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a b s t r a c t

It is well known that several industries, like the hotel industry, are subject to low frequency high
impact events resulting from their operations. However, there is a dearth of academic research in this
area. In this paper we propose an innovative methodology to study the problem using a combination
of Asset Pricing Models and an original database. We find that asset prices compensate investors not
only for market and credit risk, but also for operational risk.
© 2020 TheAuthor. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license

(http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

The impact of operational risk on firm performance is an
mportant topic that has received little attention in the literature.
perational risk is the loss resulting from inadequate or failed
nternal processes, people and systems or external events [22].
xternal shocks, such as hurricanes, terrorist attacks, the Zika
pidemic or the COVID-19 impact consumer travel decisions and
eshape their travel preferences. At the same time, the hotel
ndustry is increasingly vulnerable to internal risks such as food
ecurity and cybersecurity [17]. This lack of scholarly attention is
ost likely due to the absence of reliable data.
Although operational risk management is one of the biggest

hallenges for the hotel industry, researchers have not been able
o develop instruments to assess their impact on business per-
ormance. In this study, we will use an innovative methodology
ntroduced by Mithra, S., Karathanasopoulos, A., Sermpinis, G. and
unis, C. [20] to calculate operational risk measures for listed
ompanies. Operational risk is defined as the risk arising from op-
rational activities in conducting business. In that respect, it could
ffect such different areas like I.T. failure (physical or software),
amage to physical assets (natural disasters or imprudence), ad-
inistrative errors, fraud and other operational activities. As a
onsequence, operational risk affects several aspects of business.
In this article, we want to test if there is a risk premium

ssociated with extreme events affecting a business’s operations.
e will use three measures related to operational risk such as
perational Value at Risk (VaR), number of operational extreme
vents and the average size of those extreme operational losses

∗ Correspondence to: Route de Cojonnex 18, 1000 Lausanne, Switzerland.
E-mail address: augusto.hasman@ehl.ch.
ttps://doi.org/10.1016/j.orl.2020.11.011
167-6377/© 2020 The Author. Published by Elsevier B.V. This is an open access artic
d/4.0/).
(also known as expected shortfall, ES). The framework proposed
in this article to infer whether there is a risk premium associated
with those extreme events follows the Arbitrage Pricing Model’s
(APM) [23] basic insights. According to this theory, any required
return can be thought of as having two components: a risk-free
rate, and a set of risk premiums. The first component is compen-
sation required for the expected loss of purchasing power, which
is demanded even for a riskless asset. The second component is
extra compensation for unexpected events (possible losses and
profit), which depends on the asset considered, say, expected
returns should include rewards for accepting risk.

To the best of our knowledge, there is no single study that
has analyzed the effects of operational risk on the performance
of stock returns, and even less research on operational extreme
events. In this paper we will try to shed some light on this
conundrum. The main difference between measures based on
standard deviation and downside deviation is that downside risk
uses an exogenous reference rate instead of the mean return [19],
while it is well known that most investors do not assign the same
importance to earning than losses. Therefore, our objective in this
paper is to evaluate whether investors are compensated for facing
operational risk (mainly, operational extreme events). This will
be done by testing the efficacy of different configurations of the
APM including those with operational risk factors to evaluate the
required returns by investors using data from the hotel industry.

The rest of the paper is organized as follows. The next section
presents the basic features of the model. Section 3 then develops
our modelization for operational risk. We obtain operational risk
as the residual risk that remains once market and credit risks
are removed. Section 4 introduces the empirical analysis while
Section 5 analyzes the main results. The last section contains the
concluding remarks.
le under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-
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. Risk premium

The APM provides an approximate relation for asset returns
ith an unknown number of unidentified factors. We take the
erspective of a US-based, internationally diversified investor [3].
hus the risk-free rate should compensate this investor for the
ollar’s expected loss of purchasing power, and the risk premium
hould compensate the investor for bearing different risks (mar-
et risk, credit risk, operational risk, etc.). Our empirical model
ay be seen as an extension of the APM model extensively
nalyzed in the literature (see [14] for a recent summary). We
ocus on the class of linear asset pricing models [13,21] in which
he equilibrium expected stock return can be written as:

Ri − rF = a0 +

K∑
j=1

bijFj + ei (1)

where RRi is the uncertain return for company i, rF is the risk free
rate, a0 represents a performance measure, meaning the return
generated by company i independently of the level of risk it faces
(this is expected to be 0 on average), Fj are risk factors with j =

, . . . , K, and bij represents the sensitivity of asset (company) i to
factor j and ei the error terms.

In this paper, we will investigate the following question: Do
tock returns compensate investors for market, credit and opera-
ional risk? We will analyze different models suggested by the lit-
rature and derived from the Capital Asset Pricing Model (CAPM)
nd APM. In particular, our models will consider eight possible
actors:

− Market risk (F1): This factor is the Beta calculated as in the
CAPM or the sensitivity to the Equity Risk Premium. The
first implication of the theoretical model is that the price
of systematic risk is positive (bi1 > 0).

− Size (F2): to evaluate the size effect as in Fama and French
[12]. Several authors [2,5] argue that the discount due to the
size effect appears to price several factors that have not been
accounted for (bi2 < 0).

− Leverage (F3): measured here by the importance of debt
(D), will denote the importance of leverage and credit risk.
Consequently, if a highly leveraged firm faces a higher risk
of failure, then expected returns should compensate for this
risk (bi3 > 0).

− Value (F4): to measure the value effect [4]. Value stocks
are expected to pay higher returns than Growth stocks. We
will use the price-to-sales ratio (P/S) to measure this effect
(bi4 < 0).

− Volatility (F5): will evaluate the volatility effect (suggested
by [1]). The volatility effect is expected to be positive in
theory, since riskier investments are expected to produce
higher returns, but many researchers and practitioners found
that assets with higher idiosyncratic volatility provide lower
return (the volatility puzzle). Then, we do not have a clear
expected sign for this parameter (bi5 ⋛ 0).

And we will introduce three additional factors to evaluate the
effects of operational extreme losses on firm performance.

– VaR (F6): is the operational value at risk or the maximum
losses for a 95% level of confidence.

– ES (F7): Expected shortfall or the average extreme opera-
tional losses. Meaning, the average losses higher than the
VaR at the 95% confidence level.

– Number of operational extreme events (extreme losses) (F8):
the number of losses higher than the VaR at the 95% confi-
dence level.
102
3. Operational risk factors

We obtained Operational Risk Factors as in [20]. Meaning, we
operate in three steps. The point of departure is the assumption
that total risk for company i, RRi(TT ) is composed of market risk
i(M), credit risk Ri(C) and operational risk Ri(OP), or

Ri(TT ) = Ri(M) + Ri(C) + Ri(OP)

onsequently, we obtain operational risk as the residual risk that
emains once market and credit risks are stripped out [18]. Then,
he first step is to calculate credit risk. We used the idea that
hareholders’ equity behaves as a call option and consequently
e can use the Black & Scholes formula [6] to calculate the
redit risk for a given asset. As explained in Hull et al. [16],
xpected return resulting from credit risk ωi (t) can be obtained
y maximizing:

i (t) = rf (t) −

⎛⎝ ln[N (d2) +

(
N(−d1)

L

)
]

(T − t)

⎞⎠ (2)

With

d1 =
−lnL

σA
√
(T − t)

+ 0.5σA

√
(T − t),

d2 = d1 − σA

√
(T − t),

=
D(t)e−r(T−t)

A(t)
=

D∗(t)
A(t)

,

where T is the maturity of debt, σA is the volatility of assets
for company i, A(t) is the total value of assets for company i at
t, D(t) is the total value of debt for company i at t and N(.) is
the cumulative distribution function for the Normal distribution.
The estimation of ωi (t) requires the estimation of L, which re-
quires D(t), which is calculated using financial statements that
are available for all publicly listed companies. We will also need
to estimate the values for A(t) and σA using Merton’s credit risk
model:

E(t)σE = N (d1) A(t)σA,

E(t) = A (t)N (d1) − D∗ (t)N(d2), (3)

where E(t) is the market value of equity for company i and σE
is the stock price volatility. Then, we calculated operational risk
(µi (t)) as the residual risk or the difference between market risk
(calculated as in the CAPM or βi

[
rM (t) − rf (t)

]
, where rM is the

return from a market index and rf is the risk free rate) and credit
risk (ωi (t) in Eq. (2)).

Once we isolate the operational risk for each hotel, we proceed
to calculate the different extreme risk measures. Where the Value
at Risk (VaR) is measured as the five percentile of the distribution
of operational losses. Meaning the value of losses that will never
be attained with 95% confidence. Then we calculate the Expected
Shortfall (ES) or the average value of those extreme losses that
will only occur on 5% of the observations. Finally, we calculate
the number of losses (or number of months, since we are using
monthly data) that those losses exceed the VaR value.

4. Empirical analysis

To run the estimations, we have collected monthly data for
publicly traded companies (i.e. share price, market capitalization,
debt, return-on-equity and equity) in the hotel industry from
DATASTREAM. We used five years of observations for the period
January 2014 to December 2018. This time span allows us to use
recent information for companies from two developed regions
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USA and Europe) and a developing one (India). This informa-
ion was supplemented by balance sheet data, which is publicly
vailable for traded companies. We have computed the average
alue for those five years using annual data for assets, debt and
/Sales. Then, we applied the same methodology to get the annual
verage market risk premium using monthly data.
For the construction of the operational risk database, we also

sed monthly data for the three month Euribor as the risk free
ate and the Euronext 100 as the market index for Europe; T-
ill and the Standard & Poor’s 500 index as the risk free rate
nd market index (respectively) for the USA and the SBIN and
ifty 51 for the risk free rate and market index for India. Only
raded companies from the USA and Europe were included in the
ample since the companies from those regions are recognized
or having the lowest level of operational risk in the industry (and
he highest standards). India was included as a representative of
eveloping regions but only for those companies traded on the
ombay stock exchange. India is one of the only stock markets
n the developing world where several companies from the hotel
ndustry are traded. All companies that went bankrupt, were
rivatized or went public during the period of analysis were
liminated from the sample to focus only on operational risk and
ot on failures or resurrections. As a result, we have 47 companies
ith 59 values to create a panel with 2773 observations.
To construct the operational database we proceed in three

teps. First, we applied the CAPM methodology to obtain market
isk premium measured as βi

[
rM (t) − rf (t)

]
. Second, we sepa-

rated market risk from idiosyncratic risk (operational and credit
risk). We applied the methodology described in Eqs. (2) to (3) as
in [15] using Matlab to obtain credit risk. Finally, we calculated
operational risk (µi (t)) as the residual risk or the difference
between market risk (βi

[
rM (t) − rf (t)

]
) and credit risk (ωi (t) in

Eq. (2)).
Then, we proceeded to calculate the three operational extreme

measures using the historical simulation approach. Value at Risk
(VAR95) is defined as a threshold value such that the probability
of extreme losses due to operational misbehavior exceeds this
value in only 5% of the cases. Or, with a level of confidence
equal to 95%, the VAR95 gives us the maximum operational
losses that we will expect to suffer during the period. The second
extreme factor that we estimated using this methodology was
the Expected Shortfall (or ES95). The ES95 gives us more infor-
mation about the expected value of those extreme losses, i.e. the
expected losses that are greater than the VAR. Consequently, the
ES95 gives us an idea of the expected losses on the tail of the
distribution. The last extreme factor we use is the number of
extreme losses, meaning the number of observations that exceed
the VAR95. Meaning, ES95 gives us information about the size
of the extreme losses while the number of those operational
extreme events, give us information about their frequency.

Summarizing our methodology, first we used the time series
for each company to construct the operational risk database and
to calculate their different individual operational extreme risk
factors (VAR95, ES95 and ELO or number of extreme operational
losses). Then we implemented a cross-sectional analysis (based
on Eq. (1)) to identify the risk premium associated with each
risk factor. Our Beta factor (F1) is calculated in the same way as
CAPM, which was introduced previously to calculate market risk
when developing the operational risk database and consequently
estimated using time series data. Factors 2, 3 and 4 are calculated
as the average of the five years under analysis. We also use
the volatility of equity for the whole period of analysis, as an
additional risk factor, because researchers have recently shown
that it is an important explanatory variable for returns in cross
section analyses. In Table 1 we present the definition of variables

while Table 2 presents the summary statistics.

103
Table 1
Definition of variables.
Variables Definition

ERi = RRi − rF Average excess return per hotel group.
Beta Beta per hotel obtained from the CAPM.
Debt Average total liabilities per hotel group.
Assets Average total assets per hotel group.
Sales Average P/sales ratio per hotel.
VOLeq Volatility of equity per hotel group using the five years

of monthly data.
DUMeur European hotel group = 1.
DUMind Indian hotel group = 1.
ELO Number of total extreme operational losses.
VAR95 Operational value at risk with a 95% confidence level.
ES95 Average extreme operational losses higher than the

VAR95.

Table 2
Summary statistics of the sample (n = 47).

Mean Median Maximum Minimum

RRi − rF 9.06% 7.69% 58.74% −32.81%
Debta 2’775’933 117’916 18’227’029 610
Assetsa 3’762’352 239’655 28’189’591 1’175
P/Sales 2.425 2.04 9.51 0.06
VOLeq 11.17% 10.15% 3.69% 1.85%
ELO 2.936 2 13 0
VAR95 −14.91% −13.9% 0 −41.46%
ES95 −19.69% −17.72% −2.75% −46.7%

aIn thousands (USD).

5. Results

To analyze the effectiveness of the APM in our sample, we
focus on the implications of leverage for the risk factors that
have attracted substantial attention in the empirical literature
on the cross-section of stock returns: we use the Beta that was
calculated in the same way CAPM was calculated, we have also
introduced the price-to-sales ratio (similar to [4]) as an indica-
tor of value stocks or the value effect. We also measured size
(measured by total assets) and stock volatility as an alternative
measurement for Beta for market risk (see [11] and [10]). We then
extend the model to consider measures of operational extreme
events. The idea is to test an APM that takes into account not only
market risk and leverage but also operational risk (as derived in
the theoretical part).

We have reported eight different configurations to estimate
the APM model (Table 3), all of them significant using the F cri-
teria. The most important observation is that the accuracy of the
models, measured by the adjusted R2, increase when we include
the operational risk variables for all the different configurations
and those variables are always significant. Additionally, this im-
portance is not affected by regional factors (regional dummy
variables are not significant).

Model 5 looks very appealing in terms of the goodness of
fit but it does not pass the test of multicollinearity that exists
between ES95 and VAR95. This was as expected since for the
normal distribution, ES95 is a multiple of the VAR95 and although
we use the historical simulation approach, our tests show that
the residuals are approximately normally distributed and conse-
quently, the results from the normal approach should be close to
those of the historical simulation approach.

We have therefore focused our attention on model 7. Even
though its adjusted R2 is not very high (0.368), it is the high-
est of our sample once homoscedasticity and multicollinearity
have been considered and is in line with previous research [7–
9]. Under such a configuration, all the variables are significant

at a 95% confidence level, except VAR95 that is significant at
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able 3
mpirical results for the Asset Pricing Model Revisited (APMR).

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8

a0 0.094***
(0.022)

0.046
(0.034)

−0.027
(0.050)

−0.180*
(0.090)

−0.252***
(0.074)

0.016
(0.052)

−0.184***
(0.066)

−0.105**
(0.050)

Beta −0.073**
(0.029)

−0.085***
(0.029)

−0.016
(0.029)

0.000**
(0.000)

Debt 0.000
(0.000)

0.000***
(0.000)

0.000**
(0.000)

0.000**
(0.000)

Assets 0.000
(0.000)

0.000**
(0.000)

0.000**
(0.000)

−0.184***
(0.066)

Sales 0.019*
(0.010)

0.028***
(0.009)

0.030***
(0.009)

VOLeq 1.052**
(0.403)

1.345**
(0.602)

1.432**
(0.558)

2.103***
(0.611)

1.990***
(0.603)

2.530***
(0.555)

ELO −0.046***
(0.013)

−0.052***
(0.012)

−0.047***
(0.012)

−0.030***
(0.009)

VAR95 −3.573***
(1.066)

−3.945***
(1.026)

−1.278*
(0.695)

ES95 1.540**
(0.681)

1.581**
(0.670)

0.817**
(0.368)

DUMEur −0.074
(0.059)

DUMind −0.036
(0.041)

Adj. R2 0.105 0.175 0.113 0.494 0.502 0.184 0.368 0.290

*Significant at 90%-level.
**Significant at 95%-level.
***Significant at 99%-level.
a 90% level. We present the p–p plot and the scatterplot (Ap-
pendix) showing the absence of homoscedasticity. We have also
analyzed multicollinearity checking the VIF values and they are
less than 10, as expected. Additionally, following [24], the odds
ratio is overwhelmingly in favor of model 7 with respect to
models 3 (1.772X10^-8) and 8 (3.822X10^-5) for the period of
analysis.

We observe that the sign of the parameters is also as expected.
OLeq has a positive sign as suggested by the theory, showing
hat there is no volatility puzzle in our sample. The coefficient
f this variable is high, positive and significant explaining that
n important part of the return continues to be attributed to
arket risk (as predicted by the CAPM). For Debt and Assets,
lthough both variables are significant, their impact will be small
n performance for the period under analysis given the fact that
he estimated parameters are very low.

Finally, the two new measures we used to capture opera-
ional extreme events are also significant. Note that we are using
egative values for extreme losses, i.e. a negative coefficient for
AR95 means that increasing the value at risk for operational
osses will also increase the required returns by investors in
he hotel industry. This result has very important implications.
here are previous studies that have analyzed value at risk for
arket risk but none of them analyzed how value at risk of
perational losses affect expected returns. Note that the size of
his parameter is also high reflecting the impact of this term on
he expected return of investors. We should not forget to mention
he effect of the frequency of those extreme losses. The number of
osses is a positive value but has a negative coefficient. This looks
ounterintuitive, since it implies that the higher the frequency of
xtreme operational events (those in the negative tail of the dis-
ribution), the lower the expected return by investors. However,
t might also mean that if the frequency of those events increases
ceteris paribus), then the effect of each extreme event will be
104
less important and then the expected return should decrease (see
Table 3).

6. Concluding remarks

Our results show that the cross section of stock returns can be
explained by market risk (volatility of equity), credit risk (debt
and total assets), and operational risk factors (value at risk and
total number of operational extreme losses). Although all of them
are significant, only volatility of equity and value at risk affect
positively required returns by investors, while the number of
extreme losses have a negative impact. As those events become
more frequent, we believe agents are less affected by behavioral
biases like fear of extreme losses and consequently require less
compensation for that risk.

The results of this paper are extremely important because they
show that investors care not only about market and credit risk,
as shown by the previous literature, but also about operational
risk. More precisely, operational extreme events that are rare
but immensely harmful also affect investors. Then, any effort
to build a database using public data will be extremely useful
for them. That is an important reason to continue working on
developing operational risk databases for different industries. A
future research agenda should include not only an extension to
other sectors of the economy but also additional methods with
which the data can be analyzed.
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