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Abstract:

This study enhances the widely used relative valuation technique by conducting a com-
parative analysis of conventional and product-description-based classifiers and intro-
ducing a novel idiosyncratic peer group size approach. Focusing on U.S. companies
from 2010 to 2021, we applied two non-linear peer ranking methods — one univariate
and one multivariate — to identify peers used to estimate the forward P/E for the firm
in focus. The findings revealed that the alternative product-description-based classifier
TNIC achieved the highest valuation accuracy compared to the conventional classifi-
ers SIC and GICS, as well as the alternative product-description-based D2V classifier.
We attribute TNIC's superior performance to its dynamic structure, which aligns with
a more flexible and adaptive approach to grouping companies, moving away from the
rigid, predefined structures of conventional classifiers. Additionally, we introduced a
new approach to optimise peer group sizes, by accounting for differences in industry
classifier characteristics and industry size. We conclude that this idiosyncratic ap-
proach produced 20-30% higher valuation accuracy than the fixed peer group size ap-
proach, widely used in prior studies. This approach is entirely novel, and while we
urge future research to test its robustness, our findings highlight the importance of
accounting for industry size for systematic peer selection.
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1. Introduction

“Finding similar and comparable firms is often a challenge and we have to often ac-
cept firms that are different from the firm being valued on one dimension or the other.”
(Damodaran, 2002, p.11)

In private markets, where financial information and forecasts are often limited, reducing
the applicability of intrinsic value models, relative valuation stands out as a widely used
technique (Asquith et al., 2005; Berk & DeMarzo, 2017; Pinto, et al., 2018; Forte et al.,
2020). Relative valuation relies on the use of multiples, which represent the ratio between
the estimated value — such as equity or enterprise value (EV) —and a relevant value driver,
like revenue or earnings. In practice, when conducting firm valuations for M&A transac-
tions or IPOs you typically rely on two sources: comparable public companies and valu-
ations from similar transactions, (Berk & DeMarzo, 2017). These sources allow the iden-
tification of valuation benchmarks, enabling practitioners (professionals actively engaged
in valuations) to address the challenge of valuing private companies in the absence of
readily available market data.

The core principle of relative valuation is that comparable assets should have similar val-
uation (Fama & French, 1992), making the selection of peers with similar characteristics
a crucial step. However, finding "perfect” peers is difficult, as no two companies are iden-
tical (Skogsvik & Skogsvik, 2009). Additionally, banks may have incentives to choose
peers that favourably influence the valuation to secure deals (Eaton et al., 2021), meaning
valuation accuracy may not always be the primary objective. In response to the limited
practical focus on valuation accuracy, academic research has explored more systematic
approaches to peer selection. While much of the research on peer selection has concen-
trated on improving valuation accuracy (Knudsen et al., 2017), peer selection has also
been applied to areas such as sales growth forecasting (Theising et al., 2023), credit risk
assessment (Pandey & Bandhu, 2022), and organisational benchmarking (Kennedy et al.,
2021).

Previous research on systematic peer selection models for relative valuation identifies
peers using two key dimensions. (i) Financial profile, capturing elements such as profit-
ability, growth, and risk (Bhojraj & Lee, 2002) through metrics like return on equity
(ROE) and operating margin. (ii) Business profile, typically is based on industry classifi-
cations as firms within the same industry are assumed to have similar risk profiles and
earnings growth dynamics (Alford, 1992). Commonly used industry classification sys-
tems, such as SIC and GICS, rely on static definitions that are rarely updated, with firm’s
categorisation remaining largely stable over time. But as Lee et al. (2015, p. 411) note,
industry classifications are inherently imprecise: “With no conceptual guidance on what
constitutes an ‘industry’, the choice of industry benchmarks ultimately relies on subjec-
tive judgement.”



Advancements in statistical tools, such as Al-driven language analysis, have opened new
possibilities for refining how companies can be grouped together. Eaton et al. (2021)
demonstrated the effectiveness of a dynamic, product-description-based industry classi-
fier developed by Hoberg & Phillips (2016) — known as the Text-Based Network Industry
Classifier (TNIC). They show that TNIC more accurately reflected peer groups used for
relative valuation in M&A transactions compared to traditional classifiers like SIC. Sim-
ilarly, Adebédck & Haqués (2022), in a master’s thesis at the Stockholm School of Eco-
nomics, found that TNIC outperformed conventional classifiers in systematic peer selec-
tion. Building on this progress, Hoberg & Phillips (2023) introduced the D2V-TNIC-3
(D2V) industry classifier, representing a further refinement in product-description-based
classification. While TNIC identifies peers directly based on the similarity of product
descriptions, D2V creates 300 fixed industry definitions from product descriptions and
assigns companies to these predefined industries. Although the study did not primarily
focus on profitability accuracy (a critical driver for valuations) it found that D2V enhance
profitability prediction accuracy by 26% compared to TNIC, which itself was 46% more
accurate than the conventional Standard Industry Classifier (SIC).

Moreover, using data from actual M&A transactions, Eaton et al. (2021) observed that
peer groups typically range from eight to ten firms in practice. However, the peer group
size has received little attention in previous research which is acknowledged by Dittmann
& Weiner (2005, p.5), stating, “The choice of the number five [peers] is arbitrary, and
we are not aware of any study that investigates which minimal number of firms is opti-
mal”. Knudsen et al. (2017) examined peer group sizes and found that the most accurate
results were achieved with 6-16 peers, depending on the multiple used. However, their
analysis assumed a fixed peer group size for all 12,350 firms valued over their study
period, which seems overly simplistic. Moreover, Cheng & McNamara (2000) found that
larger industries tend to generate higher valuation accuracy, yet no prior research has
aptly accounted for the idiosyncratic aspect of industry size in peer group construction
methodologies.

By using data from U.S. companies spanning from 2010 to 2021, we investigate peer
group accuracy for forward price-to-earnings (P/E) multiples using the non-linear peer
ranking methods developed by Cheng & McNamara (2000) and Knudsen et al. (2017).
Firstly, our analysis compares the performance of several industry classifiers: Market?,
GICS, SIC, D2V, and TNIC. Consistent with previous research, we found that all classi-
fiers outperformed the Market, with TNIC generally achieving the highest accuracy and
robustness over the entire study period. The performance of the other classifiers varied,
with relative performance rankings shifting depending on the test. Second, we introduce
a novel idiosyncratic peer group size approach that uses heuristic measures, i.e. rules of
thumb, to estimate the optimal size for each peer group. Applying the optimal ratio — one
of the heuristic measures which accounts for differences in classifier characteristics and

! From this point forward, "Market," spelled with a capital M, will refer to the classifier that treats the en-
tire market as a single industry, i.e. no industry delimitation applied in the peer ranking.
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industry size — valuation accuracy improved significantly across all classifiers, achieving
a 20-30% increase compared to the traditional fixed peer group size approach commonly
used in previous studies.

The remaining text is structured as follows: Section 2. reviews the relevant previous lit-
erature; Section 3. outlines the methods employed in our study; Section 4. presents the
results and includes a discussion of the findings; and finally, Section 5. provides conclu-
sion and practical implications.

2. Prior research and theory

Conducting a relative valuation using multiples and peer selection requires addressing
several important considerations. To approach this from an academic perspective, we sys-
tematically examine the steps outlined in prior research, which often differ from the more
flexible methods used in practice. This structured analysis provides a basis for under-
standing relative valuation and supports the methodology detailed in Section 3.

The following structure is presented in this section, starting in Section 2.1. with an intro-
duction to valuation and how it is done in practice. Followed by a presentation of systemic
peer selection in 2.2 and peer ranking methods in 2.3. Furthermore, in 2.4 we elaborate
on different industry classifiers and different ways of selecting the number of peers in 2.5.
Lastly, in 2.6 we further elaborate on the thesis contribution and present a summary of
the most central previous literature.

2.1. Introduction to valuation

Valuation is a central process in finance for determining the value of, for example a firm,
an asset or an investment. It provides a foundation for decision-making in areas such as
M&A, IPOs, and financial reporting. The two main approaches for firm valuation are (i)
intrinsic valuation, and (ii) relative valuation. Intrinsic valuation is a method of determin-
ing the value of a firm based on its fundamental financial characteristics (Berk & De-
Marzo, 2017). Koller et al. (2020) elaborate that intrinsic valuation, for example the dis-
counted cash flow model (DCF), relies on three principal components: the estimation of
future cash flows, the determination of an appropriate discount rate, and the assumption
of aterminal value that captures cash flows beyond the explicit forecast horizon. A second
intrinsic valuation model is the Dividend Discount Model (DDM). Berk & DeMarzo
(2017) describe the DDM Model as a valuation approach that determines a company's
value by calculating the present value of its expected future dividend payments. It oper-
ates on the principle that an asset's value is derived from the cash flows it generates for
its owners.

The alternative method, relative valuation, is widely used in finance due to its simplicity
and reliance on observable market data. It involves estimating a firm’s value by compar-
ing it to similar companies, based on the main assumption that comparable companies



should be valued similar (Fama & French, 1992). It involves using market-based multi-
ples; for example, taking a focus firm’s equity or enterprise value to an income, balance
sheet, or cash flow item by using multiples such as the P/E, EV/EBITDA, and P/B. This
method is particularly prevalent in M&A, IPOs, and equity research, where quick and
practical valuation insights are required (Berk & DeMarzo, 2017). A key distinction in
relative valuation lies between the two primary data sources: (i) publicly listed companies
and (ii) previous similar transactions, both of which serve to assess a focus firm's value
by evaluating similarities to potential peers based on growth, profitability, and risk. The
following formula shows the relationship between the multiple, firm value and value
driver:

Firm value

Valuati ltiple = g —driver
atuation muitipie = oo e driver

2.1.1. Linkage and contrast between intrinsic and relative valuation

Intrinsic and relative valuation methods are interconnected to an extent as the DDM
model can be used to drive equity-based multiples for relative valuation. According to
Knudsen et al. (2017), by assuming a constant dividend growth rate in perpetuity (go),
the DDM model can be used as a simple expression to drive equity-based multiples:

D
Te — Y9p
Here (P) is equivalent to the value of equity according to the market, (D) stands for divi-

dend and lastly cost of equity (re). Further, by taking net earnings (E) times the Payout
ratio, the following equation is presented:

p =

_ E x'Payoutratio

B Te = 9p
If we instead of E take ROE times the book value of equity (B), the following equation is
presented:

p— ROE X B X Payout ratio
Te — Yp
The payout ratio can further be described by the retention rate, i.e. the part of net earnings

reinvested in the business. If we then divide it with B, we have the price-to-book multiple
(P/B):

P ROE x (1 — Retentionrate) ROE — g,
B~ Te = 9p B Te = 9p
Lastly, by taking the denominator times ROE, it equals the P/E multiple:
P_ROE—gp 1
E Te — 9p ROE




While intrinsic and relative valuation methods share some conceptual foundations, they
differ fundamentally in their approaches and underlying principles. Intrinsic valuation
focuses on the firm itself, relying on assumptions about factors such as interest rates and
growth projections to estimate values. In contrast, relative valuation benchmarks a group
of comparable firms, drawing on their observed market values rather than relying on
model-generated valuations (Berk & DeMarzo, 2017; Koller et al., 2020).

One key critique against intrinsic valuation models, as mentioned by Miller & Modigliani
(1961), is that they are sensitive to underlying assumptions, such as growth rates and
discount rates, which may introduce bias or imprecision. Furthermore, Koller et al. (2020)
emphasise the difficulty of accurately forecasting future cash flows, particularly for firms
in volatile industries, which can lead to substantial variability in valuations. Additionally,
some scholars argue that intrinsic valuation models often fail to capture the dynamic in-
terplay of market sentiment and macroeconomic factors influencing asset prices in the
short term (Zhang, 2024).

Relative valuation is a favoured approach for IPO-valuation as it has a high effectiveness
in capturing prevailing market dynamics (Roosenboom, 2007). This is especially relevant
in public markets, where sentiment-driven fluctuations can significantly impact investor
perceptions. Its ease of implementation combined with its ability to benchmark a focus
company against comparable peers using observable market multiples are other ad-
vantages of relative valuation (Forte et al., 2020). However, it rests on the assumption
that the law of one price holds thus equity markets must be efficient (Fama, 1991). Ac-
cording to Maleki (2003) there are times when the stock market is less efficient in utilising
information. For example, in 1999 when the stock market was in a “bubble” in certain
sectors, intrinsic models could be more favourable due to their lower reliance on market
dynamics. Furthermore, Skogsvik & Skogsvik (2009) emphasise the difficulty in identi-
fying a firm that is a “perfect twin”, as firms do not tend to be identical on all dimensions.

2.1.2. Valuation in practice

Practitioners often favour relative valuation for its simplicity and ease of use in bench-
marking. As shown by Bradshaw (2001), out of 103 sell-side analyst reports from U.S.
investment banks, 87% use earnings multiples, primarily P/E. This is further supported
by a more recent study by Pinto et al. (2018) on valuation practices in global equity mar-
kets, in which they find that 93% of practitioners commonly use multiples form publicly
traded peers, with a preference for P/E and EV/EBITDA. They also find that the second
most popular method used is intrinsic valuation, for example 79% applied present dis-
counted value models like the DCF. But relative valuation, particularly through trading
multiples such as P/E and EV/EBITDA, is noted for its simplicity, market alignment, and
adaptability across industries.

Eaton et al. (2021) provide a different perspective as they highlight how external incen-
tives, like deal-driven fee structures, may lead to biased peer selection and overstated



valuations. This undermines valuation accuracy, as the selection of peers may prioritise
maximising the likelihood of securing the deal over ensuring objective comparability and
precise valuations.

2.2. Systematic peer selection

Prioritising objectivity in identifying comparable peers optimised for valuation accuracy,
systematic peer selection ensures consistency by employing predefined criteria to assess
similarities between companies (Knudsen et al., 2017). The criteria used can be catego-
rised into two dimensions: (i) financial profile and (ii) business profile. Financial profiles
focus on quantifiable metrics that are comparable across all types of firms, aiming to
capture characteristics such as growth, profitability, and risk (Bhojraj & Lee, 2002), with
metrics as ROE and operating margin. In contrast, business profiles are inherently more
qualitative, primarily assessed through industry classification.

These two dimensions interact in a complementary manner and typically involve using
the business profile to delimit the sample of potential peers through industry belonging,
after which financial characteristics are used to identify the most similar firms. While
peers can also be matched independently based on either dimension alone, several studies
have shown that valuation accuracy improves when peers are matched using both their
financial and business profiles (Alford, 1992; Cheng & McNamara, 2000).

2.2.1. Multiple choices

An important choice when constructing a relative valuation model is the choice of multi-
ple to use. Price-based multiples, such as the P/E and P/B multiple, consider the equity
the side of a company, focusing on metrics relevant to shareholders. For example, as ear-
lier stated, the P/E-multiple compares a company’s market value of equity to its earnings,
which are attributed to shareholders. In contrast, EV-multiples, such as EV/EBITDA, ac-
count for the valuation of the entire firm, incorporating both equity and debt holders to
provide a holistic view of the company’s capital structure. Moreover, the EV/EBIT mul-
tiple can be used to assess companies' operational efficiency (Berk & DeMarzo, 2016).
Previous literature such as Knudsen et al. (2017) find that depending on the choice of
multiple, the model accuracy varies. For example, the industry consumer discretionary
had the highest accuracy when using the EV/EBIT multiple, while for the energy sector
the P/E multiple had a higher accuracy.

Using multiples in relative valuation, for example P/E, one can look at (i) historical mul-
tiples, derived from past earnings data or (ii) forward-looking multiples based on, for
example an analyst’s or consensus forecasted earnings. Both perspectives are tools in
financial analysis, providing insights into market expectations and the historical perfor-
mance of a company (Berk & DeMarzo, 2017). When comparing the two and looking at
their ability to capture the future valuation, Kim & Ritter (1999) show that forward-look-
ing P/E multiples provide greater valuation accuracy compared to historical P/E



multiples. Similarly, the market tends to focus on the future as Plenborg & Pimentel
(2016) finds that the firm-values tend to be based on future expectations.

2.2.2. Peer group estimation

In formulating the focus company’s estimated valuation from the peer group’s multiples,
three main approaches have emerged in previous literature: the arithmetic mean, har-
monic mean and median. For the following formulas, n represents the number of peers.

n .

i—1 Multiple; . n
e Harmonic mean = o————
n i=1Multiple;

Arithmetic mean =

Median = central position

Alford (1992) and Cheng & McNamara (2000) use the median and reasons that it is useful
for estimation by avoiding extreme values in the P/E multiples. On the other hand, the
arithmetic mean is more nuanced than the median. However, it is seen by Baker & Ruback
(1999) to be a more “simple average” of a set of numbers compared to the harmonic mean
which is more commonly used for rates or multiples (Baker & Rudbeck, 1999). Moreover,
Baker & Rudbeck (1999) utilises Monte Carlo simulations to show that industry multiples
by harmonic means are more accurate than value-weighted arithmetic means. Most prior
literature uses the harmonic mean in formulating peer group estimates. For example, Liu
et al. (2002), and Dittmann & Weiner (2005) find harmonic mean to be the one with the
highest accuracy and particularly effective when accounting for outliers as it is not as
impacted by extreme values. Lastly, Knudsen et al. (2017) find harmonics mean to have
a superior performance supported by a sensitivity analysis.

2.2.3. Prediction accuracy

To evaluate the accuracy of a focus firm's estimated value, most previous literature studies
a sample of public companies and compares the estimated value with the actual market
valuation (e.g., Boatsman & Baskin, 1981; Alford, 1992; Cheng & McNamara, 2000; Liu
et al., 2002; Lie & Lie, 2002). It is important to acknowledge a mismatch between the
practical contexts in which relative valuation is often applied and the settings in which
systematic peer selection methods are typically evaluated. For instance, Steffen (2023)
highlight that valuations can vary significantly between public and private markets due
to factors such as discount for lack of marketability, which attributes a 25-35% discount
to private market companies compared to the publicly traded companies.

While the observable market price is commonly used as a benchmark due to the availa-
bility of data, Bhojraj & Lee (2002) introduce an alternative approach by measuring pre-
diction errors relative to forecasted market values over a period of up to three years. They
argued that market prices tend to converge toward intrinsic values over time. However,
this view was challenged by Sloan (2002), who questions the reliability of using fore-
casted market prices as a benchmark, reasoning that if the current observable market price



IS not an accurate indicator of value, there is little reason to believe that future prices — or
the prices of peers — would offer greater precision.

There are two main methods to evaluate the accuracy of a valuation estimate according
to previous literature, the percentage error (PRE) and absolute percentage error (APRE).
The PRE, included in prior literature (e.g., Lui et al., 2002; Lie & Lie, 2002), indicates
whether the model tends to overestimate or underestimate the actual value. However,
when looking at the accuracy of more than one observation, over- and underpredictions
can offset each other, obscuring the accuracy of the valuation model. For this reason,
APRE, is widely used in previous studies (e.g., Boatsman & Baskin, 1981; Alford, 1992;
Cheng & McNamara, 2000; Lui et al., 2002; Lie & Lie, 2002; Knudsen et al., 2017), and
is preferred because it provides a clearer and more objective assessment of the aggregated
valuation accuracy of a model. The APRE measures the magnitude of the error between
the predicted and actual value in absolute terms, i.e. irrespective of direction of estimation
error, expressed as a percentage of the actual value.
Vt(Mv) - Pt

PRE, =—————— APRE, =
t

Vt(Mv) - l:’t
P

2.3. Financial peer ranking methods

Over time, various methods have been developed to rank similarities of comparable com-
panies based on their financial profiles. The distinctions among peer ranking methods lie
in whether they assume a linear or non-linear relationship between financial characteris-
tics of peers and the estimated valuation of the focus firm. Non-linear methods, dominate
both in the number of tests conducted and in accuracy (Knudsen et al., 2017). These
methods are preferred for their ability to capture the complexities of financial relation-
ships more effectively than linear methods.

2.3.1. Linear financial peer ranking methods

Linear models establish a regression between valuation multiples and financial character-
istic measures (Liu et al., 2002; Bhojraj & Lee, 2002). Bhojraj & Lee (2002) apply a
regression model to analyse a sample of 1,498 U.S. firms from 1982 to 1998. Their study
examines the relationship between valuation multiples — specifically EV/Sales and P/B —
and eight financial metrics, including operating margin and ROE. By applying the focus
firm’s financial data to the regression model, they introduced the concept of a "warranted
multiple”.

n
Warranted Multiple; = o + Z Bie—1 X Xt + €
i=1
e o is the intercept of the regression.
e Pit1: The regression coefficient for financial metric derived from the previous
year.



¢ X . The value of the financial metric for the focus firm in the current year.
e ¢;: The error term in the regression.

The warranted multiples can be applied directly as an estimate of the focus firm's value.
However, what sets Bhojraj & Lee (2002) apart from other linear methods is their inno-
vative use of warranted multiples in an indirect peer selection approach. This method
involves constructing a peer group by identifying firms with the most similar warranted
multiples. The harmonic mean of the peer group’s multiples is subsequently used to esti-
mate the valuation multiple for the focus firm.

The linearity of the approach stems from two aspects: (i) the use of a linear regression
model to generate the coefficients; and (ii) the assumption in the direct estimation that
changes in the focus firm’s financial characteristics have a proportional, linear effect on
the warranted multiples and, consequently, the implied valuation.

Bhojraj & Lee (2002) argue that warranted multiples could effectively replace industry
classifications, offering a more robust and objective framework for relative valuation.
However, Sloan (2002) raises several critiques with their approach. He acknowledges the
potential for warranted multiples to complement industry classifiers but points out that
the study assumes a linear relationship between valuation multiples and their determi-
nants, which is a simplification that will likely not hold in practice. The theoretical rela-
tionship between multiples and their drivers is not inherently linear, and such an assump-
tion could limit the model's reliability. Also, Sloan questions the practical relevance of
Bhojraj & Lee’s framework, suggesting that if practitioners rely on other factors, such as
future earnings growth, when using valuation multiples, the contribution of the warranted
multiples approach may be diminished.

2.3.2. Non-linear financial peer ranking methods

Most previous studies utilise a non-linear approach to analyse the relationship between
valuation multiples and financial variables. This non-linearity implies that changes in the
independent financial variables do not result in a proportional impact on the estimated
valuation. Instead, the financial characteristics are primarily used to directly rank the
closeness of firms to one another, rather than to establish a fixed relationship between
these characteristics and the estimated valuation.

Boatsman & Baskin (1981) implement a non-linear univariate method for peer selection
by identifying the closest firm based on ten-year average growth rate. Their findings
demonstrated that selecting peers based on the growth rate yields higher accuracy than
randomly selecting a company from the same industry, but their study is rather limited by
its relatively small sample of 80 companies.

Building on this foundation, Alford (1992) introduces a multivariate financial approach
to peer selection. The study explores two methods: (i) selecting the 2% of peers closest
in terms of total assets and ROE respectively; and (ii) from these subsets, identifying the



14% of peers closest for each metric, effectively approximating the same number of firms
as the 2% test (14% x 14% = 2%). Alford finds that the second multivariate approach
achieves significantly higher accuracy compared to the initial univariate methods applied
individually.

Additionally, Alford (1992) combines financial profiles with business profile by incorpo-
rating industry classification. Specifically, the analysis evaluates the six closest firms
based on total assets and ROE, with the potential sample of peers delimited by industry
classification. The study concludes that the highest accuracy is achieved when combining
financial and business profiles, particularly by using both industry classification and
ROE. However, the improvement of relying solely on industry classification is not statis-
tically significant. Cheng & McNamara (2000) expands Alford’s work by finding that
industry classification with ROE significantly outperforms using industry alone, particu-
larly when evaluating P/E multiples.

Knudsen et al. (2017) further advances these methods by developing the Sum of Absolute
Rank Differences (SARD) method, which introduces a multivariate element. In their
study, they rank similarities among peers based on five financial metrics, although SARD
imposes no limit on the number of metrics that can be used. The method utilises the Man-
hattan distance, calculated as the sum of the absolute differences in ordinal ranks across
all financial variables. For example, if Company A is ranked 1st for ROE and 3rd for
implied growth, while Company B is ranked 2nd and 5th respectively, the Manhattan
distance is:

|11-2] +13-51=1+2=3

The six peers with the lowest total SARD score are selected to form the peer group. Knud-
sen et al. (2017) observe that accuracy generally improves as more financial variables are
incorporated, although results vary depending on the industry and the valuation multiple
being examined. The authors argue that no single financial metric can capture all relevant
information related to growth, profitability, or risk. Moreover, the SARD model outper-
forms the indirect linear model by Bhojraj & Lee (2002) in accuracy across all analysed
multiples.

2.4. Business profile industry delimitation

As noted earlier, business profiles, determined through industry classification, have his-
torically been used to define the sample of potential peers. Industry classifications offer
a standardised framework for grouping companies based on qualitative business aspects
such as revenue-generating activities or economic profiles. The dimension enables bench-
marking across industries and higher valuation accuracy through peer selection (Alford,
1992; Cheng & McNamara, 2000; Knudsen et al., 2017).
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2.4.1. Conventional industry classifiers

Conventional classifiers, which are often characterised by their wide scope and static na-
ture, have often been used in previous studies. First established by the U.S. government
in 1937, SIC have served as a primary industry classifier and have been widely used in
prior literature (e.g., Alford, 1992; Cheng & McNamara, 2000; Lie & Lie, 2002; Dittmann
& Weiner, 2005). It employs a four-digit code to categorise industries based on their pri-
mary revenue-generating activities. As seen in Appendix 1, Microsoft (which we use as
an example for the structure of all classifiers, in Appendix 1-3) is assigned to the SIC
industry 7372, with the first two digits representing a broad “major” industry group, while
the latter two specify subcategories. Cheng & McNamara (2000) find that using SIC
codes for peer selection significantly improves accuracy compared to the Market baseline.
Additionally, peer selection based on three- or four-digit SIC codes demonstrates sub-
stantially higher accuracy than using one- or two-digit SIC codes, suggesting that more
narrowly defined SIC classifications are better suited for peer selection. Moreover, using
four-digit SIC code Cheng & McNamara find valuation accuracy to be higher in larger
industries, suggesting that industry size acts as a proxy for factors like entry barriers and
competition. For example, smaller industries may indicate less maturity, with high growth
firms and unstable performance, making valuation more challenging.

Previous research identifies the proprietary Global Industry Classification Standard
(GICS), developed by Morgan Stanley Capital International and Standard & Poor’s, as
the most accurate classifier for capital markets research (Bhojraj et al., 2003). They find
GICS to demonstrate significantly higher accuracy in explaining stock return comove-
ments and cross-sectional variations in valuation multiples, than for example SIC. The
GICS system, which is oriented towards financial markets, assigns firms individually
based on how they are perceived by investment professionals. Similar to SIC, it employs
a hierarchical code structure to categorise companies (see Appendix 1). Knudsen et al.
(2017) also utilise the GICS classification to define business profile.

Despite their widespread use, traditional industry classification systems are not without
limitations. Lee et al. (2015) highlight that these systems often act as broad benchmarks,
lacking conceptual clarity. The definition of an "industry™ and the process of identifying
comparable peers frequently depend on subjective judgment. Moreover, traditional clas-
sifications struggle to account for the operational diversity of firms, as companies within
a single industry group may have activities spanning over multiple industries.

2.4.2. Alternative industry classifiers

In response to the disadvantages of the conventional industry classifiers, alternative clas-
sifiers have been created that are often more dynamic. For example, Lee et al. (2015)
explore peer selection based on co-search patterns on the SEC’s EDGAR database (con-
taining SEC financial filings). They find that the search-based patterns have higher ex-
planatory power than GICS when it comes to cross-sectional monthly returns, valuation
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multiples, financial ratios and fundamental characteristics. However, its practical use is
limited as the classifier is not publicly available.

A publicly accessible and alternative approach to traditional industry classifications is
TNIC, developed by Hoberg & Phillips (2016). TNIC is a dynamic system that relies on
textual analysis of product descriptions within companies' mandatory SEC 10-K filings.
By using natural language processing it evaluates the similarity of firms based on the
overlap in language describing their products. This approach generates pairwise similarity
scores, forming tailored networks where each company is linked to a unique set of peers,
creating a firm-specific classification. In Appendix 2, the five most similar peers to Mi-
crosoft are presented over the years, showcasing TNIC’s adaptability as the most similar
peers and the number of identified peers change over time. TNIC’s reliance on standard-
ised and mandatory disclosures ensures a robust and detailed data source, with its dataset
spanning from 1988 to 2021.

Empirical studies validate TNIC’s effectiveness as a classifier in several areas. For ex-
ample, Eaton et al. (2021) analyses over 3,900 M&A transactions from 1995 to 2017 and
demonstrates TNIC’s superior predictive power over SIC in terms of peers actually used
by practitioners. Also, a master’s thesis from the Stockholm School of Economics by
Adebdck & Haqués (2022) finds the prediction accuracy to be significantly higher when
using TNIC for peer selection compared to conventional industry classifiers.

A subsequent study by Hoberg & Phillips (2023) introduces a new classifier, D2V which
builds on TNIC but aligning more closely with traditional industry classifiers by defining
industries. The D2V classifier creates 300 distinct industries derived from all product
descriptions in SEC 10-K filings, each industry is represented by the most frequently oc-
curring terms. For example, industry four could be labelled as the Cosmetic industry,
characterised by words like "cosmetics™ and "beauty™, while industry 117 corresponds to
the Financial industry, with terms such as "banks" and "depository".2 Companies are as-
signed to one or more of these industries based on the similarity of their product descrip-
tions to the defining industry terms. Appendix 3 presents Microsoft’s classification under
D2V, revealing that it is categorised into 15-25 industries depending on the year, with its
primary industry (the one with the highest similarity score) varying across the years.

According to Hoberg & Phillips (2023) the D2V approach enhances the original TNIC
by employing dense word vectors, which more effectively capture the nuances of word
meanings and relationships. This allows D2V to combine the dynamic adaptability of
TNIC with the predefined structure of traditional classifiers. Furthermore, they argue that
D2V classification better encompasses firm similarity than other classifiers, as evidenced
by its profitability prediction R2 of 24%, surpassing the original TNIC's 19% R2, which
in itself was 46% more accurate than the SIC classifier.

2 More detailed industry descriptions and the complete data library created by Hoberg & Phillips are ac-
cessible online via the Tuck School of Business at Dartmouth.
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2.5. Peer group sizes

One methodological aspect that has received limited attention in prior research is how
many peers to include in the peer group. Previous studies typically adhere to a fixed num-
ber of peers, offering little flexibility in this regard. However, in practice, the size of peer
groups used for relative valuation in M&A transactions varies significantly. Eaton et al.
(2021) find that peer group sizes ranges from one peer to as many as 48 peers, with an
average of eight to ten peers per M&A transaction.

As already mentioned, one of the first systematic peer selection methods by Boatsman &
Baskin (1981) conducted a study limited to a sample of 80 firms where each firm only
needs at least one peer for their comparison. Alford (1992) raises critical questions about
this as only selecting one peer to a prediction of the price leads to a higher standard error
in comparison with larger peer group sizes. As such, Alford broadened the peer group
size for the tests when using only industry delimitation to ensure that all groups contain
at least six peers. He uses a stepwise approach across different SIC digit levels — from 4-
digit down to 1-digit — until finding the criteria of least number of firms (LNOF) in the
peer group, which results in a mean of between 16-20 peers in analysing the peer groups
(Alford, 1992). This approach entails that the peer group size varies depending on which
industry a firm is allocated to, and in which SIC digit hierarchy the focus firm has at least
six potential peers. Cheng & McNamara (2000) further investigate the LNOF criteria and
find that using at least six peers produces the highest accuracy, when testing a range of
two to eleven number of peers.

When incorporating the financial profile into peer selection methods, previous research
consistently maintains fixed peer group sizes. The financial profile’s primary role is to
rank firms by their relative similarity, enabling a clear cutoff point to exclude firms with
insufficient similarity. This fixed peer group size approach ensures consistency and com-
parability of results across studies and focus firms by maintaining the same peer group
size for all. Alford (1992) and Dittmann & Weiner (2005) base variables related to finan-
cial profile on a fixed number of peers of the 2% closest ROE, ROA and total assets in
the sample (for Alford (1992), this was approximately 30 firms). Dittmann & Weiner
(2005, p. 6) acknowledge a gap in the selection of peers, as they state that: “Again the
choice of 2% is arbitrary and, to our knowledge, has not been subject to a rigorous em-
pirical study.”. Subsequently, Cheng & McNamara (2000) use a different approach of six
peers for all groups, as they state that they are not aware of an optimal number of peers
when using a fixed peer group size approach. Thus, they would rather have a fixed num-
ber of firms to assure that the difference in performance is not due to the size of the peer
groups. Combining the business profile with the financial profile, all three studies above
and Knudsen et al. (2017) adhere to a fixed peer group size of five to six peers.

Searching the sensitivity in the number of peers in fixed peer groups sizes, Knudsen et al.
(2017) find higher accuracy in peer groups with between 6-16 peers, after testing groups
of 4-100 peers. Moreover, they find that the valuation accuracy decreases linearly after
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22 peers. Though, Knudsen et al. (2017) use six peers as default with the reason that it
aligns with the convention in previous research referring Alford (1992).

2.6. Summary and contribution

Our review of previous literature highlights a widespread use of relative valuation among
practitioners, particularly in private settings such as M&A transactions and IPOs. Sys-
tematic peer selection is based on the principle that comparable assets should have similar
valuations and that the similarity of firms can be categorised into two dimensions, finan-
cial profile and business profile. Financial profiles are typically used to rank firms based
on their relative similarity of firms, employing either univariate or multivariate peer rank-
ing methods, which assumes a linear or non-linear relationship between valuation multi-
ples and financial metrics. In contrast, business profiles have historically relied on con-
ventional, static industry classifications to delimit the sample of potential peers. Combin-
ing these dimensions in peer selection generally yields the highest valuation accuracy.
Furthermore, a notable area of consistency in prior research is the fixed number of peers
in each peer group when combining both dimensions. Although, there is limited investi-
gation on whether this assumption restricts the accuracy of systematic peer selection
methods.

This study aims to contribute to the existing literature by comparing the performance of
traditional classifiers, such as GICS and SIC, with novel, dynamic product-description-
based classifiers, TNIC and D2V. Thus, we intend to answer the question of which in-
dustry classifier is most suitable for peer selection in relative valuation. While TNIC’s
performance has been previously explored in similar contexts, D2V, to the best of our
knowledge, is completely novel in this setting. Given D2V’s predefined industry struc-
ture, which aligns more closely with conventional classifiers than TNIC and its superior
profitability prediction accuracy compared to TNIC and SIC, its inclusion offers a valua-
ble opportunity to test in this context. Additionally, we present an idiosyncratic peer group
size approach and test it against the traditional fixed peer group size approach. This will
allow us to evaluate whether the rigid fixed peer group size assumption used in prior peer
selection methods has limited their flexibility and overall effectiveness of the systematic
peer selection.

In Table 2.1, we present an overview of the most influential studies on systematic peer
selection for relative valuation. The table systematically presents information on the de-
scriptive aspects of each study, along with their methodologies and key findings. Addi-
tionally, the final row includes a summary of our own study for comparison.
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peer ranking methods, industry classifiers, dependent variables, the least number of firms (LNOF), peer group size conditions, and key findings.

Table 2.1: Overview of previous literature
This table summarises the most relevant literature for this study, spanning from Boatsman & Baskin in the early 1980s to Knudsen et al. (2017), and culminating in our own analysis. It provides descriptive details, including
the author, year of publication, journal, and sample used (unique firms refers samples where total observations are not presented). Furthermore, the table outlines the structure of each method, covering dimensions analysed,

Method

Peer ranking

Industry

Peer group size

Author (Year) Journal Sample dimensions method classification Dependent variable LNOF condition Findings
Unigue U.S. Non-linear
Boa'gsman & The Accpuntlng firms: 80 _ Bus!ness &_ univariate COMPUSTAT P/E (Historical) One Fixed peer group Industry class_lflcatlon anq earnings
Baskin (1981) Review between 1957-  financial profile method size growth had higher valuation accuracy
1976
Unique U.S. . . A
Journal ST . Non-linear L Fixed and Industry classification, alone or com-
Alford (1992)  of Accounting [ro LTl Business & univariate SIC (410 1diginy P/ (Hlistorical & Six variable peer  bined with ROE had higher valuation
Research 1,636 between financial profile method Forward) group size accuracy
1978-1986
Review of - . .
Cheng & - U.S. firms: . Non-linear Fixed and A
McNamara Q_uantltatlve 30,310 between . Bus[ness &. univariate SIC (4 to 1 digit) P/ E & P /B Six variable peer Ir}dustr){ cIaSS|f|cat|on,. alone and com-
Finance and financial profile (Historical) - bined with ROE had higher accuracy
(2000) - 1973-1992 method group size
Accounting
Unique U.S. . . .
o Journal of Ac- - . Linear . The warranted multiple provided a
Bhojraj & Lee counting firms: 741-1,498 . Bus[ness &. multivariate re- SIC (2 digit) EV./ S & P/B Five Variable peer higher valuation accuracy compared to
(2002) R between 1982- financial profile - (Historical) group size - e -
esearch 1998 gression industry classification and size
EVIS, EV/B,
. . S EV/EBITDA, . . . .
Lie & Lie (2002) Financial Globa_l firms: Business profile na. SIC (3 digit) EV/EBIT, P/E Five Variable peer Forward P/E provided higher valuation
Analysts Journal 8,621 in 1998 . group size accuracy
(Historical &
Forward)
. Working Paper. Global firms: . Non-linear Fixed and Selecting peers based on ROA or a
V\llje Iitrgr;:’a(nZ%g‘LE)) Humboldt 67,433 in 1992- finzﬁcs:ligfssrffcile univariate SIC (4 to 1 digit) (E?Q{EEJ;) Five variable peer ~ combination of ROA and total assets
University Berlin 2002 P method group size delivers the higher valuation accuracy
. . U.S. firms: . Non-linear EV/S, EVIEBIT, . .
O i 1230w (POTSE e Gics@agy  pEam sk etfome SARD e
y 1995-2014 P method (Forward) y
S i TNIC has the highest accuracy out
Nilsson & Stockholm U.S. firms: . I\_lon _Ilnear SIC (4 digit), Fixed and of the industry classifiers and
School of 11,443-25,150 Business & univariate and - . . . . o
Salomon- - . - . L GICS (6 digit), P/E (Forward) Six variable peer  idiosyncratic condition for peer
i Economics between 2010-  financial profile multivariate - : - A
Sdrensen (2024) . TINC and D2V group size group size had highest valuation
Master Thesis 2021 method

accuracy
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3. Method and data

This section presents and discusses the methodology and data used in our study. We begin
by outlining the dependent variable, followed by the peer group estimation, prediction
error measurement method, and industry definitions applied throughout the study. Next,
we provide a detailed overview of each systematic peer selection method, followed by
our approach for determining the idiosyncratic optimal peer group size. The section con-
cludes with a description of the data sample, including observation exclusions and de-
scriptive valuation statistics. Our methodology draws significant inspiration from Knud-
sen et al. (2017), which represents the most recent advancement in systematic peer selec-
tion.

Throughout this section, we detail the formulation and calculation of the variables used
in this study. Data for these variables have been sourced from three established databases:
(i) COMPUSTAT, which provides reported financial data (denoted as (Datapoint)); (ii)
CRSP, which supplies market data (denoted as [Datapoint]); and (iii) I/B/E/S, a source
for consensus analyst estimates (denoted as {Datapoint}).

3.1. Dependent variable

We have chosen to use the P/E multiple, specifically with forecasted earnings, i.e. forward
looking P/E, as the dependent variable in our study. This decision is supported by the fact
that practitioners favour earnings-based multiples like P/E ratio (Pinto et al., 2018) and
market values are often based on future expectations (Plenborg & Pimentel, 2016). Fur-
thermore, previous studies demonstrate the reliability of forward-looking multiples com-
pared to the historical (Kim & Ritter, 1999; Liu et al., 2002). Knudsen et al. (2017)® sug-
gest that different multiples are suited to different industries. However, we opted for the
P/E ratio due to its broad applicability and general accuracy across most industries, and
the investigation of multiple accuracy is not the focus of this study. Moreover, we used a
one-year consensus analyst forecasts as the value driver in our study to maximise data
coverage, prioritising it over a marginal improvement of valuation accuracy using two-
and three-year forecasts shown by Liu et al. (2002).

Valuations have been gathered as of March 31 each year, following the approach of Knud-
sen et al. (2017), as this is typically when most listed companies release their annual re-
ports. To account for firms with non-standard fiscal years, earnings estimates have been
collected on a quarterly basis, incorporating the most recent forecast available prior to the
valuation date, ensuring that the estimates accurately reflect the latest market expecta-
tions. This means forecasted earnings were calculated as the sum of the four closest quar-
ters to the valuation date:

3 Knudsen et al. (2017) do not explicitly state using forward multiples, but their reference to earnings esti-
mates when discussing exclusions in valuation multiples suggests this approach.
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3.2. Peer group estimation and prediction accuracy

The valuation of the focus firm was predicted using the harmonic mean of the peer group
multiples, as it mitigates the influence of extreme outliers while incorporating all data
points, resulting in a more balanced estimate. We argue that the harmonic mean combines
the strengths of both the median — used by Alford (1992) and Cheng & McNamara (2000)
—and the arithmetic mean, employed by Boatsman & Baskin (1981). Additionally, itis a
method many previous studies favour (e.g., Baker & Ruback, 1999; Liu et al., 2002,
Knudsen et al., 2017). Moreover, we limited our analysis to estimating the multiple, as
taking the additional step of calculating the estimated market value by multiplying the
multiple with the firm’s value driver, does not provide any further insights into accuracy
assessment. Using the harmonic mean, the estimate for the focus firm was thus calculated
by dividing the number of peers, n, by the sum of the reciprocals of each peer’s P/E, as
shown below:

Consistent with prior research (e.g., Boatsman & Baskin, 1981; Alford, 1992; Cheng &
McNamara, 2000; Knudsen et al, 2017) we used the absolute percentage error, APRE, to
assess precision. While previous studies, such as Liu et al. (2002), also employ PRE to
indicate the direction of the error, we did not present this measure, as over- and underpre-
dictions can cancel out in aggregated results, making PRE only meaningful at the indi-
vidual observation level. APRE, measuring only the magnitude of prediction error, was
calculated dividing the absolute difference between the estimated multiple and the actual
multiple, divided by the actual multiple. Values close to zero indicate high accuracy of
the estimate:

P/E, - PJE,

APRE, = |— E
t

The APRE results will be presented through multiple metrics to evaluate the accuracy and
precision of the peer selection method, including the mean of yearly medians, overall
median, overall mean, and the mean of yearly means. These metrics enable comparisons
with prior studies by Alford (1992), Cheng & McNamara (2000), and Knudsen et al.
(2017), which utilise similar measures. While differences across these metrics are ex-
pected, each offers a distinct perspective on the accuracy of peer estimates. The median
reflects the midpoint of accuracy, unaffected by outliers, while the mean captures aggre-
gated accuracy, including outliers, and in both cases, lower values indicate higher
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accuracy. Mean of yearly medians and means* capture yearly consistency. Finally, dis-
persion in accuracy will be assessed using the interquartile range, which measures the
spread of the middle 50% of the data. A lower interquartile range indicates tighter clus-
tering around the central tendency, reflecting less variability and greater consistency.

Z%):l Median APRE;
y

Median = central APRE; Mean of yearly medians =

YL, APRE; ¥_, Mean APRE;

y

Mean = Mean of yearly means =

Interquartile range = Quartile 3 — Quartile 1

We employed the Wilcoxon signed-rank test to evaluate the statistical significance of
differences across methods and classifiers. The Wilcoxon test is a non-parametric test,
suitable for data that may not adhere to a normal distribution. Knudsen et al. (2017)
demonstrated through a normality test that APRE deviated from the standard assumption
of normal distribution, due to the presence of outliers, positive skewness, or heavy tails
in the APRE. By not relying on the assumption of normality, the Wilcoxon test provides
a robust and reliable method for assessing differences in accuracy, even in non-standard
distributions.

The Wilcoxon test works by ranking the absolute differences between two methods (e.g.,
industry classifiers or peer group size approaches) for paired observations, in our case,
the annual APRE from estimation of the focus firms’ valuation. Positive or negative signs
are assigned to the ranks based on the direction of the difference, i.e. which method per-
forms better for a given observation. The sum of these signed ranks is then compared to
the expected distribution of difference in APRE between test under the null hypothesis,
which assumes no median difference between the methods. This approach enables the
Wilcoxon test to detect shifts in the median difference while remaining robust to the in-
fluence of extreme outliers in the magnitude of APRE differences, as it considers only
the absolute rank differences between the methods being tested. In Section 4.1., we pro-
vide practical examples from our results to illustrate how the Wilcoxon test output should
be interpreted.

3.3. Industry classifiers

As has been previously mentioned our study aims to assess whether the alternative prod-
uct-description-based classifiers, TNIC and D2V, can outperform conventional methods
in peer selection for relative valuation. Given the differing structures of the classifiers, it
is essential to harmonise them to ensure a meaningful comparison.

4 Mean of yearly means has not be used in previous research.
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3.3.1. Industry classification harmonisation

Similar to prior studies, industry classifiers have been applied to restrict the sample of
potential peers to companies within the same industry. This approach makes it essential
that all classifiers operate at comparable levels of granularity, as for example the conven-
tional classifiers have different classification hierarchies. Alford (1992), Cheng &
McNamara (2000) and Dittmann & Weiner (2005) use a stepwise approach to the hierar-
chy levels of classifiers to meet the LNOF peer group size requirement. However, we
have opted not to adopt this approach, because both TNIC and D2V groups firms based
on similarity above a specific threshold, aligning their granularity® with that of three-digit
SIC. This alignment explains the "3" in the names TNIC-3 and D2V-TNIC-3. Both TNIC
and D2V, along with the three-digit SIC code, classify approximately 2.05% of firm pairs
as belonging in the same industry.

We have also looked at the GICS classifier, as it has previously been found to be the most
accurate industry classifier for valuation purposes (Bhojraj et al., 2003). Consequently,
we have identified that GICS industry level classification (six-digit hierarchy, (gind))
best matches the 2% threshold, with a 2.59% granularity. Additionally, Knudsen et al.
(2017) also looked at the six-digit GICS in their study.

Furthermore, the D2V classifier allows companies to be assigned to multiple industries
within a given year. We thus analysed two potential approaches to using this classifier:
(i) took into consideration all industries a firm is allocated to; and (ii) focused solely on
the primary industry®, resulting in a more limited set of potential peers. The subsets have
been named D2V Full and D2V Primary respectively.

To gain an initial understanding of the relative performance of industry classifiers, we
have conducted a preliminary test using each company’s assigned industry group as its
peer group, like previous studies (e.g., Alford, 1992; Cheng & McNamara, 2000;
Dittmann & Weiner, 2002; Lie & Lie, 2002). For this test, industry harmonic mean (ex-
cluding the focus company) has served as estimates for the valuation of the company
under investigation. While this approach is relatively simplistic — focusing solely on the
business profile dimension of peer selection and omitting the financial profile — it pro-
vides an initial indication of the relative suitability of industry classifiers for systematic
peer selection. Moreover, prior research shows that relying exclusively on industry clas-
sifiers often yields better results than considering financial characteristics alone (Alford,
1992; Cheng & McNamara, 2000; Knudsen et al., 2017).

> Defined as the probability that two random companies are assigned to the same industry within a given
year.
® Defined as the industry with the highest similarity score for each company.
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3.3.2. Expected performance of industry classification

As Hoberg & Phillips (2023) demonstrate that D2V outperforms both TNIC and SIC in
profitability prediction accuracy, we aim to investigate its effectiveness in the context of
valuation accuracy for relative valuation. While profitability is a key determinant of com-
pany valuation, suggesting D2V could also excel in valuation prediction, profitability is
not the sole driver of value. Therefore, we do not have a definitive expectation regarding
D2V’s relative performance compared to the other classifiers.

For the other classifiers, we anticipate that TNIC will be the most accurate. Supporting
this expectation, Eaton et al. (2021) identify TNIC as more effective than SIC in identi-
fying peers used by investment banks in valuations for M&A transaction. Adebéck &
Haqués (2022) also find in their comparative analysis that TNIC outperforms GICS in
systematic peer selection for relative valuation. Moving forward, GICS is anticipated to
rank second in accuracy. Research by Bhojraj et al. (2003) highlights its relative effec-
tiveness among traditional industry classifiers in capital markets research, demonstrating
it to be more accurate than SIC in that context. This rationale also underpins Knudsen et
al.’s (2017) decision to use GICS as their industry classifier. Finally, SIC is likely to rank
third as research (e.g., Alford, 1992; Cheng & McNamara, 2000) find it to produce higher
valuation accuracy than the using the Market baseline, i.e. no industry classifier at all.

3.4. Peer ranking methods

Out of the peer ranking methods outlined in the literature review, we have chosen the
non-linear approaches by Cheng & McNamara (2000) and SARD by Knudsen et al.
(2017). We argue that these models are the most developed and they to some degree build
on each other. The core principle is to identify comparable peers by ranking companies
based on several key variables that reflect a company’s growth, profitability and risk, and
with the assumption that firms with similar characteristics should have similar valuation
multiples (Knudsen et al., 2017). The non-linear methods assume there is not a linear
relationship between the dependent variable, in our case forward looking P/E, and the
various financial variables such as ROE.

We excluded the linear regression model proposed by Bhojraj & Lee (2002) due to its
demonstrated limitations in accuracy when compared to non-linear approaches. This de-
cision is supported by Knudsen et al. (2017), who use the linear model as a robustness
test showing that the SARD method outperforms in all scenarios. The warranted multiples
concept is also cumbersome to apply in practice, as it requires conducting a linear regres-
sion using financial data from the previous year and applying the resulting coefficients to
current financials. This process introduces a lag in the model and relies on the assumption
that the previous year's linear relationships remain valid for the subsequent valuation pe-
riod. Liu et al. (2002) also highlight that multiples are appreciated for their simplicity and
ease of communication, a characteristic that we argue is undermined by the complexity
of a regression models in this context. In contrast, non-linear models enable direct
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comparison of financial characteristics without introducing a lag, making them both more
efficient and easier to comprehend.

Furthermore, some industry classifiers result in small sample sizes for certain focus firms,
which violates the assumptions of the central limit theorem, making it impossible to con-
struct reliable regressions in such cases (Knudsen et al., 2017). Lastly, Sloan (2002) raises
concerns about the robustness of valuation estimations produced by this model, further
supporting our decision to exclude it. Consequently, we find no compelling reason to
adopt the linear approach over non-linear models.

3.4.1. Non-linear univariate peer ranking method

Building on the peer ranking method introduced by Alford (1992) and later refined by
Cheng & McNamara (2000), we integrated industry classification with one-year ROE.
However, unlike Alford (1992) and Cheng & McNamara (2000) — who use historical P/E
multiples — we have adopted a forward P/E multiple, as outlined in section 3.1. To align
with this forward-looking approach, we have also modified the ROE formulation to use
forecasted ROE. Using historical ROE alongside forward P/E introduces a mismatch in
temporal alignment, potentially distorting results, especially since Cheng & McNamara
(2000) says ROE serves as a proxy for growth. Moreover, we conducted a preliminary
analysis comparing historical and forward-looking ROE that supports this adjustment, as
it demonstrated a generally greater accuracy when forecasted ROE was employed in the
test.

Net income;,4

ROE = = {Percentage ROE
t+1 g t+1

Book value of equity; 1

It is also worth noting that Alford (1992) and Cheng & McNamara (2000) assessed sev-
eral variations of non-linear peer selection methods, incorporating different combinations
of industry classification, ROE, and total assets. However, only the ROE-based method
was used in our study, as it produced the highest accuracy.

3.4.2. Non-linear multivariate peer ranking method

Knudsen et al. (2017) utilised the SARD method, which ranks relative peer similarity by
calculating the sum of absolute rank differences across a predefined set of variables for
each pair of companies. In this study we first ranked all individual companies in the sam-
ple to the potential peer set for each financial variable. Second, the SARD score was
calculated for each individual company by summing the absolute differences in their
ranks across all variables, providing a comprehensive measure of similarity that considers
multiple dimensions simultaneously. An example of the SARD equation between com-
pany i and company j is presented below:

SARDI,j =1 1X,i —1X,j | +1 7Y, i —7Y,j |+ +7Z,i—7Z, |
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where:

SARD:;j is the total score indicating how closely related company i is to company
j

rX,i, rY,, and rZ, are the ranks of company ; based on variables X, Y, and Z,
respectively.

A lower SARD score suggests a closer match between the companies, implying
they are more similar.

The ranks are based on the potential peer base for the company in focus, which is
delimited by the industry classifier.

Several independent variables were used as proxies for profitability, growth, and risk.
Following the example of Knudsen et al. (2017), historical income statements items were
calculated as the sum of the four preceding quarters, to accommodate companies with
non-standard fiscal years, as discussed in Section 3.1. For balance sheet items, the method
relied on the latest available data to the valuation date, ensuring consistency with the
snapshot-based nature of these metrics:

ROE: Knudsen et al. (2017) use historical ROE from the prior year. Unlike our
adjustment to ROE in Cheng & McNamara’s (2000) method, we have retained
Knudsen et al.’s (2017) definition when using SARD. Their use of historical ROE
alongside forward multiples supports our decision to retain their definition, as we
also used a forward multiple. Moreover, although they do not explicitly justify
their preference for historical over forward ROE, their method contrasts with
Cheng & McNamara (2000), as they treat ROE as a proxy for risk and instead
include explicit growth measures derived from forward-looking data.

Net income, q=t-3{ibq)q

ROE: = B ook value of equity,  {ceqq),

Implied growth: The measure reflects the firm’s expected growth potential, cal-
culated using earnings growth between the first and second forecast years to re-
duce the impact of earnings normalisation. While growth is often measured using
revenue, Knudsen et al. (2017) likely choose earnings growth to mitigate the ef-
fects of extreme revenue growth seen in sectors like technology, where companies
often experience unprofitable and volatile expansion.

EPS forecast;,,  {EPS},
EPS forecast,,; {EPS};41

Implied growth, =
Operating profit margin (EBIT Margin): The EBIT margin is a profitability

measure, defined as operating profit relative to sales and provides insight into a
firm's operational efficiency.
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EBIT, XY(--s{oiadq),

Sales,  YL_,_s(saleq),

EBIT Margin, =

« Size: Proxied by market capitalisation as in previous studies (e.g., Alford, 1992;
Dittmann & Weiner, 2005). Smaller companies tend to be less liquid and valued
at lower multiples, making size an essential consideration according to Knudsen
etal. (2017).

Market capitalisation = Stock price; X Shares outstanding,
= [PRC]; * [SHROUT],

o Netdebtover EBIT: A leverage and risk indicator, calculated as long- and short-
term debt adjusted for cash, divided by EBIT. According to Knudsen et al. (2017)
this ratio effectively captures a company’s payback capacity and is a core part of
credit analysis.

Net Debt; _

EBIT;

(Long — term debt), + Current liabilities, — (Cash and short — term investments),
EBIT, B

(dittq), +(dlcq), — (cheq),
ZZ:t_3<0iadQ)q

We have chosen not to alter the variables Knudsen et al. (2017) use to rank peers in the
SARD model. However, we conducted preliminary tests adding three add-on measures
from Hoberg & Phillips database reflecting: Scope of operations, Hoberg & Phillips
(2023); Vertical integration, Frésard et al. (2019); and Market fluidity, Hoberg et al.
(2014). However, since these variables did not improve the accuracy of the SARD model
we chose not to continue investigating these variables further.

3.5. Idiosyncratic peer group size approach

One of the objectives of our study is to examine the impact of peer group size on the
accuracy of peer selection. Previous research (Alford, 1992; Cheng & McNamara, 2000;
Knudsen et al., 2017) consistently employed fixed peer group sizes for focus firms when
using methods that looked at both business and financial profiles, with limited discussion
on the implications of this approach. Since we know the value of the focus firm in our
academic setting, we determined the optimal peer group size for each individual focus
firm and generated a heuristic measure applicable in practical settings. By applying these
heuristics, we calculated an idiosyncratic peer group size that accounts for the unique
characteristics of the industry classifier structure and industry size.

Additionally, we have categorised focus companies into quartiles based on the total num-
ber of potential peers to account for variations in industry size across classifiers. Quartile
one represents focus firms with the fewest potential peers, while quartile four includes
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those with the most. These quartiles effectively serve as a proxy for industry size, as the
number of potential peers is constrained by industry boundaries. This segmentation
acknowledges that industries of different sizes may require different optimal peer group
sizes. In one table Cheng & McNamara (2000), similarly segmented industries into five
portfolios, based on the number of firms, and found that larger industries achieve higher
accuracy, though their analysis relies on a fixed peer group size.

3.5.1. Step 1: Optimal peer group size approach

The first step of our unique approach involved determining the lowest APRE, i.e. the
optimal performance of the peer ranking method, for each focus firm. Using the peer
ranking methodologies, we ranked each company’s potential peers by financial similarity,
based on either forward ROE, as in Cheng & McNamara (2000) or the five variables
outlined for Knudsen et al. (2017). For each focus company, we calculated APRE itera-
tively, adding one peer at a time from the ranked list. For instance, if there were 100
potential peers for a given focus firm, we generated 100 APRE calculations, starting with
only the most similar peer and progressively including all potential peers.

We then looked at the peer group with the highest accuracy and defined two heuristic
measures for identifying the optimal peer group size:

o Optimal peer count: The number of peers in the peer group that yields the lowest
APRE.

o Optimal ratio: The ratio of the optimal peer count to the total number of potential
peers.

Optimal peer count

Optimal ratio =
prmatratio = T umber of potential peers available

3.5.2. Step 2: Idiosyncratic peer group size approach

In the second step of our approach, we applied the heuristic measures in a practical set-
ting, meaning where the value of the focus firm is unknown. This approach is referred to
as the idiosyncratic peer group size approach, which can be calculated using either the
optimal peer count or the optimal ratio.

o Optimal peer count: The specific peer count identified in Step 1 is applied to
each quartile and classifier instead of the fixed peer group size previous studies
use. For instance, if the optimal peer count for a given industry classifier and quar-
tile is determined to be 10, all focus firms within that combination will have ex-
actly the 10 most similar peers in their peer group.

o Optimal ratio: The number of peers is calculated by multiplying the optimal ratio
with the total potential peers for each focus company. This approach allows for a
more tailored peer selection process within each quartile, accommodating varia-
tions in the total number of potential peers among focus companies. For example,
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applying a 10% optimal ratio means Company A with 100 total potential peers
selects 10 most similar peers, while Company B with 200 total potential peers
selects the 20 most similar. Moreover, the optimal ratio will differ depending on
industry classifier and industry size, like optimal peer count.

The optimal ratio aligns conceptually with the peer selection approach used by Alford
(1992) and Dittmann & Weiner (2005), who identified the 2% most similar firms as peers
based on financial characteristics. However, unlike their fixed-percentage approach, the
optimal ratio is adaptable across varying industry classifiers and industry sizes. In con-
trast, their method is not applied to industry-delimited samples, resulting in a fixed peer
group size of approximately 30 firms. This adaptability makes the optimal ratio more
context-sensitive and versatile. Furthermore, Dittmann & Weiner (2005) admits that their
choice of 2% is largely arbitrary and lacks robust empirical justification, underscoring the
importance of more systematic approaches like the optimal ratio.

3.5.3. Evaluation of the idiosyncratic peer approach and expected results

Each peer ranking method was evaluated under three peer group size criteria: (i) a fixed
peer group size approach using six peers; (ii) optimal peer group size estimating the op-
timal peer count and optimal ratio; and (iii) the application of the heuristic value, optimal
ratio, generating the idiosyncratic peer group size. We prioritised the optimal ratio over
the optimal peer count as it creates a more tailored peer group size by adapting to each
focus firm’s total potential peers, whereas the optimal peer count assigns the same peer
group size to all focus firms within the same quartile. The results from the first and third
approaches have been compared using the Wilcoxon test to assess whether the idiosyn-
cratic peer group size offers an improvement over the fixed peer group size.

We expect that our analysis will reveal variations in the optimal number of peers and the
optimal ratio across different industry classifiers, driven by differences in the structure of
the industry classifiers and the sizes of the industries. Additionally, we expect the optimal
peer count to vary across quartiles within each classifier, as the total number of potential
peers can influence prediction accuracy positively. By reductio ad absurdum, a company
with exactly six potential peers is statistically less likely to share financial characteristics
with its peer group, compared to a company with 1,000 potential peers, ceteris paribus.
Due to space limitations in this thesis’, we do not formalise these expectations as hypoth-
eses, but we will instead focus on high-level observations and discussions to highlight
key trends.

Finally, we hypothesise that the idiosyncratic peer group size approach will significantly
outperform the fixed peer group size approach, as it better captures the unique character-
istics of the industries the focus firms are allocated into.

" The Wilcoxon statistical test is a pairwise test, which generates extensive data when presented in tables.
To manage space constraints, we have prioritised including other key data points in the tables instead.
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Ho: There is no significant difference between the idiosyncratic and fixed
peer group size approaches, or the fixed peer group size approach performs
better.

Hai: The idiosyncratic peer group size approach significantly outperforms the
fixed peer group size approach.

3.6. Empirical data

The study has utilised data from the COMPUSTAT, CRSP, and I/B/E/S databases, along
with the industry classifications Hoberg & Phillips database, requiring certain adjust-
ments and exclusions. The analysis has focused on the period from 2010 to 2021, with
the start year selected to avoid the effects of the 2008—2009 financial crisis and the end
year determined by the coverage limit of the Hoberg & Phillips database. Our dataset has
further been constrained by this database, as it provides only approximately 50,000 ob-
servations during this period. Additionally, the industry classifiers developed by Hoberg
& Phillips are available only for companies filing annual reports with the SEC, restricting
the study to U.S. firms. By contrast, the conventional SIC and GICS classifiers, due to
their static nature, are less constrained and allow for a more comprehensive dataset.

3.6.1. Exclusion and adjustments

To ensure representativeness, our sample underwent extensive cleaning to address miss-
ing or inaccurate data across databases. Additionally, we winsorized the valuation data to
mitigate the impact of outliers, targeting valuation levels consistent with the descriptive
statistics Knudsen et al. (2017) report. Since our focus is not on comparing methods peer
ranking, we did not aim to analyse an identical sample between tests. Instead, we priori-
tised constructing the most comprehensive sample possible for each individual test while
ensuring consistency within each approach for a given test. Details of specific data exclu-
sions and their effects are provided in Appendix 4.

3.6.2. Descriptive statistics

Below, we present the descriptive statistics for Market capitalisation and the dependent
variable, Forecasted P/E, for the years 2010-2021 and aggregated for the entire study
period. Valuations align closely with those used by Knudsen et al. (2017), who reports a
mean Market capitalisation of USD 8,327 million and a mean forecasted P/E of 27.6 for
the period 1995-2014.
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Table 3.1: Descriptive valuation statistics
The table presents arithmetic Mean, Median and Interquartile for valuation metrics Market capitalisation and Forecasted P/E.
The Market capitalisation, gathered at 31st of March each year. Forecasted P/E is the Market capitalisation divided by the one-
year forecasted earnings.

Number of Market capitalisation (USDm) Forecasted P/E
Year observations Mean Median Interquartile Mean  Median Interquartile
2010 1,921 5,610,948 973,868 2,924,581 22.4 16.8 115
2011 2,040 6,328,293 1,212,843 3,606,894 21.7 16.3 10.8
2012 2,050 6,558,844 1,214,701 3,536,010 20.1 14.8 9.5
2013 2,048 7,257,922 1,366,262 3,968,204 20.9 15.7 9.5
2014 2,181 8,352,032 1,685,324 4,753,831 23.8 17.8 11.4
2015 2,188 9,095,563 1,843,247 5,271,903 23.1 17.8 11.4
2016 2,114 8,816,110 1,648,603 4,706,536 21.2 16.4 11.4
2017 2,134 10,154,165 1,972,331 5,604,862 23.7 18.7 11.4
2018 2,171 11,037,443 2,049,265 6,020,974 22.9 16.9 12.4
2019 2,147 11,881,684 2,113,078 6,611,057 21.4 154 13.6
2020 2,063 10,671,656 1,480,482 5,226,015 18.4 11.9 13.5
2021 2,093 17,008,592 3,045,220 8,921,711 27.2 19.7 19.8
Overall 25,150 10,655,860 1,770,522 5,430,179 22.1 16.5 12.8

4. Results and discussion

In the following section, we systematically present the results derived from the methods
outlined in the Section 3. Our aim is to address our research question regarding the most
suitable industry classifier for peer selection in relative valuation and to examine the po-
tentially idiosyncratic nature of optimal peer group sizes. Following the approach of
Cheng & McNamara (2000), we divided the sample into quartiles based on the total num-
ber of potential peers to explore the impact of industry size on valuation accuracy. Results
are presented for the full sample and by quartiles in all tables, except Table 4.1 as we use
this test only to analyse the relative accuracy of the industry classifiers. Examining accu-
racy by industry size offers deeper insights into the potential idiosyncratic nature of peer
selection, an aspect that has received limited attention in previous research.

The results are presented using multiple metrics to capture different aspects of peer esti-
mation accuracy. These include the arithmetic mean of yearly medians and means for the
entire sample, as well as the overall median and mean, providing a comprehensive assess-
ment of the accuracy of the peer selection methods. Additionally, the interquartile range
is used to gauge accuracy dispersion. It is important to note that the interquartile range is
presented only for the whole sample, as calculating it for each quartile would not be
meaningful®. Collectively, these metrics reveal various aspects of the method’s accuracy,
offering a comprehensive view of the effectiveness of each industry classifier in peer
selection. All tables are presented in the end of each section to optimise space® and to

8 The interquartile range of a quartile would effectively measure a subset of an already segmented dataset,
providing limited additional insight.
® The tables each take up two landscape-oriented pages, with the exception of Table 4.1.
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easier compare the results. Moreover, we have also categorised our observations and dis-
cussions into Relative accuracy of industry classifiers, Impact of industry size and Eval-
uation of peer group size approaches, to enhance clarity and make it easier for the readers
to follow the discussions throughout the text.

4.1. Peer group construction using only industry classification

The first test evaluates accuracy by relying solely on the industry classifier harmonic
mean of multiples to estimate the focus firm’s value. Results are presented in Table 4.1,
and only address our industry classification research question regarding the most accurate
industry classifier.

Relative accuracy of industry classifiers

The findings support previous research, showing a significant increase in accuracy when
using an industry classifier compared to a Market baseline, as all classifiers showed sig-
nificantly lower prediction error seen in Panel B and C. Among the classifiers, TNIC
emerged as the most accurate industry classifier across all measures, followed by D2V
Primary. Notably, only these two Hoberg & Phillips (2016; 2023) industry classifiers
outperformed some of the others significantly according to the Wilcoxon test in Panel C.
This outcome aligns with our expectations to some extent concerning the relative perfor-
mance of the classifiers.

Moreover, the results highlight the importance of considering multiple metrics when as-
sessing accuracy. For instance, GICS appeared to perform worse than SIC in terms of
median APRE. However, the Wilcoxon test revealed no significant difference in central
tendency between GICS and D2V Primary, and at the same D2V Primary significantly
outperformed SIC. Entailing that in this case, relying solely on median APRE could lead
to the misleading conclusion that GICS underperforms SIC, whereas the Wilcoxon test
provided evidence that challenged this inference, and potentially indicates the opposite.

Furthermore, the Wilcoxon signed-rank test is often interpreted as a measure of median
differences, but it goes beyond this by examining the consistency and direction of differ-
ences across paired observations. In this study, each pair consisted of the APRE values
for a single focus firm and year, comparing one reference classifier to the classifier under
consideration. Instead of simply comparing median APREs, the test assessed whether the
comparison classifier consistently produced lower APREs than the reference classifier
across these pairs. By ranking the magnitude and sign of differences for each pair, the test
identified whether there was a statistically significant trend in one direction.

Additionally, we conducted the test in both directions. Values below the empty diagonal
in Panel C reflect comparisons where the column classifier serves as the reference classi-
fier, while values above the diagonal use the row classifier as the reference. For example,
in the first column, all classifiers demonstrated significantly lower APRESs than the Mar-
ket, as shown by the negative signs and asterisks below the diagonal. Conversely, in the
top row, where Market is the classifier under consideration, the results indicated that it
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had significantly higher APRESs than the other classifiers. The empty diagonal represents
self-comparisons, which yield no difference.

Table 4.1: Industry classification peer group
The table displays prediction errors for various industry classifiers: Market (considering the entire market as a single industry), GICS, SIC, D2V
(both full and primary industry classifications), and TNIC. Results are provided for the entire sample. The dataset analyses 25,150 company-
years from the period 2010 to 2021. Panel A presents descriptive statistics of number of observations analysed. Panel B shows the prediction
error in terms of Absolute Percentage Error (APRE) across different metrics: Mean of yearly medians, Median, Mean of yearly means, Overall
Mean, and Interquartile range. The number in the parenthesis indicate the rank of each classifier’s performance relative to the other classifiers.
Panel C provides the statistical test on pairwise differences in central tendencies using the Wilcoxon signed-rank test, looking at prediction error
between industry classifiers, where ***denotes significance at the 1% level, **denotes significance at the 5% level, *denotes significance at the
10% level.

Market GICS SIC D2V Full D2V Primary TNIC
Panel A: Descriptive statistics
Observations 25,150 25,150 25,150 25,150 25,150 25,150
Panel B: APRE per industry classifier
Mean of yearly medians 0.283 (6) 0.235 (4) 0.230 (3) 0.255 (5) 0.225 (2) 0.195 (1)
Median 0.280 (6) 0.233 (4) 0.229 (3) 0.253 (5) 0.224 (2) 0.193 (1)
Mean of yearly means 0.339 (6) 0.290 (3) 0.293(4) 0.312 (5) 0.284 (2) 0.253 (1)
Mean 0.339 (6) 0.291 (3) 0.295 (4) 0.312 (5) 0.281 (2) 0.251 (1)
Interquartile range 0.373 (6) 0.318 (3) 0.327 (4) 0.346 (5) 0.302 (2) 0.301 (1)
Panel C: Wilcoxon test - industry classifier
Market +*** +*** +*** +*** +x* K
GICS _kk*k - - - +***
SIC _kk*k + - +* +***
D2V Fu” _kk%k + + +*** +***
D2V Prlmary _kk%k + _* _k k% +***
TNIC _kk%k _kk*k _kk%k _k k% _k k%

4.2.  Non-linear univariate peer ranking method

This section applies the peer ranking method by Cheng & McNamara (2000), where peer
groups have been constructed by selecting the closest peers in terms of forward ROE
within the same industry, as outlined in Section 3.4.1. We present three tables: (i) Table
4.2 evaluates peer selection accuracy across industry classifiers using six peers in all peer
groups; (ii) Table 4.3 summarises results for the optimal peer group size approach, in-
cluding maximum potential accuracy, optimal peer count, and optimal ratio (see Section
3.5.1.); and (iii) Table 4.4 presents the idiosyncratic peer group size approach, applying
the optimal ratio to each quartile (see Section 3.5.2.).

4.2.1. Fixed peer group size approach — non-linear univariate method

Due to the non-standardised samples across tests (as harmonisation risks observation loss,
discussed in Section 3.6.1.), direct comparisons of accuracy between tests are not
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appropriate. However, comparing accuracy between classifiers within the same test pro-
vides valuable insights, and general trends across tests can also be analysed.

An initial observation from the results is the considerable differences between the mean
and median values within each quartile across all classifiers. The mean was consistently
65-95% higher than the median, suggesting either a positively skewed distribution or that
the difference is primarily driven by outliers inflating the mean. This aligns with Knudsen
et al.’s (2017) argument that the distribution of prediction error is not normally distrib-
uted. Consequently, their decision to use the non-parametric Wilcoxon significance test,
rather than a parametric t-test, appears prudent.

Relative accuracy of industry classifiers

Notably, the Market classifier exhibited the lowest accuracy, reinforcing prior findings
that industry-specific classifiers enhance peer selection precision. Among the other in-
dustry classifiers, TNIC consistently achieved the highest accuracy across all metrics,
echoing earlier findings by Adeback & Haqués (2022). GICS ranked second in this test,
with D2V Primary and SIC closely following. The differences among these three classi-
fiers were minimal and the D2V Primary only had significantly lower prediction error
than D2V Full shown in Panel C.

Moreover, both D2V Full and Market, performed worse than all other classifiers. This
likely results from an excessive number of potential peers (e.g., up to 1,569 for D2V Full
compared to 241 for D2V Primary). The effect of this is a reduced relevance in the busi-
ness profile dimension, leading to lower overall accuracy as the delimitation is not precise
enough. Notably, D2V Primary is a refined subset of D2V Full, meaning a larger pool of
potential peers and entailing D2V Full finds peers with more similar financial profile,
ceteris paribus. Similarly, the Market, with no business profile restrictions, consistently
finds peers with the closest financial profiles yet performed the worse than all others. This
outcome highlights a critical trade-off between financial profile and business profile sim-
ilarity, with optimal peer selection achieved by balancing both dimensions. Moreover, the
findings are supported by Cheng & McNamara’s (2000) observation that the more precise
four-digit SIC classifications achieved significantly higher accuracy compared to the
broader one-digit SIC classifications.

Impact of industry size

Another key observation from the results is that APRE measures were consistently lower
in quartile four than quartile one, indicating that accuracy generally improves as the in-
dustry sizes increases (with the exception of quartiles two and three, that mostly had lower
accuracy than quartile one). This finding is congruent with the analysis from Cheng &
McNamara (2000) that found that focus companies allocated to industries with large num-
ber of firms tend to have higher valuation accuracy within the same industry classification
hierarchy. Moreover, they propose that the size of the industries might be illuminative of
qualitative industry characteristics such as barriers to entry, competition and degree of
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maturity. Where for example a smaller industry would be less mature than a larger indus-
try and thus experiencing more volatility.

Cheng & McNamara’s (2000) explanation appears reasonable, though it is difficult to
verify empirically due to the challenge of quantifying qualitative industry characteristics.
While their explanation highlights the importance of qualitative business profile charac-
teristics, the financial profile aspects also need to be factored in. As noted earlier, the
Market classifier always identifies the closest peers in terms of financial characteristics.
Similarly, focus companies in larger industries should benefit from a broader pool of po-
tential peers, as this increases the likelihood of identifying financially similar ones. Alt-
hough this could be examined by analysing financial similarity differences between peer
groups across quartiles, such an analysis is beyond the scope of this study.

4.2.2. Optimal peer group size approach — non-linear univariate method

Table 4.3 presents the lowest potential APRE using the peer ranking method by Cheng &
McNamara (2000) in Panel A. The optimal peer count is presented in Panel B and the
optimal ratio Panel C. These results are derived from calculating the optimal number of
peers for each individual focus firm, outlined in Section 3.5.1.

The accuracy metrics are not the primary focus of this section, as generating them in a
practical setting would require prior knowledge of the focus firm's valuation, which
would negate the purpose of relative valuation. Thus, significance tests are omitted. The
main aim is instead to generate heuristic measures for the subsequent idiosyncratic peer
group size approach.

Relative accuracy of industry classifiers

The first observation aligns with previous findings: TNIC had the lowest potential APRE
indicated by Panel B, followed by GICS, SIC, D2V Primary, D2V Full, and finally the
Market. This ranking reinforces the importance of the balance between financial and busi-
ness profile observed in the preceding section, as the classifiers with the largest potential
peer pools, i.e. D2V Full and the Market, produce the lowest accuracy.

Peer group size observations

A similar pattern as in Section 4.2.1. emerges across quartiles, with accuracy generally
increasing with the size of the industry. However, unlike the preceding approach, where
quartiles two and three often displayed lower accuracy than quartile one, in this test ac-
curacy improvements consistently increased with the size of the industry.

Panel C highlights that the mean optimal peer count often aligned closely with six peers,
the criterion used in previous fixed peer group size approach. Combined with the trends
in Panel B, where larger industries exhibited consistently higher accuracy, these results
suggest that the mean might be the most relevant measure for determining the appropriate
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optimal peer count to be used in the idiosyncratic approach?®. Additionally, the two find-
ings indicate that companies in quartiles two and three are disproportionately disadvan-
taged by the fixed six peer group size approach. This observation reinforces the necessity
of adapting peer group size based on industry-specific conditions, rather than relying on
a fixed number of peers.

Two minor observations can also be made: First, the optimal peer count increased with
industry size across all classifiers (except for quartile two in D2V Full), while the optimal
ratio decreased. This suggests that the optimal peer count does not scale proportionally
with industry size. Second, there was a substantial difference between the mean and me-
dian optimal peer count in quartiles three and four, indicating the presence of outliers
within these subsets that significantly inflate the mean peer count.

4.2.3. ldiosyncratic peer group size approach — non-linear univariate method

In the idiosyncratic peer group size approach, we applied the mean of yearly medians for
the optimal ratio within each quartile. The mean of yearly median was chosen because
when applying the mean measure the peer group sizes are to be considered too high'?,
and the yearly median ensures consistency over time. Results are presented in Table 4.7,
with descriptive statistics in Panel A, APRE per industry classifier in Panel B, and Wil-
coxon test results when comparing peer group size approaches and industry classifiers in
Panels C and D, respectively.

Relative accuracy of industry classifiers

The results presented in Table 4.4 revealed minor shifts in the accuracy rankings of in-
dustry classifiers. Most notably, the D2V Primary classifier outperformed SIC to become
the third most accurate classifier, with this result being statistically significant, unlike in
the fixed peer group test. However, these findings suggest that no classifier gains signif-
icantly disproportionate advantages from the fixed peer group size approach.

Evaluation of peer group size approaches

The most striking findings arise when comparing the accuracy from idiosyncratic peer
group size test with the fixed peer group size test. While the fixed group test exhibited
slightly lower overall median APRE, the Wilcoxon test in Panel C demonstrated that the
idiosyncratic approach consistently outperformed the fixed group approach across all
classifiers.

Furthermore, the mean measure revealed a consistent 20-30% improvement in perfor-
mance across all classifiers when using the idiosyncratic approach. Interestingly, this im-
provement remained relatively constant across all quartiles. This may seem paradoxical,

10 As noted in Section 3.5.3, we chose to apply the optimal ratio in the idiosyncratic peer group size ap-
proach rather than the optimal peer count, as it is more adaptable to each focus firm.

11 Using the mean optimal ratio for D2V Full results in a peer group size of 315 peers for focus firms with
the most potential peers (1,569 x 20.1% = 315.4), compared to 28 peers when using the mean of yearly
medians (1,569 x 1.8% = 28.2).
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as the first quartile in the idiosyncratic approach aligned most closely with the fixed six-
peer group size criteria (as seen in Panel A), suggesting less potential for improvement
over the fixed peer test. Additionally, the idiosyncratic test had much lower difference
between the median and mean measures. From 65-95% difference in the fixed peer test
to 21-52% with the idiosyncratic approach, entailing an improvement of between 40-
65%. Lastly, the interquartile range decreased by 0-12% across all industry classifiers
and sizes. These findings highlight the idiosyncratic approach's ability to better accom-
modate outliers, resulting in a denser and potentially more normally distributed prediction
error sample.
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Tabel 4.2: Non-linear univariate peer ranking method, with six peers

The table displays prediction errors for various industry classifiers: Market (considering the entire market as a single industry), GICS, SIC, D2V (both full and primary
industry classifications), and TNIC. Results are provided for the entire sample as well as segmented by quartiles, based on the total number of potential peers available. The
dataset analyses 11,582 company-years from the period 2010 to 2021, drawing peers a broader pool of 20,383 potential company-year with valid valuation and variable
data. Panel A display the descriptive statistics, Observations analysed and Maximum potential peers. Panel B shows the prediction error in terms of Absolute Percentage
Error (APRE) across different metrics: Mean of yearly medians, Median, Mean of yearly means, Overall Mean, and Interquartile range. In the “All” column, numbers in
parentheses indicate the rank of each classifier’s performance relative to the others. Panel C provides the statistical test on pairwise differences in central tendencies using
the Wilcoxon signed-rank test for the full sample (i.e. not the quartiles), looking at prediction error between industry classifiers, where ***denotes significance at the 1%
level, **denotes significance at the 5% level, *denotes significance at the 10% level.

Market GICS SIC

All All Q1 Q2 Q3 Q4 All Q1 Q2 Q3 Q4
Panel A: Descriptive statistics
Observations 11,582 11,582 2,805 2,897 2,896 2,894 11,582 2,896 2,895 2,895 2,896
Max potential peer 2,188 255 24 63 104 255 238 16 46 174 238
Panel B: APRE per industry classifier
Mean of yearly medians 0.335 (6) 0.253(2) | 0.290 0.275 0.294 0.185 0.260 (4) | 0.249 0.268 0.399 0.188
Median 0.337 (6) 0.251(2) | 0.282 0.277 0.293 0.175 0.262 (4) | 0.250 0.264 0.372 0.192
Mean of yearly means 0.601 (6) 0.453(2) | 0.532 0.478 0.491 0.307 0.481(3) | 0.439 0.468 0.678 0.358
Mean 0.603 (6) 0.453(2) | 0.533 0.483 0.490 0.306 0.483(3) | 0.441 0.465 0.645 0.379
Interquartile range 0.451 (6) 0.375(2) | n.m n.m n.m n.m 0.396(4) | nm n.m n.m n.m
Panel C: Wilcoxon test - industry classifier
Market Rk .
GICS Sl -
SIC Sl +
D2V Full _kkk + +
D2V Primary _kkk + )
TNIC ko _Kkk _kkk
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D2V Full D2V Primary TNIC

All Q1 Q2 Q3 Q4 All Q1 Q2 Q3 Q4 All Q1 Q2 Q3 Q4
Panel A: Descriptive statistics
Observations 11,582 2,894 2896 2,896 2,896 11,582 2,895 2,895 2,896 2,896 11,582 2,896 2,895 2,896 2,895
Max potential peer 1,569 364 593 750 1,569 241 11 25 53 241 368 20 51 188 368
Panel B: APRE per industry classifier
Mean of yearly medians 0.318(5) | 0.340 0.396 0.298 0.271 0.255(3) | 0.279 0.289 0.296 0.182 0.211(1) | 0.225 0.244 0.243 0.158
Median 0.318(5) | 0.332 0.388 0.296 0.273 0.253(3) | 0.280 0.287 0.288 0.183 0.209 (1) | 0.225 0.243 0.236 0.156
Mean of yearly means 0.572(5) | 0.588 0.768 0.511 0.446 0.483(4) | 0531 0.535 0.549 0.333 0.379(1) | 0.386 0.437 0.422 0.274
Mean 0.574(5) | 0.581 0.752 0.507 0.455 0.483(3) | 0.529 0.543 0.528 0.333 0.380(1) | 0.391 0.441 0.422 0.265
Interquartile range 0.437 (5) n.m n.m n.m n.m 0.381 (3) n.m n.m n.m n.m 0.312 (1) n.m n.m n.m n.m
Panel C: Wilcoxon test - industry classifier
Market S Skl R AR
GICS - - rxx
SIC - + +***
D2V Full rxx rxx
D2V Primary Sl FHFxE
TNIC _*kk _kkk
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Tabel 4.3: Optimal table non-linear univariate peer ranking method

The table displays the minimum prediction errors, optimal peer ratio and optimal number of peers for various industry classifiers: Market (considering the entire market as
a single industry), GICS, SIC, D2V (both full and primary industry classifications), and TNIC, using the Sum of absolute rank difference peer ranking method. Results are
provided for the entire sample as well as segmented by quartiles, based on the total number of potential peers available. The dataset analyses 11,582 company-years from
the period 2010 to 2021, drawing peers a broader pool of 20,383 potential company-year with valid valuation and variable data. Panel A display the descriptive statistics,
Observations analysed and Maximum potential peers. Panel B shows the minimum prediction error in terms of Absolute Percentage Error (APRE). In the “All” column,
numbers in parentheses indicate the rank of each classifier’s performance relative to the others. Panel C shows the number of peers with the lowest APRE. Panel D present
the optimal ratio, which is the ratio of number of potentials which generate the lowest prediction error to the potential number of peers. Panel B, C and D is presented
across: Mean of yearly medians, Median, Mean of yearly means, Overall Mean, and interquartile range.

Market GICS SIC
All All Q1 Q2 Q3 Q4 All Q1 Q2 Q3 Q4

Panel A: Descriptive statistics
Observations 11,582 11,582 2,895 2,897 2,896 2,894 11,582 2,896 2,895 2,895 2,896
Max potential peer 2,188 255 24 63 104 255 238 16 46 174 238
Panel B: APRE per industry classifier
Mean of yearly medians 0.084 (6) 0.067 (2) | 0.088 0.077 0.078 0.033 0.073(3) | 0.089 0.078 0.102 0.041
Median 0.080 (6) 0.067 (2) | 0.087 0.076 0.077 0.034 0.073(3) | 0.089 0.073 0.096 0.042
Mean of yearly means 0.203 (6) 0.172(2) | 0.212 0.178 0.182 0.115 0.179(3) | 0.197 0.182 0.222 0.125
Mean 0.203 (6) 0.171(2) | 0.210 0.179 0.182 0.115 0.179(3) | 0.197 0.181 0.211 0.129
Interquartile range 0.317 (6) 0.237 (2) nm. nm.  nm.__ nm 0.247 (4) nm. nm. nm. n.m.
Panel C: Optimal number of peers
Mean of yearly medians 124 6.8 4.7 6.8 8 145 6.2 3.7 6.5 8.5 13.8
Median 12 7 5 7 8 12 6 4 6 9 10
Mean of yearly means 311.9 23.9 6.4 13 218 546 22.6 4.8 106 283 4738
Mean 311.7 24 6.4 131 218 547 22.7 4.8 106 298 455
Interquartile range 179.8 19 n.m. n.m. n.m. n.m. 16 n.m. n.m. n.m. n.m.
Panel D: Optimal ratio
Mean of yearly medians 0.006 0.162 0.330 0.180 0.108 0.077 0.18 0.403 0.236 0.086 0.068
Median 0.006 0.161 0.333 0.172 0.109 0.062 0.171 0.40 0.231 0.087 0.05
Mean of yearly means 0.161 0.325 0.427 0.327 0.281 0.268 0.334 0.478 0.368 0.259 0.235
Mean 0.16 0.325 0.426 0.327 0.281 0.267 0.333 0.479 0.367 0.265 0.223
Interquartile range 0.092 0.53 nm. nm._nm.__ nm 0.554 nm.  nm. nm. n.m.
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D2V Full D2V Primary TNIC

All Q1 Q2 Q3 Q4 All Q1 Q2 Q3 Q4 All Q1 Q2 Q3 Q4
Panel A: Descriptive statistics
Observations 11,582 2,894 289 2,896 2,896 11,582 2,895 2,895 2,896 2,896 11,582 2,896 2,895 2,896 2,895
Max potential peer 1,569 364 593 750 1,569 241 11 25 53 241 368 20 51 188 368
Panel B: APRE per industry classifier
Mean of yearly medians 0.077 (5) 0.08 0.126 0.067 0.056 0.075(4) | 0.102 0.095 0.079 0.039 0.065(1) | 0.089 0.072 0.074 0.035
Median 0.075(5) | 0.078 0.121 0.064 0.053 0.074 (4) | 0.102 0.094 0.067 0.040 0.065(1) | 0.088 0.073 0.073 0.034
Mean of yearly means 0.186 (5) | 0.195 0.223 0.168 0.165 0.184 (4) | 0.217 0.208 0.190 0.124 0.163(1) | 0.195 0.175 0.173 0.110
Mean 0.187(5) | 0.193 0.220 0.167 0.167 0.184 (4) | 0.217 0.209 0.185 0.124 0.164 (1) | 0.196 0.177 0.173 0.109
Interquartile range 0.283 (5) n.m. n.m. n.m. n.m. 0.242 (3) n.m. n.m. n.m. n.m. 0.229 (1) n.m. n.m. n.m. n.m.
Panel C: Optimal number of peers
Mean of yearly medians 11.4 10.1 9.2 14.7 15.5 53 3.4 53 7.4 13.8 6.5 4 7.4 9.1 14.9
Median 11 10 9 13 14 5 4 5 7 10 6 4 7 9 12
Mean of yearly means 113.9 522 895 1413 1751 17 4 6.9 12.7  46.7 27.3 53 118 265 658
Mean 114.6 52.7 91 1424 1724 17.1 4 6.8 129 445 27.3 53 118 268 655
Interquartile range 104 n.m. n.m. n.m. n.m. 11 n.m. n.m. n.m. n.m. 18 n.m. n.m. n.m. n.m.
Panel D: Optimal ratio
Mean of yearly medians 0.025 0.043 0.019 0.022 0.018 0.261 0460 0.328 0.199 0.084 0.190 0406 0.225 0.103 0.057
Median 0.024 0.042 0.019 0.019 0.017 0.250 0.444 0.333 0.200 0.059 0.188 0.400 0.225 0.105 0.046
Mean of yearly means 0.206 0.218 0.187 0.209 0.206 0.382 0.508 0.425 0.348 0.258 0.346 0479 0361 0.288 0.254
Mean 0.205 0.219 0.190 0.210 0.201 0.381 0.507 0.423 0.349 0.244 0.345 0.479 0.361 0.290 0.250
Interquartile range 0.239 n.m. n.m. n.m. n.m. 0.587 n.m. n.m. n.m. n.m. 0.580 n.m. n.m. n.m. n.m.
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Tabel 4.4: Non-linear univariate peer ranking method, idiosyncratic optimal ratio

The table displays prediction errors for various industry classifiers: Market (considering the entire market as a single industry), GICS, SIC, D2V (both full and primary
industry classifications), and TNIC, utilising the optimal ratios from the optimal table for each industry classifier and quartile, identifying a unique number of potential
peers for each investigated company. Results are provided for the entire sample as well as segmented by quartiles, based on the number of potential peers available. The
dataset analyses 11,582 company-years from the period 2010 to 2021, drawing peers a broader pool of 20,383 potential company-year with valid valuation and variable
data. Panel A display the descriptive statistics, Observations analysed, Maximum potential peers, Mean of yearly medians of optimal ratio (the same as the optimal table for
each quartile) and Mean of yearly medians peer count. Panel B shows the prediction error in terms of Absolute Percentage Error (APRE) across different metrics: Mean of
yearly medians, Median, Mean of yearly means, Overall Mean, and Interquartile range. In the “All” column, numbers in parentheses indicate the rank of each classifier’s
performance relative to the others. Panel C and D provides the statistical test on pairwise differences in central tendencies using the Wilcoxon signed-rank test for the full
sample (i.e. not the quartiles). Panel C looks at the prediction error between the peer ranking method using six peers, and the idiosyncratic test, while Panel D compare the
prediction error of the industry classifiers in the idiosyncratic test. Where ***denotes significance at the 1% level, **denotes significance at the 5% level, *denotes signifi-
cance at the 10% level.

Market GICS SIC

All All Q1 Q2 Q3 Q4 All Q1 Q2 Q3 Q4
Panel A: Descriptive statistics
Observations 11,582 11,582 |2,895 2,897 2,896 2,894 11,582 [2,896 2,895 2,895 2,896
Max potential peer 2,188 255 24 63 104 255 238 16 46 174 238
Mean of yearly medians of optimal ratio 0.006 0.150 |0.330 0.180 0.108 0.077 0.161 |0.403 0.236 0.086 0.068
Mean of yearly median peer count 12.1 8.3 5.8 7.4 8.8 17.6 8.3 4.8 7.3 124 15.1
Panel B: APRE per industry classifier
Mean of yearly medians 0.328 (6) 0.243 (2) | 0.274 0.277 0.286 0.172 0.260 (4) | 0.249 0.268 0.389 0.181
Median 0.327 (6) 0.243(2) | 0.269 0.275 0.282 0.165 0.259 (4) | 0.249 0.264 0.370 0.183
Mean of yearly means 0.424 (6) 0.346 (2) | 0.407 0.355 0.375 0.248 0.370(4) | 0.351 0.359 0.500 0.276
Mean 0.425 (6) 0.345(2) | 0.404 0.358 0.376 0.245 0.370 (4) | 0.352 0.359 0.483 0.287
Interquartile range 0.450 (6) 0352(2) | nm nm_nm n.m 0.373(4) | nm nm n.m n.m
Panel C: Wilcoxon test - fixed and idiosyncratic
ROE + Industry with fixed peer group size FHE* FrE* FrA*
Panel D: Wilcoxon test - industry classifier
Market pRRE T
GICS SR -
S|C _kkk +
D2V Full _kkk + n
D2V Primary _kkk + ek
TN'C _kkk _kk*k _kk*k




D2V Full D2V Primary TNIC

All Q1 Q2 Q3 Q4 All Q1 Q2 Q3 Q4 All Q1 Q2 Q3 Q4
Panel A: Descriptive statistics
Observations 11,582 2,804 2896 2,896 2,896 11,582 2,895 2,895 2,896 2,896 11,582 2,896 2,805 2,896 2,895
Max potential peer 1,569 364 593 750 1,569 241 11 25 53 241 368 20 51 188 368
Mean of yearly medians of optimal ratio 0.020 0.043 0.019 0.022 0.018 0.253 0.460 0.328 0.199 0.084 0.154 0.406 0.225 0.103 0.057
Mean of yearly median peer count 134 8.7 10.2 14.9 25.1 6.5 4.3 5.6 7.8 17.8 8.7 5.5 7.9 9.3 15.3
Panel B: APRE per industry classifier
Mean of yearly medians 0.292(5) | 0.313 0.359 0.268 0.251 0.252(3) | 0.284 0.291 0.299 0.172 0.214 (1) | 0.217 0.254 0.257 0.167
Median 0.292(5) | 0.307 0.351 0.267 0.248 0.249(3) | 0.280 0.292 0.283 0.171 0.214 (1) | 0.214 0.252 0.255 0.159
Mean of yearly means 0.384(5) | 0413 0.434 0.349 0.356 0.353(3) | 0.381 0.394 0.391 0.257 0.288(1) | 0.282 0.316 0.327 0.230
Mean 0.385(5) | 0.408 0.429 0.348 0.355 0.353(3) | 0.380 0.397 0.382 0.253 0.288(1) | 0.285 0.318 0.327 0.223
Interquartile range 0.385 (5) n.m n.m n.m n.m 0.361 (3) n.m n.m n.m n.m 0.305 (1) n.m n.m n.m n.m
Panel C: Wilcoxon test - fixed and idiosyncratic
ROE + Industry with fixed peer group size R Salelel el i
Panel D: Wilcoxon test - industry classifier
Market S Salale I FREK
GICS - - .
SIC - +*** +***
D2V Full ek ek
D2V Primary _kkk Rk
TN'C _Kkk _kkk
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4.3. Non-linear multivariate peer ranking method

We present three results tables from the test using the SARD peer ranking method intro-
duced by Knudsen et al. (2017). Like the structure outlined in Section 4.2., the tables
include: (i) results for the fixed peer group size approach (presented in table 4.5), (ii)
results for the optimal peer group size approach (presented in Table 4.6), and (iii) the
idiosyncratic peer group size approach (presented in Table 4.7). The following analysis
looks at the robustness of the findings from the previous sections, expands on the discus-
sion, and provides validation for the conclusions reached later.

4.3.1. Fixed peer group size approach — non-linear multivariate method

Relative accuracy of industry classifiers

Consistent with the findings in Section 4.2. and previous research, employing an industry
classifier significantly improves accuracy, as the Market classifier performed signifi-
cantly worse than all other industry classifiers. But the results regarding the best-perform-
ing industry classifier were not consistent with our previous findings. No single classifier
consistently outperformed the others across all measures or with high statistical signifi-
cance. In the aggregated accuracy measures in Panel B, SIC generally performed the best,
but according to the Wilcoxon test in Panel C, its accuracy was not significantly higher
compared to the other classifiers. TNIC on the other hand demonstrated significantly
higher accuracy than both D2V classifiers and GICS, despite its relatively poor accuracy
according to the aggregated accuracy measures, i.e. ranging from relative rank of 2-3.

Thus, examining the SARD method with a fixed six-peer group size revealed that the
results are somewhat inconclusive regarding which industry classifier is superior. Relying
solely on either the mean or median measures could lead to conclusions that are not fully
supported by the broader results measures. Consequently, the finding from Section 4.2.
that TNIC is the most appropriate classifier for peer selection is not entirely robust when
accounting for different peer ranking methods and peer group size approaches.

Impact of industry size

Consistent with previous findings, notable differences in accuracy were observed across
industry sizes. Quartile four consistently exhibited the highest accuracy across all
measures, reinforcing the impact of industry size characteristics on the valuation accu-
racy. These results further validate the robustness of the findings from Section 4.2.

4.3.2. Optimal peer group size approach — non-linear multivariate method

The results when combining the SARD peer ranking method with optimal peer group size
approach are presented in Table 4.6. Panel A presents the APRE, the optimal peer count
is shown in Panel B, and the optimal ratio is displayed in Panel C.
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Relative accuracy of industry classifiers

The results using the optimal peer group size approach revealed a significant shift in the
performance of industry classifiers. D2V Full achieved the highest accuracy across all
tests, followed closely by Market and TNIC. This contrasted with earlier findings where
Market and D2V Full consistently underperformed compared to other classifiers and
failed to achieve the lowest potential APRE, despite theoretically having the highest fi-
nancial similarity. Moreover, we observed opposite results using the optimal peer group
size approach when employing the peer ranking method by Cheng & McNamara (2000).
However, as noted in Section 4.2.2., the purpose of the optimal peer group size approach
Is not to compare the relative accuracy of classifiers, as the optimal accuracy cannot be
calculated in a practical setting.

Impact of industry size

The results for the optimal peer count and optimal ratio align with the findings presented
in Table 4.3. The mean optimal peer count for quartile one often approximated six peers.
However, substantial differences in peer counts were observed across quartiles. Moreo-
ver, Knudsen et al. (2017) found a linear decrease in valuation accuracy when peer groups
exceeded 22 peers, with the optimal range identified as 6-16 peers. They used a fixed
number of peers in their analysis, making direct comparisons to our findings difficult. On
average, the optimal peer count was below 22 peers both in terms of mean and median
(with the exception of quartile four for Market and D2V Full), hence Knudsen et al.’s
(2017) finding that in general the peer group size should not exceed 22 peers is supported
by our results.

Additionally, the results reinforce the observation in Section 4.2.2. that there is a signifi-
cant difference between the mean and median optimal peer count for quartiles three and
four.

4.3.3. ldiosyncratic peer group size approach — non-linear multivariate method

As in the previous idiosyncratic test in Section 4.2.3., the mean of yearly medians for the
optimal ratio was applied to generate the idiosyncratic peer group sizes. Table 4.7 pre-
sents the results, including descriptive statistics in Panel A, prediction error in Panel B,
and Wilcoxon tests in Panel C and D.

Relative accuracy of industry classifiers

The idiosyncratic approach led to notable changes in the relative performance of industry
classifiers. Specifically, TNIC demonstrated a substantial improvement compared to the
fixed peer test, achieving significantly higher accuracy than all classifiers except SIC.
GICS also exhibited improved relative accuracy, while SIC experienced a decline in over-
all relative performance. These results suggest that the fixed six-peer group size criteria
in the SARD method particularly favoured SIC, and this relative advantage diminished
with the idiosyncratic peer group size approach. Interestingly, this observation contrasts
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with the finding that relative performance remained largely unchanged when using Cheng
& McNamara’s (2000) peer ranking method.

Looking at all the results from the different tests in Section 4.1., 4.2., and 4.3. in combi-
nation, TNIC stands out as the most accurate classifier, all things considered. The anom-
aly is the fixed peer group size test using SARD, where SIC overall performed with the
highest accuracy. GICS, SIC and D2V Primary perform in general quite similar in most
regards and Market and D2V Full consistently performs worst. Consequently, while the
idiosyncratic approach accounts for aspects like industry classifier structure, this factor
appears to be of less importance in determining overall accuracy.

Evaluation of peer group size approaches

The comparison between the fixed peer approach and the idiosyncratic approach revealed
consistent trends across both Cheng & McNamara (2000) and Knudsen et al. (2017), as
Table 4.7 shows:

e The idiosyncratic test produced significantly more accurate results according to
the Wilcoxon test in Panel C.

e Accuracy increased by 20-30% measured by the mean.

e The difference between the mean and median decreased by 50-60% and inter-
quartile range decreased 3-8%.

Hence, we can reject the null hypothesis formulated in Section 3.5.3. and conclude that
the idiosyncratic approach outperforms the fixed peer group size approach.

Furthermore, all industry classifiers except D2V Full, the mean of yearly median peer
count across all quartiles falls below the 16-peer threshold identified by Knudsen et al.
(2017) as the upper limit for preferable peer group sizes. Comparing these results to the
idiosyncratic test using the method by Cheng & McNamara (2000) revealed similar pat-
terns, with only quartile four for GICS and D2V Primary slightly exceeding this thresh-
old. These findings suggest that applying the optimal ratio in practice aligns reasonably
well with the rule-of-thumb range proposed by Knudsen et al. (2017). Additionally, Eaton
et al. (2021) observed that investment banks typically use eight to ten peers, with a prac-
tical range spanning from one to 48 peers, which further supports the broader flexibility
exhibited by the idiosyncratic approach.
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Tabel 4.5: Non-linear multivariate peer ranking method, with six peers
The table displays prediction errors for various industry classifiers: Market (considering the entire market as a single industry), GICS, SIC, D2V (both full and primary
industry classifications), and TNIC. Results are provided for the entire sample as well as segmented by quartiles, based on the total number of potential peers available. The
dataset analyses 11,443 company-years from the period 2010 to 2021, drawing peers a broader pool of 21,901 potential company-year with valid valuation and variable
data. Panel A display the descriptive statistics, Observations analysed and Maximum potential peers. Panel B shows the prediction error in terms of Absolute Percentage
Error (APRE) across different metrics: Mean of yearly medians, Median, Mean of yearly means, Overall Mean, and Interquartile range. In the “All” column, numbers in
parentheses indicate the rank of each classifier’s performance relative to the other classifiers. Panel C provides the statistical test on pairwise differences in central tenden-
cies using the Wilcoxon signed-rank test for the full sample (i.e. not the quartiles), looking at prediction error between industry classifiers, where ***denotes significance at
the 1% level, **denotes significance at the 5% level, *denotes significance at the 10% level.

Market GICS SIC

All All Q1 Q2 Q3 Q4 All Q1 Q2 Q3 Q4
Panel A: Descriptive statistics
Observations 11,443 11,443 2,861 2,860 2,859 2,863 11,443 2,865 2,859 2,856 2,863
Max potential peer 2,188 250 26 68 240 250 233 18 71 188 233
Panel B: APRE per industry classifier
Mean of yearly medians 0.283 (6) 0.234 (1) | 0.296 0.244 0.273 0.164 0.235(2) | 0.260 0.261 0.289 0.168
Median 0.282 (6) 0.234 (1) | 0.296 0.239 0.271 0.162 0.234 (1) | 0.258 0.260 0.287 0.159
Mean of yearly means 0.508 (6) 0.459(3) | 0.585 0.464 0.467 0.322 0.444 (1) | 0.491 0.473 0.523 0.288
Mean 0.507 (6) 0.458 (3) | 0.582 0.462 0.467 0.321 0.443(1) | 0.490 0.473 0.522 0.286
Interquartile range 0.418 (6) 0.374(2) | n.m n.m n.m n.m 0.356 (1) | n.m n.m n.m n.m
Panel C: Wilcoxon test - industry classifier
Market FrEE FrEE
GICS Sl -
SIC Sl +
D2V Full _kkk + +
D2V Primary Srrk + +
TNIC _K*k%k _* +
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D2V Full D2V Primary TNIC

All Q1 Q2 Q3 Q4 All Q1 Q2 Q3 Q4 All Q1 Q2 Q3 Q4
Panel A: Descriptive statistics
Observations 11,443 2,860 2,863 2,857 2,863 11,443 2,864 2,858 2,858 2,863 11,443 2,858 2,859 2,856 2,860
Max potential peer 1,581 350 592 715 1,581 243 12 25 79 243 363 21 55 240 363
Panel B: APRE per industry classifier
Mean of yearly medians 0.268 (5) | 0.297 0.335 0.255 0.208 0.244(4) | 0.289 0.309 0.256 0.162 0.235(2) | 0.278 0.282 0.261 0.159
Median 0.268 (5) | 0.292 0.339 0.255 0.204 0.243(4) | 0.289 0.302 0.253 0.161 0.235(3) | 0.276 0.284 0.263 0.155
Mean of yearly means 0.490(5) | 0540 0.610 0.453 0.359 0.487 (4) | 0.564 0.587 0.487 0.309 0.457 (2) | 0.500 0.535 0.492 0.301
Mean 0.489 (5) | 0.538 0.610 0.451 0.358 0.486 (4) | 0.563 0.587 0.485 0.308 0.456 (2) | 0.497 0.534 0.491 0.300
Interquartile range 0.399 (5) n.m. n.m. n.m. n.m. 0.391 (4) n.m. n.m. n.m. n.m. 0.375(3) n.m. n.m. n.m. n.m.
Panel C: Wilcoxon test - industry classifier
Market +x** PR FEER
GICS - - +*
SIC - - -
D2V Full rHE rHE
D2V Primary Saialed Sl
TNIC kX% k%%
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Tabel 4.6: Optimal table non-linear multivariate peer ranking method

The table displays the minimum prediction errors, optimal peer ratio and optimal number of peers for various industry classifiers: Market (considering the entire market as
a single industry), GICS, SIC, D2V (both full and primary industry classifications), and TNIC, using the SARD ranking method. Results are provided for the entire sample
as well as segmented by quartiles, based on the total number of potential peers available. The dataset analyses 11,443 company-years from the period 2010 to 2021, draw-
ing peers a broader pool of 21,901 potential company-year with valid valuation and variable data. Panel A display the descriptive statistics, Observations analysed and
Maximum potential peers. Panel B shows the minimum prediction error in terms of Absolute Percentage Error (APRE) across different metrics. In the “All” column, num-
bers in parentheses indicate the rank of each classifier’s performance relative to the others. Panel C shows the number of peers with the lowest APRE. Panel D present the
optimal ratio, which is the ratio of number of potentials which generate the lowest prediction error to the potential number of peers. Panel B, C and D is presented across:
Mean of yearly medians, Median, Mean of yearly means, Overall Mean, and Interquartile range.

Market GICS SIC

All All Q1 Q2 Q3 Q4 All Q1 Q2 Q3 Q4
Panel A: Descriptive statistics
Observations 11,443 11,443 2,861 2,860 2,859 2,863 11,443 2,865 2,859 2,856 2,863
Max potential peer 2,188 250 26 68 240 250 233 18 71 188 233
Panel B: APRE per industry classifier
Mean of yearly medians 0.056 (2) 0.058 (4) | 0.088 0.062 0.058 0.034 0.575(3) | 0.081 0.065 0.057 0.033
Median 0.056 (2) 0.057 (3) | 0.086 0.062 0.058 0.033 0.056 (2) | 0.082 0.067 0.056 0.031
Mean of yearly means 0.171 (5) 0.163(4) | 0.213 0.161 0.162 0.116 0.160 (3) | 0.192 0.175 0.167 0.108
Mean 0.171 (5) 0.162 (4) | 0.212 0.161 0.161 0.115 0.161(3) | 0.193 0.175 0.167 0.108
Interquartile range 0.249 (5) 0.213 (2) n.m n.m n.m n.m 0.214 (3) n.m n.m n.m n.m
Panel C: Optimal number of peers
Mean of yearly medians 11 5.9 4.1 6.1 7.6 9.1 5.3 3.9 5.7 6.7 8.7
Median 11 6 4 6 8 9 5 4 6 7 8
Mean of yearly means 311.2 19.8 6.2 12.2 20.2 404 18.8 4.8 9.8 21.2 39.3
Mean 311.9 19.8 6.2 122 203 404 18.8 4.7 9.8 212 393
Interquartile range 140 16 n.m n.m n.m n.m 13 n.m n.m n.m n.m
Panel D: Optimal ratio
Mean of yearly medians 0.005 0.133 029 015 0.10 0.05 0.150 040 021 0.07 0.04
Median 0.005 0.133 029 015 0.10 0.05 0.151 040 021 0.07 0.04
Mean of yearly means 0.157 0.29 040 029 0.27 0.20 0.304 047 034 020 0.20
Mean 0.156 0.291 040 029 0.27 0.20 0.304 047 034 020 0.20
Interquartile range 0.071 0.427 n.m n.m n.m n.m 0.460 n.m n.m n.m n.m
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D2V Full D2V Primary TNIC

All Q1 Q2 Q3 Q4 All Q1 Q2 Q3 Q4 All Q1 Q2 Q3 Q4
Panel A: Descriptive statistics
Observations 11,443 2,860 2,863 2,857 2,863 11,443 2,864 2,858 2,858 2,863 11,443 2,858 2,859 2,856 2,860
Max potential peer 1,581 350 592 715 1,581 243 12 25 79 243 363 21 55 240 363
Panel B: APRE per industry classifier
Mean of yearly medians 0.034 (1) | 0.043 0.051 0.027 0.018 0.069 (5) | 0.110 0.092 0.054 0.037 0.056 (2) | 0.091 0.062 0.045 0.032
Median 0.033(1) | 0.042 0.046 0.027 0.019 0.068 (4) | 0.108 0.093 0.054 0.035 0.056(2) | 0.088 0.060 0.550 0.032
Mean of yearly means 0.146 (1) | 0.161 0.167 0.134 0.123 0.177(6) | 0.220 0.206 0.167 0.115 0.159(2) | 0.196 0.170 0.161 0.110
Mean 0.146 (1) | 0.160 0.167 0.134 0.122 0.177(6) | 0.220 0.206 0.167 0.115 0.159(2) | 0.196 0.169 0.160 0.110
Interquartile range 0.210 (1) n.m. n.m. n.m. n.m. 0.235 (4) n.m. n.m. n.m. n.m. 0.214 (3) n.m. n.m. n.m. n.m.
Panel C: Optimal number of peers
Mean of yearly medians 12.1 10.7 11.2 13.5 17.6 4.9 3.2 4.5 6.0 8.6 55 3.9 55 6.9 9.4
Median 12 10 11 13 18 5 3 5 6 8 6 4 5 7 9
Mean of yearly means 320.5 99 206.9 4137 762.4 14.4 3.9 6.1 111 365 211 5.1 10 19.8 495
Mean 319.0 99.2 2078 4139 767.1 14.4 3.9 6.1 111 364 211 5.2 10 199 495
Interquartile range 198 n.m. n.m. n.m. n.m. 9 n.m. n.m. n.m. n.m. 14 n.m. n.m. n.m. n.m.
Panel D: Optimal ratio
Mean of yearly medians 0.023 0.037 0.023 0.018 0.017 0.232 0.433 0.313 0.169 0.061 0.145 0.358 0.177 0.084 0.037
Median 0.022 0.036 0.022 0.017 0.016 0.227 0.429 0.308 0.162 0.056 0.143 0.357 0.174 0.082 0.035
Mean of yearly means 0.160 0.171 0.151 0.152 0.164 0.359 0.496 0.409 0.314 0.216 0.296 0.443 0.313 0.238 0.191
Mean 0.160 0.171 0.152 0.152 0.164 0.359 0.496 0.409 0.314 0.216 0.296 0.442 0.312 0.237 0.190
Interquartile range 0.121 n.m. n.m. n.m. n.m. 0.540 n.m. n.m. n.m. n.m. 0.461 n.m. n.m. n.m. n.m.
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Tabel 4.7: Non-linear multivariate peer ranking method, idiosyncratic optimal ratio
The table displays prediction errors for various industry classifiers: Market (considering the entire market as a single industry), GICS, SIC, D2V (both full and primary
industry classifications), and TNIC, utilising the optimal ratios from the optimal table for each industry classifier and quartile, identifying a unique number of potential
peers for each investigated company. Results are provided for the entire sample as well as segmented by quartiles, based on the number of potential peers available. The
dataset analyses 11,443 company-years from the period 2010 to 2021, drawing peers a broader pool of 21,901 potential company-year with valid valuation and variable
data. Panel A display the descriptive statistics, Observations analysed, Maximum potential peers, Mean of yearly medians of optimal ratio (the same as the optimal table
for each quartile) and Mean of yearly medians peer count. Panel B shows the prediction error in terms of Absolute Percentage Error (APRE) across different metrics:
Mean of yearly medians, Median, Mean of yearly means, Overall Mean, and Interquartile range. In the “All” column, numbers in parentheses indicate the rank of each
classifier’s performance relative to the others. Panel C and D provides the statistical test on pairwise differences in central tendencies using the Wilcoxon signed-rank test
for the full sample (i.e. not the quartiles). Panel C looks at the prediction error between the peer ranking method using six peers, and the idiosyncratic test, while Panel D
compare the prediction error of the industry classifiers in the idiosyncratic test. Where ***denotes significance at the 1% level, **denotes significance at the 5% level,

*denotes significance at the 10% level.

Market GICS SIC
All All Q1 Q2 Q3 Q4 All Q1 Q2 Q3 Q4

Panel A: Descriptive statistics
Observations 11,443 11,443 | 2,861 2,860 2,859 2,863 11,443 | 2,865 2,859 2,856 2,863
Max potential peer 2,188 250 26 68 240 250 233 18 71 188 233
Mean of yearly medians of optimal ratio 0.05 0.136 0.289 0.150 0.101 0.048 0.180 0.401 0.207 0.068 0.044
Mean of yearly median peer count 10.5 7.0 5.1 6.8 7.9 115 7.0 4.4 6.5 9.5 8.8
Panel B: APRE per industry classifier
Mean of yearly medians 0.285 (6) 0.231(1) | 0.287 0.246 0.268 0.156  0.242(3) | 0.247 0.267 0.324 0.164
Median 0.283 (6) 0.230(1) | 0.286 0.244 0.272 0.151 0.242(4) | 0.250 0.265 0.322 0.152
Mean of yearly means 0.390 (6) 0.335(2) | 0.414 0.337 0.355 0.233 0.340(3) | 0.346 0.355 0.418 0.242
Mean 0.390 (6) 0.334(2) | 0.413 0.336 0.355 0.233 0.340(3) | 0.346 0.354 0.418 0.240
Interquartile range 0.407 (6) 0.350(2) | nm nm nm _nm 0356(3) [ nm nm nm _nm
Panel C: Wilcoxon test - fixed and idiosyncratic
SARD + Industry with fixed peer group size FHE* FHE* FrA*
Panel D: Wilcoxon test - industry classifier
Market Stk FrEE
GICS Ak i
SIC Hkx +
D2V Full Sk + +
D2V Primary i + -
TNIC _kkk _x +
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D2V Full D2V Primary TNIC

All Q1 Q2 Q3 Q4 All Q1 Q2 Q3 Q4 All Q1 Q2 Q3 Q4
Panel A: Descriptive statistics
Observations 11,443 2,860 2,863 2,857 2,863 11,443 2,864 2,858 2,858 2,863 11,443 2,858 2,859 2,856 2,860
Max potential peer 1,581 350 592 715 1,581 243 12 25 79 243 363 21 55 240 363
Mean of yearly medians of optimal ratio 0.024 0.037 0.023 0.018 0.017 0.272 0.433 0.313 0.169 0.061 0.154 0.406 0.225 0.103 0.057
Mean of yearly median peer count 12.0 9.4 11.2 12.1 245 5.0 4.0 4.9 6.8 13.3 9.0 5.5 7.9 9.3 15.3
Panel B: APRE per industry classifier
Mean of yearly medians 0.266 (5) | 0.301 0.365 0.245 0.195 0.244(4) | 0.283 0.306 0.261 0.162 0.235(2) | 0.273 0.281 0.270 0.154
Median 0.267 (5) | 0.301 0.365 0.245 0.191 0.241(3) | 0.276 0.305 0.257 0.156 0.234(2) | 0.270 0.276 0.267 0.151
Mean of yearly means 0.350(5) | 0.386 0.418 0.320 0.276 0.348(4) | 0.389 0.397 0.357 0.248 0.330(1) | 0.365 0.372 0.362 0.223
Mean 0.350(5) | 0.385 0.418 0.319 0.276 0.347(4) | 0.388 0.396 0.356 0.248 0.330(1) | 0.364 0.371 0.362 0.222
Interquartile range 0.388 (5) n.m. n.m. n.m. n.m. 0.362 (4) n.m. n.m. n.m. n.m. 0.344 (1) n.m. n.m. n.m. n.m.
Panel C: Wilcoxon test - fixed and idiosyncratic
SARD + Industry with fixed peer group size rx* rH* Frx*
Panel D: Wilcoxon test - industry classifier
Market S Salald R REK
GICS - - -
SIC - + Rxx
D2V Full +x* Rxx
D2V Primary Skx rEE
TN'C _kkk kK%
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4.4. Industry classifier robustness over time

This section presents results that evaluate the robustness of findings related to the relative
accuracy of industry classifiers. The idiosyncratic peer group size approach has been ap-
plied consistently throughout, as it was the most accurate approach across all scenarios.
Accuracy is measured in terms of mean APRE, as this metric showed the greatest im-
provement over the fixed peer group size approach.

As outlined in Section 4.2., the TNIC industry classifier emerged as the most accurate
across all tests, a conclusion further supported by Figure 1 and 2. These figures demon-
strate that TNIC consistently outperformed other classifiers over time. In contrast, the
Market classifier showed the highest prediction errors throughout the period, reaffirming
earlier trends observed in prior sections. Notably, Figure 2 revealed that the relative dif-
ferences between classifiers are less pronounced when using the SARD peer ranking
method, meaning the gaps in accuracy between classifiers were narrower compared to the
results in Figure 1.

A notable observation in Figures 1 and 2 is the spike in prediction errors during the years
2020 and 2021, coinciding with the financial turmoil caused by the COVID-19 pandemic.
Although this phenomenon is outside the scope of this study and cannot be fully explained
with the available data, it is interesting that prediction errors peaked across all classifiers
during this period.
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Figure 4.1: Non-linear univariate using idiosyncratic peer group size approach
Present the mean APRE for industry classifiers when using idiosyncratic peer group size approach
and the peer ranking method by Cheng & McNamara (2000).
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Figure 4.2: Non-linear multivariate using idiosyncratic peer group size approach
Present the mean APRE for industry classifiers when using idiosyncratic peer group size approach
and the peer ranking method by Knudsen et al. (2017).
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5. Conclusion and practical implications

By applying non-linear peer ranking methods to U.S. companies, we investigated the rel-
ative accuracy of conventional and alternative industry classifiers for peer selection used
for relative valuation. Additionally, we challenged the prevailing criterion in prior studies
of using a fixed peer group size by introducing a novel idiosyncratic peer group size ap-
proach. This approach contributes to the existing literature by accommodating differences
in both industry classifier structure and industry size. We argue that while systematic peer
selection can enhance the accuracy of relative valuation, it must better account for the
unique context of the focus firm — a perspective that has been underexplored in previous
research.

Relative accuracy of industry classifiers

Our findings on the most accurate industry classifier are not entirely conclusive. How-
ever, the alternative classifier TNIC consistently outperformed the others in most tests,
typically followed by either the conventional GICS and SIC or the alternative D2V Pri-
mary classifier. Hence, we do not find definitive support for the idea that GICS is more
suitable for peer selection than SIC. Contrasting the findings by Bhojraj et al. (2003), who
argued that GICS is a more effective industry classification system for capital market
research. Their study did not specifically address peer selection for relative valuation,
which can explain the difference in conclusions. Additionally, D2V does not appear to be
significantly more suitable for peer selection, contrary to the findings of Hoberg & Phil-
lips (2023), which highlighted its superiority in predicting profitability compared to SIC
and TNIC.

Consistent with previous findings (Alford, 1992; Cheng & McNamara, 2000), the Market
classifier consistently exhibited the lowest accuracy. This result highlights the importance
of balancing financial and business profile characteristics to improve valuation accuracy.
This notion is further supported by the relatively higher accuracy of D2V Primary com-
pared to D2V Full, as D2V Primary applies stricter industry delimitation, while D2V Full
finds peers with greater financial similarity.

The strong performance of TNIC, particularly when using the non-linear univariate peer
ranking method by Cheng & McNamara (2000), indicates that dynamic product descrip-
tion classifiers can significantly improve relative valuation accuracy. Given the novelty
and limited development of alternative classifiers, there is considerable potential for fur-
ther improvement in this area. Future research could explore utilising the similarity
scores, in D2V and TNIC, as weights in peer selection. However, we were unable to find
any suitable implementation of this in the peer ranking methods we utilised.

From a practical perspective, these findings advocate for more flexible approaches to
company grouping. TNIC’s adaptable structure validates the use of dynamic classifiers
over rigid, predefined classifiers like GICS and SIC. Although Hoberg & Phillips’ sys-
tems may be unsuitable for direct practical applications due to their academic focus and
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constrained data scope, they highlight the potential of language-driven methods. For in-
stance, proprietary solutions such as Al-based grouping using scraped website data or
product descriptions could offer a more versatile and practical alternative to traditional
classification systems when used in practice.

Evaluation of peer group size approaches

The more experimental aspect of our study — exploring the idiosyncratic nature of peer
group sizes — produced the most impactful results. Our idiosyncratic approach improved
accuracy by 20-30% compared to the fixed peer group size approach, with the improve-
ment being statistically significant. The size of the industry to which the focus firm be-
longs appears to be a crucial factor to consider, while the industry classifier structure
appeared less critical, as there was minimal variation in classifier rankings across differ-
ent peer group size approaches.

Our findings highlight a critical gap in prior research, which often relied on arbitrary
assumptions about appropriate peer group size, as noted by Dittmann & Weiner (2005).
However, we believe further refinement of this approach could yield even greater insights
and improvements. For instance, future research could explore what the underlying rea-
sons are for industry size being a strong determinant of the optimal peer group size. As
inspiration, Cheng & McNamara (2000) argued the industry size could be a proxy for
qualitative factors, such as industry maturity. Moreover, the robustness of these findings
should be tested across different time periods and samples to ensure their broader applica-
bility and reliability.

Finally, the proposed method offers potential for practical application. If the heuristic
measures used in the idiosyncratic peer group size approach prove robust over time and
across different samples, generating the idiosyncratic peer group size is entirely feasible
in a practical setting. Nonetheless, even if these heuristics are not completely robust, our
findings demonstrate that peer selection ought not to be completely a rigid science but
rather be more adaptable. The idiosyncratic peer group size approach underscores the
importance of accommaodating flexible criteria, such as variable peer group sizes, instead
of relying on fixed, predetermined rules.
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7. Appendix

Appendix 1: Microsoft example for SIC and GICS

Appendix 1: Conventional classifiers for Microsoft
Presents the conventional industry classifiers, SIC and GICS, as applied to Microsoft in this study. The "Industry Code™ and "Industry
Name" columns display Microsoft's classification within each system, with the hierarchy levels separated by a "-". Both classifiers fea-
ture four hierarchical levels, but SIC advances by one digit per level, whereas GICS progresses by two digits.

Classifier Industry code Industry name
sIC 7-3-7-2 Services - Business Services - Computer Programming, Data Processing, And Computer Related Services
- Prepackaged Software
GICS 45-10-30-20  Information Technology - Software & Services - Software - Systems Software

Appendix 2: Microsoft example for TNIC

Appendix 2: TNIC classifier for Microsoft

Presents the TNIC classifier for Microsoft during the years studied, 2010 to 2021. It includes the number of peers identified each year and lists
the top five most similar peers based on product similarity.

Year  Number of peers 1th closest peer 2th closest peer 3th closest peer 4th closest peer 5th closest peer
2010 96 Adobe Red Hat Citrix Systems Oracle McAfee
2011 122 Citrix Systems Red Hat Oracle Adobe Versant Corp
2012 106 Citrix Systems Red Hat Adobe Polycom Monotype Imaging
2013 99 Red Hat Citrix Systems Adobe Polycom Insight Enterprises
2014 106 Citrix Systems Red Hat Adobe CDW Corporations Smith Micro Software
2015 190 Citrix Systems Jive Software Polycom Monotype Imaging Red Hat
2016 150 Red Hat Jive Software Adobe BroadSoft Citrix Systems
2017 169 Oracle Citrix Systems Adobe Splunk Monotype Imaging
2018 150 Talend Citrix Systems Cisco Systems Nutanix Oracle

2019 142 Nutanix Cisco Systems Citrix Systems Oracle Insight Enterprises
2020 125 Adobe Cisco Systems VMware Oracle Splunk

2021 144 VMware Adobe Cisco Systems Oracle Nutanix
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Appendix 3: Microsoft example for D2V

Table 7.3: D2V classifier for Microsoft
Presents the D2V classifier for Microsoft during the years studied, 2010 to 2021. It includes the number of industries allocated to Microsoft, the
primary industry code (representing the industry with the highest similarity based on product descriptions), and the ten words that best describe
the primary industry.

Year Number Primary Ten word vector for primary industry
of industry
industries code
allocated
to
2010 21 106 microcomputer, resellers, microcomputers, peripherals, reseller, networking, multivendor, gtsi, merisel, hayes
2011 15 294 billboards, billboard, oaaa, outdoor, posters, beautification, lithographed, highways, transit, subways
2012 16 294 billboards, billboard, oaaa, outdoor, posters, beautification, lithographed, highways, transit, subways
2013 16 294 billboards, billboard, oaaa, outdoor, posters, beautification, lithographed, highways, transit, subways
2014 15 294 billboards, billboard, oaaa, outdoor, posters, beautification, lithographed, highways, transit, subways
2015 19 106 microcomputer, resellers, microcomputers, peripherals, reseller, networking, multivendor, gtsi, merisel, hayes
2016 20 106 microcomputer, resellers, microcomputers, peripherals, reseller, networking, multivendor, gtsi, merisel, hayes
2017 21 106 microcomputer, resellers, microcomputers, peripherals, reseller, networking, multivendor, gtsi, merisel, hayes
2018 21 106 microcomputer, resellers, microcomputers, peripherals, reseller, networking, multivendor, gtsi, merisel, hayes
2019 22 106 microcomputer, resellers, microcomputers, peripherals, reseller, networking, multivendor, gtsi, merisel, hayes
2020 23 106 microcomputer, resellers, microcomputers, peripherals, reseller, networking, multivendor, gtsi, merisel, hayes
2021 25 106 microcomputer, resellers, microcomputers, peripherals, reseller, networking, multivendor, gtsi, merisel, hayes

Appendix 4: Data treatment

Treatment Cheng & McNamara (2000) Knudsen et al. (2017)
Intersection of company-years for all industry classi-

fiers, between 2010-2021 47,969 47,969
Less missing or faulty valuation data from I/B/E/S

and CRSP database (20,025) (20,025)
Less winsorisation 5% on each tail (2,794) (2,794)
Total sample of company-years with valid and rep- 25 150 25 150
resentable valuations

Less missing data for independent variables (4,767) (3,249)
Observ_atlons with valid valuations and independ- 20383 21.901
ent variables

Less company-years with less than six valid peers in (8,801) (10,458)
all classifiers

Sample company-years with valid data and ade- 11582 11.443

quate peer count
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Appendix 5: Usage of Al in thesis writing

During the writing of this thesis, we utilised ChatGPT 40 as a supportive tool. Its primary
use was in generating and refining Python code for data cleaning, adjustment, and testing.
Specifically, ChatGPT was instrumental in originating initial code outlines and iteratively
assisting in resolving minor coding issues and ensuring consistency across tests. This sig-
nificantly reduced the time required for development of the code, while also enhancing
code quality by serving as a brainstorming tool for addressing problems in the code. How-
ever, there were instances where ChatGPT produced incorrect or non-functional code. To
mitigate this, we rigorously double-checked all outputs and validated results manually.
For example, when calculating market capitalisation, we manually verified the results for
over twenty companies to ensure accuracy.

Additionally, ChatGPT was used for spelling and grammar checks, contributing to the
overall quality of the text. However, we avoided using its direct phrasing due to its ten-
dency toward imprecision, verbosity, and occasional factual inaccuracies. Instead, it was
used to suggest phrasing alternatives and synonyms, which were then carefully reviewed
and adapted to fit the precise tone and clarity required for the thesis.

For advanced concepts, such as the Manhattan distance, ChatGPT was used alongside
other sources to provide explanations and clarify the concept for the authors. This ap-
proach was similar to consulting resources like Wikipedia or academic references for in-
itial understanding.

In summary, ChatGPT played a supportive role in improving both the coding and writing
processes of the thesis. Its usage was carefully managed to limit potential pitfalls, such as
factual hallucinations or overly generalised responses, by keeping prompts.

58



