10.11 Global vs. region vs. country 

10.11.1 GICS 

Table 46: GICS FWD+1 EV/Sales median errors across countries and peer-pool sizes (2010-19)  

The table displays estimation errors of on all countries with sufficient GICS 2 peers in a given valuation year (num. GICS 

2 peers >16). Green fields indicate that both tests favour the restriction mentioned first (e.g. Region for Region vs. Global). 

Red fields indicate the opposite. White fields indicate that either one of- or both tests are not statistically significant.  

  

GICS FWD+1 EV/Sales Median errors across countries and peer-pool sizes (2010-2019)

Peer pool selection

Global Region Country

Median 51.8% (2) 55.6% (3) 50.7% (1)

Australia Average 60.3% (1) 60.7% (2) 68.6% (3)

(1,794) IQ range 43.4% (2) 40.0% (1) 47.4% (3)

Median 51.9% (3) 48.7% (2) 44.7% (1)

Canada Average 54.5% (2) 53.8% (1) 61.6% (3)

(1,814) IQ range 42.4% (1) 44.6% (2) 48.6% (3)

Median 42.9% (3) 36.7% (1) 37.0% (2)

Finland Average 55.1% (2) 49.8% (1) 55.4% (3)

(200) IQ range 40.6% (3) 35.9% (1) 38.7% (2)

Median 46.3% (2) 43.5% (1) 49.1% (3)

France Average 62.6% (2) 60.7% (1) 63.0% (3)

(1,250) IQ range 47.6% (1) 49.8% (3) 49.7% (2)

Median 45.8% (1) 46.7% (2) 48.2% (3)

Germany Average 71.3% (2) 74.0% (3) 63.1% (1)

(1,159) IQ range 56.3% (2) 60.1% (3) 46.7% (1)

Median 53.3% (1) 55.5% (2) 58.9% (3)

Hong Kong Average 84.1% (3) 72.6% (1) 78.8% (2) #### ####

(1,086) IQ range 51.1% (3) 45.7% (1) 48.0% (2)

Median 47.1% (3) 45.1% (1) 46.9% (2)

Italy Average 61.8% (1) 64.1% (3) 63.0% (2)

(392) IQ range 39.0% (1) 39.6% (2) 50.2% (3)

Median 46.2% (3) 40.4% (2) 39.8% (1)

Japan Average 80.5% (3) 61.4% (2) 54.4% (1) #### #### #### #### #### ####

(7,121) IQ range 63.2% (3) 49.5% (2) 46.3% (1)

Median 49.9% (2) 45.8% (1) 61.8% (3)

Netherlands Average 67.5% (1) 69.5% (2) 78.9% (3) #### #### #### ####

(175) IQ range 55.4% (2) 58.6% (3) 49.0% (1)

Median 50.9% (1) 62.8% (3) 60.7% (2)

Singapore Average 64.9% (1) 66.7% (2) 74.3% (3) #### ####

(207) IQ range 45.2% (2) 37.0% (1) 46.2% (3)

Median 47.7% (2) 56.0% (3) 33.8% (1)

Spain Average 47.2% (1) 51.4% (2) 58.5% (3)

(52) IQ range 43.1% (1) 53.2% (2) 53.8% (3)

Median 45.3% (3) 42.4% (1) 43.3% (2)

Sw eden Average 52.6% (2) 49.6% (1) 58.3% (3)

(783) IQ range 42.2% (1) 44.3% (2) 52.8% (3)

Median 46.6% (2) 47.8% (3) 44.1% (1)

Sw itzerland Average 52.8% (1) 57.2% (2) 61.0% (3)

(403) IQ range 44.8% (1) 45.2% (2) 49.3% (3)

Median 48.1% (1) 50.0% (3) 49.5% (2)

United Kingdom Average 63.4% (2) 63.3% (1) 70.4% (3) #### ####

(3,227) IQ range 43.7% (1) 45.3% (2) 48.2% (3)

Median 48.1% (3) 44.5% (1) 44.6% (2)

United States Average 59.8% (1) 62.8% (3) 61.3% (2) #### ####

(14,420) IQ range 43.7% (1) 46.3% (2) 46.9% (3)

Country
Region vs. 

Global

Region vs. 

Country

Global vs. 

Country
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Table 47: GICS FWD+1 EV/EBITDA median errors across countries and peer-pool sizes  

The table displays estimation errors of on all countries with sufficient GICS 2 peers in a given valuation year (num. GICS 

2 peers >16). Green fields indicate that both tests favour the restriction mentioned first (e.g. Region for Region vs. Global). 

Red fields indicate the opposite. White fields indicate that either one of- or both tests are not statistically significant.  

 

  

GICS FWD+1 EV/EBITDA median errors across countries and peer-pool sizes (2010-2019)

Peer pool selection

Global Region Country

Median 25.3% (1) 28.0% (2) 28.0% (3)

Australia Average 34.8% (2) 35.4% (3) 34.6% (1)

(1,794) IQ range 32.8% (2) 31.4% (1) 33.3% (3)

Median 26.8% (2) 25.3% (1) 27.5% (3)

Canada Average 33.3% (1) 34.9% (2) 36.0% (3) #### ####

(1,814) IQ range 31.9% (1) 34.5% (3) 34.4% (2)

Median 24.8% (3) 21.6% (2) 19.6% (1)

Finland Average 29.0% (1) 30.2% (2) 33.3% (3)

(200) IQ range 25.8% (2) 24.8% (1) 25.9% (3)

Median 24.7% (2) 24.1% (1) 25.4% (3)

France Average 32.3% (2) 31.6% (1) 32.9% (3) #### ####

(1,250) IQ range 30.7% (2) 30.4% (1) 31.2% (3)

Median 26.9% (3) 25.3% (2) 25.1% (1)

Germany Average 36.8% (2) 37.4% (3) 34.5% (1)

(1,159) IQ range 34.8% (2) 36.0% (3) 30.7% (1)

Median 33.7% (3) 33.6% (2) 33.2% (1)

Hong Kong Average 50.1% (3) 44.8% (2) 43.6% (1) #### ####

(1,086) IQ range 41.9% (3) 37.3% (1) 39.0% (2)

Median 27.9% (3) 24.4% (1) 26.1% (2)

Italy Average 36.0% (3) 35.2% (2) 33.9% (1)

(392) IQ range 30.5% (2) 30.9% (3) 30.2% (1)

Median 28.4% (3) 27.0% (2) 26.7% (1)

Japan Average 41.7% (3) 35.4% (2) 34.3% (1) #### #### #### #### #### ####

(7,121) IQ range 38.4% (3) 32.7% (2) 31.5% (1)

Median 20.6% (2) 20.5% (1) 23.6% (3)

Netherlands Average 27.2% (1) 28.0% (2) 32.1% (3) #### #### #### ####

(175) IQ range 27.0% (3) 26.6% (2) 25.8% (1)

Median 30.1% (1) 35.0% (3) 35.0% (2)

Singapore Average 40.2% (1) 43.8% (2) 46.5% (3) #### ####

(207) IQ range 33.7% (1) 41.1% (2) 41.4% (3)

Median 18.3% (1) 24.9% (3) 20.3% (2)

Spain Average 23.5% (1) 28.2% (3) 27.5% (2)

(52) IQ range 15.1% (1) 35.9% (3) 27.1% (2)

Median 25.6% (3) 24.7% (2) 20.5% (1)

Sw eden Average 27.7% (3) 27.6% (2) 26.7% (1)

(783) IQ range 26.4% (3) 23.9% (1) 25.3% (2)

Median 25.5% (2) 27.3% (3) 24.6% (1)

Sw itzerland Average 29.5% (1) 32.0% (3) 31.1% (2)

(403) IQ range 28.0% (2) 29.5% (3) 26.3% (1)

Median 25.3% (2) 24.3% (1) 25.6% (3)

United Kingdom Average 33.3% (3) 31.6% (1) 32.9% (2) #### #### #### ####

(3,227) IQ range 29.8% (3) 27.3% (1) 28.8% (2)

Median 24.8% (3) 23.2% (2) 23.0% (1)

United States Average 29.8% (3) 29.5% (1) 29.7% (2)

(14,420) IQ range 28.9% (2) 28.8% (1) 29.1% (3)

Country
Region vs. 

Global

Region vs. 

Country

Global vs. 

Country
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Table 48: GICS FWD+1 EV/EBIT median errors across countries and peer-pool sizes  

The table displays estimation errors of on all countries with sufficient GICS 2 peers in a given valuation year (num. GICS 

2 peers >16). Green fields indicate that both tests favour the restriction mentioned first (e.g. Region for Region vs. Global). 

Red fields indicate the opposite. White fields indicate that either one of- or both tests are not statistically significant.  

 

  

GICS FWD+1 EV/EBIT median errors across countries and peer-pool sizes (2010-2019) 

Peer pool selection

Global Region Country

Median 24.3% (1) 25.9% (2) 26.0% (3)

Australia Average 33.8% (3) 33.5% (2) 32.5% (1)

(1,794) IQ range 31.4% (3) 29.5% (1) 30.7% (2)

Median 29.1% (3) 27.5% (1) 27.9% (2)

Canada Average 36.7% (1) 38.5% (2) 39.0% (3)

(1,814) IQ range 35.0% (1) 35.7% (2) 37.0% (3)

Median 18.7% (3) 15.9% (2) 14.1% (1)

Finland Average 20.9% (1) 21.8% (3) 21.0% (2)

(200) IQ range 20.5% (3) 18.7% (2) 17.1% (1)

Median 22.8% (2) 21.6% (1) 22.9% (3)

France Average 28.9% (3) 27.6% (1) 28.2% (2) #### ####

(1,250) IQ range 28.4% (3) 28.3% (2) 28.0% (1)

Median 23.4% (2) 22.6% (1) 23.7% (3)

Germany Average 32.0% (3) 31.7% (2) 30.1% (1)

(1,159) IQ range 30.0% (2) 30.6% (3) 27.9% (1)

Median 35.4% (3) 32.8% (1) 33.2% (2)

Hong Kong Average 52.9% (3) 47.0% (2) 44.3% (1) #### #### #### ####

(1,086) IQ range 46.5% (3) 40.1% (1) 41.4% (2)

Median 25.5% (3) 23.5% (1) 24.6% (2)

Italy Average 31.1% (2) 31.1% (1) 31.5% (3)

(392) IQ range 28.1% (2) 26.3% (1) 28.6% (3)

Median 30.0% (3) 29.8% (2) 28.6% (1)

Japan Average 42.3% (3) 37.8% (2) 37.2% (1) #### #### #### #### #### ####

(7,121) IQ range 38.1% (3) 34.2% (1) 34.3% (2)

Median 21.8% (2) 21.2% (1) 23.5% (3)

Netherlands Average 28.1% (2) 27.9% (1) 30.2% (3)

(175) IQ range 25.5% (1) 26.7% (2) 29.9% (3)

Median 30.7% (1) 30.9% (2) 36.0% (3)

Singapore Average 40.3% (2) 38.6% (1) 44.3% (3) #### ####

(207) IQ range 35.0% (1) 41.3% (3) 37.7% (2)

Median 21.6% (1) 24.1% (3) 22.6% (2)

Spain Average 26.0% (1) 32.6% (3) 30.9% (2)

(52) IQ range 22.3% (1) 34.4% (2) 35.3% (3)

Median 21.5% (3) 20.2% (2) 19.0% (1)

Sw eden Average 24.1% (3) 23.7% (2) 23.7% (1)

(783) IQ range 20.8% (1) 21.8% (2) 23.1% (3)

Median 22.4% (2) 22.4% (3) 20.7% (1)

Sw itzerland Average 26.8% (1) 28.6% (3) 27.9% (2)

(403) IQ range 26.4% (3) 25.7% (2) 24.9% (1)

Median 22.1% (2) 20.9% (1) 23.1% (3)

United Kingdom Average 32.4% (3) 29.8% (1) 29.8% (2) #### ####

(3,227) IQ range 28.6% (3) 28.1% (2) 27.8% (1)

Median 23.7% (3) 21.8% (1) 22.1% (2)

United States Average 29.0% (2) 28.8% (1) 29.1% (3)

(14,420) IQ range 28.9% (3) 28.4% (1) 28.7% (2)

Country
Region vs. 

Global

Region vs. 

Country

Global vs. 

Country
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Table 49: GICS FWD+1 P/E median errors across countries and peer-pool sizes  

The table displays estimation errors of on all countries with sufficient GICS 2 peers in a given valuation year (num. GICS 

2 peers >16). Green fields indicate that both tests favour the restriction mentioned first (e.g. Region for Region vs. Global). 

Red fields indicate the opposite. White fields indicate that either one of- or both tests are not statistically significant.  

 

               

  

GICS FWD+1 P/E median errors across countries and peer-pool sizes (2010-2019)

Peer pool selection

Global Region Country

Median 22.7% (1) 23.7% (3) 23.1% (2)

Australia Average 31.3% (3) 31.1% (2) 29.5% (1)

(1,794) IQ range 30.3% (2) 30.5% (3) 27.8% (1)

Median 25.4% (2) 25.3% (1) 25.9% (3)

Canada Average 32.8% (1) 35.0% (2) 35.8% (3) #### ####

(1,814) IQ range 32.6% (1) 34.8% (3) 33.1% (2)

Median 14.0% (2) 14.5% (3) 13.3% (1)

Finland Average 16.2% (2) 16.1% (1) 18.0% (3)

(200) IQ range 17.8% (1) 18.7% (2) 18.7% (3)

Median 18.0% (3) 17.9% (2) 16.9% (1)

France Average 23.0% (3) 21.6% (1) 22.1% (2) #### ####

(1,250) IQ range 23.4% (3) 22.5% (1) 23.4% (2)

Median 19.6% (2) 18.8% (1) 19.7% (3)

Germany Average 26.4% (2) 25.6% (1) 26.6% (3) #### ####

(1,159) IQ range 28.1% (3) 26.6% (1) 27.9% (2)

Median 31.7% (3) 29.9% (2) 24.9% (1)

Hong Kong Average 52.0% (3) 47.5% (2) 34.9% (1) #### #### #### #### #### ####

(1,086) IQ range 44.8% (3) 40.8% (2) 30.8% (1)

Median 20.7% (3) 19.9% (1) 19.9% (2)

Italy Average 26.6% (2) 27.4% (3) 25.9% (1)

(392) IQ range 26.5% (2) 20.6% (1) 28.7% (3)

Median 22.0% (3) 21.4% (2) 20.5% (1)

Japan Average 30.7% (3) 29.8% (2) 29.3% (1) #### #### #### ####

(7,121) IQ range 30.2% (3) 29.7% (2) 29.0% (1)

Median 17.4% (3) 17.3% (2) 16.6% (1)

Netherlands Average 22.7% (2) 22.2% (1) 23.6% (3)

(175) IQ range 19.0% (1) 22.7% (2) 24.2% (3)

Median 21.6% (2) 21.3% (1) 27.6% (3)

Singapore Average 34.0% (3) 33.7% (2) 32.3% (1)

(207) IQ range 31.9% (3) 29.5% (2) 25.9% (1)

Median 14.4% (2) 14.0% (1) 14.6% (3)

Spain Average 19.0% (1) 21.1% (3) 19.7% (2)

(52) IQ range 19.7% (2) 28.1% (3) 14.9% (1)

Median 16.6% (1) 17.4% (3) 16.8% (2)

Sw eden Average 21.6% (2) 21.8% (3) 21.2% (1)

(783) IQ range 22.3% (3) 21.2% (2) 20.8% (1)

Median 23.5% (3) 23.3% (2) 17.2% (1)

Sw itzerland Average 26.6% (1) 27.8% (3) 27.1% (2)

(403) IQ range 25.2% (2) 28.5% (3) 23.1% (1)

Median 21.7% (3) 19.8% (1) 21.6% (2)

United Kingdom Average 29.7% (3) 26.5% (1) 27.0% (2) #### #### #### ####

(3,227) IQ range 28.4% (3) 25.5% (2) 25.5% (1)

Median 21.2% (3) 20.5% (1) 20.5% (2)

United States Average 26.8% (2) 26.6% (1) 26.9% (3)

(14,420) IQ range 27.3% (3) 27.1% (1) 27.2% (2)

Country
Region vs. 

Country

Global vs. 

Country

Region vs. 

Global
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10.11.2 SARD 

Table 50: SARD FWD+1 EV/Sales median errors across countries and peer-pool sizes 

The table displays estimation errors of on all countries with sufficient GICS 2 peers in a given valuation year (num. GICS 

2 peers >16). Green fields indicate that both tests favour the restriction mentioned first (e.g. Region for Region vs. Global). 

Red fields indicate the opposite. White fields indicate that either one of- or both tests are not statistically significant.  

  

SARD FWD+1 EV/Sales Median errors across countries and peer-pool sizes (2010-2019)

Peer pool selection

Global Region Country

Median 24.2% (1) 26.9% (3) 25.1% (2)

Australia Average 31.6% (1) 32.8% (2) 35.1% (3) #### #### #### ####

(1,794) IQ range 29.7% (1) 31.6% (2) 34.1% (3)

Median 25.0% (1) 25.6% (2) 28.7% (3)

Canada Average 31.9% (1) 32.1% (2) 36.2% (3) #### #### #### ####

(1,814) IQ range 32.4% (2) 31.7% (1) 34.6% (3)

Median 19.1% (1) 20.4% (2) 25.1% (3)

Finland Average 24.4% (1) 27.4% (2) 37.3% (3) #### #### #### ####

(200) IQ range 25.1% (2) 24.0% (1) 28.0% (3)

Median 20.8% (1) 25.6% (2) 29.4% (3)

France Average 28.5% (1) 31.0% (2) 35.5% (3) #### #### #### #### #### ####

(1,250) IQ range 29.0% (1) 31.0% (2) 37.1% (3)

Median 23.0% (1) 23.0% (2) 29.0% (3)

Germany Average 32.1% (1) 32.5% (2) 37.0% (3) #### #### #### ####

(1,159) IQ range 30.3% (1) 31.0% (2) 37.5% (3)

Median 36.8% (2) 36.1% (1) 39.1% (3)

Hong Kong Average 54.5% (3) 51.4% (1) 52.1% (2)

(1,086) IQ range 47.1% (3) 43.5% (2) 43.1% (1)

Median 22.1% (1) 22.2% (2) 33.2% (3)

Italy Average 33.8% (2) 33.4% (1) 42.8% (3) #### #### #### ####

(392) IQ range 29.0% (2) 28.2% (1) 32.5% (3)

Median 25.3% (1) 25.7% (2) 26.8% (3)

Japan Average 36.1% (3) 33.2% (1) 33.7% (2) #### ####

(7,121) IQ range 33.3% (3) 31.4% (1) 32.8% (2)

Median 19.9% (1) 21.0% (2) 33.2% (3)

Netherlands Average 35.0% (1) 38.0% (2) 55.5% (3) #### #### #### ####

(175) IQ range 29.2% (1) 35.4% (2) 42.3% (3)

Median 33.9% (1) 34.4% (2) 39.1% (3)

Singapore Average 41.8% (2) 41.5% (1) 53.5% (3) #### ####

(207) IQ range 29.2% (1) 34.7% (2) 42.9% (3)

Median 25.1% (1) 31.3% (2) 35.4% (3)

Spain Average 32.8% (1) 35.5% (2) 50.4% (3) #### ####

(52) IQ range 31.1% (1) 38.6% (2) 45.0% (3)

Median 21.3% (2) 20.4% (1) 24.4% (3)

Sw eden Average 26.7% (2) 25.8% (1) 35.2% (3) #### #### #### ####

(783) IQ range 24.0% (1) 24.9% (2) 30.6% (3)

Median 25.6% (2) 23.8% (1) 26.7% (3)

Sw itzerland Average 33.7% (2) 31.4% (1) 41.4% (3) #### ####

(403) IQ range 28.5% (2) 27.1% (1) 32.0% (3)

Median 23.0% (1) 23.2% (2) 25.2% (3)

United Kingdom Average 31.9% (1) 32.8% (2) 34.1% (3) #### #### #### ####

(3,227) IQ range 30.2% (1) 31.4% (2) 31.6% (3)

Median 23.2% (2) 23.2% (1) 23.4% (3)

United States Average 30.8% (1) 32.0% (2) 32.1% (3)

(14,420) IQ range 30.0% (1) 30.6% (2) 30.8% (3)

Country
Region vs. 

Global

Region vs. 

Country

Global vs. 

Country
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Table 51: SARD FWD+1 EV/EBITDA median errors across countries and peer-pool sizes 

The table displays estimation errors of on all countries with sufficient GICS 2 peers in a given valuation year (num. GICS 

2 peers >16). Green fields indicate that both tests favour the restriction mentioned first (e.g. Region for Region vs. Global). 

Red fields indicate the opposite. White fields indicate that either one of- or both tests are not statistically significant.  

  

SARD FWD+1 EV/EBITDA median errors across countries and peer-pool sizes (2010-2019)

Peer pool selection

Global Region Country

Median 24.9% (1) 27.1% (3) 25.0% (2)

Australia Average 36.5% (3) 35.9% (2) 35.7% (1)

(1,794) IQ range 32.1% (2) 32.0% (1) 32.6% (3)

Median 25.1% (2) 24.7% (1) 25.3% (3)

Canada Average 35.9% (2) 36.6% (3) 33.6% (1)

(1,814) IQ range 34.2% (3) 33.6% (2) 30.5% (1)

Median 23.6% (2) 24.2% (3) 19.6% (1)

Finland Average 28.1% (1) 28.6% (2) 29.2% (3)

(200) IQ range 22.3% (1) 22.6% (3) 22.5% (2)

Median 21.1% (2) 21.2% (3) 20.8% (1)

France Average 29.2% (2) 29.4% (3) 28.0% (1)

(1,250) IQ range 28.1% (1) 28.6% (2) 28.6% (3)

Median 25.8% (3) 22.0% (2) 21.7% (1)

Germany Average 32.5% (3) 31.1% (2) 30.1% (1) #### #### #### ####

(1,159) IQ range 30.5% (2) 31.5% (3) 29.3% (1)

Median 31.5% (3) 28.9% (2) 28.6% (1)

Hong Kong Average 43.6% (3) 39.2% (2) 35.8% (1) #### #### #### #### #### ####

(1,086) IQ range 39.6% (3) 36.2% (2) 33.6% (1)

Median 22.0% (3) 20.3% (1) 20.6% (2)

Italy Average 29.9% (2) 30.4% (3) 29.0% (1)

(392) IQ range 28.5% (1) 30.2% (3) 28.7% (2)

Median 25.0% (3) 23.8% (2) 23.5% (1)

Japan Average 34.1% (3) 30.6% (2) 30.0% (1) #### #### #### #### #### ####

(7,121) IQ range 32.0% (3) 30.1% (2) 29.2% (1)

Median 18.3% (1) 19.6% (3) 18.9% (2)

Netherlands Average 24.3% (1) 25.7% (2) 28.5% (3) #### ####

(175) IQ range 25.1% (1) 25.6% (2) 29.3% (3)

Median 30.9% (3) 28.8% (1) 30.4% (2)

Singapore Average 38.9% (2) 35.1% (1) 42.6% (3)

(207) IQ range 34.0% (1) 36.3% (3) 36.3% (2)

Median 19.5% (3) 18.7% (1) 19.3% (2)

Spain Average 29.8% (2) 30.2% (3) 28.4% (1)

(52) IQ range 21.2% (1) 24.3% (2) 25.5% (3)

Median 24.6% (3) 22.4% (2) 17.6% (1)

Sw eden Average 27.4% (3) 25.6% (2) 24.3% (1) #### #### #### ####

(783) IQ range 24.4% (3) 22.2% (1) 22.3% (2)

Median 25.3% (3) 21.5% (2) 17.5% (1)

Sw itzerland Average 30.7% (3) 26.7% (2) 25.9% (1) #### #### #### ####

(403) IQ range 24.8% (2) 24.8% (3) 23.1% (1)

Median 23.5% (3) 23.1% (1) 23.4% (2)

United Kingdom Average 31.9% (1) 32.6% (3) 32.5% (2)

(3,227) IQ range 29.7% (2) 29.8% (3) 29.6% (1)

Median 21.9% (3) 21.2% (2) 21.1% (1)

United States Average 28.6% (2) 28.4% (1) 28.7% (3)

(14,420) IQ range 27.6% (3) 27.2% (1) 27.2% (2)

Country
Region vs. 

Global

Region vs. 

Country

Global vs. 

Country
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Table 52: SARD FWD+1 EV/EBIT median errors across countries and peer-pool sizes  

The table displays estimation errors of on all countries with sufficient GICS 2 peers in a given valuation year (num. GICS 

2 peers >16). Green fields indicate that both tests favour the restriction mentioned first (e.g. Region for Region vs. Global). 

Red fields indicate the opposite. White fields indicate that either one of- or both tests are not statistically significant.  

 

  

SARD FWD+1 EV/EBIT median errors across countries and peer-pool sizes (2010-2019) 

Peer pool selection

Global Region Country

Median 21.6% (2) 23.0% (3) 20.9% (1)

Australia Average 30.4% (3) 30.1% (2) 29.6% (1)

(1,794) IQ range 27.3% (1) 27.9% (3) 27.8% (2)

Median 22.5% (1) 23.0% (2) 23.8% (3)

Canada Average 31.5% (1) 32.8% (3) 32.0% (2)

(1,814) IQ range 32.4% (2) 32.7% (3) 31.1% (1)

Median 17.3% (3) 16.4% (2) 13.8% (1)

Finland Average 21.0% (1) 21.5% (3) 21.3% (2)

(200) IQ range 21.6% (3) 16.8% (2) 15.7% (1)

Median 18.5% (2) 19.2% (3) 18.2% (1)

France Average 23.9% (2) 24.5% (3) 22.9% (1)

(1,250) IQ range 25.4% (3) 23.9% (2) 22.5% (1)

Median 19.5% (3) 17.7% (1) 18.9% (2)

Germany Average 27.5% (3) 26.3% (1) 26.5% (2)

(1,159) IQ range 27.8% (3) 26.2% (2) 25.7% (1)

Median 32.6% (3) 30.4% (2) 29.8% (1)

Hong Kong Average 45.1% (3) 40.2% (2) 36.1% (1) #### #### #### #### #### ####

(1,086) IQ range 42.5% (3) 40.2% (2) 34.7% (1)

Median 21.3% (2) 19.2% (1) 21.8% (3)

Italy Average 29.4% (2) 28.7% (1) 29.8% (3)

(392) IQ range 29.2% (3) 27.3% (1) 27.8% (2)

Median 22.3% (3) 21.4% (1) 21.6% (2)

Japan Average 31.7% (3) 28.1% (2) 27.8% (1) #### #### #### ####

(7,121) IQ range 30.3% (3) 27.8% (2) 27.0% (1)

Median 17.7% (3) 16.6% (1) 16.9% (2)

Netherlands Average 23.8% (1) 24.5% (2) 27.6% (3)

(175) IQ range 23.6% (1) 25.3% (2) 27.1% (3)

Median 27.2% (2) 28.0% (3) 26.0% (1)

Singapore Average 35.8% (2) 33.1% (1) 35.9% (3)

(207) IQ range 30.4% (1) 32.9% (3) 31.7% (2)

Median 23.1% (1) 23.7% (2) 25.3% (3)

Spain Average 27.0% (1) 30.7% (2) 32.3% (3) #### ####

(52) IQ range 30.6% (2) 29.7% (1) 31.3% (3)

Median 19.0% (3) 16.1% (2) 15.4% (1)

Sw eden Average 23.3% (3) 21.7% (2) 21.4% (1) #### #### #### ####

(783) IQ range 21.9% (3) 20.4% (2) 19.7% (1)

Median 24.3% (3) 20.4% (2) 15.5% (1)

Sw itzerland Average 30.1% (3) 26.0% (2) 25.4% (1) #### #### #### ####

(403) IQ range 23.3% (2) 23.9% (3) 22.9% (1)

Median 20.6% (2) 20.3% (1) 20.7% (3)

United Kingdom Average 29.2% (2) 29.7% (3) 29.2% (1)

(3,227) IQ range 28.0% (3) 27.8% (2) 27.8% (1)

Median 20.5% (3) 20.1% (2) 20.0% (1)

United States Average 26.6% (1) 26.7% (2) 26.9% (3)

(14,420) IQ range 26.7% (3) 26.7% (1) 26.7% (2)

Country
Region vs. 

Global

Region vs. 

Country

Global vs. 

Country
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Table 53: SARD FWD+1 P/E median errors across countries and peer-pool sizes  

The table displays estimation errors of on all countries with sufficient GICS 2 peers in a given valuation year (num. GICS 

2 peers >16). Green fields indicate that both tests favour the restriction mentioned first (e.g. Region for Region vs. Global). 

Red fields indicate the opposite. White fields indicate that either one of- or both tests are not statistically significant.  

 

  

SARD FWD+1 P/E median errors across countries and peer-pool sizes (2010-2019)

Peer pool selection

Global Region Country

Median 20.9% (2) 22.4% (3) 19.7% (1)

Australia Average 29.7% (2) 29.9% (3) 28.1% (1) #### #### #### ####

(1,794) IQ range 26.1% (1) 26.5% (2) 27.5% (3)

Median 21.8% (1) 22.1% (3) 22.1% (2)

Canada Average 30.6% (2) 31.8% (3) 29.7% (1)

(1,814) IQ range 29.6% (2) 30.6% (3) 28.8% (1)

Median 15.6% (3) 15.6% (2) 12.8% (1)

Finland Average 19.2% (2) 19.2% (3) 16.9% (1) #### #### #### ####

(200) IQ range 19.5% (2) 21.2% (3) 16.5% (1)

Median 15.4% (3) 15.0% (2) 14.4% (1)

France Average 20.1% (3) 19.9% (2) 19.1% (1)

(1,250) IQ range 21.8% (3) 21.6% (2) 21.0% (1)

Median 19.1% (3) 17.1% (1) 17.7% (2)

Germany Average 26.2% (3) 24.0% (1) 24.9% (2) #### ####

(1,159) IQ range 26.8% (3) 26.0% (2) 24.5% (1)

Median 34.1% (3) 29.2% (2) 24.5% (1)

Hong Kong Average 54.9% (3) 45.5% (2) 32.2% (1) #### #### #### #### #### ####

(1,086) IQ range 47.0% (3) 36.7% (2) 29.4% (1)

Median 19.2% (3) 17.3% (1) 18.4% (2)

Italy Average 30.2% (3) 28.5% (2) 26.6% (1)

(392) IQ range 20.9% (1) 21.5% (2) 24.8% (3)

Median 20.3% (3) 19.4% (2) 19.0% (1)

Japan Average 32.1% (3) 29.4% (2) 29.3% (1) #### #### #### ####

(7,121) IQ range 28.6% (3) 27.3% (2) 26.9% (1)

Median 13.4% (2) 11.1% (1) 15.5% (3)

Netherlands Average 21.5% (2) 19.5% (1) 22.0% (3) #### #### #### ####

(175) IQ range 16.5% (1) 19.3% (2) 21.0% (3)

Median 19.9% (3) 19.8% (1) 19.9% (2)

Singapore Average 33.5% (3) 27.3% (1) 28.0% (2)

(207) IQ range 25.8% (3) 23.8% (2) 21.7% (1)

Median 12.4% (2) 13.7% (3) 11.5% (1)

Spain Average 21.0% (1) 22.3% (3) 21.1% (2)

(52) IQ range 17.2% (1) 22.8% (3) 20.0% (2)

Median 16.3% (3) 15.0% (2) 14.0% (1)

Sw eden Average 21.2% (3) 20.5% (2) 20.2% (1)

(783) IQ range 20.3% (3) 19.5% (2) 19.0% (1)

Median 20.2% (3) 17.9% (2) 15.6% (1)

Sw itzerland Average 28.6% (3) 25.7% (2) 25.5% (1) #### #### #### ####

(403) IQ range 22.0% (3) 22.0% (2) 18.3% (1)

Median 19.3% (3) 18.7% (1) 19.3% (2)

United Kingdom Average 27.1% (3) 26.9% (2) 26.3% (1)

(3,227) IQ range 26.4% (3) 25.5% (1) 25.6% (2)

Median 19.2% (3) 18.5% (2) 18.4% (1)

United States Average 25.0% (2) 24.9% (1) 25.2% (3)

(14,420) IQ range 25.0% (2) 24.9% (1) 25.1% (3)

Country
Region vs. 

Country

Global vs. 

Country

Region vs. 

Global
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10.11.3 SECSARD 

Table 54: SECSARD FWD+1 EV/Sales median errors across countries and peer-pool sizes  

The table displays estimation errors of on all countries with sufficient GICS 2 peers in a given valuation year (num. GICS 

2 peers >16). Green fields indicate that both tests favour the restriction mentioned first (e.g. Region for Region vs. Global). 

Red fields indicate the opposite. White fields indicate that either one of- or both tests are not statistically significant.  

  

SECSARD FWD+1 EV/Sales Median errors across countries and peer-pool sizes (2010-2019)

Peer pool selection

Global Region Country

Median 26.3% (1) 31.2% (2) 33.3% (3)

Australia Average 32.2% (1) 36.0% (2) 47.2% (3) #### #### #### #### #### ####

(1,794) IQ range 33.0% (1) 35.7% (2) 39.1% (3)

Median 27.9% (1) 28.7% (2) 34.2% (3)

Canada Average 32.1% (1) 34.0% (2) 44.1% (3) #### #### #### ####

(1,814) IQ range 33.8% (2) 32.1% (1) 42.5% (3)

Median 19.3% (1) 21.1% (2) 28.6% (3)

Finland Average 25.3% (1) 28.2% (2) 41.5% (3) #### #### #### ####

(200) IQ range 25.4% (1) 26.0% (2) 36.0% (3)

Median 24.7% (1) 29.1% (2) 38.8% (3)

France Average 32.2% (1) 35.9% (2) 46.3% (3) #### #### #### #### #### ####

(1,250) IQ range 32.3% (1) 35.5% (2) 44.0% (3)

Median 24.9% (1) 25.0% (2) 37.1% (3)

Germany Average 34.9% (1) 36.6% (2) 46.9% (3) #### #### #### ####

(1,159) IQ range 31.8% (1) 35.7% (2) 38.9% (3)

Median 37.9% (1) 39.2% (2) 45.1% (3)

Hong Kong Average 52.6% (2) 51.6% (1) 60.6% (3) #### #### #### ####

(1,086) IQ range 46.2% (3) 44.5% (1) 45.1% (2)

Median 26.5% (2) 25.7% (1) 38.3% (3)

Italy Average 35.2% (1) 35.6% (2) 53.4% (3) #### #### #### ####

(392) IQ range 29.3% (1) 33.4% (2) 39.8% (3)

Median 26.0% (1) 27.6% (2) 28.2% (3)

Japan Average 37.5% (3) 36.0% (1) 36.4% (2) #### #### #### ####

(7,121) IQ range 34.4% (2) 34.1% (1) 35.3% (3)

Median 24.8% (1) 27.7% (2) 46.5% (3)

Netherlands Average 38.7% (1) 42.5% (2) 64.4% (3) #### #### #### ####

(175) IQ range 30.1% (1) 36.2% (2) 47.4% (3)

Median 34.8% (1) 39.5% (2) 48.2% (3)

Singapore Average 42.1% (1) 44.1% (2) 63.2% (3) #### #### #### ####

(207) IQ range 33.8% (2) 33.3% (1) 46.8% (3)

Median 22.3% (1) 29.6% (2) 39.2% (3)

Spain Average 31.2% (1) 35.0% (2) 57.1% (3) #### #### #### ####

(52) IQ range 34.1% (1) 35.4% (2) 55.1% (3)

Median 22.8% (1) 23.4% (2) 29.9% (3)

Sw eden Average 27.8% (1) 29.7% (2) 43.1% (3) #### #### #### #### #### ####

(783) IQ range 25.2% (1) 26.9% (2) 36.4% (3)

Median 29.2% (2) 28.9% (1) 34.4% (3)

Sw itzerland Average 35.4% (1) 35.7% (2) 45.8% (3) #### #### #### ####

(403) IQ range 29.0% (1) 31.3% (2) 37.4% (3)

Median 25.5% (1) 26.4% (2) 30.1% (3)

United Kingdom Average 33.6% (1) 35.1% (2) 41.6% (3) #### #### #### #### #### ####

(3,227) IQ range 31.2% (1) 32.4% (2) 37.1% (3)

Median 24.9% (1) 26.0% (2) 26.2% (3)

United States Average 32.4% (1) 35.2% (2) 35.5% (3) #### #### #### #### #### ####

(14,420) IQ range 31.8% (1) 32.8% (2) 33.1% (3)

Country
Region vs. 

Global

Region vs. 

Country

Global vs. 

Country
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Table 55: SECSARD FWD+1 EV/EBITDA median errors across countries and peer-pool sizes   

The table displays estimation errors of on all countries with sufficient GICS 2 peers in a given valuation year (num. GICS 

2 peers >16). Green fields indicate that both tests favour the restriction mentioned first (e.g. Region for Region vs. Global). 

Red fields indicate the opposite. White fields indicate that either one of- or both tests are not statistically significant.  

  

SECSARD FWD+1 EV/EBITDA median errors across countries and peer-pool sizes (2010-2019)

Peer pool selection

Global Region Country

Median 23.6% (2) 25.5% (3) 23.0% (1)

Australia Average 29.9% (1) 30.6% (3) 30.3% (2)

(1,794) IQ range 28.4% (1) 28.7% (2) 29.9% (3)

Median 22.8% (2) 22.7% (1) 24.4% (3)

Canada Average 29.2% (1) 30.7% (2) 31.3% (3) #### ####

(1,814) IQ range 27.2% (1) 28.2% (2) 28.3% (3)

Median 19.5% (2) 19.4% (1) 19.5% (3)

Finland Average 27.4% (2) 26.6% (1) 30.0% (3)

(200) IQ range 24.9% (1) 25.1% (2) 26.1% (3)

Median 21.1% (1) 21.7% (2) 22.8% (3)

France Average 28.4% (1) 29.3% (2) 29.7% (3) #### ####

(1,250) IQ range 27.6% (1) 28.1% (2) 28.3% (3)

Median 23.7% (3) 21.8% (1) 23.2% (2)

Germany Average 31.5% (2) 31.1% (1) 31.5% (3)

(1,159) IQ range 31.0% (3) 29.0% (1) 29.4% (2)

Median 30.9% (3) 29.8% (2) 29.7% (1)

Hong Kong Average 44.1% (3) 39.5% (2) 37.5% (1) #### #### #### ####

(1,086) IQ range 41.5% (3) 34.8% (1) 35.3% (2)

Median 22.0% (2) 20.6% (1) 23.5% (3)

Italy Average 29.8% (2) 28.9% (1) 29.8% (3)

(392) IQ range 28.2% (2) 27.8% (1) 29.2% (3)

Median 23.4% (3) 22.4% (2) 22.2% (1)

Japan Average 32.4% (3) 29.1% (2) 28.3% (1) #### #### #### #### #### ####

(7,121) IQ range 30.2% (3) 28.5% (2) 27.7% (1)

Median 17.3% (1) 18.2% (2) 21.6% (3)

Netherlands Average 25.8% (1) 25.9% (2) 29.9% (3) #### ####

(175) IQ range 27.5% (1) 29.4% (3) 29.0% (2)

Median 27.1% (1) 31.1% (2) 31.4% (3)

Singapore Average 35.7% (2) 35.3% (1) 41.5% (3) #### #### #### ####

(207) IQ range 34.9% (1) 35.6% (2) 35.6% (3)

Median 21.3% (2) 20.8% (1) 25.1% (3)

Spain Average 29.0% (1) 32.0% (3) 30.4% (2)

(52) IQ range 32.0% (3) 27.4% (1) 29.0% (2)

Median 22.9% (3) 21.2% (2) 17.7% (1)

Sw eden Average 25.8% (3) 24.6% (2) 23.9% (1) #### #### #### ####

(783) IQ range 23.9% (3) 22.6% (2) 22.6% (1)

Median 23.6% (3) 21.0% (2) 19.9% (1)

Sw itzerland Average 29.3% (3) 27.5% (1) 27.8% (2) #### ####

(403) IQ range 24.5% (1) 25.1% (2) 25.1% (3)

Median 22.8% (3) 22.0% (2) 22.0% (1)

United Kingdom Average 29.8% (2) 29.5% (1) 29.9% (3)

(3,227) IQ range 27.2% (3) 27.2% (2) 26.6% (1)

Median 20.3% (3) 19.8% (1) 19.8% (2)

United States Average 26.6% (1) 26.8% (2) 27.1% (3)

(14,420) IQ range 25.8% (1) 26.0% (3) 26.0% (2)

Country
Region vs. 

Global

Region vs. 

Country

Global vs. 

Country
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Table 56: SECSARD FWD+1 EV/EBIT median errors across countries and peer-pool sizes  

The table displays estimation errors of on all countries with sufficient GICS 2 peers in a given valuation year (num. GICS 

2 peers >16). Green fields indicate that both tests favour the restriction mentioned first (e.g. Region for Region vs. Global). 

Red fields indicate the opposite. White fields indicate that either one of- or both tests are not statistically significant.  

  

SECSARD FWD+1 EV/EBIT median errors across countries and peer-pool sizes (2010-2019) 

Peer pool selection

Global Region Country

Median 20.2% (1) 23.2% (3) 20.2% (2)

Australia Average 25.9% (1) 27.7% (3) 26.6% (2) #### #### #### ####

(1,794) IQ range 25.4% (2) 26.1% (3) 25.4% (1)

Median 22.2% (1) 22.2% (2) 24.1% (3)

Canada Average 28.2% (1) 30.0% (2) 31.1% (3) #### #### #### ####

(1,814) IQ range 29.4% (1) 29.8% (2) 30.9% (3)

Median 15.0% (2) 15.5% (3) 14.3% (1)

Finland Average 19.9% (2) 19.9% (1) 20.1% (3)

(200) IQ range 19.1% (3) 16.8% (1) 18.1% (2)

Median 18.6% (1) 18.7% (2) 19.5% (3)

France Average 23.5% (1) 24.7% (3) 24.5% (2) #### #### #### ####

(1,250) IQ range 25.5% (1) 26.5% (3) 25.6% (2)

Median 19.4% (2) 18.6% (1) 20.8% (3)

Germany Average 27.0% (2) 26.3% (1) 27.0% (3)

(1,159) IQ range 27.1% (2) 25.4% (1) 28.0% (3)

Median 32.7% (3) 29.4% (1) 31.4% (2)

Hong Kong Average 45.8% (3) 40.2% (2) 37.6% (1) #### #### #### ####

(1,086) IQ range 44.4% (3) 37.4% (2) 37.1% (1)

Median 21.8% (2) 20.2% (1) 23.7% (3)

Italy Average 28.7% (2) 27.8% (1) 30.1% (3) #### ####

(392) IQ range 29.7% (3) 29.1% (2) 25.9% (1)

Median 21.8% (3) 21.2% (2) 21.1% (1)

Japan Average 30.9% (3) 27.7% (2) 27.2% (1) #### #### #### #### #### ####

(7,121) IQ range 28.9% (3) 27.0% (2) 26.7% (1)

Median 17.1% (2) 15.7% (1) 21.4% (3)

Netherlands Average 23.8% (2) 23.5% (1) 28.5% (3) #### #### #### ####

(175) IQ range 23.6% (1) 26.7% (2) 28.0% (3)

Median 24.0% (1) 27.0% (2) 29.6% (3)

Singapore Average 33.4% (2) 32.7% (1) 39.4% (3) #### #### #### ####

(207) IQ range 26.3% (1) 30.7% (2) 34.0% (3)

Median 20.2% (2) 18.7% (1) 25.6% (3)

Spain Average 28.2% (1) 30.9% (2) 34.1% (3) #### ####

(52) IQ range 21.1% (1) 30.3% (2) 37.4% (3)

Median 18.8% (3) 17.3% (2) 15.7% (1)

Sw eden Average 22.6% (3) 21.3% (2) 21.2% (1) #### #### #### ####

(783) IQ range 21.0% (2) 20.9% (1) 21.0% (3)

Median 24.5% (3) 21.0% (2) 18.5% (1)

Sw itzerland Average 29.6% (3) 26.2% (1) 27.0% (2) #### #### #### ####

(403) IQ range 24.7% (3) 23.9% (2) 22.0% (1)

Median 19.7% (2) 18.7% (1) 19.7% (3)

United Kingdom Average 27.1% (3) 26.9% (1) 27.0% (2)

(3,227) IQ range 26.8% (3) 26.2% (2) 25.7% (1)

Median 19.7% (3) 19.2% (1) 19.4% (2)

United States Average 25.7% (1) 26.0% (2) 26.2% (3)

(14,420) IQ range 26.2% (3) 26.0% (1) 26.2% (2)

Country
Region vs. 

Global

Region vs. 

Country

Global vs. 

Country
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Table 57: SECSARD FWD+1 P/E median errors across countries and peer-pool sizes  

The table displays estimation errors of on all countries with sufficient GICS 2 peers in a given valuation year (num. GICS 

2 peers >16). Green fields indicate that both tests favour the restriction mentioned first (e.g. Region for Region vs. Global). 

Red fields indicate the opposite. White fields indicate that either one of- or both tests are not statistically significant.  

  

SECSARD FWD+1 P/E median errors across countries and peer-pool sizes (2010-2019)

Peer pool selection

Global Region Country

Median 18.0% (1) 21.3% (3) 19.5% (2)

Australia Average 24.6% (1) 25.7% (3) 24.9% (2) #### #### #### ####

(1,794) IQ range 24.8% (3) 24.8% (2) 24.5% (1)

Median 20.1% (1) 20.8% (2) 22.9% (3)

Canada Average 26.9% (1) 28.4% (2) 28.9% (3) #### ####

(1,814) IQ range 27.9% (1) 29.5% (3) 29.3% (2)

Median 15.1% (3) 14.1% (2) 13.1% (1)

Finland Average 18.0% (3) 17.5% (2) 16.6% (1)

(200) IQ range 16.8% (3) 16.6% (2) 14.6% (1)

Median 14.8% (1) 14.8% (2) 15.3% (3)

France Average 19.5% (1) 19.7% (2) 20.2% (3)

(1,250) IQ range 21.3% (2) 20.9% (1) 21.8% (3)

Median 18.2% (3) 16.5% (1) 17.2% (2)

Germany Average 25.0% (2) 24.3% (1) 25.0% (3)

(1,159) IQ range 25.6% (2) 25.2% (1) 26.5% (3)

Median 32.5% (3) 30.4% (2) 24.4% (1)

Hong Kong Average 53.2% (3) 44.9% (2) 32.7% (1) #### #### #### #### #### ####

(1,086) IQ range 47.7% (3) 34.8% (2) 32.2% (1)

Median 19.5% (3) 18.3% (2) 18.2% (1)

Italy Average 26.7% (3) 26.1% (2) 24.3% (1)

(392) IQ range 22.8% (1) 23.0% (2) 25.2% (3)

Median 18.9% (3) 18.1% (2) 18.1% (1)

Japan Average 28.0% (3) 27.2% (1) 27.2% (2)

(7,121) IQ range 27.0% (3) 25.7% (2) 24.9% (1)

Median 13.2% (2) 12.7% (1) 16.2% (3)

Netherlands Average 20.2% (2) 19.9% (1) 22.0% (3) #### ####

(175) IQ range 20.0% (1) 21.3% (3) 21.1% (2)

Median 19.8% (1) 21.5% (2) 23.4% (3)

Singapore Average 30.0% (3) 27.8% (1) 29.9% (2)

(207) IQ range 19.9% (1) 21.1% (2) 23.7% (3)

Median 13.0% (2) 11.5% (1) 15.1% (3)

Spain Average 21.6% (2) 20.7% (1) 22.3% (3)

(52) IQ range 13.2% (1) 13.4% (2) 19.8% (3)

Median 16.2% (3) 14.7% (2) 14.2% (1)

Sw eden Average 20.5% (3) 19.4% (2) 19.3% (1) #### #### #### ####

(783) IQ range 19.0% (3) 18.9% (2) 18.8% (1)

Median 20.6% (3) 18.8% (2) 18.1% (1)

Sw itzerland Average 28.3% (3) 27.6% (2) 27.4% (1)

(403) IQ range 22.8% (3) 22.5% (2) 17.9% (1)

Median 18.2% (2) 18.0% (1) 18.9% (3)

United Kingdom Average 25.1% (3) 24.7% (1) 24.9% (2)

(3,227) IQ range 24.4% (2) 24.8% (3) 24.4% (1)

Median 18.0% (3) 17.3% (1) 17.6% (2)

United States Average 23.9% (1) 24.0% (2) 24.2% (3)

(14,420) IQ range 24.2% (3) 23.8% (1) 23.9% (2)

Country
Region vs. 

Global

Region vs. 

Country

Global vs. 

Country
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10.11.4 WARR 

Table 58: WARR FWD+1 EV/Sales median errors across countries and peer-pool sizes  

The table displays estimation errors of on all countries with sufficient GICS 2 peers in a given valuation year (num. GICS 

2 peers >16). Green fields indicate that both tests favour the restriction mentioned first (e.g. Region for Region vs. Global). 

Red fields indicate the opposite. White fields indicate that either one of- or both tests are not statistically significant.  

  

WARR FWD+1 EV/Sales Median errors across countries and peer-pool sizes (2010-2019)

Peer pool selection

Global Region Country

Median 25.5% (2) 27.2% (3) 23.8% (1)

Australia Average 37.0% (3) 35.6% (2) 34.4% (1) #### #### #### ####

(1,794) IQ range 33.8% (3) 31.0% (1) 32.6% (2)

Median 29.4% (3) 28.8% (1) 29.1% (2)

Canada Average 40.9% (2) 42.6% (3) 38.5% (1) #### ####

(1,814) IQ range 35.1% (1) 37.3% (3) 36.6% (2)

Median 20.4% (2) 19.6% (1) 21.5% (3)

Finland Average 30.4% (1) 30.6% (2) 33.8% (3)

(200) IQ range 24.3% (2) 21.9% (1) 25.0% (3)

Median 24.0% (3) 23.9% (2) 23.0% (1)

France Average 33.8% (2) 33.9% (3) 30.8% (1) #### ####

(1,250) IQ range 29.9% (2) 30.8% (3) 27.6% (1)

Median 24.6% (2) 24.4% (1) 24.9% (3)

Germany Average 40.5% (3) 39.4% (2) 38.7% (1)

(1,159) IQ range 32.3% (3) 31.9% (2) 31.7% (1)

Median 37.0% (2) 35.6% (1) 37.2% (3)

Hong Kong Average 56.5% (3) 51.6% (2) 51.4% (1) #### ####

(1,086) IQ range 46.6% (3) 44.0% (1) 45.1% (2)

Median 23.6% (2) 23.3% (1) 25.0% (3)

Italy Average 32.0% (1) 33.2% (2) 33.6% (3)

(392) IQ range 29.4% (1) 30.9% (2) 31.5% (3)

Median 27.4% (3) 26.6% (2) 26.5% (1)

Japan Average 39.8% (3) 36.2% (2) 35.6% (1) #### #### #### ####

(7,121) IQ range 36.0% (3) 32.9% (2) 32.5% (1)

Median 24.8% (3) 19.8% (1) 23.3% (2)

Netherlands Average 34.5% (2) 31.7% (1) 39.4% (3) #### ####

(175) IQ range 33.8% (3) 29.5% (1) 30.0% (2)

Median 30.6% (2) 34.8% (3) 29.6% (1)

Singapore Average 41.2% (2) 40.5% (1) 43.8% (3)

(207) IQ range 32.4% (1) 34.6% (2) 37.6% (3)

Median 24.4% (1) 31.5% (3) 30.9% (2)

Spain Average 34.9% (1) 37.6% (2) 37.8% (3)

(52) IQ range 24.6% (1) 35.2% (3) 31.8% (2)

Median 23.9% (3) 22.8% (2) 19.5% (1)

Sw eden Average 31.1% (3) 29.1% (1) 30.6% (2) #### ####

(783) IQ range 24.9% (1) 27.1% (3) 26.1% (2)

Median 24.3% (3) 22.7% (2) 20.3% (1)

Sw itzerland Average 30.5% (3) 30.4% (2) 29.7% (1)

(403) IQ range 26.8% (3) 26.0% (1) 26.1% (2)

Median 25.3% (3) 24.6% (2) 24.1% (1)

United Kingdom Average 35.1% (2) 35.8% (3) 33.9% (1) #### ####

(3,227) IQ range 32.4% (2) 32.6% (3) 30.6% (1)

Median 26.6% (3) 25.9% (2) 25.6% (1)

United States Average 35.3% (1) 35.6% (3) 35.3% (2) #### ####

(14,420) IQ range 33.2% (2) 33.4% (3) 32.9% (1)

Country
Region vs. 

Global

Region vs. 

Country

Global vs. 

Country
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Table 59: WARR FWD+1 EV/EBITDA median errors across countries and peer-pool sizes  

The table displays estimation errors of on all countries with sufficient GICS 2 peers in a given valuation year (num. GICS 

2 peers >16). Green fields indicate that both tests favour the restriction mentioned first (e.g. Region for Region vs. Global). 

Red fields indicate the opposite. White fields indicate that either one of- or both tests are not statistically significant.  

  

WARR FWD+1 EV/EBITDA median errors across countries and peer-pool sizes (2010-2019)

Peer pool selection

Global Region Country

Median 29.1% (2) 30.5% (3) 28.9% (1)

Australia Average 45.4% (3) 42.4% (2) 42.0% (1)

(1,794) IQ range 36.8% (2) 35.1% (1) 37.5% (3)

Median 30.6% (3) 29.9% (2) 28.9% (1)

Canada Average 47.3% (2) 47.8% (3) 39.2% (1) #### #### #### ####

(1,814) IQ range 39.6% (2) 41.4% (3) 34.4% (1)

Median 23.7% (3) 23.6% (2) 20.2% (1)

Finland Average 30.1% (2) 30.8% (3) 29.8% (1)

(200) IQ range 22.1% (1) 23.0% (2) 23.5% (3)

Median 24.8% (3) 24.5% (2) 23.7% (1)

France Average 31.5% (2) 32.1% (3) 30.9% (1)

(1,250) IQ range 28.7% (1) 30.3% (3) 29.7% (2)

Median 26.1% (3) 26.1% (2) 25.2% (1)

Germany Average 34.6% (2) 35.1% (3) 33.8% (1)

(1,159) IQ range 31.9% (3) 30.0% (2) 29.4% (1)

Median 33.8% (3) 31.1% (1) 31.6% (2)

Hong Kong Average 46.4% (3) 42.8% (2) 41.4% (1) #### ####

(1,086) IQ range 42.7% (3) 37.3% (1) 38.9% (2)

Median 22.0% (1) 23.4% (2) 24.2% (3)

Italy Average 31.7% (1) 33.1% (3) 31.8% (2)

(392) IQ range 30.0% (2) 30.0% (3) 26.6% (1)

Median 28.3% (3) 27.7% (2) 27.5% (1)

Japan Average 39.3% (3) 35.8% (2) 35.3% (1) #### #### #### #### #### ####

(7,121) IQ range 36.3% (3) 34.4% (2) 33.4% (1)

Median 22.1% (3) 19.5% (1) 21.2% (2)

Netherlands Average 30.2% (3) 28.7% (1) 29.7% (2)

(175) IQ range 23.2% (1) 23.8% (2) 25.4% (3)

Median 33.1% (2) 34.2% (3) 31.7% (1)

Singapore Average 39.9% (2) 39.0% (1) 44.1% (3)

(207) IQ range 28.5% (1) 31.8% (2) 40.6% (3)

Median 15.6% (1) 20.4% (2) 20.5% (3)

Spain Average 28.2% (1) 30.1% (3) 30.0% (2)

(52) IQ range 34.3% (3) 29.3% (2) 24.2% (1)

Median 27.1% (3) 24.6% (2) 20.4% (1)

Sw eden Average 29.1% (3) 28.3% (2) 25.7% (1) #### #### #### ####

(783) IQ range 25.4% (2) 26.0% (3) 23.9% (1)

Median 25.1% (3) 23.7% (2) 19.1% (1)

Sw itzerland Average 30.0% (3) 29.4% (2) 26.3% (1) #### #### #### ####

(403) IQ range 27.1% (3) 25.9% (2) 22.2% (1)

Median 28.0% (3) 26.3% (1) 27.5% (2)

United Kingdom Average 38.1% (3) 37.6% (2) 37.5% (1)

(3,227) IQ range 30.5% (1) 31.2% (3) 31.0% (2)

Median 26.2% (3) 24.6% (2) 24.3% (1)

United States Average 32.2% (3) 32.0% (1) 32.2% (2)

(14,420) IQ range 30.0% (1) 30.2% (2) 30.3% (3)

Country
Region vs. 

Global

Region vs. 

Country

Global vs. 

Country
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Table 60: WARR FWD+1 EV/EBIT median errors across countries and peer-pool sizes  

The table displays estimation errors of on all countries with sufficient GICS 2 peers in a given valuation year (num. GICS 

2 peers >16). Green fields indicate that both tests favour the restriction mentioned first (e.g. Region for Region vs. Global). 

Red fields indicate the opposite. White fields indicate that either one of- or both tests are not statistically significant.  

  

WARR FWD+1 EV/EBIT median errors across countries and peer-pool sizes (2010-2019) 

Peer pool selection

Global Region Country

Median 24.4% (1) 25.9% (3) 24.5% (2)

Australia Average 37.8% (3) 37.5% (2) 35.8% (1)

(1,794) IQ range 32.7% (3) 31.1% (1) 31.3% (2)

Median 26.0% (1) 26.8% (2) 27.2% (3)

Canada Average 41.0% (2) 43.2% (3) 38.5% (1)

(1,814) IQ range 36.1% (2) 38.7% (3) 35.2% (1)

Median 15.6% (3) 15.3% (2) 13.7% (1)

Finland Average 22.1% (3) 21.5% (2) 20.1% (1)

(200) IQ range 19.1% (2) 19.4% (3) 14.3% (1)

Median 20.6% (2) 20.9% (3) 19.3% (1)

France Average 26.0% (2) 27.0% (3) 24.7% (1) #### #### #### ####

(1,250) IQ range 25.2% (2) 28.4% (3) 24.9% (1)

Median 22.3% (3) 21.6% (2) 21.0% (1)

Germany Average 30.2% (3) 29.7% (2) 29.0% (1) #### ####

(1,159) IQ range 30.1% (3) 27.8% (2) 27.0% (1)

Median 34.2% (3) 30.9% (2) 30.3% (1)

Hong Kong Average 47.0% (3) 41.4% (2) 38.0% (1) #### #### #### ####

(1,086) IQ range 41.0% (3) 36.2% (1) 37.3% (2)

Median 23.4% (3) 20.4% (1) 21.0% (2)

Italy Average 30.3% (3) 29.4% (2) 29.3% (1)

(392) IQ range 27.9% (2) 27.8% (1) 30.2% (3)

Median 26.2% (3) 24.1% (2) 23.4% (1)

Japan Average 35.8% (3) 31.3% (2) 30.5% (1) #### #### #### #### #### ####

(7,121) IQ range 33.6% (3) 30.0% (1) 30.2% (2)

Median 17.4% (1) 19.5% (2) 20.6% (3)

Netherlands Average 24.9% (1) 29.7% (3) 27.8% (2) #### ####

(175) IQ range 27.1% (2) 27.8% (3) 25.7% (1)

Median 30.3% (2) 31.7% (3) 30.2% (1)

Singapore Average 35.8% (1) 36.5% (2) 37.7% (3)

(207) IQ range 30.9% (2) 30.5% (1) 33.4% (3)

Median 24.1% (3) 18.6% (2) 18.5% (1)

Spain Average 29.5% (3) 28.3% (1) 28.9% (2)

(52) IQ range 24.9% (1) 29.5% (2) 29.9% (3)

Median 20.6% (3) 18.2% (2) 17.0% (1)

Sw eden Average 24.7% (3) 23.1% (2) 22.7% (1) #### #### #### ####

(783) IQ range 24.5% (3) 23.2% (2) 22.1% (1)

Median 24.6% (3) 22.7% (2) 17.8% (1)

Sw itzerland Average 29.3% (3) 27.4% (2) 26.9% (1) #### #### #### ####

(403) IQ range 24.7% (3) 23.9% (2) 23.1% (1)

Median 23.8% (2) 23.2% (1) 24.1% (3)

United Kingdom Average 34.0% (3) 33.9% (2) 33.1% (1)

(3,227) IQ range 30.6% (3) 29.6% (1) 29.8% (2)

Median 23.1% (3) 22.9% (2) 22.8% (1)

United States Average 29.7% (1) 29.9% (2) 30.1% (3)

(14,420) IQ range 29.7% (3) 29.3% (1) 29.3% (2)

Country
Region vs. 

Global

Region vs. 

Country

Global vs. 

Country
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Table 61: WARR FWD+1 P/E median errors across countries and peer-pool sizes  

The table displays estimation errors of on all countries with sufficient GICS 2 peers in a given valuation year (num. GICS 

2 peers >16). Green fields indicate that both tests favour the restriction mentioned first (e.g. Region for Region vs. Global). 

Red fields indicate the opposite. White fields indicate that either one of- or both tests are not statistically significant.  

 

  

WARR FWD+1 P/E median errors across countries and peer-pool sizes (2010-2019)

Peer pool selection

Global Region Country

Median 23.9% (2) 24.0% (3) 22.8% (1)

Australia Average 37.8% (3) 36.6% (2) 33.5% (1) #### #### #### ####

(1,794) IQ range 31.5% (3) 29.6% (1) 30.0% (2)

Median 25.5% (1) 26.0% (2) 26.4% (3)

Canada Average 38.4% (2) 41.2% (3) 36.2% (1) #### ####

(1,814) IQ range 37.5% (3) 37.5% (2) 34.4% (1)

Median 15.1% (2) 16.4% (3) 13.2% (1)

Finland Average 18.2% (2) 19.0% (3) 18.0% (1)

(200) IQ range 18.9% (2) 19.5% (3) 17.7% (1)

Median 16.7% (1) 16.8% (2) 16.8% (3)

France Average 22.0% (3) 21.7% (2) 21.5% (1)

(1,250) IQ range 23.0% (2) 23.1% (3) 21.9% (1)

Median 21.0% (3) 20.9% (2) 20.7% (1)

Germany Average 28.2% (3) 27.3% (1) 27.4% (2)

(1,159) IQ range 28.5% (3) 27.8% (2) 26.8% (1)

Median 33.9% (3) 30.4% (2) 25.6% (1)

Hong Kong Average 53.8% (3) 47.3% (2) 35.8% (1) #### #### #### #### #### ####

(1,086) IQ range 44.8% (3) 39.1% (2) 30.5% (1)

Median 19.0% (3) 18.1% (1) 18.8% (2)

Italy Average 28.2% (1) 29.5% (2) 30.4% (3)

(392) IQ range 27.0% (3) 25.5% (2) 23.4% (1)

Median 23.7% (3) 22.8% (2) 21.9% (1)

Japan Average 35.0% (3) 31.9% (1) 32.9% (2) #### #### #### ####

(7,121) IQ range 31.1% (3) 30.3% (2) 29.5% (1)

Median 15.9% (3) 14.5% (1) 15.0% (2)

Netherlands Average 24.3% (3) 23.1% (2) 22.7% (1)

(175) IQ range 20.7% (2) 19.8% (1) 21.8% (3)

Median 22.3% (2) 22.0% (1) 22.9% (3)

Singapore Average 33.6% (3) 30.4% (1) 30.4% (2)

(207) IQ range 25.7% (2) 27.0% (3) 23.4% (1)

Median 10.6% (1) 11.1% (2) 13.9% (3)

Spain Average 20.1% (2) 19.1% (1) 21.7% (3)

(52) IQ range 14.7% (1) 15.3% (2) 23.3% (3)

Median 17.6% (3) 17.2% (2) 16.5% (1)

Sw eden Average 22.1% (3) 21.8% (1) 22.0% (2)

(783) IQ range 22.9% (3) 20.5% (1) 22.0% (2)

Median 21.5% (3) 21.4% (2) 17.6% (1)

Sw itzerland Average 30.4% (3) 29.0% (2) 27.0% (1) #### ####

(403) IQ range 23.1% (3) 22.8% (2) 20.4% (1)

Median 21.6% (2) 21.0% (1) 21.7% (3)

United Kingdom Average 30.5% (3) 29.8% (2) 28.9% (1)

(3,227) IQ range 29.0% (3) 28.6% (2) 28.0% (1)

Median 21.4% (3) 20.8% (2) 20.7% (1)

United States Average 27.6% (1) 27.7% (2) 27.9% (3)

(14,420) IQ range 27.4% (1) 27.9% (2) 28.2% (3)

Country
Region vs. 

Country

Global vs. 

Country

Region vs. 

Global
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10.11.5 SECWARR 

Table 62: SECWARR FWD+1 EV/Sales median errors across countries and peer-pool sizes  

The table displays estimation errors of on all countries with sufficient GICS 2 peers in a given valuation year (num. GICS 

2 peers >16). Green fields indicate that both tests favour the restriction mentioned first (e.g. Region for Region vs. Global). 

Red fields indicate the opposite. White fields indicate that either one of- or both tests are not statistically significant.  

  

SECWARR FWD+1 EV/Sales Median errors across countries and peer-pool sizes (2010-2019)

Peer pool selection

Global Region Country

Median 24.6% (1) 27.0% (3) 26.8% (2)

Australia Average 31.4% (1) 31.9% (2) 40.1% (3) #### ####

(1,794) IQ range 29.8% (2) 29.6% (1) 32.8% (3)

Median 29.2% (2) 27.6% (1) 32.2% (3)

Canada Average 37.3% (1) 37.8% (2) 42.0% (3) #### #### #### ####

(1,814) IQ range 35.9% (2) 35.4% (1) 37.5% (3)

Median 19.2% (1) 20.3% (2) 27.7% (3)

Finland Average 31.5% (2) 31.3% (1) 39.7% (3) #### #### #### ####

(200) IQ range 22.5% (1) 25.0% (2) 31.3% (3)

Median 22.6% (1) 23.8% (2) 28.8% (3)

France Average 31.2% (1) 32.9% (2) 37.6% (3) #### #### #### #### #### ####

(1,250) IQ range 28.2% (2) 28.2% (1) 35.6% (3)

Median 22.5% (2) 21.4% (1) 28.2% (3)

Germany Average 37.5% (1) 37.8% (2) 39.9% (3)

(1,159) IQ range 31.1% (2) 28.9% (1) 31.3% (3)

Median 35.9% (2) 33.9% (1) 38.6% (3)

Hong Kong Average 55.5% (3) 49.7% (1) 53.8% (2) #### #### #### ####

(1,086) IQ range 45.7% (3) 41.3% (2) 40.6% (1)

Median 24.0% (1) 24.1% (2) 34.1% (3)

Italy Average 32.0% (1) 32.6% (2) 44.7% (3) #### #### #### ####

(392) IQ range 31.0% (2) 28.8% (1) 36.4% (3)

Median 26.5% (3) 25.0% (1) 25.1% (2)

Japan Average 38.8% (3) 35.2% (2) 34.5% (1) #### #### #### ####

(7,121) IQ range 35.4% (3) 32.4% (1) 32.5% (2)

Median 21.4% (2) 20.0% (1) 37.7% (3)

Netherlands Average 32.4% (2) 30.0% (1) 52.9% (3) #### #### #### ####

(175) IQ range 29.5% (1) 32.7% (2) 33.8% (3)

Median 30.4% (1) 35.0% (2) 40.3% (3)

Singapore Average 40.4% (1) 42.8% (2) 53.7% (3) #### #### #### ####

(207) IQ range 34.8% (2) 33.2% (1) 47.9% (3)

Median 22.5% (1) 26.5% (2) 38.0% (3)

Spain Average 29.9% (1) 32.6% (2) 47.1% (3) #### #### #### ####

(52) IQ range 30.4% (1) 31.3% (2) 50.1% (3)

Median 25.2% (3) 23.4% (2) 23.3% (1)

Sw eden Average 31.6% (2) 31.3% (1) 35.3% (3)

(783) IQ range 25.1% (2) 24.2% (1) 28.1% (3)

Median 26.4% (3) 24.2% (1) 26.0% (2)

Sw itzerland Average 31.2% (2) 31.0% (1) 37.5% (3)

(403) IQ range 25.3% (2) 25.3% (1) 32.3% (3)

Median 23.6% (2) 23.2% (1) 24.5% (3)

United Kingdom Average 33.0% (2) 32.5% (1) 34.7% (3) #### #### #### ####

(3,227) IQ range 30.2% (1) 30.3% (2) 31.7% (3)

Median 25.9% (3) 24.9% (1) 24.9% (2)

United States Average 34.2% (1) 34.6% (3) 34.4% (2)

(14,420) IQ range 32.5% (3) 32.4% (1) 32.5% (2)

Country
Region vs. 

Global

Region vs. 

Country

Global vs. 

Country
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Table 63: SECWARR FWD+1 EV/EBITDA median errors across countries and peer-pool sizes  

The table displays estimation errors of on all countries with sufficient GICS 2 peers in a given valuation year (num. GICS 

2 peers >16). Green fields indicate that both tests favour the restriction mentioned first (e.g. Region for Region vs. Global). 

Red fields indicate the opposite. White fields indicate that either one of- or both tests are not statistically significant.  

  

SECWARR FWD+1 EV/EBITDA median errors across countries and peer-pool sizes (2010-2019)

Peer pool selection

Global Region Country

Median 26.2% (2) 28.2% (3) 25.5% (1)

Australia Average 37.4% (3) 35.6% (2) 33.2% (1) #### #### #### ####

(1,794) IQ range 33.0% (3) 30.9% (1) 31.1% (2)

Median 27.4% (3) 26.0% (1) 26.2% (2)

Canada Average 37.8% (2) 38.5% (3) 35.7% (1) #### ####

(1,814) IQ range 34.3% (2) 35.1% (3) 32.4% (1)

Median 23.4% (3) 22.9% (2) 22.7% (1)

Finland Average 30.2% (1) 30.5% (2) 31.1% (3)

(200) IQ range 24.1% (2) 23.2% (1) 24.2% (3)

Median 23.3% (2) 23.2% (1) 24.2% (3)

France Average 30.6% (2) 30.8% (3) 30.6% (1)

(1,250) IQ range 29.6% (2) 29.9% (3) 27.4% (1)

Median 24.6% (3) 24.1% (1) 24.3% (2)

Germany Average 34.8% (3) 34.3% (2) 32.7% (1) #### ####

(1,159) IQ range 32.5% (3) 32.5% (2) 28.5% (1)

Median 31.6% (2) 30.3% (1) 31.8% (3)

Hong Kong Average 47.1% (3) 41.9% (2) 41.3% (1) #### ####

(1,086) IQ range 40.4% (3) 34.7% (1) 37.1% (2)

Median 23.5% (3) 21.5% (1) 21.5% (2)

Italy Average 31.2% (2) 31.6% (3) 30.4% (1)

(392) IQ range 28.2% (3) 26.6% (1) 27.5% (2)

Median 27.3% (3) 26.2% (2) 25.3% (1)

Japan Average 38.2% (3) 34.3% (2) 32.8% (1) #### #### #### #### #### ####

(7,121) IQ range 35.9% (3) 32.6% (2) 31.8% (1)

Median 21.0% (3) 20.2% (1) 20.2% (2)

Netherlands Average 31.5% (3) 28.8% (1) 30.4% (2) #### ####

(175) IQ range 25.2% (1) 25.9% (2) 27.0% (3)

Median 30.7% (1) 32.6% (3) 31.5% (2)

Singapore Average 40.0% (1) 40.1% (2) 41.2% (3)

(207) IQ range 33.9% (2) 31.8% (1) 38.6% (3)

Median 18.7% (2) 19.2% (3) 18.5% (1)

Spain Average 31.4% (3) 31.2% (2) 28.3% (1)

(52) IQ range 30.2% (3) 28.8% (1) 28.9% (2)

Median 25.6% (3) 22.8% (2) 19.3% (1)

Sw eden Average 27.6% (3) 26.2% (2) 25.1% (1) #### #### #### ####

(783) IQ range 24.4% (3) 23.8% (2) 22.6% (1)

Median 23.1% (3) 22.4% (2) 19.0% (1)

Sw itzerland Average 28.3% (3) 27.7% (2) 27.0% (1)

(403) IQ range 23.6% (2) 22.9% (1) 25.0% (3)

Median 24.6% (2) 25.1% (3) 24.4% (1)

United Kingdom Average 33.1% (3) 32.8% (2) 32.0% (1) #### ####

(3,227) IQ range 29.5% (3) 28.8% (2) 28.4% (1)

Median 24.3% (3) 23.2% (2) 22.9% (1)

United States Average 30.2% (3) 30.1% (2) 30.0% (1)

(14,420) IQ range 29.1% (3) 29.0% (2) 28.9% (1)

Country
Region vs. 

Global

Region vs. 

Country

Global vs. 

Country
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Table 64: SECWARR FWD+1 EV/EBIT median errors across countries and peer-pool sizes  

The table displays estimation errors of on all countries with sufficient GICS 2 peers in a given valuation year (num. GICS 

2 peers >16). Green fields indicate that both tests favour the restriction mentioned first (e.g. Region for Region vs. Global). 

Red fields indicate the opposite. White fields indicate that either one of- or both tests are not statistically significant.  

  

SECWARR FWD+1 EV/EBIT median errors across countries and peer-pool sizes (2010-2019)

Peer pool selection

Global Region Country

Median 22.2% (1) 24.1% (3) 22.8% (2)

Australia Average 32.7% (3) 32.7% (2) 29.8% (1) #### ####

(1,794) IQ range 28.7% (2) 28.6% (1) 28.8% (3)

Median 25.5% (1) 25.9% (2) 26.4% (3)

Canada Average 35.7% (1) 36.8% (3) 35.9% (2)

(1,814) IQ range 35.9% (2) 36.0% (3) 34.6% (1)

Median 15.0% (3) 14.1% (2) 13.7% (1)

Finland Average 20.8% (3) 19.8% (1) 20.3% (2)

(200) IQ range 17.9% (2) 18.0% (3) 15.1% (1)

Median 20.2% (1) 20.8% (2) 21.1% (3)

France Average 26.2% (2) 27.3% (3) 25.0% (1) #### ####

(1,250) IQ range 25.9% (2) 25.6% (1) 26.1% (3)

Median 20.2% (2) 19.7% (1) 20.9% (3)

Germany Average 28.8% (3) 28.0% (2) 27.9% (1)

(1,159) IQ range 26.2% (1) 26.3% (2) 26.5% (3)

Median 35.0% (3) 30.6% (2) 29.2% (1)

Hong Kong Average 47.5% (3) 41.0% (2) 38.2% (1) #### #### #### ####

(1,086) IQ range 42.2% (3) 38.0% (2) 37.3% (1)

Median 22.7% (2) 23.6% (3) 21.2% (1)

Italy Average 29.2% (1) 29.2% (2) 30.1% (3)

(392) IQ range 30.5% (3) 30.1% (2) 27.8% (1)

Median 25.3% (3) 23.3% (2) 22.0% (1)

Japan Average 34.7% (3) 30.1% (2) 28.7% (1) #### #### #### #### #### ####

(7,121) IQ range 33.2% (3) 29.3% (2) 28.8% (1)

Median 16.4% (1) 18.4% (2) 20.9% (3)

Netherlands Average 24.7% (1) 26.1% (3) 26.1% (2)

(175) IQ range 27.0% (3) 26.4% (2) 24.8% (1)

Median 30.0% (1) 30.5% (2) 31.0% (3)

Singapore Average 34.6% (1) 35.2% (2) 39.2% (3)

(207) IQ range 30.8% (3) 29.7% (1) 30.2% (2)

Median 16.8% (1) 18.6% (2) 24.5% (3)

Spain Average 26.9% (1) 29.1% (2) 29.4% (3)

(52) IQ range 36.2% (3) 33.1% (2) 25.6% (1)

Median 19.6% (3) 18.8% (2) 16.8% (1)

Sw eden Average 23.7% (3) 22.6% (2) 22.2% (1) #### #### #### ####

(783) IQ range 22.8% (3) 21.4% (2) 20.3% (1)

Median 25.7% (3) 24.9% (2) 20.5% (1)

Sw itzerland Average 29.7% (3) 27.8% (2) 27.1% (1) #### #### #### ####

(403) IQ range 21.5% (1) 23.3% (3) 22.5% (2)

Median 22.6% (3) 21.2% (1) 21.7% (2)

United Kingdom Average 31.3% (3) 29.9% (2) 29.5% (1) #### #### #### ####

(3,227) IQ range 28.8% (2) 29.1% (3) 27.6% (1)

Median 22.0% (3) 21.8% (2) 21.7% (1)

United States Average 28.6% (1) 28.7% (3) 28.7% (2)

(14,420) IQ range 28.9% (3) 28.8% (2) 28.6% (1)

Country
Region vs. 

Global

Region vs. 

Country

Global vs. 

Country
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Table 65: SECWARR FWD+1 P/E median errors across countries and peer-pool sizes  

The table displays estimation errors of on all countries with sufficient GICS 2 peers in a given valuation year (num. GICS 

2 peers >16). Green fields indicate that both tests favour the restriction mentioned first (e.g. Region for Region vs. Global). 

Red fields indicate the opposite. White fields indicate that either one of- or both tests are not statistically significant.  

 

  

SECWARR FWD+1 P/E median errors across countries and peer-pool sizes (2010-2019)

Peer pool selection

Global Region Country

Median 22.0% (2) 22.8% (3) 21.4% (1)

Australia Average 31.9% (3) 30.8% (2) 28.6% (1) #### #### #### ####

(1,794) IQ range 28.6% (2) 29.3% (3) 26.3% (1)

Median 25.1% (1) 25.9% (3) 25.3% (2)

Canada Average 34.0% (1) 36.0% (3) 35.0% (2)

(1,814) IQ range 33.5% (1) 34.8% (3) 34.0% (2)

Median 15.3% (2) 15.6% (3) 13.8% (1)

Finland Average 18.5% (2) 19.9% (3) 17.9% (1) #### ####

(200) IQ range 19.8% (2) 20.2% (3) 16.4% (1)

Median 16.9% (3) 16.2% (1) 16.4% (2)

France Average 21.6% (3) 21.4% (2) 20.8% (1)

(1,250) IQ range 22.2% (3) 21.6% (1) 22.0% (2)

Median 20.0% (3) 18.3% (2) 18.2% (1)

Germany Average 27.6% (3) 25.7% (1) 26.2% (2) #### #### #### ####

(1,159) IQ range 27.6% (3) 26.5% (1) 27.1% (2)

Median 33.9% (3) 29.9% (2) 24.2% (1)

Hong Kong Average 55.3% (3) 46.1% (2) 33.9% (1) #### #### #### #### #### ####

(1,086) IQ range 47.9% (3) 38.1% (2) 32.7% (1)

Median 18.7% (2) 19.1% (3) 17.7% (1)

Italy Average 27.2% (2) 28.0% (3) 25.9% (1)

(392) IQ range 27.6% (3) 26.8% (2) 24.3% (1)

Median 21.8% (3) 21.2% (2) 20.1% (1)

Japan Average 33.3% (3) 30.3% (1) 30.4% (2) #### #### #### ####

(7,121) IQ range 30.2% (3) 27.9% (1) 28.1% (2)

Median 16.4% (2) 13.1% (1) 16.8% (3)

Netherlands Average 23.1% (3) 21.1% (1) 22.2% (2)

(175) IQ range 21.3% (1) 23.8% (3) 21.8% (2)

Median 20.1% (1) 22.9% (2) 23.7% (3)

Singapore Average 32.7% (3) 30.2% (2) 29.9% (1)

(207) IQ range 25.9% (3) 25.0% (2) 23.4% (1)

Median 12.4% (2) 10.4% (1) 13.8% (3)

Spain Average 19.6% (2) 19.0% (1) 20.5% (3)

(52) IQ range 17.0% (2) 15.6% (1) 19.4% (3)

Median 17.6% (3) 16.2% (2) 15.7% (1)

Sw eden Average 21.5% (3) 20.7% (2) 20.4% (1) #### ####

(783) IQ range 21.7% (3) 20.3% (2) 18.1% (1)

Median 22.1% (2) 23.0% (3) 17.8% (1)

Sw itzerland Average 28.6% (2) 29.0% (3) 26.3% (1) #### #### #### ####

(403) IQ range 22.1% (2) 23.2% (3) 19.5% (1)

Median 21.2% (3) 20.1% (1) 20.2% (2)

United Kingdom Average 29.6% (3) 27.4% (2) 26.9% (1) #### #### #### ####

(3,227) IQ range 28.0% (3) 27.3% (2) 25.4% (1)

Median 20.9% (3) 20.1% (2) 19.9% (1)

United States Average 26.7% (3) 26.7% (2) 26.7% (1)

(14,420) IQ range 27.1% (3) 26.6% (1) 26.7% (2)

Country
Region vs. 

Global

Region vs. 

Country

Global vs. 

Country
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10.12 Significance test for hypothesis 2 

Results of the two-tailed Wilcoxon signed rank test and the paired t-test can be found below for Region 

vs. Global. Results of the Mann-Whitney test and Welch’s t-test can be found below for Region vs. 

Country and Global vs. Country. 

Table 66: Geographical restrictions on peer selections 

Green fields indicate that the first mentioned restriction (e.g. “Region”) obtains a lower median absolute valuation error 

than the last-mentioned restriction (e.g. “Global”) and both tests are significant at 5%. 

Red fields indicate that the first mentioned restriction (e.g. “Region”) obtains a higher median absolute valuation error than 

the last-mentioned restriction (e.g. “Global”) and both tests are significant at 5%. 

White colour fields indicate an insignificant difference between the two results, i.e. either one or both tests are insignificant. 

 

  

Region vs. 

Global

Region vs. 

Country

Global vs. 

Country

GICS 1 0 -1

SARD -1 1 1

SECSARD -1 1 1

WARR 1 0 -1

SECWARR 1 1 1

GICS 1 0 -1

SARD 1 -1 -1

SECSARD 1 0 -1

WARR 1 -1 -1

SECWARR 1 -1 -1

GICS 1 0 -1

SARD 1 0 -1

SECSARD 1 0 0

WARR 1 0 -1

SECWARR 1 0 -1

GICS 1 0 -1

SARD 1 0 -1

SECSARD 1 0 0

WARR 1 0 0

SECWARR 1 0 -1
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10.13 Significance test for hypothesis 3 

Results of the two-tailed Wilcoxon signed rank test and the paired t-test can be found below.  

Table 67: Significance test for hypotheses 3  

Green fields indicate that the peer identification approach in the column obtains a lower median absolute valuation error 

than the selection model in the row and both tests are significant at 5%. 

Red fields indicate that the peer identification approach in the column obtains a higher median absolute valuation error 

than the selection model in the row and both tests are significant at 5%.  

White colour fields indicate an insignificant difference between the two results, i.e. either one or both tests are insignificant. 

  

EV/ Sales

EV/ EB IT D A

EV/ EB IT

P / E

EV/ Sales -1

EV/ EB IT D A 1

EV/ EB IT 1

P / E 1

EV/ Sales -1 -1

EV/ EB IT D A 1 1

EV/ EB IT 1 1

P / E 1 1

EV/ Sales -1 -1 -1

EV/ EB IT D A 1 1 1

EV/ EB IT 1 1 1

P / E 1 1 1

EV/ Sales -1 -1 -1 0

EV/ EB IT D A 1 1 1 1

EV/ EB IT 1 1 1 1

P / E 1 1 1 1

EV/ Sales -1 -1 -1 -1 1

EV/ EB IT D A 1 1 1 1 0

EV/ EB IT 1 1 1 1 0

P / E 1 1 1 1 0
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10.14 Significance test for hypothesis 4 

Table 68: Statistical tests for brokers, CIQ, GICS, INDSARD (R), and INDSARD (G) 

Green fields indicate that the peer identification approach in the column obtains a lower median absolute valuation error 

than the selection model in the row and both tests are significant at 5%. 

Red fields indicate that the peer identification approach in the column obtains a higher median absolute valuation error 

than the selection model in the row and both tests are significant at 5%.  

White color fields indicate an insignificant difference between the two results, i.e. either one or both tests are insignificant. 

   

EV / Sales

EV / EB ITD A

EV / EB IT

P/ E

EV / Sales 0

EV / EB ITD A 1

EV / EB IT 1

P/ E 1

EV / Sales 1 1

EV / EB ITD A 1 1

EV / EB IT 1 1

P/ E 1 1

EV / Sales -1 -1 -1 0

EV / EB ITD A 0 -1 -1 0

EV / EB IT 0 -1 -1 0

P/ E 0 -1 -1 0

EV / Sales -1 -1 -1 1

EV / EB ITD A 0 -1 -1 0

EV / EB IT 0 -1 -1 0

P/ E 0 -1 -1 0

B rokers C IQ GIC S IN D SA R D  ( G) IN D SA R D  ( R )

C
IQ

G
IC

S
IN

D
S

A
R

D
 (

G
)

IN
D

S
A

R
D

 (
R

)
B

ro
k

e
rs



137 of 152 
 

 

Table 69: Statistical tests for brokers, CIQ, GICS, INDSARD (R), and INDSARD (G) 

Green fields indicate that the peer identification approach in the column obtains a lower median absolute valuation error 

than the selection model in the row and both tests are significant at 5%. 

Red fields indicate that the peer identification approach in the column obtains a higher median absolute valuation error 

than the selection model in the row and both tests are significant at 5%.  

White color fields indicate an insignificant difference between the two results, i.e. either one or both tests are insignificant. 

 

We would like to specify the following in addition to the information provided by the table: 

• Brokers vs. INDSARD (G) for EV/EBITDA + P/E: The Wilcoxon Signed Rank test yields a p-

value below 0.0001 in favour of brokers, and the paired t-test yields a p-value of 0.0189 in 

favour of brokers. Both tests provide conclusive evidence for the superiority of brokers for this 

combination. 

• Brokers vs. INDSARD (R) for EV/EBITDA + P/E: The Wilcoxon Signed Rank test yields a p-

value below 0.0001 in favour of brokers, and the paired t-test yields a p-value of 0.0079 in 

favour of brokers. Both tests provide conclusive evidence for the superiority of brokers for this 

combination.  

 

P/ E + EV / Sales

P/ E + EV / EB ITD A

P/ E + EV / EB IT

P/ E

P/ E + P/ B

P/ E + EV / Sales 1 0 0 0

P/ E + EV / EB ITD A 1 0 0 0

P/ E + EV / EB IT 1 0 0 0

P/ E 1 0 0 0

P/ E + P/ B 1 0 0 0

P/ E + EV / Sales 1 1 0 0

P/ E + EV / EB ITD A 1 1 0 0

P/ E + EV / EB IT 1 1 0 0

P/ E 1 1 0 0

P/ E + P/ B 1 1 0 0

P/ E + EV / Sales -1 -1 -1 0

P/ E + EV / EB ITD A 1 -1 -1 0

P/ E + EV / EB IT 0 -1 -1 0

P/ E 0 -1 -1 0

P/ E + P/ B -1 -1 -1 0

P/ E + EV / Sales 0 -1 -1 1

P/ E + EV / EB ITD A 1 -1 -1 0

P/ E + EV / EB IT 0 -1 -1 0

P/ E 0 -1 -1 0

P/ E + P/ B -1 -1 -1 1
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10.15 Example of the impact of leverage on P/E multiples 

Table 70: Numerical example of the impact of different leverage ratios  

 

  

Parameter Firm A Firm B Parameter Firm A Firm B

Operating assumptions Financing assumptions

Tax - - βA 1 1

D&A rate 20% 20% βD - -

ROIC 8% 8% NIBD/EV 0% 50%

g 2% 2% βE 1 2

Weighted Average Cost of Capital Required return on equity

rf 2% 2% rf 2% 2%

βA 1 1 βE 1 2

MRP 6% 6% MRP 6% 6%

WACC 8% 8% re 8% 14%

Calculation of EV/EBITDA Calculation of P/E

ROIC 8% 8% ROIC 8% 8%

g 2% 2% Net interest exp. 2% 2%

Tax - - ROE 8% 14%

D&A rate 20% 20% g 2% 2%

EV/EBITDA 10.0x 10.0x P/E 12.5x 7.1x
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10.16 Sector, region, and size differences 

10.16.1 For the results from hypotheses 1-3 

Table 71: The distribution of median errors for FWD+1 EV/Sales for sectors, regions, and size  

 

  

FWD+1 EV/Sales absolute valuation errors for sectors, regions, and size

Years: 2010-19 n GICS
SARD

(R )

SECSARD

(R )

INDSARD

(G )

INDSARD

(R )

WARR

(R )

SECWARR

(R )

Sectors

Energy 3,194 61.0% (7) 30.9% (2) 33.0% (3) 30.4% (1) 33.4% (5) 33.4% (4) 33.6% (6)

Materials 4,438 38.9% (7) 20.8% (1) 23.8% (3) 24.5% (5) 26.5% (6) 24.0% (4) 22.6% (2)

Industrials 10,301 46.2% (7) 21.7% (1) 24.8% (4) 26.9% (5) 30.2% (6) 22.4% (3) 21.8% (2)

Consumer Discretionary 7,603 44.6% (7) 24.7% (1) 28.6% (5) 27.6% (4) 29.2% (6) 25.5% (3) 25.1% (2)

Consumer Staples 3,374 44.8% (7) 24.9% (2) 28.9% (5) 27.4% (4) 31.6% (6) 25.1% (3) 22.5% (1)

Health Care 3,932 42.0% (7) 28.6% (4) 27.2% (2) 25.5% (1) 29.5% (5) 31.1% (6) 27.2% (3)

Information Technology	 6,017 47.7% (7) 27.7% (1) 30.5% (5) 29.9% (4) 31.8% (6) 29.2% (3) 28.5% (2)

Communication Services	 2,780 43.0% (7) 24.6% (1) 27.8% (4) 28.5% (5) 31.3% (6) 26.4% (3) 25.3% (2)

Regions

Asia & Pacif ic 11,795 47.4% (7) 27.6% (2) 30.5% (5) 29.3% (4) 33.1% (6) 28.0% (3) 27.1% (1)

Europe 12,946 45.1% (7) 23.4% (2) 26.1% (4) 26.8% (5) 30.0% (6) 24.0% (3) 22.9% (1)

North America 16,898 44.9% (7) 23.5% (1) 26.3% (4) 26.8% (5) 28.4% (6) 26.2% (3) 25.1% (2)

Size

X-small [0% ; 20%) 8,328 48.8% (7) 27.8% (2) 30.8% (4) 32.3% (5) 34.4% (6) 28.0% (3) 27.7% (1)

Small [20% ; 40%) 8,328 46.5% (7) 25.9% (2) 28.8% (4) 29.4% (5) 32.3% (6) 26.2% (3) 25.4% (1)

Medium [40% ; 60%) 8,327 43.2% (7) 24.7% (2) 27.9% (4) 27.9% (5) 29.8% (6) 25.5% (3) 24.3% (1)

Large [60% ; 80%) 8,328 44.0% (7) 23.0% (1) 25.5% (5) 25.0% (4) 27.7% (6) 24.7% (3) 23.8% (2)

X-large [80% ; 100%] 8,328 45.9% (7) 22.1% (1) 24.5% (4) 24.1% (3) 27.2% (6) 25.5% (5) 24.0% (2)
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Table 72: The distribution of median errors for FWD+1 EV/EBITDA for sectors, regions, and size  

 

  

FWD+1 EV/EBITDA absolute valuation errors for sectors, regions, and size

Years: 2010-19 n GICS
SARD

(R )

SECSARD

(R )

INDSARD

(G )

INDSARD

(R )

WARR

(R )

SECWARR

(R )

Sectors

Energy 3,194 31.1% (6) 27.4% (4) 25.0% (2) 24.6% (1) 25.0% (3) 34.1% (7) 30.9% (5)

Materials 4,438 24.2% (5) 21.0% (4) 19.4% (2) 19.1% (1) 19.4% (3) 25.0% (7) 24.6% (6)

Industrials 10,301 23.7% (7) 20.3% (4) 20.2% (3) 19.3% (1) 19.5% (2) 23.5% (6) 22.4% (5)

Consumer Discretionary 7,603 25.3% (5) 22.9% (3) 23.0% (4) 20.2% (1) 20.6% (2) 26.6% (7) 26.1% (6)

Consumer Staples 3,374 22.7% (5) 23.0% (6) 18.7% (3) 18.4% (1) 18.6% (2) 26.2% (7) 20.7% (4)

Health Care 3,932 23.6% (5) 25.4% (6) 20.8% (2) 20.0% (1) 21.2% (3) 29.5% (7) 23.5% (4)

Information Technology	 6,017 27.8% (7) 24.7% (4) 23.7% (3) 23.1% (2) 22.5% (1) 27.8% (6) 26.5% (5)

Communication Services	 2,780 23.9% (4) 24.3% (5) 23.1% (3) 21.5% (2) 21.2% (1) 25.0% (6) 25.1% (7)

Regions

Asia & Pacif ic 11,795 28.4% (6) 25.6% (4) 24.4% (3) 22.5% (1) 23.5% (2) 29.2% (7) 27.5% (5)

Europe 12,946 24.1% (6) 22.1% (4) 21.1% (3) 20.0% (1) 20.0% (2) 25.3% (7) 23.3% (5)

North America 16,898 23.3% (5) 21.6% (4) 20.2% (3) 19.5% (2) 19.4% (1) 25.1% (7) 23.5% (6)

Size

X-small [0% ; 20%) 8,328 27.8% (7) 25.3% (4) 24.6% (3) 24.0% (2) 23.8% (1) 27.4% (6) 26.3% (5)

Small [20% ; 40%) 8,328 25.1% (6) 24.3% (4) 22.7% (3) 22.1% (1) 22.2% (2) 26.5% (7) 24.9% (5)

Medium [40% ; 60%) 8,327 24.0% (5) 21.8% (4) 20.9% (3) 19.8% (1) 20.2% (2) 25.4% (7) 24.3% (6)

Large [60% ; 80%) 8,328 23.7% (6) 21.7% (4) 20.7% (3) 19.6% (2) 19.5% (1) 25.7% (7) 23.2% (5)

X-large [80% ; 100%] 8,328 24.5% (6) 21.3% (4) 19.3% (3) 17.5% (1) 18.5% (2) 26.4% (7) 23.7% (5)
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Table 73: The distribution of median errors for FWD+1 EV/EBIT for sectors, regions, and size  

 

  

FWD+1 EV/EBIT absolute valuation errors for sectors, regions, and size

Years: 2010-19 n GICS
SARD

(R )

SECSARD

(R )

INDSARD

(G )

INDSARD

(R )

WARR

(R )

SECWARR

(R )

Sectors

Energy 3,194 32.7% (7) 25.6% (4) 24.2% (3) 23.9% (2) 23.5% (1) 29.2% (5) 29.5% (6)

Materials 4,438 25.0% (7) 19.2% (2) 19.4% (3) 18.6% (1) 19.5% (4) 23.2% (6) 22.6% (5)

Industrials 10,301 21.5% (7) 17.5% (1) 17.8% (2) 17.8% (3) 18.2% (4) 19.9% (6) 19.0% (5)

Consumer Discretionary 7,603 23.0% (6) 21.4% (4) 21.2% (3) 19.3% (1) 19.6% (2) 23.5% (7) 22.9% (5)

Consumer Staples 3,374 20.4% (6) 20.0% (5) 17.4% (3) 17.0% (1) 17.3% (2) 21.6% (7) 18.7% (4)

Health Care 3,932 23.5% (6) 23.1% (4) 20.7% (3) 20.0% (1) 20.5% (2) 27.0% (7) 23.3% (5)

Information Technology	 6,017 26.4% (7) 23.7% (4) 22.9% (3) 22.1% (1) 22.4% (2) 26.3% (6) 25.5% (5)

Communication Services	 2,780 23.9% (7) 21.7% (3) 20.9% (1) 21.1% (2) 22.2% (4) 23.8% (6) 22.9% (5)

Regions

Asia & Pacif ic 11,795 29.2% (7) 23.0% (3) 22.7% (2) 22.1% (1) 23.4% (4) 25.6% (6) 24.5% (5)

Europe 12,946 21.3% (6) 19.3% (4) 18.4% (2) 18.3% (1) 18.4% (3) 21.7% (7) 20.4% (5)

North America 16,898 22.4% (6) 20.4% (4) 19.6% (3) 19.0% (2) 18.9% (1) 23.3% (7) 22.2% (5)

Size

X-small [0% ; 20%) 8,328 27.5% (7) 23.2% (3) 23.1% (1) 23.2% (2) 23.6% (4) 25.2% (6) 24.2% (5)

Small [20% ; 40%) 8,328 23.9% (7) 22.1% (4) 21.0% (1) 21.2% (3) 21.0% (2) 23.8% (6) 22.6% (5)

Medium [40% ; 60%) 8,327 22.9% (6) 20.8% (4) 19.8% (3) 19.4% (1) 19.7% (2) 23.5% (7) 22.6% (5)

Large [60% ; 80%) 8,328 22.7% (7) 20.0% (4) 19.1% (3) 18.4% (1) 18.7% (2) 22.5% (6) 21.4% (5)

X-large [80% ; 100%] 8,328 22.3% (7) 18.4% (4) 17.8% (3) 16.4% (1) 17.5% (2) 22.3% (6) 20.7% (5)
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10.16.2 For the results from hypothesis 4 

Table 74: The distribution of median errors for FWD+1 EV/Sales for sectors, regions, and size  

 

  

FWD+1 EV/Sales median absolute valuation error split for sectors, regions, and size

Year: 2019 n Brokers CIQ
GICS

(R )

INDSARD

(G )

INDSARD

(R )

Sectors

Energy 190 33.0% (4) 32.7% (3) 53.7% (5) 26.9% (1) 27.7% (2)

Materials 311 30.6% (2) 31.0% (3) 41.4% (5) 28.1% (1) 31.2% (4)

Industrials 710 36.0% (3) 38.4% (4) 50.1% (5) 27.7% (1) 33.9% (2)

Consumer Discretionary 530 39.1% (3) 41.6% (4) 44.8% (5) 26.9% (1) 30.6% (2)

Consumer Staples 250 34.5% (3) 39.2% (4) 48.7% (5) 29.6% (1) 31.6% (2)

Health Care 291 30.4% (2) 35.5% (4) 40.6% (5) 30.1% (1) 30.6% (3)

Information Technology	 421 35.0% (3) 40.1% (4) 53.4% (5) 32.5% (1) 33.4% (2)

Communication Services	 182 35.7% (3) 37.5% (4) 44.8% (5) 32.1% (2) 31.3% (1)

Regions

Asia & Pacif ic 604 38.6% (3) 39.5% (4) 51.4% (5) 27.9% (1) 31.5% (2)

Europe 1,046 34.9% (3) 39.1% (4) 48.9% (5) 30.5% (1) 33.0% (2)

North America 1,235 32.8% (3) 35.7% (4) 44.6% (5) 28.0% (1) 30.6% (2)

Size

X-small [0% ; 20%) 577 39.4% (3) 41.5% (4) 50.9% (5) 31.6% (1) 34.0% (2)

Small [20% ; 40%) 577 40.8% (3) 41.8% (4) 45.0% (5) 32.6% (1) 34.3% (2)

Medium [40% ; 60%) 577 34.7% (3) 34.8% (4) 44.6% (5) 30.3% (1) 30.6% (2)

Large [60% ; 80%) 577 30.3% (3) 34.7% (4) 47.3% (5) 24.4% (1) 29.0% (2)

X-large [80% ; 100%] 577 31.1% (3) 35.7% (4) 51.2% (5) 26.2% (1) 30.9% (2)
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Table 75: The distribution of median errors for FWD+1 EV/EBITDA for sectors, regions, and size  

 

  

FWD+1 EV/EBITDA median absolute valuation error split for sectors, regions, and size

Year: 2019 n Brokers CIQ
GICS

(R )

INDSARD

(G )

INDSARD

(R )

Sectors

Energy 190 15.4% (1) 16.3% (2) 31.2% (5) 24.2% (4) 21.7% (3)

Materials 311 18.5% (1) 21.9% (2) 25.4% (5) 22.3% (3) 22.9% (4)

Industrials 710 20.5% (1) 23.0% (4) 28.3% (5) 22.2% (3) 22.1% (2)

Consumer Discretionary 530 22.8% (3) 25.6% (4) 27.2% (5) 21.3% (1) 22.7% (2)

Consumer Staples 250 20.9% (4) 20.7% (3) 22.9% (5) 20.3% (2) 18.8% (1)

Health Care 291 22.1% (2) 22.4% (3) 25.7% (5) 21.6% (1) 22.9% (4)

Information Technology	 421 23.1% (1) 28.6% (4) 35.3% (5) 26.8% (3) 25.3% (2)

Communication Services	 182 19.1% (1) 23.4% (4) 28.3% (5) 22.8% (3) 22.2% (2)

Regions

Asia & Pacif ic 604 22.1% (1) 24.1% (3) 28.6% (5) 22.8% (2) 24.5% (4)

Europe 1,046 21.9% (1) 24.6% (4) 28.1% (5) 23.0% (3) 22.3% (2)

North America 1,235 19.5% (1) 21.6% (2) 28.1% (5) 22.2% (4) 21.9% (3)

Size

X-small [0% ; 20%) 577 23.9% (2) 26.7% (4) 28.3% (5) 24.8% (3) 23.7% (1)

Small [20% ; 40%) 577 22.2% (1) 24.9% (4) 27.3% (5) 24.3% (3) 23.7% (2)

Medium [40% ; 60%) 577 20.5% (1) 23.6% (4) 26.4% (5) 22.3% (3) 22.2% (2)

Large [60% ; 80%) 577 19.7% (1) 21.9% (3) 28.0% (5) 22.2% (4) 21.7% (2)

X-large [80% ; 100%] 577 18.0% (1) 21.3% (3) 30.0% (5) 20.1% (2) 22.2% (4)
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Table 76: The distribution of median errors for FWD+1 EV/EBIT for sectors, regions, and size  

 

  

FWD+1 EV/EBIT median absolute valuation error split for sectors, regions, and size

Year: 2019 n Brokers CIQ
GICS

(R )

INDSARD

(G )

INDSARD

(R )

Sectors

Energy 190 25.3% (4) 22.9% (3) 31.7% (5) 22.3% (2) 20.5% (1)

Materials 311 19.6% (1) 22.5% (4) 26.4% (5) 21.5% (3) 21.0% (2)

Industrials 710 18.9% (1) 21.4% (3) 24.7% (5) 20.0% (2) 21.6% (4)

Consumer Discretionary 530 22.4% (3) 23.1% (4) 24.9% (5) 21.1% (1) 21.1% (2)

Consumer Staples 250 17.9% (1) 21.9% (4) 22.7% (5) 19.8% (3) 19.4% (2)

Health Care 291 20.5% (1) 20.5% (2) 26.8% (5) 21.3% (4) 21.0% (3)

Information Technology	 421 22.8% (1) 28.5% (4) 31.5% (5) 25.4% (3) 24.2% (2)

Communication Services	 182 19.6% (1) 24.9% (3) 27.8% (5) 24.8% (2) 25.3% (4)

Regions

Asia & Pacif ic 604 22.4% (2) 25.9% (4) 28.9% (5) 21.4% (1) 22.8% (3)

Europe 1,046 20.1% (1) 22.5% (4) 24.2% (5) 21.8% (3) 21.2% (2)

North America 1,235 20.5% (1) 22.7% (4) 27.5% (5) 21.0% (2) 21.6% (3)

Size

X-small [0% ; 20%) 577 24.0% (3) 27.2% (5) 26.5% (4) 22.7% (2) 22.0% (1)

Small [20% ; 40%) 577 23.9% (2) 24.8% (4) 25.8% (5) 24.0% (3) 23.1% (1)

Medium [40% ; 60%) 577 22.0% (1) 24.1% (4) 26.9% (5) 22.4% (2) 22.7% (3)

Large [60% ; 80%) 577 17.9% (1) 21.2% (4) 26.2% (5) 20.7% (2) 20.8% (3)

X-large [80% ; 100%] 577 16.5% (1) 20.4% (3) 27.4% (5) 18.8% (2) 20.5% (4)
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Table 77: The distribution of median errors for FWD+1 P/E for sectors, regions, and size  

 

  

FWD+1 P/E median absolute valuation error split for sectors, regions, and size

Year: 2019 n Brokers CIQ
GICS

(R )

INDSARD

(G )

INDSARD

(R )

Sectors

Energy 190 20.7% (3) 21.5% (4) 24.5% (5) 18.6% (1) 19.3% (2)

Materials 311 17.3% (1) 21.1% (4) 21.2% (5) 19.7% (3) 18.5% (2)

Industrials 710 15.6% (1) 17.1% (2) 21.9% (5) 18.4% (4) 18.0% (3)

Consumer Discretionary 530 18.3% (2) 21.8% (4) 22.0% (5) 19.9% (3) 17.9% (1)

Consumer Staples 250 18.1% (2) 19.4% (4) 22.2% (5) 16.6% (1) 18.5% (3)

Health Care 291 18.7% (1) 21.9% (4) 26.9% (5) 21.3% (3) 21.3% (2)

Information Technology	 421 24.5% (2) 29.8% (4) 31.8% (5) 23.7% (1) 25.3% (3)

Communication Services	 182 21.0% (2) 22.3% (3) 26.7% (5) 19.5% (1) 24.6% (4)

Regions

Asia & Pacif ic 604 20.5% (3) 20.6% (4) 23.2% (5) 18.7% (1) 19.0% (2)

Europe 1,046 18.3% (1) 20.5% (4) 22.1% (5) 19.3% (2) 19.6% (3)

North America 1,235 18.4% (1) 22.1% (4) 26.5% (5) 20.6% (3) 20.4% (2)

Size

X-small [0% ; 20%) 577 21.3% (3) 25.2% (5) 23.9% (4) 20.3% (1) 21.0% (2)

Small [20% ; 40%) 577 21.0% (2) 22.6% (5) 22.6% (4) 21.1% (3) 19.8% (1)

Medium [40% ; 60%) 577 18.7% (1) 20.5% (3) 23.8% (5) 21.3% (4) 20.1% (2)

Large [60% ; 80%) 577 17.9% (1) 19.3% (4) 23.6% (5) 18.3% (2) 19.2% (3)

X-large [80% ; 100%] 577 15.8% (1) 19.2% (3) 26.2% (5) 18.3% (2) 19.5% (4)
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10.17 Country differences in accuracy 

10.17.1 For the results from hypotheses 1-3 

Table 78: Differences in accuracy on country-level for FWD+1 P/E, 2010-2019 

 

  

FWD+1 P/E absolute valuation errors for countries

Years: 2010-19 n
GICS

(R )

SARD

(R )

SECSARD

(R )

INDSARD

(G )

INDSARD

(R )

WARR

(R )

SECWARR

(R )

Countries

Australia 2,081 23.3% (6) 22.2% (4) 21.2% (3) 17.7% (1) 20.2% (2) 23.8% (7) 22.3% (5)

Austria 244 17.8% (5) 16.4% (3) 18.2% (7) 12.1% (1) 15.9% (2) 17.9% (6) 16.6% (4)

Belgium 337 18.6% (7) 17.0% (4) 15.9% (2) 15.1% (1) 17.9% (6) 17.4% (5) 16.9% (3)

Canada 2,236 24.1% (5) 21.6% (4) 20.5% (3) 19.0% (1) 19.9% (2) 25.3% (7) 24.3% (6)

Denmark 332 20.0% (5) 20.1% (6) 19.5% (3) 16.6% (1) 18.7% (2) 23.6% (7) 19.7% (4)

Finland 538 14.7% (5) 14.5% (4) 14.4% (3) 13.4% (2) 13.3% (1) 16.0% (6) 16.2% (7)

France 1,583 17.1% (6) 15.5% (4) 14.9% (3) 14.3% (1) 14.4% (2) 17.3% (7) 16.2% (5)

Germany 1,572 18.1% (6) 16.7% (4) 15.9% (3) 15.7% (2) 14.7% (1) 20.0% (7) 17.9% (5)

Hong Kong 1,554 29.0% (6) 27.8% (2) 27.9% (3) 28.4% (4) 25.4% (1) 29.3% (7) 28.6% (5)

Ireland 404 20.1% (7) 17.1% (4) 16.6% (3) 14.6% (1) 16.2% (2) 18.4% (5) 19.9% (6)

Israel 242 28.8% (7) 20.8% (1) 22.2% (3) 21.9% (2) 25.8% (6) 22.3% (4) 22.5% (5)

Italy 736 19.3% (7) 17.4% (4) 16.8% (3) 16.2% (1) 16.3% (2) 18.4% (5) 18.6% (6)

Japan 7,206 21.3% (6) 19.3% (4) 18.1% (3) 17.5% (2) 17.1% (1) 22.7% (7) 21.0% (5)

Netherlands 626 18.1% (7) 14.2% (1) 16.1% (3) 14.9% (2) 16.3% (4) 17.9% (6) 16.5% (5)

New  Zealand 317 18.1% (3) 20.4% (6) 18.9% (4) 14.6% (1) 17.9% (2) 21.3% (7) 19.5% (5)

Norw ay 482 25.0% (6) 21.2% (4) 18.3% (3) 17.1% (1) 17.3% (2) 26.0% (7) 22.5% (5)

Portugal 128 15.1% (4) 15.6% (5) 12.3% (3) 10.7% (1) 10.9% (2) 16.3% (7) 15.8% (6)

Singapore 637 22.3% (4) 22.6% (5) 21.5% (3) 19.7% (1) 21.0% (2) 24.9% (7) 22.7% (6)

Spain 501 14.7% (7) 14.4% (6) 13.7% (3) 13.2% (2) 12.4% (1) 14.4% (5) 13.9% (4)

Sw eden 1,120 18.1% (6) 15.9% (4) 15.2% (2) 14.7% (1) 15.6% (3) 18.5% (7) 17.8% (5)

Sw itzerland 1,056 21.1% (7) 16.9% (2) 16.7% (1) 17.9% (4) 17.2% (3) 21.1% (6) 20.1% (5)

United Kingdom 3,287 19.8% (5) 18.7% (4) 18.0% (3) 17.4% (2) 17.0% (1) 21.0% (7) 20.1% (6)

United States 14,420 20.5% (6) 18.5% (4) 17.3% (3) 17.2% (2) 17.0% (1) 20.8% (7) 20.1% (5)
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10.17.2 For the results from hypothesis 4 

Table 79: Differences in accuracy on country-level, 2019 

 

  

Median absolute valuation errors split for countries

Year: 2019 n
Brokers

( P/ E)

Brokers
( EV / EB ITD A )

Brokers
( P/ E and  

EV / EB ITD A )

CIQ
( P/ E)

GICS (R )
( P/ E)

INDSARD 

(G )
( P/ E)

INDSARD 

(R )
( P/ E)

C o untries

Australia 137 20.5% 20.7% 18.6% (1) 25.0% (5) 21.5% (4) 19.5% (3) 19.5% (2)

Austria 25 15.6% 27.7% 21.7% (5) 12.4% (1) 14.6% (4) 14.1% (3) 12.5% (2)

Belgium 25 22.0% 29.4% 24.3% (5) 16.4% (2) 16.3% (1) 17.9% (4) 17.2% (3)

Canada 172 23.1% 21.1% 20.9% (1) 25.5% (4) 26.5% (5) 23.3% (2) 23.4% (3)

Denmark 26 19.3% 26.3% 16.5% (1) 24.3% (4) 23.1% (3) 21.3% (2) 24.9% (5)

Finland 53 16.1% 13.1% 13.7% (1) 19.6% (4) 17.2% (2) 20.5% (5) 17.9% (3)

France 100 15.3% 24.3% 18.1% (4) 14.8% (2) 22.2% (5) 14.6% (1) 17.4% (3)

Germany 127 18.3% 19.2% 18.3% (1) 20.8% (3) 21.4% (5) 19.2% (2) 21.1% (4)

Hong Kong 92 21.9% 26.1% 21.4% (1) 24.9% (3) 27.7% (5) 25.3% (4) 23.4% (2)

Ireland 38 17.9% 21.4% 20.8% (2) 24.1% (4) 26.7% (5) 18.1% (1) 22.3% (3)

Israel 12 5.5% 11.5% 5.8% (1) 26.8% (2) 35.7% (5) 26.9% (3) 33.3% (4)

Italy 63 21.5% 24.4% 22.2% (5) 21.6% (3) 21.3% (1) 21.9% (4) 21.4% (2)

Japan 305 18.8% 21.4% 18.1% (3) 19.0% (4) 21.6% (5) 17.5% (2) 17.0% (1)

Netherlands 48 18.5% 26.0% 18.8% (1) 22.6% (4) 20.5% (3) 19.8% (2) 23.3% (5)

New  Zealand 30 18.8% 13.2% 10.9% (1) 20.9% (4) 27.0% (5) 16.9% (2) 20.6% (3)

Norw ay 37 21.2% 17.2% 18.4% (1) 18.9% (2) 26.4% (5) 23.0% (4) 22.6% (3)

Portugal 10 21.7% 25.5% 19.8% (4) 26.9% (5) 16.7% (3) 10.8% (1) 16.6% (2)

Singapore 40 21.8% 30.7% 18.7% (1) 18.8% (2) 22.5% (3) 22.9% (4) 24.5% (5)

Spain 37 14.9% 17.2% 16.6% (2) 20.5% (5) 17.2% (3) 17.6% (4) 15.0% (1)

Sw eden 105 16.3% 20.5% 16.6% (1) 24.2% (4) 24.4% (5) 18.8% (3) 18.5% (2)

Sw itzerland 86 19.6% 23.5% 20.3% (2) 21.6% (4) 25.7% (5) 21.0% (3) 18.8% (1)

United Kingdom 266 19.6% 20.7% 19.6% (1) 21.2% (4) 24.2% (5) 19.9% (2) 20.6% (3)

United States 1,051 18.1% 19.5% 17.3% (1) 21.2% (4) 26.5% (5) 20.1% (3) 20.1% (2)
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10.18 Choice of aggregation measure H1-H3 

Table 80: Harmonic mean vs. median for hypotheses 1-3 

 

H armo nic mean versus median erro rs fo r F WD +1 mult iples (2010-2019)

n= 41,639 GIC S ( R ) SA R D  ( R ) SEC SA R D  ( R ) IN D SA R D  ( G ) IN D SA R D  ( R ) WA R R  ( R ) SEC WA R R  ( R )

Harmean M edian Harmean M edian Harmean M edian Harmean M edian Harmean M edian Harmean M edian Harmean M edian

F WD +1 EV/ Sales

M edian 45.6% (2) 44.6% (1) 24.6% (1) 24.8% (2) 27.4% (2) 27.1% (1) 27.5% (2) 27.2% (1) 30.2% (2) 30.1% (1) 26.0% (2) 25.0% (1) 25.0% (2) 24.2% (1)

M ean 62.3% (1) 80.7% (2) 33.1% (1) 36.9% (2) 36.4% (1) 42.1% (2) 37.0% (1) 41.9% (2) 40.5% (1) 47.1% (2) 36.5% (1) 38.6% (2) 35.1% (1) 37.6% (2)

IQ range 47.6% (1) 54.2% (2) 31.5% (1) 33.4% (2) 33.9% (1) 35.9% (2) 33.7% (1) 36.6% (2) 36.9% (1) 40.1% (2) 32.9% (1) 33.7% (2) 31.9% (1) 32.9% (2)

F WD +1 EV/ EB IT D A

M edian 25.0% (2) 24.7% (1) 22.9% (2) 22.6% (1) 21.5% (2) 21.3% (1) 20.5% (1) 20.6% (2) 20.7% (2) 20.7% (1) 26.2% (2) 25.6% (1) 24.5% (2) 24.1% (1)

M ean 32.4% (1) 34.5% (2) 30.8% (1) 33.2% (2) 28.6% (1) 30.4% (2) 27.5% (1) 29.3% (2) 27.5% (1) 29.1% (2) 35.2% (1) 37.6% (2) 32.3% (1) 34.3% (2)

IQ range 30.4% (1) 31.7% (2) 29.1% (1) 30.4% (2) 27.5% (1) 28.4% (2) 26.3% (1) 27.4% (2) 26.5% (1) 27.4% (2) 31.8% (1) 33.7% (2) 30.0% (1) 31.6% (2)

F WD +1 EV/ EB IT

M edian 23.7% (2) 23.4% (1) 20.8% (2) 20.6% (1) 20.0% (2) 20.0% (1) 19.5% (1) 19.5% (2) 19.9% (2) 19.8% (1) 23.4% (2) 23.1% (1) 22.2% (2) 22.1% (1)

M ean 31.8% (1) 33.7% (2) 28.0% (1) 29.9% (2) 27.0% (1) 28.5% (2) 26.5% (1) 28.0% (2) 26.6% (1) 27.9% (2) 31.6% (1) 33.3% (2) 29.7% (1) 31.2% (2)

IQ range 30.5% (1) 31.8% (2) 27.5% (1) 28.1% (2) 26.5% (1) 27.3% (2) 25.8% (1) 26.7% (2) 26.0% (1) 26.8% (2) 29.6% (1) 31.0% (2) 28.9% (1) 29.9% (2)

F WD +1 P / E

M edian 20.6% (1) 20.7% (2) 18.8% (2) 18.7% (1) 17.8% (1) 17.9% (2) 17.2% (1) 17.4% (2) 17.3% (1) 17.4% (2) 21.3% (1) 21.4% (2) 20.2% (2) 20.1% (1)

M ean 28.0% (1) 29.2% (2) 26.8% (1) 28.5% (2) 25.2% (1) 26.5% (2) 24.0% (1) 25.2% (2) 24.1% (1) 25.1% (2) 29.8% (1) 31.5% (2) 28.1% (1) 29.6% (2)

IQ range 27.4% (1) 28.2% (2) 25.5% (1) 26.5% (2) 24.5% (1) 25.5% (2) 23.6% (1) 24.4% (2) 24.0% (1) 24.7% (2) 28.3% (1) 29.4% (2) 27.0% (1) 27.8% (2)
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10.19 Alternative distance measure vs. Manhattan Distance 

Table 81: Alternative distance measure vs. Manhattan Distance 

   

n= 2,885 Brokers CIQ GICS (R ) INDSARD (G ) INDSARD (R ) INDSARD (G)

Manhattan Power of 0.5

FWD+1 EV/Sales

Median 34.7% (4) 37.7% (5) 47.5% (6) 29.0% (2) 31.6% (3) 28.4% (1)

Mean 48.5% (4) 49.6% (5) 59.6% (6) 37.5% (1) 40.0% (2) 42.1% (3)

IQ range 42.6% (5) 41.6% (4) 44.4% (6) 34.0% (1) 36.1% (2) 36.7% (3)

FWD+1 EV/EBITDA

Median 20.8% (1) 23.4% (5) 28.2% (6) 22.7% (4) 22.4% (3) 22.1% (2)

Mean 28.8% (2) 31.2% (5) 33.8% (6) 28.9% (3) 28.6% (1) 30.4% (4)

IQ range 27.5% (2) 30.3% (5) 32.9% (6) 27.3% (1) 28.0% (3) 28.9% (4)

FWD+1 EV/EBIT

Median 20.7% (1) 23.2% (5) 26.5% (6) 21.4% (2) 21.7% (3) 21.8% (4)

Mean 29.1% (3) 31.0% (5) 32.8% (6) 27.8% (2) 27.3% (1) 29.3% (4)

IQ range 26.4% (1) 28.7% (4) 30.9% (6) 27.9% (3) 27.3% (2) 29.1% (5)

FWD+1 P/E

Median 18.7% (1) 21.1% (5) 24.2% (6) 19.7% (2) 19.8% (3) 20.3% (4)

Mean 26.2% (3) 28.8% (5) 30.3% (6) 25.6% (1) 26.1% (2) 27.2% (4)

IQ range 26.1% (2) 28.0% (5) 30.7% (6) 26.1% (3) 25.5% (1) 27.0% (4)

FWD+1 P/E and FWD+1 EV/EBITDA

Median 18.2% (1) 21.0% (5) 24.9% (6) 20.3% (3) 20.2% (2) 20.5% (4)

Mean 24.6% (1) 27.4% (5) 29.7% (6) 25.5% (2) 25.6% (3) 25.6% (4)

IQ range 23.8% (1) 26.9% (5) 29.9% (6) 25.8% (2) 26.2% (3) 26.2% (4)

Benchmarking of different peer identification approaches based on calendarised 2020 value drivers with valuation date as of 31 

March 2019
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10.20 The INDSARD matching algorithm for abnormal values 

Figure 13: Correlation with the target firm’s variable and the peer group’s median variable for the 

five lowest leverage intervals for brokers and INDSARD (G) 

 

The figure depicts the Spearman and Pearson correlation for a set of variables. We have benchmarked 

the correlation of the target firm’s variable and the peer group’s median variable resulting from applying 

INDSARD (G) to that of brokers. An interesting finding emerges. The INDSARD algorithm does not control 

for leverage to the same extent as the other selection variables (e.g. ROE). This can be explained by the 

industry restriction embedded in INDSARD which limits the peer pool and thereby decreases the 

opportunity of finding peers with similar abnormal variables (Figure 13 only displays the correlation among 

the target firms with the 5% lowest values for NIBD/EBIT). 

  

Correlation (Y: Spearman, X: Pearson) with the target firm’s variable and the peer group's median variable for the leverage 

interval "Low" (the 145 target firm's with most extreme negative values for NIBD/EBIT)
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10.21 Absolute and signed errors for varying intervals of D&A (%) 

Figure 14: Median signed valuation errors for 20 intervals of D&A as a percentage of sales 

 

Figure 15: Median absolute evaluation errors for 20 intervals of D&A as a percentage of sales 
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10.22 Brief explanation of IFRS 16 

On IFRS 16:  

▪ Before IFRS 16 was implemented, 

financial leases and operating leases 

were treated differently 

▪ Operating leases were not capitalised, 

but rather expensed in the P/L as a 

single line item above EBITDA 

▪ Financial leases were capitalised – the 

P/L was affected below EBITDA through 

a depreciation charge and an interest 

component 

▪ With IFRS 16, operating leases are 

treated as financial leases – all leases 

are capitalised 

On ASC 842:  

▪ ASC 842 is similar to IFRS 16 and 

impacts US-firms (reporting under US-

GAAP) 

▪ Unlike IFRS 16, ASC 842 only impacts 

the balance sheet – leases are still 

expensed above EBITDA as a single line 

item 

Table 82: Analysis of the impact of IFRS 16 based on 75 JSE companies by Deloitte (2019). 

   

Data source: Deloitte (2019)  
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