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Prior research has shown that the most widely used technique 
for assessing the value of stocks is the multiples approach 
(Demirakos, Strong, and Walker 2004; Asquith, Mikhail, and Au 

2005; Nel 2010; Pinto, Robinson, and Stowe 2015). Multiples-based 
valuations rely on the assumption that perfect substitutes should sell 
for the same price. Therefore, the ability to identify companies that are 
truly comparable is vital when using multiples as a valuation technique. 
Analysts use industry classifications to identify comparable companies 
because companies in the same industry tend to share similar eco-
nomic characteristics. However, as noted by Lee, Ma, and Wang (2015, 
p. 411), industry classifications are at best crude guidelines for identi-
fying comparable companies: “With no conceptual guidance on what
constitute an ‘industry,’ the choice of industry benchmarks ultimately
relies on subjective judgment.”

Prior studies have demonstrated that identifying comparable companies 
on the basis of different proxies for profitability, growth, and risk may 
be a useful alternative to the industry classification method (Cheng and 
McNamara 2000; Bhojraj and Lee 2002; Nel, Bruwer, and le Roux 2014). 
But in these studies, companies were selected at the intersection of the 
most similar companies in terms of profitability, growth, and risk, which 
significantly reduces the number of peers as the number of selection 
variables increases. In fact, this method is limited to selecting companies 
on the basis of only two selection variables to ensure that a sufficient 
number of peers are available. Including a third or fourth selection vari-
able makes it essentially impossible to identify comparable companies, 
which undermines the usefulness of this selection method (Alford 1992; 
Dittmann and Weiner 2005; Nel et al. 2014).1

The objective of our study was to examine a selection procedure for 
identifying comparable companies that, in principle, allows for an 

The use of industry as a criterion 
for selecting peers for multiples-
based valuation rests on the notion 
that companies operating in the 
same industry are more likely to 
share fundamental value drivers 
(i.e., profitability, growth, and risk). 
However, such companies may 
not have similar characteristics in 
terms of these drivers and thus 
should not be traded at the same 
multiple. We analyze this issue by 
developing the sum of absolute 
rank differences (SARD) approach. 
The SARD approach can account 
for an infinite number of proxies 
for profitability, growth, and risk 
while remaining independent of 
industry classifications. Our results 
indicate that the SARD approach 
yields significantly more accurate 
valuation estimates than the indus-
try classification approach.
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infinite number of proxies for profitability, growth, 
and risk. Specifically, we analyzed the efficacy 
of the “sum of absolute rank differences” (SARD) 
approach to selecting comparable companies. Under 
this approach, each company is ranked on a set of 
selection variables (e.g., return on equity and market 
capitalization) relative to the remaining companies in 
the sample. In our study, we defined a target com-
pany’s peer group as the companies with the smallest 
sum of absolute rank differences across the target 
company’s variables of interest. The SARD approach 
is similar to the clustering algorithm known as the 
“Manhattan distance.” One advantage of the SARD 
approach is that it is not restricted by the number 
of variables that can be used to identify peers or 
number of observations available and is independent 
of industry classifications. Therefore, the approach 
may be particularly useful outside the United States, 
where the number of public companies and the 
number of observations are often less plentiful. 
Another advantage is that the SARD approach is 
flexible; it can be used in combination with other 
approaches, including the industry classification 
approach. Moreover, under the SARD approach, the 
selection variables may be tailored to fit the needs 
of any desired multiple, resulting in a more accurate 
valuation estimate. Finally, the SARD approach is 
both intuitive and easy to apply.

In this article, we demonstrate that the SARD approach 
generates more accurate valuation estimates than the 
traditional industry classification approach. In addi-
tion, a combination of the SARD approach and the 
industry classification approach results in even more 
accurate valuation estimates, suggesting that the two 
approaches capture different aspects of peers’ funda-
mentals. Our findings are robust across time, company 
size, and varying numbers of peers, which, coupled with 
the practical applicability of the approach, makes it a 
highly relevant tool in a financial analyst’s toolbox. Our 
results may also help academic researchers in choosing 
comparable companies when examining the accuracy 
of multiples. Such studies would benefit from using 
the SARD approach in combination with the industry 
classification approach.

Related Literature
There are two schools of thought regarding peer 
group selection methodology. The first school of 
thought argues that peer group selection should stem 
from industry classification; that is, companies that 
operate in similar industries should exhibit similar risk 

and earnings growth characteristics (Alford 1992). 
The second school of thought argues that peer group 
selection should include only companies with similar 
valuation fundamentals—that is, such economic char-
acteristics as profitability, growth, and risk (Bhojraj 
and Lee 2002).2 A number of studies have empirically 
examined the accuracy of the two selection method-
ologies in identifying a set of comparable companies 
for multiples-based valuation.

Alford (1992) examined the accuracy of P/E in select-
ing comparable companies on the basis of industry 
classification, risk (proxied by total assets and finan-
cial leverage), and profitability (proxied by return 
on equity, or ROE), both individually and in pairs. 
When examining the accuracy of a pair of selection 
variables, Alford used the intersection of two sets 
of companies—that is, the 14% of companies closest 
to the target company in terms of size (proxied by 
total assets) and the 14% of companies closest to the 
target company in terms of ROE, which included up 
to 2% of a sample, or approximately 30 companies 
on average. Including a third or fourth variable to 
improve the selection of comparable companies 
would significantly reduce the number of available 
companies. For example, adding a third variable, such 
as financial leverage, and using the 14% threshold 
would result in a sample of comparable companies 
of 0.27%, or four companies on average. Alford 
concluded that industry classification and a combina-
tion of size and profitability are the most effective 
methods for selecting comparable companies.

Cheng and McNamara (2000) examined the accuracy 
of P/E and P/B (price-to-book ratio) when selecting 
comparable companies on the basis of industry clas-
sification, size, return on equity, and a combination of 
these factors. They found that industry classification 
and a combination of industry classification and prof-
itability yield the most accurate valuation estimates.

Dittmann and Weiner (2005) conducted a study of a 
sample of European and US companies to determine 
the most accurate method for selecting comparable 
companies. They examined the accuracy of industry 
classification, total assets, and return on assets, both 
individually and in pairs. They used an approach 
similar to the one used by Alford (1992), selecting all 
companies at the intersection of the 14% most simi-
lar companies in terms of return on assets and the 
14% most similar companies in terms of total assets. 
If this intersection resulted in fewer than five com-
parable companies, the procedure was repeated with 
an increased cutoff (15% or more) until a minimum 
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of five comparable companies were selected. The 
results of Dittmann and Weiner’s study confirm 
that the selection of comparable companies on the 
basis of return on assets or a combination of return 
on assets and total assets offers the best results, 
outperforming comparable companies selected on 
the basis of industry affiliation or total assets.

Nel et al. (2014) examined peer company selection 
based on profitability (proxied by ROE), risk (proxied 
by total assets), growth (proxied by revenue growth), 
and a combination of these factors. They used the 
intersection of three sets of companies, selecting as 
comparable companies those that deviated +/– 30% 
from the target company’s ROE, +/– 30% from its 
total assets, and +/– 30% from its revenue growth.3 
In their study, it was understood that the selection of 
companies from the intersection of three variables 
was impossible owing to the limited depth of the 
South African market. Therefore, Nel et al. applied a 
combination of two selection variables, finding that 
the combination of variables substantially improves 
valuation accuracy vis-à-vis peer groups selected on 
a single-factor basis.

Bhojraj and Lee (2002) estimated a series of annual 
cross-sectional regressions of EV/sales (enterprise 
value divided by sales) and P/B on eight different 
proxies for profitability, growth, and risk. They used 
estimated coefficients from the previous year’s 
regressions in conjunction with each company’s 
current-year reporting, which generates a prediction 
of the company’s current and future multiple. They 
referred to this prediction as a company’s “war-
ranted multiple,” which is used to identify comparable 
companies. The method developed by Bhojraj and 
Lee serves as a notable exception in that it identifies 
comparable companies on the basis of a large num-
ber of variables without the added complication of 
number of observations as in Alford (1992), Dittmann 
and Weiner (2005), and Nel et al. (2014). Bhojraj and 
Lee found that their warranted multiple provides more 
accurate valuation estimates than alternative selec-
tion methodologies, such as industry classification and 
size. Practitioners, however, may consider this method 
cumbersome to use; the coefficient estimates are sen-
sitive to outliers and number of observations available, 
which may be problematic in smaller markets.

Data
Our sample consists of companies that compose the 
S&P Composite 1500. The S&P 1500 consists of 500 

large-cap companies (the S&P 500), 400 mid-cap 
companies (the S&P MidCap 400), and 600 small-
cap companies (the S&P SmallCap 600). Companies 
are valued as of 31 March each year from 1995 to 
2014. To accurately reflect information available to 
investors, we estimated all data by using information 
that was publicly available when the companies were 
valued (i.e., 31 March each year). Because not every 
company’s fiscal year-end falls on 31 December, we 
applied the last four quarterly reports published 
before 31 March.4 We used the data in these four 
reports to calculate the latest 12-month financial 
statement for each company.

We obtained accounting data from Compustat and 
market data from CRSP. The Compustat data items 
are in brackets (i.e., [ ]) and the CRSP data items are 
in braces (i.e., { }). We used the data items [CEQQ] 
for book value of equity, [IBQ] for quarterly earnings 
before extraordinary items, [OIADPQ] for quarterly 
EBIT, and [SALEQ] for quarterly sales. We estimated 
net debt as long-term debt [DLTTQ] plus debt in 
current liabilities [DLCQ] minus cash and short-term 
investments [CHEQ]. We calculated the total market 
capitalization for each company as of 31 March each 
year using actual stock prices {PRCCM} and number 
of common shares outstanding {CSHOQ}.

We excluded observations if companies did not 
achieve positive earnings before extraordinary items 
(E), book value of equity (B), enterprise value (EV), 
earnings before interest and taxes (EBIT), sales, 
invested capital, or market capitalization. In addi-
tion, we excluded observations if companies did not 
have a five-year earnings history, a three-year stock 
return history, or one- and two-year median analyst 
earnings estimates from I/B/E/S. Finally, we excluded 
observations if a company operated in a GICS6 
(Global Industry Classication Standard 6) industry 
with fewer than 16 companies. We winsorized the 
observed valuation multiples at 0.5% and 99.5% in 
each sample year. We used the resulting sample, 
consisting of 12,350 company-year observations, for 
descriptive statistics as well as empirical tests we 
conducted in our study.

Table 1 reports descriptive statistics for the selection 
variables we used to choose both peers and multiples.

Expected earnings growth is defined as 𝔼 [EPSt+2]/𝔼 
[EPSt+1],5 and EBIT margin is defined as EBIT divided 
by sales. All variables are generally positively 
skewed. The S&P 500 component of the S&P 1500 
Index consists of 500 large companies that capture 
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approximately 80% of the available market capital-
ization. These large companies generate the right 
skewness of the distribution of such variables as 
sales, EBIT, earnings, book equity, market capitaliza-
tion, EV, and net debt. In addition, the means of the 
multiples are greater than the medians, suggesting 
a positively skewed distribution. Lie and Lie (2002) 
found a similar distribution of multiples in their study.

Identification of Comparable 
Companies
We propose a method that selects comparable 
companies on the basis of the least sum rank differ-
ence across a range of variables that are expected to 
affect multiples. Let’s consider a matrix of sum rank 
differences between each company:

SARDi j X i X j Y i Y j Z i Z jr r r r r r, , , , , , , ,= − + − + + −"

where SARD is the sum of absolute rank differences 
between company i and company j, rx,i is the rank 
of company i in terms of variable x, rx,j is the rank of 
company j in terms of variable x, and so on.6 Thus, if a 
potential peer has a low SARD value, this approach sug-
gests that the potential peer and the target company 
share similarities with respect to the selected variables. 
If these variables are true proxies of the fundamental 
drivers of the multiple, the identified peers and the 
target company should trade at similar prices.

Let’s consider an example that illustrates the under-
lying theory of the SARD approach. Assume that the 

whole sample universe consists of only 10 companies 
and that the identification of comparable companies 
is based on only two variables: ROE and size.

First, rank all (10) companies on the basis of each vari-
able relative to the sample, as reported in Table 2. Next, 
calculate the absolute rank difference for all companies 
for each selection variable. Third, calculate the sum 
of absolute rank differences between all companies 
in the sample. For instance, the sum of absolute rank 
differences between Coca-Cola and Estee Lauder is 
|5 – 10|+|8 – 2| = 11. Finally, identify each company’s 
peers on the basis of the least sum of absolute rank dif-
ferences—that is, the companies most similar in terms 
of ROE and size. Table 3 provides an overview of each 
company’s six peers.

Now imagine using the method on a larger sample 
and with a broader range of economic fundamentals. 
Companies with the least SARD vis-à-vis a given 
company are most similar to that company in terms 
of these fundamentals. For example, from our study 
sample, consider the peers selected in March 2004 
for International Flavors & Fragrances on the basis of 
a range of fundamentals, as shown in Table 4.

The industry classification of International Flavors & 
Fragrances is materials; however, the peers selected 
on the basis of fundamentals operate in six different 
industries.7 In the example, the absolute valuation 
error is 8%.

Because a company’s fundamentals may change, it 
seems unlikely that the same company will serve as 
a peer across longer periods. The research design 

Table 1.  Descriptive Statistics

 Mean Median Interquartile Range

ROE 17.4% 13.1% 9.8%

Net debt/EBIT 1.4 1.1 3.9

Size (market cap, $ millions) 8,327 2,042 5,320

Expected earnings growth 20.8% 14.2% 11.4%

EBIT margin 16.2% 12.8% 12.2%

EV/EBIT 15.3 12.6 7.0

EV/sales 2.3 1.6 2.0

P/B 3.1 2.3 2.0

P/E 27.6 18.7 12.7

For Personal Use Only. Not for Distribution.

http://www.cfapubs.org/loi/faj
https://www.cfainstitute.org


 Stick to the Fundamentals and Discover Your Peers  

Volume 73 Number 3 cfapubs.org 89

for our study took that into account by selecting and 
matching peers annually.

Choice of Multiples and Selection 
Variables
In examining the usefulness of the SARD approach, 
we applied four multiples: P/E, P/B, EV/sales, and 
EV/EBIT. Applying more than one multiple allowed us 
to examine whether the results remain robust across 
multiples generally applied in the literature (Plenborg 
and Pimental 2016).

In our study, we identified proxies for profitability, 
future growth, and risk as selection variables. Other 
researchers have also used these measures for 
comparable company selection for multiples-based 
valuation (Cheng and McNamara 2000; Bhojraj and 
Lee 2002; Nel et al. 2014). In addition, we show in 
Appendix A that the level of multiples we applied 
in our study is a function of profitability, future 
growth, and risk.

Alford (1992) and Nel et al. (2014) demonstrated 
that ROE is appropriate for the selection of com-
parable companies. Consequently, we applied ROE 
as a selection variable to proxy profitability. We 
applied net debt/EBIT as a proxy for risk owing to 
its ability to measure a company’s payback capac-
ity; net debt/EBIT is an integrated component of 
credit analysis (Palepu, Healy, and Peek 2013). We 

also included size as a proxy for risk; size captures 
that stocks of smaller companies are generally less 
liquid than those of larger companies and are thus 
traded at lower multiples. In line with previous 
studies, we applied market capitalization as a proxy 
for size (Alford 1992; Dittmann and Weiner 2005). 
The level of future growth may not be directly 
observable; therefore, we used analyst forecasts of 
earnings to proxy for future growth. To avoid any 
impact from normalization of earnings, we applied 
the growth in earnings between the first and sec-
ond forecast year. Finally, we included EBIT margin 
as a selection variable, because it has proved to be 
a significant determinant of the EV/sales multiple 
(see Appendix A).

Using these selection variables, we identified peers 
from an incrementally increasing ladder of combina-
tions ranging from one to five selection variables:8

ROE 
ROE + Net debt/EBIT 
ROE + Net debt/EBIT + Size 
ROE + Net debt/EBIT + Size + Implied growth 
ROE + Net debt/EBIT + Size + Implied growth + EBIT 
margin

Earlier studies have provided evidence that the 
GICS is the most accurate industry classification in 
a valuation setting (see, e.g., Bhojraj, Lee, and Oler 
2003). To align our study with previous findings, we 

Table 2.  Company Ranks Based on ROE and Size

 ROE Size ($ billions) rROE rsize

Abbott Laboratories 10% 67 2 5

Coca-Cola 22 185 5 8

Estee Lauder 34 31 10 2

General Mills 24 35 7 3

Johnson & Johnson 23 280 6 10

Kellogg Company 20 24 4 1

Mondelēz International 7 69 1 6

PepsiCo 31 146 9 7

Procter & Gamble 17 204 3 9

Reynolds American 30 66 8 4

Note: For this illustrative example, we used fiscal-year 2014 data for ROE and market cap as of 12 
September 2015 (Bloomberg).
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benchmarked our results with a selection scheme 
based on industry classification (GICS6).9

We constrained each selection method to the identi-
cal number of comparable companies to control 
for the possible advantages and disadvantages that 
would be created by including more companies. The 
default number of peers that we used in our study 
is six, in line with prior studies (Alford 1992). The 
result is that each of the SARD combinations identi-
fies six peers that are closest in terms of the relevant 
variables, whereas the industry selection scheme 
identifies six random peers in the same GICS6 indus-
try. In conducting our robustness tests, we examined 
the number of comparable companies to determine 
whether that would affect the results.

Evaluation of the Identification 
Methods
Baker and Ruback (1999) examined the accuracy of 
four common averaging processes, finding solid 
evidence in favor of the harmonic mean. Liu, Nissim, 
and Thomas (2002) documented performance 
improvement when multiples are computed using the 
harmonic mean, relative to the mean or median. The 
harmonic mean is generally less sensitive to outliers 
than most other averaging procedures. Thus, we can 
calculate the estimate of a company’s multiple as the 
harmonic mean of the multiples of the identified 

peers.10 For example, the predicted P/E multiple of 

company i, P
E
i

i

�⎛

⎝
⎜⎜

⎞

⎠
⎟⎟ , is the harmonic mean of the P/E 

multiples of the number of companies (n) belonging 
to the set of comparable companies for company i:

P
E

n
P
E

i

i

j

jj

n�
=

⎛

⎝
⎜⎜

⎞

⎠
⎟⎟

⎛

⎝

⎜
⎜⎜

⎞

⎠

⎟
⎟⎟=

− −

∑
1

1 1

.

We can measure the absolute percentage error 
between the predicted multiple ( )ml  and the actual 
multiple (m) of company i as follows:

Absolute percentage errori
i i

i

m m
m

=
−l

.
 

Absolute percentage errors are widely used in the 
literature (Alford 1992; Dittmann and Weiner 2005; 
Nel et al. 2014) and include a simple economic 
interpretation. Therefore, if one assumes that market 
values, on average, reflect the true values of compa-
nies, then the absolute percentage error expresses 
the percentage by which the estimated value misses 
the “true” value of the company.

We considered three measures when evaluating the 
accuracy of the industry classification approach and 

Table 4.  Peers Selected for International Flavors & Fragrances, March 2004

Name Industry EV/EBIT ROE Debt/EBIT
Size 

($ millions)

International Flavors & 
Fragrances 

Materials 12.9 23% 2.7 3,356

KB Home Consumer Durables & 
Apparel

7.3 23 2.3 3,175

Beckman Coulter, Inc. Health Care Equip. & 
Services

13.2 23 2.0 3,354

Pioneer Natural Resources Energy 12.6 22 3.6 3,878

McCormick & Company, Inc. Food, Beverage & Tobacco 16.9 24 2.0 4,593

TCF Financial Corporation Banks 12.4 23 4.5 3,601

Knight Ridder Media 12.8 20 2.6 5,777

Prediction (harmonic mean) 11.8

Absolute valuation error 
│(11.8 – 12.9)/12.9│ 

8%
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the SARD combinations—the median, mean, and 
interquartile range of absolute percentage errors—
with each measure based on 12,350 company-year 
observations. Using the Wilcoxon signed-rank test 
and a t-test that allows for serial correlation and 
heteroskedasticity by company because observa-
tions are pooled over time, we tested for significance 
in the difference of the central tendency of two sets 
of valuation errors.11 In a panel data regression with 
Driscoll–Kraay robust standard errors, we regressed 
the pairwise differences in the absolute percentage 
errors on a constant (no regressor variables) and 
report the sign and significance of the constant.

Empirical Results
Panel A of Table 5 reports valuation errors for each 
of the five SARD combinations. It also reports valua-
tion errors for peers selected on the basis of industry 
classification, which allows us to assess the accuracy 
of the five SARD combinations relative to the indus-
try method. With respect to the robustness of each 
selection method, Panel A reports valuation errors 
across four multiples: EV/EBIT, EV/sales, P/B, and 
P/E. The relative accuracy of each selection method 
is reported in parentheses. For example, ROE is 
ranked fifth (5) and industry classification is ranked 
sixth (6) on the basis of the P/B multiple.

Comparing the five SARD combinations, we can 
see that adding more selection variables tends to 
improve the valuation accuracy. For example, ROE 
appears to be the worst-performing selection vari-
able for the EV/EBIT multiple, but both the mean 
and the median of errors decrease as more selec-
tion variables are included. The median absolute 
valuation error is 0.292 when ROE is used as a 
selection variable, decreasing to 0.222 when all five 
selection variables are applied. The mean absolute 
valuation error moves in a similar direction—that is, 
from 0.390 when ROE is used to 0.307 for all five 
selection variables. The interquartile range of the 
absolute valuation error is 0.364 for ROE and 0.291 
for all five variables. The results are similar across 
the three other multiples; the continuous inclusion 
of one extra selection variable reduces the absolute 
valuation error. This finding confirms the usefulness 
of the SARD approach and indicates that the chosen 
variables are appropriate proxies for the underlying 
drivers of the multiples. Panel B of Table 5 reports 
the results of the Wilcoxon signed-rank tests and 
t-tests (based on the Driscoll–Kraay robust standard 
errors), which reveal that the differences in absolute 

valuation errors are generally significant at conven-
tional levels.

As noted earlier, the EBIT margin is most appropri-
ate as a selection variable when EV/sales is the mul-
tiple used. A closer review of the results reported in 
Panel A of Table 5 shows that the absolute valua-
tion error of the EV/sales multiple is 0.470 (median) 
when comparable companies are selected on the 
basis of ROE, net debt/EBIT, size, and growth. 
Including the EBIT margin reduces the median 
absolute valuation error to 0.254, a reduction of 
46%. Conversely, when the EBIT margin is used on 
the three other multiples, its effect on the absolute 
valuation error appears to be insignificant. For 
instance, the median absolute valuation error of the 
P/B multiple is 0.241 when comparable companies 
are selected on the basis of ROE, net debt/EBIT, 
size, and growth. Adding the EBIT margin reduces 
the absolute valuation error to 0.24. These results 
confirm the appropriateness of the EBIT margin 
when EV/sales is the multiple used for valuations. 
The results suggest that the EBIT margin is the best 
measure of a company’s operational performance 
(and better than industry) and may be an important 
channel for capturing companies’ industry-specific, 
operational characteristics. Moreover, the results 
demonstrate the flexibility of the SARD approach; 
the selection variables may be customized to meet 
the needs of any desired multiple, resulting in a 
more accurate valuation estimate.

A comparison of the accuracy of both the industry 
approach and the SARD approach reveals that the 
latter approach consistently yields more accurate 
valuation estimates. A comparison of the differences 
in the median absolute valuation error across the 
four multiples shows that EV/sales yields the larg-
est difference (0.407 versus 0.254). When the mean 
and the interquartile range of absolute percentage 
errors are measured, similar results emerge. In fact, 
with respect to the mean and interquartile range, all 
five SARD combinations for P/B and P/E outperform 
industry. These results emphasize the strength of the 
SARD approach and show that it offers significant 
advantages over industry classification when select-
ing peers for multiples-based valuation.

In addition, we analyzed the selection of comparable 
companies using the SARD combinations only among 
companies in the same GICS6 industry. For this 
process, we selected peers within the same industry 
using the previously discussed ladder ranging from 
one to five variables. This procedure allowed us to 
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Table 5.  Valuation Errors and Statistical Tests for Five SARD Combinations

 Industry ROE
ROE 

Debt/EBIT

ROE 
Debt/EBIT 

Size

ROE  
Debt/EBIT 

Size 
Growth

ROE  
Debt/EBIT  

Size 
Growth 

EBIT Margin

A. Absolute percentage errors and ranks (in parentheses) of valuations based on each selection method

EV/EBIT
Median 0.255 (4) 0.292 (6) 0.260 (5) 0.250 (3) 0.228 (2) 0.222 (1)

Mean 0.341 (3) 0.390 (6) 0.351 (5) 0.343 (4) 0.309 (2) 0.307 (1)

Interquartile 0.330 (3) 0.364 (6) 0.335 (5) 0.330 (4) 0.297 (2) 0.291 (1)

EV/sales
Median 0.407 (2) 0.531 (6) 0.504 (5) 0.477 (4) 0.470 (3) 0.254 (1)

Mean 0.576 (2) 0.761 (6) 0.720 (5) 0.693 (4) 0.671 (3) 0.360 (1)

Interquartile 0.463 (2) 0.499 (6) 0.483 (5) 0.480 (3) 0.481 (4) 0.332 (1)

P/B
Median 0.349 (6) 0.298 (5) 0.283 (4) 0.275 (3) 0.241 (2) 0.240 (1)

Mean 0.444 (6) 0.377 (5) 0.360 (4) 0.348 (3) 0.316 (2) 0.313 (1)

Interquartile 0.416 (6) 0.352 (5) 0.347 (4) 0.335 (3) 0.312 (1) 0.313 (2)

P/E
Median 0.286 (5) 0.297 (6) 0.286 (4) 0.279 (3) 0.244 (2) 0.240 (1)

Mean 0.382 (6) 0.375 (5) 0.363 (4) 0.354 (3) 0.325 (2) 0.325 (1)

Interquartile 0.380 (6) 0.352 (5) 0.347 (4) 0.340 (3) 0.321 (1) 0.321 (2)

B. Statistical tests for the mean and median of pairwise differences between sets of absolute percentage errors

EV/EBIT       

Industry  + ** +** + – ** – **

ROE – **  – ** – ** – ** – **

ROE Debt/EBIT – ** + **  – – ** – **

ROE Debt/EBIT Size – + ** + **  – ** – **

ROE Debt/EBIT Size Growth + ** + ** + ** + **  –

ROE Debt/EBIT Size Growth 
EBIT Margin

+ ** + ** + ** + ** +  

EV/sales       

Industry  + ** + ** + ** + ** – **

ROE – **  – ** – ** – ** – **

ROE Debt/EBIT – ** + **  – ** – ** – **

ROE Debt/EBIT Size – ** + ** + **  – ** – **

ROE Debt/EBIT Size Growth – ** + ** + ** + **  – **

ROE Debt/EBIT Size Growth 
EBIT Margin

+ ** + ** + ** + ** + **  

(continued)
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determine whether the SARD approach offers any 
marginal advantage when used in conjunction with 
the industry approach.12

The results, reported in Panel A of Table 6, indicate 
that the SARD approach produces an incremental 
increase in accuracy when used within industries. 
Moreover, identifying comparable companies by 
industry classification without using the SARD 
approach yields the least accurate valuation estimates 
across all four multiples. For example, the median 
absolute valuation error of the EV/EBIT multiple is 
0.255 when comparable companies are selected on 
the basis of industry classification alone. The results 
reported in Panel A also reveal that valuation errors 
decrease monotonically as additional selection vari-
ables are included. For example, selecting companies 
on the basis of ROE yields a median absolute valuation 
error of 0.244 for the EV/EBIT multiple. Including net 
debt/EBIT, size, growth, and EBIT margin as selection 

variables reduces the absolute valuation error to 
0.203. Panel B of Table 6 reports the results of the 
Wilcoxon signed-rank tests and t-tests (based on the 
Driscoll–Kraay robust standard errors), which show 
that the differences in absolute valuation errors are 
generally significant at conventional levels.

For three of the four multiples, a comparison of the 
results reported in Panel A of Tables 5 and 6 demon-
strates that selecting companies by using the SARD 
approach within an industry yields more accurate valu-
ation estimates than selecting companies by using the 
SARD approach across industries. When valuations are 
based on the EV/sales multiple, the SARD approach 
across industries seems to yield more accurate valu-
ation estimates (Panel A of Table 5) than the SARD 
approach within an industry when the EBIT margin is 
included as a selection variable. These results rein-
force the usefulness of the EBIT margin as a selection 
variable when using the EV/sales multiple. In the 

 Industry ROE
ROE 

Debt/EBIT

ROE 
Debt/EBIT 

Size

ROE  
Debt/EBIT 

Size 
Growth

ROE  
Debt/EBIT  

Size 
Growth 

EBIT Margin

P/B       

Industry  – ** – ** – ** – ** – **

ROE + **  – ** – ** – ** – **

ROE Debt/EBIT + ** + **  – – ** – **

ROE Debt/EBIT Size + ** + ** + **  – ** – **

ROE Debt/EBIT Size Growth + ** + ** + ** + **  –

ROE Debt/EBIT Size Growth 
EBIT Margin

+ ** + ** + ** + ** +  

P/E       

Industry  – – ** – ** – ** – **

ROE +  – ** – ** – ** – **

ROE Debt/EBIT + ** + **  – – ** – **

ROE Debt/EBIT Size + ** + ** + **  – ** – **

ROE Debt/EBIT Size Growth + ** + ** + ** + **  –

ROE Debt/EBIT Size Growth 
EBIT Margin

+ ** + ** + ** + ** +  

Notes: Above the diagonals in Panel B: the test for the mean of pairwise differences based on Driscoll–Kraay robust standard 
errors. Below the diagonals in Panel B: the Wilcoxon signed-rank test for the median of pairwise differences. “+” indicates that the 
selection method in the row is more accurate than the selection method in the column, and “–” indicates the opposite. 

**Significant at the 1% level.

Table 5.  Valuation Errors and Statistical Tests for Five SARD Combinations (continued)
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Table 6.  Valuation Errors and Statistical Tests for Five SARD Combinations among 
Companies in the Same Industry

Industry

ROE 
(same 

industry)

ROE  
Debt/EBIT 

(same 
industry)

ROE  
Debt/EBIT 

Size 
(same 

industry)

ROE  
Debt/EBIT 

Size 
Growth 
(same 

industry)

ROE  
Debt/EBIT  

Size 
Growth 

EBIT Margin 
(same industry)

A. Absolute percentage errors and ranks (in parentheses) of valuations based on each selection method within an industry

EV/EBIT       

Median 0.255 (6) 0.244 (5) 0.219 (4) 0.215 (3) 0.206 (2) 0.203 (1)

Mean 0.341 (6) 0.321 (5) 0.295 (4) 0.290 (3) 0.279 (2) 0.275 (1)

Interquartile 0.330 (6) 0.311 (5) 0.296 (4) 0.292 (3) 0.280 (2) 0.279 (1)

EV/sales
Median 0.407 (6) 0.380 (5) 0.364 (4) 0.344 (3) 0.338 (2) 0.271 (1)

Mean 0.576 (6) 0.537 (5) 0.514 (4) 0.492 (3) 0.483 (2) 0.369 (1)

Interquartile 0.463 (6) 0.452 (5) 0.439 (4) 0.426 (3) 0.423 (2) 0.357 (1)

P/B       

Median 0.349 (6) 0.247 (4) 0.249 (5) 0.243 (3) 0.240 (1) 0.241 (2)

Mean 0.444 (6) 0.318 (4) 0.322 (5) 0.312 (3) 0.310 (2) 0.307 (1)

Interquartile 0.416 (6) 0.317 (4) 0.319 (5) 0.311 (3) 0.310 (2) 0.304 (1)

P/E       

Median 0.286 (6) 0.247 (5) 0.244 (4) 0.241 (3) 0.228 (2) 0.225 (1)

Mean 0.382 (6) 0.322 (5) 0.322 (4) 0.320 (3) 0.307 (2) 0.306 (1)

Interquartile 0.380 (6) 0.319 (3) 0.327 (4) 0.331 (5) 0.316 (2) 0.311 (1)

B. Statistical tests for the mean and median of pairwise differences between sets of absolute percentage errors

 Industry ROE
ROE  

Debt/EBIT

ROE 
Debt/EBIT 

Size

ROE  
Debt/EBIT 

Size 
 Growth

ROE  
Debt/EBIT  

Size 
 Growth 

 EBIT Margin

EV/EBIT
Industry – ** – ** – ** – ** – **

ROE + ** – ** – ** – ** – **

ROE Debt/EBIT + ** + ** – – ** – **

ROE Debt/EBIT Size + ** + ** + ** – ** – **

ROE Debt/EBIT Size Growth + ** + ** + ** + ** – **

ROE Debt/EBIT Size Growth 
EBIT Margin

+ ** + ** + ** + ** + **

 (continued)
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robustness tests that we conducted, we addressed 
this issue further by assessing the importance of the 
EBIT margin relative to other selection variables.

Robustness Tests
We examined our results to determine whether they 
are sensitive to the number of comparable companies 
used in the analysis. Figure 1 depicts the median of 

absolute percentage errors of valuations with a varying 
number of comparable companies for all four multiples. 
We performed separate valuations using alternative 
sets of number of peers, ranging from 4 to 22 (in incre-
ments of two). This process allowed us to determine 
whether our results are sensitive to the number of 
peers. As noted earlier, six was the default number of 
peers in our study. As Figure 1 shows, in most cases, 
the median absolute valuation error is minimized when 

 Industry ROE
ROE  

Debt/EBIT

ROE 
Debt/EBIT 

Size

ROE  
Debt/EBIT 

Size 
 Growth

ROE  
Debt/EBIT  

Size 
 Growth 

 EBIT Margin

EV/sales
Industry – ** – ** – ** – ** – **

ROE + ** –** – ** – ** – **

ROE Debt/EBIT + ** + ** – ** – ** – **

ROE Debt/EBIT Size + ** + ** + ** – ** – **

ROE Debt/EBIT Size Growth + ** + ** + ** + ** – **

ROE Debt/EBIT Size Growth 
EBIT Margin

+ ** + ** + ** + ** + **

P/B       

Industry – ** – ** – ** – ** – **

ROE + ** + * – – – 

ROE Debt/EBIT + ** – * – – – *

ROE Debt/EBIT Size + ** + ** + ** – * – **

ROE Debt/EBIT Size Growth + ** + ** + ** + – *

ROE Debt/EBIT Size Growth 
EBIT Margin

+ ** + ** + ** + ** + *

P/E
Industry – ** – ** – ** – ** – **

ROE + ** – – – ** – **

ROE Debt/EBIT + ** + – – ** – **

ROE Debt/EBIT Size + ** + + – ** – **

ROE Debt/EBIT Size Growth + ** + ** + ** + ** –

ROE Debt/EBIT Size Growth 
EBIT Margin

+ ** + ** + ** + ** +

Note: See the notes to Table 5.

*Significant at the 5% level.

**Significant at the 1% level.

Table 6.  Valuation Errors and Statistical Tests for Five SARD Combinations among  
Companies in the Same Industry (continued)
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using between 6 and 16 peers, depending on the 
multiple and selection method used.13 In addition, in 
untabulated results, we found that valuation accuracy 
decreases as the number of comparable companies 
increases.14 More importantly, the SARD approach 
continues to outperform the industry approach across 
the number of peers included. This finding is true for 
all multiples in Figure 1, suggesting that our results are 
robust to the number of comparable companies used.

We also examined the robustness of median absolute 
valuation errors over time. These results are depicted 
in Figure 2. The median absolute valuation errors 
fluctuate within a certain band for industry and each 
of the SARD combinations, but they appear atypi-
cally high in 1999–2000, probably driven by the high 
valuations of dot-com companies in the same period. 

The valuation errors also increase slightly over 2008–
2010, ostensibly a result of the financial crisis.15 A 
review of Figure 2 reveals that the differences in the 
median absolute valuation errors across industry 
and the SARD combinations remain proportionate 
over time. Thus, different combinations of the SARD 
approach generally yield more accurate valuation 
estimates than the industry approach over time, sug-
gesting that our results are robust over time.

We also compared the accuracy of the SARD approach 
with the accuracy of the regression approach devel-
oped by Bhojraj and Lee (2002). Under the regression 
approach, peer groups are formed by following these 
steps. First, regression coefficients (OLS, or ordinary 
least squares) are estimated for the same range of 
selection variables (ROE, net debt/EBIT, size, growth, 

Figure 1. Median Absolute Percentage Errors across Different Numbers of Peers
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EBIT margin). We used the first 5 years of data to esti-
mate the regression coefficients and evaluated on the 
basis of the next 15 years to avoid in-sample estimation 
bias.16 We estimated the coefficients using variables 
that we winsorized at 0.5% and 99.5%.17 Second, the 
estimated coefficients are used together with each 
company’s current-year reporting to generate a predic-
tion of each company’s multiple. Bhojraj and Lee (2002) 
referred to this predicted value as a company’s war-
ranted multiple. Finally, by ranking companies according 
to their warranted multiples, we generated a list of 
peer companies for each target company. We chose as 
peers the six companies that were closest to the target 
company in terms of the warranted multiple.

The results, reported in Table 7, show that the SARD 
approach yields more accurate valuation estimates 
than the regression approach. These results remain 
robust across all four multiples. We found that the 
SARD approach is free from issues about outlier 
assumptions and limited sample size, which makes it 
more reliable and easier to apply.

On the basis of the derivation in Appendix A, we 
expected EBIT margin to be an important determi-
nant of EV/sales, which is supported by the empiri-
cal results reported in Panel A of Table 5. We also 
examined the impact of EBIT margin as a selection 
variable by moving it ahead of ROE when using EV/
sales as the valuation multiple, making EBIT margin 
the first rung on the ladder of selection variables.

Our results, reported in Table 8, show that the selec-
tion of peers based on EBIT margin yields more accu-
rate valuation estimates than peers selected on the 
basis of industry classification. A comparison with the 
results reported in Panel A of Table 5 reveals that EBIT 
margin also yields more accurate valuation estimates 
than peers selected on the basis of ROE only. Finally, 
the median absolute error of the EV/sales multiple is 
reduced by 4.1 pps (from 0.295 to 0.254) when com-
parable companies are selected on the basis of all five 
selection variables. In summary, these results suggest 
that (1) the EBIT margin is an important selection vari-
able when used in valuations based on the EV/sales 

Figure 2. Median Absolute Percentage Error in Each Year for Each Selection Method
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multiple and (2) the four other selection variables add 
to the accuracy of the valuation estimate.

Table 9 provides an industry-level expansion of the 
median analysis in Panel A of Table 5. It reports 
the level of accuracy of the SARD approach in nine 

different industries. The results reported in Table 9 
show that the SARD approach generally yields more 
accurate valuation estimates than the industry clas-
sification approach across the nine industries. Note 
that the SARD approach that includes all five selec-
tion variables does not consistently yield the most 

Table 7.  Comparisons of the Absolute Percentage Errors of the SARD 
Approach and the Regression Approach, 2000–2014

 SARD Approach Regression Approach

EV/EBIT   

Median of errors 0.224 (1) 0.323 (2)

Mean of errors 0.313 (1) 0.523 (2)

IQ range of errors 0.298 (1) 0.467 (2)

EV/sales   

Median of errors 0.256 (1) 0.319 (2)

Mean of errors 0.365 (1) 0.553 (2)

IQ range of errors 0.335 (1) 0.458 (2)

P/B   

Median of errors 0.241 (1) 0.337 (2)

Mean of errors 0.316 (1) 0.528 (2)

IQ range of errors 0.315 (1) 0.449 (2)

P/E   

Median of errors 0.240 (1) 0.378 (2)

Mean of errors 0.326 (1) 0.710 (2)

IQ range of errors 0.324 (1) 0.578 (2)

Notes: IQ stands for interquartile. The comparisons are based on the variables ROE, net debt/EBIT, 
market cap, growth, and EBIT margin.

Table 8.  Absolute Percentage Errors and Ranks of Valuations Based on Each Selection 
Method

 Industry EBIT Margin
EBIT Margin 

ROE

EBIT Margin 
ROE  

Debt/EBIT

EBIT Margin 
ROE  

Debt/EBIT 
Size

EBIT Margin 
ROE  

Debt/EBIT 
 Size 

Growth

EV/sales: All companies as in Panel A of Table 5

Median 0.407 (6) 0.295 (5) 0.290 (4) 0.263 (2) 0.266 (3) 0.254 (1)

Mean 0.576 (6) 0.402 (5) 0.397 (4) 0.369 (2) 0.373 (3) 0.360 (1)

Interquartile 0.463 (6) 0.374 (5) 0.358 (4) 0.344 (3) 0.339 (2) 0.332 (1)
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Table 9.  Median of Absolute Percentage Errors by Industry

 Industry ROE
ROE 

 Debt/EBIT

ROE  
Debt/EBIT 

Size

ROE  
Debt/EBIT 

Size 
Growth

ROE  
Debt/EBIT 

Size 
Growth 

EBIT Margin

EV/EBIT       

Energy 0.511 (6) 0.393 (5) 0.378 (4) 0.306 (3) 0.254 (1) 0.294 (2)

Materials 0.306 (6) 0.248 (5) 0.221 (1) 0.232 (2) 0.244 (4) 0.240 (3)

Industrials 0.219 (4) 0.225 (5) 0.252 (6) 0.207 (3) 0.204 (2) 0.155 (1)

Consumer discretionary 0.235 (5) 0.218 (1) 0.230 (4) 0.227 (3) 0.243 (6) 0.223 (2)

Consumer staples 0.140 (1) 0.259 (6) 0.191 (4) 0.169 (3) 0.141 (2) 0.192 (5)

Health care 0.247 (2) 0.300 (4) 0.318 (5) 0.348 (6) 0.276 (3) 0.184 (1)

Financials 0.210 (3) 0.298 (6) 0.263 (4) 0.292 (5) 0.194 (2) 0.185 (1)

Information technology 0.289 (5) 0.307 (6) 0.278 (4) 0.274 (3) 0.265 (1) 0.270 (2)

Utilities 0.147 (4) 0.237 (6) 0.107 (3) 0.215 (5) 0.099 (2) 0.088 (1)

Total 0.255 (4) 0.292 (6) 0.260 (5) 0.250 (3) 0.228 (2) 0.222 (1)

EV/sales

Energy 0.638 (3) 0.671 (6) 0.642 (5) 0.642 (4) 0.602 (2) 0.400 (1)

Materials 0.457 (6) 0.430 (5) 0.380 (3) 0.399 (4) 0.311 (2) 0.204 (1)

Industrials 0.329 (3) 0.386 (6) 0.377 (5) 0.334 (4) 0.308 (2) 0.189 (1)

Consumer discretionary 0.437 (6) 0.364 (2) 0.406 (3) 0.411 (4) 0.426 (5) 0.260 (1)

Consumer staples 0.485 (2) 0.668 (5) 0.656 (4) 0.691 (6) 0.578 (3) 0.283 (1)

Health care 0.416 (2) 0.520 (4) 0.433 (3) 0.521 (5) 0.555 (6) 0.283 (1)

Financials 0.560 (6) 0.362 (2) 0.503 (5) 0.396 (3) 0.409 (4) 0.244 (1)

Information technology 0.589 (4) 0.611 (6) 0.571 (3) 0.504 (2) 0.591 (5) 0.282 (1)

Utilities 0.271 (3) 0.472 (4) 0.482 (6) 0.479 (5) 0.189 (2) 0.154 (1)

Total 0.407 (2) 0.531 (6) 0.504 (5) 0.477 (4) 0.470 (3) 0.254 (1)

P/B       

Energy 0.237 (6) 0.193 (3) 0.197 (5) 0.132 (1) 0.195 (4) 0.177 (2)

Materials 0.373 (6) 0.262 (5) 0.233 (3) 0.178 (1) 0.224 (2) 0.246 (4)

Industrials 0.290 (6) 0.236 (4) 0.256 (5) 0.196 (3) 0.168 (1) 0.171 (2)

Consumer discretionary 0.421 (6) 0.327 (5) 0.317 (4) 0.296 (3) 0.251 (2) 0.187 (1)

Consumer staples 0.434 (6) 0.239 (3) 0.289 (5) 0.277 (4) 0.207 (1) 0.233 (2)

Health care 0.328 (5) 0.340 (6) 0.235 (2) 0.276 (4) 0.273 (3) 0.187 (1)

Financials 0.220 (2) 0.262 (3) 0.073 (1) 0.329 (5) 0.273 (4) 0.405 (6)

Information technology 0.336 (6) 0.325 (5) 0.214 (1) 0.259 (4) 0.247 (3) 0.242 (2)

Utilities 0.174 (1) 0.255 (4) 0.180 (2) 0.393 (6) 0.263 (5) 0.229 (3)

Total 0.349 (6) 0.298 (5) 0.283 (4) 0.275 (3) 0.241 (2) 0.240 (1)

(continued)
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accurate valuation estimate. This finding suggests 
that the selection variables should be tailored to 
both the multiple applied and the industry exam-
ined to achieve more accurate valuation estimates.

Finally, we tested the robustness of our results 
across the three subindexes in the S&P 1500, 
allowing us to gauge the sensitivity of our calculated 
results to company size. The results, reported in 
Table 10, clearly show that the SARD approach yields 
more accurate valuation estimates than the industry 
approach across the different subindexes. This find-
ing holds true across all multiples, suggesting that 
valuations based on the SARD approach generally 
lead to smaller valuation errors than valuations based 
on the industry approach. 

Conclusion
The multiples approach relies on the theory that 
perfect substitutes should sell at the same price. This 
theory implies that the selection of comparable com-
panies is a crucial step in multiples-based valuations. 
Most analysts and investors use industry classifica-
tion as a proxy for company comparability. The use 
of industry relies on the assumption that companies 
in the same industry share the same economic 
characteristics—that is, profitability, risk, and growth. 
However, companies operating in the same industry 

do not necessarily possess the same level of profit-
ability, risk, or growth and thus should not trade at 
the same multiple. In our study, we addressed this 
issue by developing, and testing the accuracy of, the 
SARD approach, which, in principle, can account for 
an infinite number of proxies for profitability, growth, 
and risk. One advantage of the SARD approach 
is that it is less sensitive to sample size than the 
industry approach. The SARD approach also allows 
for customization of the selection variables to fit 
the needs of any desired multiple, resulting in more 
accurate valuation estimates. Moreover, the SARD 
approach is flexible and can be used in combination 
with other approaches, including the industry clas-
sification approach. Another advantage is that the 
SARD approach is an intuitive concept that relies on 
a set of financial value drivers that are well recog-
nized in the literature.

Our results show that the SARD approach yields 
significantly more accurate valuation estimates than 
the industry approach. This finding suggests that 
the SARD approach is an attractive alternative to 
industry classifications when selecting comparable 
companies. In addition, we analyzed the selection 
of comparable companies using the SARD combina-
tions only among companies in the same industry. 
The results from these tests reveal that the SARD 
approach generally increases the accuracy of 

 Industry ROE
ROE 

 Debt/EBIT

ROE  
Debt/EBIT 

Size

ROE  
Debt/EBIT 

Size 
Growth

ROE  
Debt/EBIT 

Size 
Growth 

EBIT Margin

P/E

Energy 0.481 (6) 0.182 (1) 0.377 (5) 0.251 (2) 0.276 (4) 0.255 (3)

Materials 0.248 (5) 0.261 (6) 0.197 (1) 0.214 (3) 0.215 (4) 0.202 (2)

Industrials 0.270 (6) 0.242 (4) 0.268 (5) 0.201 (3) 0.195 (2) 0.186 (1)

Consumer discretionary 0.278 (3) 0.321 (6) 0.311 (5) 0.301 (4) 0.254 (2) 0.223 (1)

Consumer staples 0.309 (6) 0.292 (5) 0.285 (4) 0.251 (3) 0.163 (1) 0.200 (2)

Health care 0.259 (4) 0.340 (6) 0.254 (3) 0.278 (5) 0.193 (2) 0.165 (1)

Financials 0.109 (2) 0.274 (4) 0.090 (1) 0.380 (5) 0.254 (3) 0.399 (6)

Information technology 0.259 (4) 0.278 (6) 0.227 (1) 0.275 (5) 0.239 (3) 0.231 (2)

Utilities 0.238 (3) 0.234 (2) 0.195 (1) 0.386 (6) 0.276 (5) 0.266 (4)

Total 0.286 (5) 0.297 (6) 0.286 (4) 0.279 (3) 0.244 (2) 0.240 (1)

Table 9.  Median of Absolute Percentage Errors by Industry (continued)
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valuation estimates within an industry. Finally, we 
found that the accuracy of the SARD approach 
improves significantly if the EBIT margin is included 
as a selection variable when using the EV/sales 
multiple for valuations. Our findings appear robust 
across time, company size, a varying number of 
peers, and most industries.

Our study offers several opportunities for future 
research. First, we hope that other researchers will 
examine whether the SARD approach yields more 
accurate valuation estimates than the industry clas-
sification approach in markets with a limited number 
of observations within an industry. Second, in our 
study, we assumed that each selection variable was 
equally important (i.e., carried the same weight). 
Conceivably, however, some selection variables 
might be more relevant than others. Thus, future 
studies could examine whether the accuracy of 
the SARD approach increases if different selection 

variables carry different weights. Third, our results 
indicate that the selection variables should be 
tailored to both the multiple applied and the industry 
examined to ensure more accurate valuation esti-
mates. Future studies could address this issue and 
explore methods for customizing the selection vari-
ables across industries to minimize valuation errors. 
Finally, the SARD approach can also be used as a 
general method for researchers to find companies 
with similar economic characteristics. For example, 
Brown, Lajbcygier, and Li (2008) used generalized 
style classification (similarities in stock return history) 
to classify companies with negative book equity into 
Fama–French value categories, thereby solving a 
problem in which a standard valuation variable was 
missing or unreliable. Future studies might examine 
whether the SARD approach is a useful alternative to 
generalized style classification (e.g., in studies where 
market values are unavailable).

Table 10.  Median of Absolute Percentage Errors by S&P Subindexes

 Industry ROE
ROE  

Debt/EBIT

ROE  
Debt/EBIT 

Size

ROE  
Debt/EBIT 

Size 
Growth

ROE  
Debt/EBIT  

Size 
Growth 

EBIT Margin

EV/EBIT       

S&P 500 0.247 (6) 0.217 (3) 0.223 (5) 0.214 (2) 0.209 (1) 0.217 (4)

S&P 400 0.273 (5) 0.268 (4) 0.264 (3) 0.275 (6) 0.245 (2) 0.218 (1)

S&P 600 0.241 (4) 0.293 (6) 0.247 (5) 0.241 (3) 0.196 (2) 0.191 (1)

EV/sales       

S&P 500 0.425 (4) 0.435 (6) 0.430 (5) 0.396 (3) 0.390 (2) 0.230 (1)

S&P 400 0.466 (6) 0.431 (3) 0.455 (5) 0.446 (4) 0.382 (2) 0.240 (1)

S&P 600 0.451 (4) 0.471 (6) 0.432 (2) 0.439 (3) 0.452 (5) 0.252 (1)

P/B       

S&P 500 0.326 (6) 0.256 (4) 0.273 (5) 0.222 (3) 0.221 (2) 0.210 (1)

S&P 400 0.367 (6) 0.256 (5) 0.234 (4) 0.204 (2) 0.217 (3) 0.199 (1)

S&P 600 0.343 (6) 0.278 (5) 0.260 (4) 0.259 (3) 0.213 (2) 0.200 (1)

P/E

S&P 500 0.254 (4) 0.257 (5) 0.269 (6) 0.241 (3) 0.231 (2) 0.226 (1)

S&P 400 0.260 (5) 0.262 (6) 0.244 (4) 0.198 (1) 0.215 (3) 0.209 (2)

S&P 600 0.304 (6) 0.291 (5) 0.281 (4) 0.278 (3) 0.240 (2) 0.180 (1)
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Appendix A. The Fundamentals That 
Explain the Multiples
In this appendix, we set out our mathematical 
derivation of both the equity-based multiples and 
the enterprise value–based multiples, focusing on the 
fundamentals that underlie them.

The Fundamentals That Explain the 
Equity-Based Multiples. We derive equity-
based multiples from the dividend discount model. 
Assuming a constant dividend growth rate in per-
petuity, gD, the dividend discount model can be 
expressed as

P D
r ge D

=
−

,  (A1)

where P is the market value of equity, D is dividends, 
and re is the cost of equity. Replacing dividends with 
net earnings (E) × payout ratio (PayOut) gives

P E
r ge D

= ×
−

PayOut .

Replacing net earnings with return on equity (ROE) × 
book value of equity (B) yields

P B
r ge D

= × ×
−

ROE PayOut .

Replacing the payout ratio with (1 – RR) and dividing 
the equation by B yields the P/B multiple:

P
B r g

g
r ge D

D

e D
= × −

−
=

−
−

ROE RR ROE( ) ,1
 (A2)

where RR is the retention rate, defined as the share 
of net earnings that is reinvested in the business. 
Multiplying the denominator in Equation A2 by ROE 
yields the P/E multiple:

P
E

g
r g

D

e D
=

−
−

×
ROE

ROE
1 .  (A3)

As can be seen in Equations A2 and A3, both P/B and 
P/E are a function of ROE (profitability), re (risk), and 
gD (growth).

The Fundamentals That Explain the 
Enterprise Value–Based Multiples. 
Assuming a constant growth rate in perpetuity, the 
discounted cash model can be expressed as

EV FCFF
t

WACC FCFFr g
=

−
,  (A4)

where EV is enterprise value, FCFF is the free cash 
flow to the company, rWACC  is the weighted aver-
age cost of capital, and gFCFF is growth in FCFF. 
By replacing FCFF with net operating profit after 
tax (NOPAT) × (1 – RIR), we obtain the following 
expression:

EV NOPAT RIR
=

−
−
( ) .1

r gWACC FCFF

The reinvestment rate, RIR, is the share of NOPAT that 
is reinvested in the company and is equal to (Change in 
net working capital + Change in non-current assets)/
NOPAT. Replacing NOPAT with ROIC multiplied by 
invested capital (IC)18 and dividing the equation by 
invested capital yields the EV/IC multiple:

EV
IC

ROIC RR ROIC
=

−
−

=
−
−

( ) ,1
r g

g
r gWACC FCFF

FCFF

WACC FCFF

where ROIC is the return on invested capital 
(NOPAT/IC). Multiplying the denominator by ROIC 
and the equation by 1 – TR yields an expression for 
the EV/EBIT multiple:

EV
EBIT

ROIC
ROIC

TR=
−
−

× × −
g

r g
FCFF

WACC FCFF

1 1( ),  (A5)

where TR is the corporate tax rate. Replacing EBIT 
with revenue × EBIT margin and multiplying by EBIT 
margin yields an expression for the EV/sales multiple:

EV
Sales

ROIC
ROIC

TR EBIT margin

=
−
−

×

× − ×

g
r g

FCFF

WACC FCFF

1

1( ) ,

 (A6)

where EBIT margin is defined as EBIT/revenue.

As can be seen in Equations A5 and A6, both EV/
EBIT and EV/sales are a function of ROIC (profitabil-
ity), rWACC (risk), gFCFF (growth), and the tax rate. EV/
sales is also a function of EBIT margin.
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Notes
1. One notable exception is Bhojraj and Lee (2002).

2. A third, more recent school of thought argues that peer 
group selection should be based on the aggregated 
investor perception of companies. The idea is that two 
companies that are frequently co-searched by multiple 
users are fundamentally connected or economically similar 
(Lee, Ma, and Wang 2015). Although their results suggest 
that this methodology holds some potential, it is limited by 
the scarcity of data from practical applications. Therefore, 
we did not examine this methodology in our study.

3. That is, if target company A’s ROE is 10%, target company 
A’s peer group will consist of companies whose ROEs are 
between 7% and 13%.

4. We replaced missing values with data from the annual 
database if the balance sheet date was between June and 
January.

5. We obtained median analyst estimates from I/B/E/S.

6. We used tiebreakers in case of ties.

7. In our sample, 18.6% of the peers selected using the SARD 
approach are in the same GICS6 industry, on average.

8. We used univariate tests (untabulated) to determine the 
order of the selection variables. ROE is the first variable in 
the ladder of combinations because we found that of the 
five selection variables, it yields the most accurate valua-
tion estimate.

9. We also conducted tests (untabulated) of the valuation 
accuracy of industry classification schemes. Our results 
partly support the findings of Bhojraj and Lee (2002), 
although none of the three industry classification schemes 
seem superior across all four multiples.

10. In untabulated results, we confirmed that averages based 
on the harmonic mean yield more accurate valuation 
estimates than do averages based on the mean or median.

11. We also report statistics from the Wilcoxon signed-rank 
test because normality tests show that the pairwise dif-
ferences in the absolute percentage errors do not follow a 
normal distribution.

12. Companies within an industry are usually exposed to the 
same types of business risk. Thus, another advantage of 
this approach is that it controls for differences in business 
risk.

13. Industry can comprise no more than 16 peers because 
some industries contain only 16 companies. We have 
included the extension beyond 16 to give the reader a 
general impression of the trade-off between the quality 
and the quantity of a peer group.

14. The inclusion of up to 100 peers results in a linear 
decrease in valuation accuracy beyond 22 peers.

15. In untabulated test results, we found a significant positive 
correlation over time between the cross-sectional central 
tendency of the valuation errors and the cross-sectional 
dispersion of the valuation multiples.

16. We also estimated the coefficients using observations for 
the entire sample period, which improved the valuation 
accuracy of the regression approach only marginally. More 
importantly, the SARD approach was more accurate than 
the regression approach.

17. We also conducted tests using alternative winsorizing 
levels and transformation procedures for estimating 
regression coefficients. The SARD approach was more 
accurate than the regression approach in all instances.

18. Invested capital is often referred to as net operating assets 
in the literature, because it corresponds to the operating 
assets net of operating liabilities.
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