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Elementary statistics teaches us that both mean and median measure the average size of a random
quantity, but they have different properties. In particular, if we want to obtain a robust
measurement, then median is a better choice than mean. Now what does this have to do with
trading book capital requirements?

It is proposed in the consultative document that one of the major changes to the trading book
capital rule is to move from value-at-risk (VaR) to expected shortfall (ES) mainly because of “the
inability of the measure [VaR] to capture the tail risk of the loss distribution.”

We fully agree that it is necessary to capture the tail risk beyond the loss level specified by VaR.
However, how to achieve this is debatable. More precisely, should we use ES, defined as the
mean of the size of the loss beyond VaR (as suggested in the document), or median shortfall (MS),
defined as the median of the size of the loss beyond VaR (Kou, Peng, Heyde, 2013)? This is
related to the question about choosing between mean and median.

For example, if we want to capture the tail risk, e.g., the size of the loss beyond VaR at 99% level,
we can either use ES at 99% level, which is the mean of the size of the loss beyond VaR at 99%
level, or, alternatively, median shortfall at 99% level, which is the median of the size of the loss
beyond VaR at 99%. Hence, just like ES, median shortfall also measures the riskiness of random
losses by taking into account both the size and likelihood of losses. However, median shortfall

has several advantages over the expected shortfall, in face of statistical model uncertainty.

Model Uncertainty

In the internal models-based approach for determining trading book capital requirements,
regulators impose the risk measure and allow institutions to use their own internal risk models
and private data in the calculation. There can be several statistically indistinguishable models for
the same instrument or portfolio due to limited availability of data. In particular, the heaviness of
tail distributions cannot be identified in many cases. For example, Heyde and Kou (2004) show
that it is very difficult to distinguish between exponential-type and power-type tails with 5,000
observations (about 20 years of daily observations) because the quantiles of the two types of



distributions may overlap. Therefore, the tail behavior may be a subjective issue depending on
people’s modeling preferences.

The First Advantage of Median Shortfall: Elicitability

Median shortfall satisfies a basic statistical property called elicitability (i.e. there exists an
objective function such that minimizing the expected objective function yields the risk measure;
see Gneiting, 2011), but ES does not. If a risk measure is not elicitable, then it is hard to justify
the use of a forecasting procedure for the risk measure.

More precisely, in face of model uncertainty, several forecasting procedures based on different
models for the underlying risk can be used to forecast the risk measure. It is hence desirable to be
able to evaluate which procedure gives a better forecast. The elicitability of a risk measure means
that the risk measure can be obtained by minimizing the expectation of a forecasting objective
function; hence, the forecasting objective function can be used for evaluating different forecasting
procedures. On the other hand, if one cannot find such a forecasting objective function, then one
cannot tell which one of competing point forecasts for the risk measurement performs the best by
comparing their forecasting error, no matter what objective function is used.

In fact, the non-elicitability of ES “may challenge the use of ES as a predictive measure of risk,
and may provide a partial explanation for the lack of literature on the evaluation of ES forecasts”
(Gneiting, 2011).

On the contrary, median shortfall is elicitable (Gneiting, 2011, Kou and Peng, 2014).
The Second Advantage of Median Shortfall: Robustness

Median shortfall has the desirable property of distributional robustness with respective to model
misspecification in the sense of Hampel (1971), which means that a small deviation of the model
only results in a small change in the risk measurement; but ES does not (Kou, Peng, Heyde, 2013;
Kou and Peng, 2014). This means that median shortfall leads to “more stable model output and
often less sensitivity to extreme outlier observations,” a desirable property mentioned on p. 18 of
the current consultative document.

To further compare the robustness of MS with ES, Kou and Peng (2014) carry out a simple
empirical study on the measurement of the tail risk of S&P 500 daily return. They consider two
IGARCH(1, 1) models similar to the model of RiskMetrics, one with the noise having the
standard normal distribution and the other t-distribution with the degree of freedom unknown.
After fitting the two models to the historical data of daily returns of S&P 500 Index during
1/2/1980-11/26/2012 and then forecasting the one-day median shortfall and ES of a portfolio of
S&P500 stocks, it is found that the change of ES under the two models is much larger than that of
median shortfall, indicating that ES is more sensitive to model misspecification than MS.

Regulatory risk measures should demonstrate robustness with respect to model misspecification
(Kou, Peng, Heyde, 2013). From a regulator’s viewpoint, a regulatory risk measure must be
unambiguous, stable, and capable of being implemented consistently across all the relevant
institutions, no matter what internal beliefs or internal models each may rely on. When the correct



model cannot be identified, two institutions that have exactly the same portfolio can use different
internal models, both of which can obtain the approval of the regulator; however, the two
institutions should be required to hold the same or at least almost the same amount of regulatory
capital because they have the same portfolio. Therefore, the regulatory risk measure should be
robust; otherwise, different institutions can be required to hold very different regulatory capital
for the same risk exposure, which makes the risk measure unacceptable to both the institutions
and the regulators. In addition, if the regulatory risk measure is not robust, institutions can take
regulatory arbitrage by choosing a model that significantly reduces the capital requirements.

The requirement of robustness for regulatory risk measures is not anything new; in general,
robustness is essential for law enforcement, as is implied by legal realism, one of the basic
concepts of law; see Hart (1994). Legal realism is the viewpoint that a law is only a guideline for
judges and enforcement officers (Hart, pp. 204—205) and is only intended to be the average of
what judges and officers will decide. Hence, a law should be established in a robust way so that
different judges will reach similar conclusions when they implement the law. In particular, the
risk measures imposed in banking regulation should also be robust with respect to underlying
models and data.

It is also worth noting that it is not desirable for a risk measure to be too sensitive to the tail risk.
For example, consider the random loss that could occur to a person who walks on the street.

There is a very small but positive probability that the person could be hit by a car and lose his life;
in that unfortunate case, the loss may be infinite. Hence, the ES of the random loss may be equal
to infinity, suggesting that the person should never walk on the street, which is apparently not
reasonable. In contrast, the MS of the random loss is a finite number.

The Third Advantage of Median Shortfall: Easy Implementation

Kou and Peng (2014) show that, for any loss distribution, median shortfall at a given confidence
level is simply equal to VaR at a higher confidence level. For example, median shortfall at 99%
level is simply equal to VaR at 99.5% level.

Furthermore, the backtesting for median shortfall can be easily done using the existing methods
for backtesting VaR (see, e.g., Jorion 2007; Gaglianone, et al. 2011), while it is difficult to do
backtesting for ES. In fact, the current document suggests to do backtesting by “comparing 1-day
static value-at-risk measure at both the 97.5th percentile and the 99th percentile to actual P&L
outcomes”, although it suggests to replace VaR by ES in measuring risk.

Conclusion

It is better to use median shortfall than ES. In fact, Kou and Peng (2014) prove that median
shortfall is the only tail risk measure that satisfies a set of axioms based on the Choquet expected
utility theory (Schmeidler, 1989) and has the statistical property of elicitability. Furthermore,
median shortfall is robust with respect to model misspecification. Expected shortfall is neither
elicitable nor robust; and it is difficult to implement ES and to do backtesting for ES.

In the last decade financial institutions around the globe have spent considerable effort to develop
capacities to compute VaR. Implementation of median shortfall is as easy as VaR, as median



shortfall can be computed as VaR at a higher level. Shifting from VaR to ES, as proposed in the
current document, not only lacks sound justification, but may also lead to huge implementation
problems in financial institutions.

In short, median shortfall is a better alternative than expected shortfall as a risk measure for
setting capital requirements in the Basel Accord.
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1 Introduction

This paper attempts to provide a decision theoretical foundation for the measurement
of economic tail risk. Two important applications are setting insurance premiums and
capital requirements for financial institutions. For example, a widely used class of
risk measures for setting insurance risk premiums is proposed by Wang, Young and
Panjer (1997) based on a set of axioms. In terms of capital requirements, Gordy (2003)
provides a theoretical foundation for the Basel Accord banking book risk measure,
by demonstrating that under certain conditions the risk measure is asymptotically
equivalent to the 99.9% Value-at-Risk (VaR). VaR is a widely used approach for the
measurement of tail risk; the estimation and backtesting of VaR has been well studies
in the literature, see, e.g., Duffie and Pan (1997, 2001); Jorion (2007); Gaglianone,
Lima, Linton and Smith (2011).

In this paper we focus on two aspects of risk measurement. First, risk measurement
is closely related to utility theories of risk preferences. The papers that are most
relevant to the present paper are Schmeidler (1986, 1989), which extend the expected
utility theory by relaxing the independence axiom to the comonotonic independence
axiom; this class of risk preference can successfully explain various violation of the
expectation utility theory, such as the Ellsberg paradox.

Second, a major difficulty in measuring tail risk is that the tail part of a loss
distribution is difficult to estimate and hence bears substantial model uncertainty. As
emphasized by Hansen (2013), “uncertainty can come from limited data, unknown
models and misspecification of those models,” and “we can think of statistical models
as approximations and we use such models in sophisticated ways with conservative
adjustments that reflect the potential for misspecification.”

In face of statistical uncertainty, different procedures may be used to forecast the
risk measure. It is hence desirable to be able to evaluate which procedure gives a
better forecast. The elicitability of a risk measure is a property based on a decision-
theoretical framework for evaluating the performance of different forecasting proce-
dures (Gneiting; 2011). The elicitability of a risk measure means that the risk measure
can be obtained by minimizing the expectation of a forecasting objective function;
hence, the forecasting objective function can then be used for evaluating different
forecasting procedures.

Elicitability is closely related to backtesting, whose objective is to evaluate the



performance of a risk forecasting model. If a risk measure is elicitable, then the sample
average forecasting error based on the objective function can be used for backtesting
the risk measure. Gneiting (2011) shows that VaR is elicitable but expected shortfall is
not, which “may challenge the use of the expected shortfall as a predictive measure of
risk, and may provide a partial explanation for the lack of literature on the evaluation
of expected shortfall forecasts, as opposed to quantile or VaR forecasts.” Gaglianone,
Lima, Linton and Smith (2011) propose a backtest for evaluating VaR estimates that
delivers more power in finite samples than existing methods and develop a mechanism
to find out why and when a model is misspecified; see also Jorion (2007, Ch. 6).
Linton and Xiao (2013) show that VaR has an advantage over expected shortfall
as the asymptotic inference procedures for VaR “has the same asymptotic behavior
regardless of the thickness of the tails.”

The main result of the paper is that the only tail risk measure that satisfies both a
set of economic axioms proposed by Schmeidler (1989) and the statistical requirement
of elicitability Gneiting (2011) is median shortfall, which is the median of the tail loss
distribution and is also the VaR at a higher confidence level. In addition, we show
that median shortfall has the desirable property of distributional robustness with
respective to model misspecification in the sense of Hampel (1971), which means that
a small deviation of the model only results in a small change in the risk measurement.

A risk measure is said to be robust if (i) it can accommodate model misspecification
(possibly by incorporating multiple scenarios and models) and (ii) it has distribution-
al robustness. The first part of the meaning of robustness is related to ambiguity
and model uncertainty in decision theory. To address these issues, multiple priors or
multiple models may be used; see Gilboa and Schmeidler (1989); Maccheroni, Mari-
nacci and Rustichini (2006); Hansen and Sargent (2001, 2007); Gilboa, Maccheroni,
Marinacci and Schmeidler (2010). We also incorporate multiple models in this paper;
see Section 3. We complement these papers by studying (i) the link between risk mea-
sures and statistical uncertainty via ellicitability and (ii) distributional robustness of
risk measures.

Important contribution to measurement of risk based on economic axioms includes
Aumann and Serrano (2008) and Foster and Hart (2009, 2012), which study risk
measurement of gambles (i.e., random variables with positive mean and take negative
values with positive probability). This paper complement their results by linking

economic axioms for risk measurement with statistical model uncertainty; in addition,



our approach focuses on the measurement of tail risk for general random variables.
Thus, the risk measure considered in this paper has a different objective. As pointed
out by Aumann and Serrano (2008), “like any index or summary statistic... the
riskiness index summarizes a complex, high-dimensional object by a single number.
Needless to say, no index captures all the relevant aspects of the situation being
summarized.”

The remainder of the paper is organized as follows. Section 2 presents the main
result of the paper. In Section 3, we propose to use a scenario aggregation function
to combine risk measurements under multiple models. In Section 4, we apply the
results in previous sections to the study of Basel accord capital requirements. Section

5 discusses some comments related to median shortfall.

2 Main Results

2.1 Axioms and Representation

Let (2, F, P) be a probability space that describes the states and the probability of
occurrence of states at a future time 7. Assume the probability space is large enough
so that one can define a random variable uniformly distributed on [0,1]. Let a random
variable X defined on the probability space denote the random loss of a portfolio of
financial assets that will be realized at time 7. Then —X is the random profit of the
portfolio. Let X D L>*(Q, F, P) be a set of random variables. A risk measure p is
a functional defined on X that maps a random variable X to a real number p(X).
The specification of X depends on p; in particular, X can include unbounded random
variables. For example, if p is the variance, then X can be specified as £2(2, F, P);
if p is Value-at-Risk (VaR), then X’ can be specified as the set of all proper random
variables.

An important relation between two random variables is a.s. comonotonicity (see,
e.g., Schmeidler; 1986): Two random variables X and Y are said to be a.s. comonoton-
ic, if there exists €y C 2 such that P(£2y) = 1 and (X (w1) — X (we))(Y(w1) =Y (we)) >
0, Vwi, we € Qp.t

Suppose that there is a representative agent in the economy and he or she prefers

—X to =Y. If the agent is risk averse, we may say that —X is less risky than —Y.

IThe notion of comonotonicity is generalized to the notion of dual comonotonicity by Cerreia-
Vioglio, Maccheroni, Marinacci and Montrucchio (2013b).



Motivated by this, we propose the following set of axioms, which are based on the
axioms for the Choquet expected utility (Schmeidler; 1989), for the risk measure p.
Axiom A1l. Comonotonic independence: for all pairwise a.s. comonotonic random
variables X, Y, Z and for all a € (0, 1), p(X) < p(Y') implies that p(aX +(1—«a)Z) <
plaY + (1 —a)Z).

Axiom A2. Monotonicity: p(X) < p(Y), if X <Y, a.s..

Axiom A3. Standardization: p(z-1q) = sz, for all z € R, where s > 0 is a constant.
Axiom A4. Law invariance: for all X and Y, p(X) = p(Y) if X and Y have the
same distribution.

Axiom A5. Continuity: limps e p(min(max(X, —M), M)) = p(X).

The first two axioms are the axioms for the Choquet expected utility risk pref-
erences (Schmeidler; 1989); Axiom A3 with s = 1 is used in (Schmeidler; 1986). In
general, the constant s in Axiom A3 can be related to the “countercyclical indexing”
method proposed in Gordy and Howells (2006), where a time-varying multiplier s that
increases during booms and decreases during recessions is used to dampen the pro-
cyclicality of capital requirements; see also Brunnermeier and Pedersen (2009); Brun-
nermeier, Crocket, Goodhart, Perssaud and Shin (2009); Adrian and Shin (2014).
The fourth axiom is standard for a law invariant risk measure. The last continuity
axiom states that the risk measurement of an unbounded random variable can be
approximated by that of bounded random variables.

A function h : [0,1] — [0, 1] is called a distortion function if ~A(0) = 0, h(1) = 1,
and h is increasing. As a direct application of the results in (Schmeidler; 1986), we

obtain the following representation of a risk measure that satisfies Axioms A1-Ab5.

Lemma 2.1. Let X D L®(Q, F,P) be a set of random variables (X may include
unbounded random variables). A risk measure p : X — R satisfies axioms A1-A5 if

and only if there exists a distortion function h(-) such that
p(X) :s/Xd(hoP) (1)

= 8/0 (h(P(X > z)) — 1)dz + 8/00 h(P(X > x))dx, VX € X, (2)

where the integral in (1) is the Choquet integral of X with respect to the distorted
non-additive probability h o P(A) := h(P(A)), VA € ¥.

Proof. Without loss of generality, we only need to prove for the case s = 1, as p
satisfies Axioms A1-Ab if and only if % p satisfies Axioms A1-Ab5 with s = 1.

b}



The “only if” part. We will first show that (2) holds for all X € L£>(, F, P).
Define the set function v(E) := p(1g), £ € F. Then, it follows from Axiom A2 and
A3 that v is monotonic, v() = 0, and v(Q) = 1. By Axiom A2, p(X) = p(Y) if
X =Y as. For K > 1, define LM := {X | |X| < M} and define £> := U35_, LM,
For any X € L>(Q,F,P), let My be the essential supremum of |X| and denote
XMo .= min(My, max(X, —My)). Then XM € LM and X = XM as., which
implies that v(X > z) = v(XM > z), V. Since p satisfies Axioms A1-A3 on
L>(Q, F, P), it follows that p satisfies the conditions (i)-(iii) of the Corollary in
Section 3 of Schmeidler (1986) (with B(K) in the corollary defined to be £!T0).
Hence, it follows from the Corollary that

p(X) = p(XMo) = /000 p(XMo > x)dm+/ (VXM > 2) — 1)dz

— 00

_ /OOO V(X > z)dz + /0 (W(X > z) — 1)d. (3)

— 00

Define the function h such that A(0) = 0 and A(1) = 1. Let U be a uniform U(0, 1)
random variable. For any fixed p € (0,1), define h(p) := p(l{y<py). By Axiom
A4, h(-) satisfies v(A) = h(P(A)) for all A. Therefore, by (3), (2) holds for X. In
addition, for any 0 < ¢ <p < 1, h(p) = p(Liu<py) = p(liu<qgy) = h(q). Hence, h is an
increasing function.

Second, we show that (2) holds for any (possibly unbounded) X € X. For M > 0,
since XM belongs to L2(2, F, P), it follows that (2) holds for X which implies

p(XM) = /OOO h(P(XM > 2))dx +/ (R(P(XM > z)) — 1)dz

- /M W(P(X > 2))de + /0 (W(P(X > z)) — 1)dz.
0 -M
Finally, letting M — oo on both sides of the above equation and using Axiom A5,
we conclude that (2) holds for X.

The “if” part. Suppose a risk measure p is defined by (2). Define the set function
v(A) := h(P(A)),YA € F. Then v is a monotonic set function and p(X) is equal to
the Choquet integral of X with respect to v. It follows from properties of Choquet
integral (Denneberg; 1994) that p satisfies Axioms A1-Ab5. O

Lemma 2.1 extends the representation theorem in Wang, Young and Panjer (1997)

as the requirement of limy o p((X — d)™) = p(X ™) in their continuity axiom is not

6



needed here.? Note that in the case of random variables, the main theorem in Schmei-
dler (1986) requires the random variables to be bounded, but Lemma 2.1 does not;
Axiom A5 is automatically satisfied for bounded random variables.

It is clear from (2) that any risk measure satisfying Axioms A1-A5 is monotonic

with respect to first-order stochastic dominance,?

an important property of risk mea-
surement emphasized by Aumann and Serrano (2008) and Foster and Hart (2009).
Many commonly used risk measures are special cases of risk measures defined in (2).

Example 1. Value-at-Risk (VaR). VaR is a quantile of the loss distribution at some
pre-defined probability level. More precisely, let X be the random loss with general
distribution function Fx(-), which may not be continuous or strictly increasing. For

a given a € (0,1], VaR of X at level « is defined as
VaR,(X) = Fy'(a) = inf{x | Fx(z) > a}.

For o = 0, VaR of X at level « is defined to be VaRg(X) := inf{z | Fx(x) > 0}
and VaRg(X) is equal to the essential infimum of X. VaR is monotonic with respect
to first-order stochastic dominance. Duffie and Pan (1997, 2001) and Jorion (2007),
among others, provide comprehensive discussions of VaR and risk management. p(X)
in (2) is equal to VaR,(X) if h(z) == 1z51-a3-

Example 2. Expected shortfall (ES). For a € (0,1), ES of X at level « is defined
as? the mean of the a-tail distribution of X (Tasche; 2002; Rockafellar and Uryasev;

2 The axioms used in Wang, Young and Panjer (1997), including a comonotonic additivity axiom,
imply Axioms A1-A5. More precisely, let Q and Q% denote the set of rational numbers and positive
rational numbers, respectively. Without loss of generality, suppose s = 1 in Axiom A3. (i) Their
comonotonic additivity axiom implies that p(AX) = Ap(X) for any X and A € Q7, which in
combination with their standardization axiom p(1) = 1 implies p(A) = A\p(1) = A\, A € QT. Since
p(=A)+p(A) = p(0) = 0, it follows that p(A) = A, VA € Q. Then for any A € R, there exists {z,} C Q
and {y,} C Q such that z,, | A and y,, T A. By the monotonic axiom, =, = p(x,) > p(A) > p(yn) =
yn. Letting n — oo yields p(A\) = A, YA € R; hence, Axiom A3 holds. (ii) By the monotonic
axiom, p(min(X, M)) < p(min(max(X,—M), M)) < p(max(X,—M)). Letting M — oo and using
the conditions p(min(X, M)) = p(X) and p(max(X,—M)) — p(X) as M — oo in their continuity
axiom, without need of the condition limg_ p((X —d)*) = p(X 1), Axiom A5 follows. (iii) We then
show positive homogeneity holds, i.e. p(AX) = Ap(X) for any X and any A > 0. For any X and
M > 0, denote XM := min(max(X, —M), M). For any € > 0 and A > 0, there exist {\,} C Q% such
that A\, = Aasn — oo and App(XM)—e = p(A, XM —€) < pAXM) < p(A, XM +€) = N\ p(X M) +e.
Letting n — oo yields Ap(XM) — e < p(AXM) < Mp(XM) + ¢, Ve > 0. Letting € | 0 leads to
p(AXM) = A\p(XM), VA > 0. Letting M — oo and applying Axiom A5 result in p(AX) = A\p(X),
YA > 0. Their comonotonic additivity axiom and positive homogeneity imply Axiom Al.

3For two random variables X and Y, if X first-order stochastically dominates Y, then P(X >
x) > P(Y > z) for all , which implies that for a risk measure p represented in (2), p(X) > p(Y).

4For a = 1, ES of X at level a is defined as ES; (X) := F'(1). For a =0, Fy x := Fx and ES
of X at level 0 is ESp(X) = E(X).



2002), i.c
ES,(X) := mean of the a-tail distribution of X = / xdF, x(z), a €10,1),

where F,, x(z) is the a-tail distribution defined as (Rockafellar and Uryasev; 2002):

0, for x < VaR, (X
P x(a) i { (x)

e for 2 > VaRa(X).

If the loss distribution Fx is continuous, then F, x is the same as the conditional
distribution of X given that X > VaR,(X); if Fx is not continuous, then F, x(z) is
a just a slight modification of the conditional loss distribution. For o € [0, 1), p(X)
n (2) is equal to ES,(X) if°

h(z) = {ﬁ, r<1-—a,
1, r>1-—a.

Example 3. Median shortfall (MS). As we will see later, expected shortfall has
several statistical drawbacks including non-elicitability and non-robustness. To miti-
gate the problems, one may simply use median shortfall. In contrast to ES which is
the mean of the tail loss distribution, MS is the median of the same tail loss distribu-
tion. More precisely, MS of X at level a € [0, 1) is defined as (Kou, Peng and Heyde;
2013)°

MS,(X) := median of the a-tail distribution of X

R 1
= Fox(3) = inf{a | Fox(x) > 5}

For a = 1, MS at level a is defined as MS;(X) := Fy'(1). Therefore, MS at level a
can capture the tail risk beyond the VaR at level o, because it measures the median of
the loss size conditional on that the loss exceeds the VaR at level a.. It can be shown
that”

MS,(X) = VaRua (X), VX, Va € [0,1].

°p(X) in (2) is equal to ES1(X) if h(z) = 1z>0-

6The term “median shortfall” is also used in Moscadelli (2004) and So and Wong (2012) but is
respectively defined as median[X|X > u] for a constant v and median[X|X > VaR (X)], which are
different from ours.

"Indeed, for o € (0,1), by definition, MS, (X) = inf{z | Fy x () > 3} = inf{z | >
inf{z | Fx(z) > 42} = Vanga( ); for a = 1, by definition, MS; (X) = Fy'(1) = VaR;(X); for
a = 0, by definition, Fy x = Fx and hence MSy(X) = Fx'($) = VaRy (X).




Hence, p(X) in (2) is equal to MS,(X) if h(x) := 1zs(1-a)/2}-
Example 4. Generalized spectral risk measures. A generalized spectral risk mea-

sure is defined by
n(X) 1= [ B (o), (4)

where m is a probability measure on (0, 1]. The class of risk measures represented by
(2) include and are strictly larger than the class of generalized spectral risk measures,
as they all satisfy Axioms A1-A5.% A special case of (4) is the spectral risk measure,
defined as (Acerbi; 2002)

p(X) = /[ B0 ()

where m is a probability measure on [0, 1], by choosing dﬁ—i") = f[O,u) ﬁdm(y) for u €
(0,1) and m({1}) = m({1}). The MINMAXVAR risk measure proposed in Cherny
and Madan (2009) for the measurement of trading performance is a special case of the
spectral risk measure, corresponding to a distortion function A(z) =1—(1— :)JH%)HQ

in (2), where a > 0 is a constant.

2.2 Elicitability

In practice, the measurement of the risk of X using p is a point forecasting problem,
because the true distribution Fy is unknown and one has to find an estimate Fy
and use p(F) to forecast the unknown true value of p(Fy). As one may come up
with different point forecasts p(ﬁ’ 'v) based on different F v, it is an important issue to
evaluate which point forecast provides a better forecast of p(Fx).

Elicitability is a recently developed theory that lays the decision-theoretical foun-

dation for effective evaluation of point forecasting procedures. Suppose one wants to

8Tn fact, for any fixed u € (0,1], it is well-known that Fy'(u) as a functional on £*(Q, F, P)
satisfies positive homogeneity and comonotonic additivity, which implies that p,, satisfies Axioms
A1-A4. On L>®(Q, F,P), pm apparently satisfies Axiom A5. On the other hand, for an « € (0, 1),
the right quantile ¢} (X) := inf{z | Fx(z) > a} is a special case of the risk measure defined in (2)
with h(z) being defined as h(z) := 1{;>1_q}, but cannot be represented by (4). Indeed, we will show
that there does not exist m such that ¢} (X) = p,(X), VX € L>®(Q, F, P). Suppose for the sake
of contradiction that such an m exists. Let Xy € £L°(Q, F, P) have a strictly positive density on
its support. Then, F);Ol (u) as a function of u strictly increases on (0,1]. Hence, ¢f (Xo) = pm(Xo)
implies that m is the point mass on o, which leads to ¢ (X) = p(X) = F' (@), VX € L>(Q, F, P).
However, this equality does not hold for X with ¢} (X) > Fy'(a).



forecast the realization of a random variable Y using a point x, without knowing the

true distribution Fy of Y. The forecasting error can be measured by
ES(z,Y) = /S(l’, y)dFy (y),

where S(z,y) : R? — R is a forecasting objective function, e.g., S(x,y) = (z—y)* and
S(z,y) = |r — y|. As Fy is unknown, the forecasting error can be approximated by
the average % Z?:l S(z;,Y;), where Yy, ..., Y, are samples of Y and z1, ..., z, are the
corresponding point forecasts. Then two point forecasting methods can be evaluated
by comparing their average forecasting errors. The optimal forecast corresponding to

a given objective function S is
p*(Fy) = argmin ES(z,Y).

For example, when S(z,y) = (z — y)? and S(z,y) = |z — y|, the optimal forecast is
the mean functional p*(Fy) = E(Y) and the median functional p*(Fy) = Fy'(3),
respectively.

A statistical functional p is elicitable if there exists a forecasting objective func-
tion S such that minimizing the expected forecasting error yields p. Many statis-
tical functionals are elicitable. For example, minimizing the forecasting error with
S(z,y) = | — y| yields the median functional; hence, the median functional is elic-
itable. If a statistical functional is not elicitable, then one cannot find such a forecast-
ing objective function. In this case, for any objective function S, the minimization
of the forecasting error does not yield the true value p(F). Hence, one cannot tell
which one of competing point forecasts for p(F') performs the best by comparing their
forecasting error, no matter what objective function S is used.

The general concept of elicitability dates back to the pioneering work of Savage
(1971); Thomson (1979); Osband (1985) and is comprehensively developed in Gneit-
ing (2011). Gneiting (2011) contends that “in issuing and evaluating point forecasts,
it is essential that either the objective function (i.e., S(-)) be specified ex ante, or
an elicitable target functional be named, such as an expectation or a quantile, and
objective functions be used that are consistent for the target functional.” Engelberg,
Manski and Williams (2009) also points out the critical importance of the specifica-
tion of an objective function or an elicitable target functional. The importance of

elicitability of a risk measure is discussed in Embrechts and Hofert (2014).
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In the present paper, we are concerned with the measurement of risk, which is
single-valued statistical functional. Following Definition 2 in Gneiting (2011), which
defines elicitability for a set-valued statistical functional, we define the elicitability

for a single-valued statistical functional as follows.”

Definition 2.1. A single-valued statistical functional p(-) is elicitable with respect to
a class of distributions P if there exists a forecasting objective function S : R? — R
such that

p(F) = min {x |z € argmmin/S(x,y)dF(y)} , VE € P. (5)

2.3 Main Result

The following Theorem 2.1 shows that median shortfall is the only risk measure that
(i) captures tail risk; (ii) is elicitable; and (iii) has the decision theoretical foundation

of Choquet expected utility, because the mean apparently does not capture tail risk.

Theorem 2.1. Let p(-) be a risk measure defined on X D L®(Q, F, P) that satisfies
Azioms A1-A5. Let P = {Fx | X € X}. Then, p(-) is elicitable with respect to P if

and only if one of the following two cases holds:
(1) p= VaR, for some o € (0,1] (noting that MSy = VaRez for o € [0,1]).
(it) p(F) = [zdF(x), VF.
Proof. See Appendix A. O

The major difficulty of the proof lies in that the distortion function A(-) in the
representation equation (2) of risk measures satisfying Axioms A1-A5 can have various
kinds of discoutinuities on [0, 1]. The outline of the proof is as follows. First, we show
that the necessary condition for p to be elicitable is that p has convex level sets, i.e.,
p(Fy) = p(Fy) implies that p(Fy) = p(AFyL + (1 — N\)Fy), YA € (0,1). The second
and the key step is to show that only three kinds of risk measures have convex level
sets: (i) VaR,, a € (0, 1], and, in particular, MS,, a € [0, 1]; (ii) the mean functional
p(F) = mean(F); (iii) p(F) = cq, (F) + (1 — ¢)gt (F), where ¢ € (0,1) is a constant,

9The requirement that p(F') is the minimum of the set of minimizers of the expected objective
function is not essential. In fact, if one replaces the first “min” in (5) by “max”, the conclusions of
the paper remain the same; one only needs to change “VaR,,” to the right quantile ¢} in Theorem
2.1.
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¢, (F) :=inf{z | F(z) > a}, and ¢! (F) := inf{z | F(z) > a}. Lastly, we show that
p(F) =cq, (F)+ (1 —c)gt (F) is not elicitable by extending the main proposition in
Thomson (1979).

2.4 Statistical Robustness of MS

One commonly accepted definition of robustness is given explicitly in (Hampel; 1971).
Suppose the true loss distribution is F' and we want to calculate p(F'). However,
since the true distribution F is unknown, we have to use a model F' to approximate
F and what we can compute is p(F) instead of p(F). p is insensitive to model
misspecification means that: if the misspecified model F only deviates a little from
the true F, then p(F) only deviates a little from p(F).

Let M be a set of probability measures. Hampel’s theorem (see Huber and
Ronchetti; 2009, Section 2.6) shows that for a statistical functional 7'(:) : M — R,
the sequence of statistics T'(F},) is robust at Fj if and only if 7" is continuous at Fj.

It can be shown that MS is Hampel-robust but ES is not.

Lemma 2.2. (i) For any o € (0,1) and any F such that F~' is continuous at
(14+«)/2, MS,, is Hampel-robust at F'. (ii) For any a € (0,1) and any F, ES,, is not
Hampel-robust at F'.

Proof. Let §(14q)/2 be the Dirac Delta measure on (0,1) that has a point mass at
(1 +a)/2 and denote m(u) := *=21g,>qy, u € [0,1]. Then MS, and ES, can be
represented by MS,(F) = [o F~ (u)dd(11a)2(w) and ES,(F) = [i F~ (u)dm(u), VF.
The conclusion follows by applying Theorem 3.7 in Huber and Ronchetti (2009). O

Kou, Peng and Heyde (2013) show that robustness is indispensable for external
risk measures that are used for legal enforcement, such as risk measures for calculat-
ing trading book capital requirements, so that law can be enforced consistently, not

sensitive to uncertainty in distribution.!”

10 Another meaning of robustness refers to that a small change of the data set, such as changing
a few samples, or adding a few outliers to the data set, or making small changes to many samples,
only results in a small change to the estimated risk measure (Huber and Ronchetti; 2009). Kou,
Peng and Heyde (2013, Appendix F) also show that MS is a robust statistic but ES is not, by using
another three tools of robust statistics, i.e, influence functions, asymptotic breakdown points, and
finite-sample breakdown points; see also Cont, Deguest and Scandolo (2010).
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3 Extension to Incorporate Multiple Models

The previous sections address the issue of model uncertainty from the perspective
of elicitability and robustness. Following Gilboa and Schmeidler (1989) and Hansen
and Sargent (2001), we further address the issue by considering multiple models
(scenarios).!’ More precisely, we consider m probability measures P;, ¢ = 1,...,m on
the state space (£2,%). Each P; corresponds to one model or one scenario, which may
refer to a specific economic regime such as an economic boom and a financial crisis.
The loss distribution Fj(x) := P;(X < z) of a random loss X under different scenarios
can be substantially different. For example, the VaR calculated under the scenario of
the 2007 financial crisis is much higher than that under a scenario corresponding to
a normal market condition due to the difference of loss distributions.

Suppose that under the i-th scenario, the measurement of risk is given by p;(X) :=
[ Xd(h;oP;), where h; is a distortion function, i = 1, ..., m. We propose the following

risk measure to incorporate multiple scenarios:

p(X) = f(p1(X), p2(X), -, pm(X)), (6)

where f : R™ — R is a scenario aggregation function.

We postulate that the scenario aggregation function f satisfies the following ax-
ioms:

Axiom B1. Positive homogeneity and translation scaling: f(aZ + 01) = af(z) +
sb, ¥ € R™ Va > 0,Vb € R, where s > 0 is a constant and 1 := (1,1,...,1) € R™.
Axiom B2. Monotonicity: f(Z) < f(9), if # < g, where & < § means x; < y;,1 =
1,...,m.

Axiom B3. Uncertainty aversion: if f(Z) = f(y), then for any « € (0,1), f(az +
(1—a)y) < f(7).

Axiom Bl states that if the risk measurement of Y is an affine function of that of X
under each scenario, then the aggregate risk measurement of Y is also a affine function
of that of X. Axiom B2 is apparently the minimum requirement. Axiom B3 is
proposed by Gilboa and Schmeidler (1989) to “capture the phenomenon of hedging”;
it is used as one of the axioms for the maxmin expected utility that incorporates

model uncertainty.

HCerreia-Vioglio, Maccheroni, Marinacci and Montrucchio (2013a) show that the maxmin ap-
proach of Gilboa and Schmeidler (1989) is equivalent to the minimax approach in robust statistics.
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Lemma 3.1. A scenario aggregation function f : R™ — R satisfies Axioms B1-B3 if
and only if there exists a set of weights W = {w} C R™ with each w = (w1, ..., wy,,) €
W satisfying w; > 0 and >_;" w; = 1, such that

f(x) =s- sup {wa,}. (7)

wew

Proof. First, we show that Axioms B1-B3 are equivalent to the Axioms C1-C4 in
Kou, Peng and Heyde (2013) with n; = 1, ¢ = 1,...,m. Axioms Bl and B2 are
the same as the Axioms C1 and C2, respectively. Axiom C4 holds for any function
whenn; =1,71=1,...,m. Axiom C3 and C1 apparently implies Axiom B3. We will
then show that Axiom B3 and B1 implies Axiom C3. In fact, For any & and g, it
follows from Axiom B1 that f(z— f(2)/s) = f(y— f(y)/s) = 0. Then, it follows from
Axiom B3 and Axiom Bl that f(z4+9)— f(Z)— f(9) = f(z—f(Z)/s+5—f(9)/s) =

2f(3(2 — f(®)/s) + 5@ — f(@)/s)) < 2f(@ — f(%)/s) = 0. Hence, Axiom C3 holds.
Therefore, Axioms B1-B3 are equivalent to Axioms C1-C4, and hence the conclusion
of the lemma follows from Theorem 3.1 in Kou, Peng and Heyde (2013). O

In the representation (7), each weight @ € W can be regarded as a prior probability
on the set of the scenarios; more precisely, w; can be viewed as the likelihood that
the scenario ¢ happens.

Lemma 2.1 and Lemma 3.1 lead to the following class of risk measures:'?

wew

p(X)=s- sup{ wZ/th oP)} (8)

By Theorem 2, the requirement of elicitability under each scenario leads to the fol-

lowing tail risk measure

p(X)=s- sup {ZwlMsz( )}, 9)
wew

where MS,; ,,(X) is the median shortfall of X at confidence level «; calculated under

the i-th scenario (model). The risk measure p in (9) addresses the issue of model

uncertainty from two aspects: (i) under each scenario i, MS, ,, is elicitable and robust;

(i) p incorporates multiple scenarios and multiple priors on the set of scenarios.

12Gilboa and Schmeidler (1989) consider infpep [ u(X)dP without h;; see also Xia (2013).
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4 Application to Basel Accord Capital Rule for
Trading Book

What risk measure should be used for setting capital requirement for banks is an
important issue that has been under debate since the 2007 financial crisis. The Basel
IT use a 99.9% VaR for setting capital requirements for banking books of financial
institutions (Gordy; 2003). The Basel II capital charge for the trading book on
the ¢-th day is defined as p(X) := smax {1VaR,_1(X), & S VaR,;_;(X)}, where
X is the trading book loss; s > 3 is a constant; VaR,_;(X) is the 10-day VaR at
99% confidence level calculated on day ¢ — ¢, which corresponds to the i-th model,
i = 1,...,60. Define the 61-th model under which P(X = 0) = 1. Then, the
Basel II risk measure is a special case of the class of risk measures considered in (9);
it incorporates 61 models and two priors: one is w = (1/s,0,...,0,1 — 1/s), the
other w = (1/60,1/60,...,1/60,0). The Basel 2.5 risk measure (Basel Committee on
Banking Supervision; 2009) mitigates the procycliclity of the Basel 11 risk measure by
incorporating the “stressed VaR” calculated under stressed market conditions such
as financial crisis. The Basel 2.5 risk measure can also be written in the form of (9).

In a consultative document released by the Bank for International Settlement
(Basel Committee on Banking Supervision; 2013), the Basel Committee proposes to
“move from value-at-risk to expected shortfall,” which “measures the riskiness of a
position by considering both the size and the likelihood of losses above a certain confi-
dence level.” The proposed new Basel (called Basel 3.5) capital charge for the trading
book measured on the ¢-th day is defined as p(X) := smax {%ESt_l, % Z?il ESt_,-},
where ES;_; is the ES at 97.5% confidence level calculated on day ¢t —4, 1 =1, ..., 60;
hence, the Basel 3.5 risk measure is a special case of the class of risk measures con-
sidered in (8).13

The major argument for the change from VaR to ES is that a 99% VaR number
of 100 million dollar does no carry information as to the size of loss in cases when
the loss does exceed 100 million; on the other hand, the ES captures the tail risk in
the sense that the 99% ES measures the mean of the size of loss given that the loss
exceeds the 99% VaR.

13The Basel 11, Basel 2.5, and newly proposed risk measure (Basel 3.5) for the trading book are
all special cases of the class of risk measures called natural risk statistics proposed by Kou, Peng
and Heyde (2013). The natural risk statistics are axiomatized by a different set of axioms including
a comonotonic subadditivity axiom.
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Although the argument sounds reasonable, the ES is not the only risk measure
that captures the tail risk; in particular, an alternative risk measure that captures
the tail risk is median shortfall, which, in contrast to expected shortfall, measures the
median rather than the mean of the conditional tail distribution. For instance, in the
aforementioned example, if we want to capture the tail risk, i.e., the size of the loss
beyond the 99% VaR level, we can use either ES at 99% level or, alternatively, median
shortfall at 99% level, which is the median of the same conditional loss distribution.

It follows from Theorem 2.1 and discussion in Section 2.4 that MS may be prefer-
able than ES for setting capital requirements in banking regulation because MS is
elicitable and robust, but ES is neither elicitable nor robust.

To further compare the robustness of MS with ES, we carry out a simple empirical
study on the measurement of the tail risk of S&P 500 daily return. We consider two
IGARCH(1, 1) models similar to the model of RiskMetrics:

e Model 1: IGARCH(1, 1) with conditional distribution being Gaussian

re=p+ o, op = fo; + (1= p)ri,
e L N(0,1)

e Model 2: the same as model 1 except that the conditional distribution is spec-

ified as ¢ 4 t,, where t, denotes t distribution with degree of freedom v.

We respectively fit the two models to the historical data of daily returns of S&P
500 Index during 1/2/1980-11/26/2012 and then forecast the one-day MS and ES
of a portfolio of S&P500 stocks that is worth 1,000,000 dollars on 11/26/2012. The
comparison of the forecasts of MS and ES under the two models is shown in Table
1, where ES,; and MS,; are the ES, and MS, calculated under the i-th model,
respectively, i = 1,2. It is clear from the table that the change of ES under the two
models (i.e., ES,2 — ES,1) is much larger than that of MS (i.e., MS,2 — MS,1),

indicating that ES is more sensitive to model misspecification than MS.

5 Comments

It is worth noting that it is not desirable for a risk measure to be too sensitive to the
tail risk. For example, let L denote the loss that could occur to a person who walks

on the street. There is a very small but positive probability that the person could
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Table 1: The comparison of the forecasts of one-day MS and ES of a portfolio of
S&P500 stocks that is worth 1,000,000 dollars on 11/26/2012. ES,; and MS, ; are
the ES and MS at level a calculated under the i-th model, respectively, ¢ = 1, 2.

ES MS ESq,2—ESa 1
« MSazMSeq L
a,2 a,l
Esa,l ESa,Z ESQ,Q - Esa,l Msa,l MSa,Q MSQ,Q - MSa,l

97.0% 19956 21699 1743 19070 19868 798 118.4%
97.5% 20586 22690 2104 19715 20826 1111 89.3%
98.0% 21337 23918 2581 20483 22011 1529 68.8%
98.5% 22275 25530 3254 21441 23564 2123 53.3%
99.0% 23546 27863 4317 22738 25807 3070 40.6%
99.5% 25595 32049 6454 24827 29823 4996 29.2%

be hit by a car and lose his life; in that unfortunate case, L may be infinite. Hence,
the ES of L may be equal to infinity, suggesting that the person should never walk
on the street, which is apparently not reasonable. In contrast, the MS of L is a finite
number.

Theorem 2.1 generalizes the main result in Ziegel (2013), which shows the only
elicitable spectral risk measure is the mean functional; note that VaR is not a spectral
risk measure. Bellini and Bignozzi (2013) suggest a more restrictive definition of
elicitability than Gneiting (2011); under their definition, median or quantile may not
be elicitable, while they are always elicitable in the sense of Gneiting (2011). The
elicitability of a risk measure is related to the concept of “consistency” of a risk
measure introduced in (Davis; 2013).

The axioms in this paper are based on economic considerations. Other axioms
based on mathematical considerations include subadditivity (Huber; 1981; Artzner
et al.; 1999),' comonotonic subadditivity (Song and Yan; 2006; Kou, Peng and Heyde;
2013), convexity (Follmer and Schied; 2002; Frittelli and Gianin; 2002), comonotonic
convexity (Song and Yan; 2009).

The subadditivity axiom is somewhat controversial:'> (i) The subadditivity axiom

4The representation theorem in (Artzner et al.; 1999) is based on Huber (1981), who use the
same set of axioms. Gilboa and Schmeidler (1989) obtains a more general representation based on
a different set of axioms.

5Even if one believes in subadditivity, VaR (and median shortfall) satisfies subadditivity in most
relevant situations. In fact, Danfelsson, Jorgensen, Samorodnitsky, Sarma and de Vries (2013) show
that VaR (and median shortfall) is subadditive in the relevant tail region if asset returns are regularly
varying and possibly dependent, although VaR does not satisfies global subadditivity. Ibragimov and
Walden (2007) and Ibragimov (2009) show that VaR is subadditive for the infinite variance stable
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is based on an intuition that “a merger does not create extra risk” (Artzner et al.;
1999, p. 209), which may not be true, as can be seen from the merger of Bank of
America and Merrill Lynch in 2008. (ii) Subadditivity is related to the idea that
diversification is beneficial; however, diversification may not always be beneficial.
Fama and Miller (1972, pp. 271-272) show that diversification is ineffective for asset
returns with heavy tails (with tail index less than 1); these results are extended in
Ibragimov and Walden (2007) and Ibragimov (2009). See Kou, Peng and Heyde (2013,
Sec. 6.1) for more discussion. (iii) Although subadditivity ensures that p(X;)+ p(Xs)
is an upper bound for p(X; + X3), this upper bound may not be valid in face of model
uncertainty.'® (iv) In practice, p(X;) 4+ p(X2) may not be a useful upper bound for
p(X1 + X5) as the former may be too larger than the latter.!” (v) Subadditivity is

not necessarily needed for capital allocation or asset allocation.!®

A  Proof of Theorem 2.1

First, we give the following definition:*’

Definition A.1. A single-valued statistical functional p is said to have convex level
sets with respect to P, if for any two distributions Fy € P and Fy € P, p(Fy) = p(F»)
implies that p(AFy + (1 — N\ Fy) = p(Fy), VA € (0,1).

distributions with finite mean. “In this sense, they showed that VaR is subadditive for the tails of
all fat distributions, provided the tails are not super fat (e.g., Cauthy distribution)” (Gaglianone,
Lima, Linton and Smith; 2011).

16Tn fact, suppose we are concerned with obtaining an upper bound for ES,, (X7 + X5). In practice,

due to model uncertainty, we can only compute ES(X1) and ES(X32), which are estimates of ES(X7)

—

and ES(X3) respectively. ES(X1) + ES(X2) cannot be used as an upper bound for ES(X; + X3)

o~

because it is possible that ES(X7) + Eﬁ) < ES(X1)+ ES(X3).

1For example, let X7 be the loss of a long position of a call option on a stock (whose price is $100)
at strike $100 and let X5 be the loss of a short position of a call option on that stock at strick $95.
Then the margin requirement for X7 4+ Xo, p(X1 + X2), should not be larger than $5, as X7+ X5 < 5.
However, p(X1) = 0 and p(X3) ~ 20 (the margin is around 20% of the underlying stock price). In
this case, no one would use the subadditivity to charge the upper bound p(X1)+ p(X2) ~ 20 for the
portfolio X7 + Xs; instead, people will directly compute p(X; + X2).

18Kou et al. (2013, Sec. 7) derive the Euler capital allocation rule for a class of risk measures
including VaR with scenario analysis and the Basel Accord risk measures; see Wen et al. (2013), Xi
et al. (2013), and the references therein for asset allocation methods using VaR and Basel Accord
risk measures.

19A similar definition for a set-valued (not single-valued) statistical functional is given in Osband
(1985); Gneiting (2011).
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The following Lemma A.1 gives a necessary condition for a single-valued statistical

functional to be elicitable.

Lemma A.1. If a single-valued statistical functional p is elicitable with respect to P,

then p has convex level sets with respect to P.

Proof. Suppose p is elicitable. Then there exists a forecasting objective function
S(x,y) such that (5) holds. For any two distribution F; and F, and any A € (0,1),
denote F\ = A1+ (1 = N Fy. If t = p(Fy) = p(Fy), then t = min{zx | = €
argmin, [ S(z,y)dE;(y)}, ¢ = 1,2. Since [S(x,y)dEF\(y) = X [ S(x,y)dFi(y) +
(1 = X) [ S(z,y)dFy(y), it follows that ¢t € argmin, [ S(x,y)dF\(y). For any ¢’ €
argmin, [ S(z,y)dF\(y), it holds that [ S(¢',y)dF\(y) < [ S(t,y)dF(y), which im-
phesthat)\fSt’ JAFi(y) + (1 — X) [ S(t,y)dEFx(y) <)\f5tde1() (1 —
A) [ S(t,y)dFy(y). However, by definition oft [ S(t,y)dFi(y) < [ S(t,y)dFi(y),i =
1,2. Therefore, [ S(t,y)dFi(y) = [ S, y)dF(y),i = 1,2, Wthh 1mphes that t' €
argmin, [ S(z,y)dF(y), i = 1,2. Since t = min{z | z € argmin, [ S(z,y)dFi(y)},
it follows that ¢ > t. Therefore, ¢ = min{z | € argmin, [ S(z,y)dF\(y)} =
p(Fy). O

Lemma A.2. Let o € (0,1) and ¢ € [0,1). Let p be defined in (2) with h being
defined as

0, ifr<1—aq,
hz):=<1—¢c, ifr=1-aq,
1, ife>1—a.
Then
p(F) = cqq (F) + (1 = c)qq (F), VF € P, (10)

where ¢, (F) := inf{z | F(z) > a} and ¢S (F) := inf{x | F(z) > a}. Furthermore, p

has convex level sets with respect to P.

Proof. Define g(z) :=1—h(1 —x), x € [0,1]. Then,

0, ifr<a,
glx)=<Rr¢c, ifz=a,
1, ifx>a,

and p can be represented as

pF) == [ gF@)da+ [ g(Pa)ds

o0
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Consider three cases:
(i) g, (F)) > 0. In this case,

MF%:AMO—MF@DMx
:/“ (1_mF@»mx+/’ (1 - g(F()))de
[0,q4 (F))

[aa (F),qd (F))
1—qg(F(x)))dx
+[Qm)< 9(F())
— 42 (F) + (1 — &)(q? (F) — ¢ (F)
— cqz (F) + (1— &)g (F).

(ii) ¢, (F) < 0 < ¢t (F). In this case,

F)=— F(x))dz 1—g(F(x)))dx
o(F) KLMWm<» +A%m; 4(F(2)))
— cq (F) + (1 - g ().

(iii) ¢f (F) < 0. In this case,

dr — F(x))dx — F(z))dx
/(ooqa(F @) /(qa(F)7q$(F))g( @) /($(F)70)g( @)
—clqf (F) = g5 (F)) 4 ¢f (F)

= oqy (F) + (1 = ¢)qq (F),

which completes the proof for (10).

We then show that p has convex level sets with respect to P. Suppose that
p(F1) = p(Fy). Then

cqy (F1) + (1 = €)qq (F1) = cq (F2) + (1 = ¢)qq (F). (11)

For A € (0,1), define F\ := AF} + (1 — \)Fy. There are two cases:

(i) ¢ =0. Then, p = ¢} and ¢! (F1) = ¢/ (Fy). Denote t = ¢ (Fy), then F;(x) > «
for x >t and F;(z) < afor x <t,i=1,2. Hence, Fy(z) > a for z > t and F)\(z) < «
for x < t, which implies t = ¢ (F)), i.e., ¢} has convex level sets with respect to P.

(ii) ¢ € (0,1). Without loss of generality, assume that ¢, (F}) > ¢, (F). Then it
follows from (11) that ¢ (Fy) < ¢f (Fy). Therefore, [¢;, (F1), ¢t (F1)] C [q;, (F2), ¢f (F2)].
There are two subcases: (ii.i) ¢, (F1) < ¢! (F1). In this case, F\(z) < « for x <
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¢, (F1); Fx(z) = a for x € [g, (F1),q¢ (F1)); and F\(z) > « for 2 > ¢ (Fy). There-
fore, ¢, (F\) = q,(F) and ¢f(F)) = ¢ (Fy), which implies that p(F)) = p(F}).
(ii.il) g, (F1) = ¢F (F1). In this case, F\(z) < « for x < ¢, (F}) and F)(z) > « for
x > ¢t (Fy). Therefore, g, (F\) = ¢, (F1) and ¢} (F\) = ¢} (F}), which implies that

p(Fy) = p(Fy). Therefore, p has convex level sets. O

Next, we prove the following Theorem A.1, which shows that among the class
of risk measures based on Choquet expected utility theory, only three kinds of risk

measures satisfy the necessary condition of being elicitable.

Theorem A.1. Let Py be the set of distributions with finite support. Let h be a
distortion function defined on [0,1] and let p(-) be defined as in (2). Then, p(-) has

convex level sets with respect to Py if and only if one of the following three cases holds:
(i) There exists a € [0,1] such that p(F) = VaR,(F), VF.
(ii) There exists o € (0,1) and ¢ € [0,1) such that
p(F) = cqq (F) + (1 = c)qq (F), VF, (12)
where g, (F) := inf{z | F(z) > a} and ¢} (F) := inf{z | F(x) > a}.
(iii) p(F) = [xdF(x), VF.

Furthermore, the risk measures listed above have convex level sets with respect to P
defined in Theorem 2.1.

Proof. Define g(u) := 1 — h(1 —u), u € [0,1]. Then ¢g(0) = 0, ¢g(1) = 1, and g is

increasing on [0, 1]. And then, p can be represented as

o)== [ P+ / (1 - g(F(x)))d.

[e o]

For a discrete distribution F' = """  p;d,,, where 0 < zy < 29 < -+ < xp,, p; > 0,
i=1,...,n,and Y i p; = 1, it can be shown by simple calculation that p(F) =
g(pr)zr1 + Z?:2(9(Z;:1 pj) — 9(2;_:11 pj))Ti-

There are three cases for g:

Case (i): for any ¢ € (0,1), g(¢) = 0. In this case, p(F) = VaR,(F). For any
Fy € Pand F;, € P, if t = VaRy(F}) = VaR,(Fy), then Fij(x) < 1 for x < ¢ and
Fiy(x) =1 for x > t. Hence, for any F\ := AF} + (1 — \)F,, A € [0,1], it holds that
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F\(z) <1 for x <t and F\(x) = 1 for x > t. Hence, p(F\) = VaR(F\) = t, i.e., p
has convex level sets with respect to P.

Case (ii): there exists gy € (0,1) such that g(qy) = 1 and g(q) € {0,1} for all
g € (0,1). Let @« = inf{q | g(q) = 1}. There are three subcases: (ii.i)) @ = 0. Then,
g(u) = 1oy and p(F) = VaRo(F) = inf{z | F(xr) > 0}. By similar argument
to case (i), we can show that VaR, has convex level sets with respect to P; (ii.ii)
a € (0,1) and g(a) = 1. Then, g(u) = lfy>qy and p(F) = VaR.(F). For any Fy
and Fy, define Fy := AF} + (1 — A\)Fy, A € [0,1]. Ift = F Y (a) = F; '(a), then
Fi(z) < afor x <t and Fj(x) > « for x > t, i = 1,2. Hence, F)(z) < o for x < t
and F\(z) > « for > t, which implies that VaR,(F\) = t. Hence, VaR, has convex
p(F) =gt (F):=inf{z | F(x) > a}. By Lemma A.2 (with ¢ = 0), p has convex level
sets with respect to P.

Case (iii): there exists ¢ € (0,1) such that g(q) € (0,1). Suppose p has convex
level sets with respect to Py. For any 0 < 1 < x5 and ¢ € (0, 1) that satisfy

1= p(61) = p(gde; + (1 = @)0z,) = 219(q) + 22(1 — 9(q)), (13)
since p has convex level sets, it follows that
1 = p(v(gdz, + (1 —q)ds,) + (1 —0)dy), Yv € (0,1). (14)

For any ¢ € (0,1) such that g(¢q) € (0,1), (13) holds for any (z1,z2) = (1 —

¢, —lf;q()q) (1—c)+ #M))’ where ¢ € (0,1). Noting that x; < 1 < x9, (14) implies

1= p(v(qds, + (1= q)dg,) + (1 — v)d1)
= 219(vq) + g(vg +1—0v) — g(vq) + 22(1 — g(vg + 1 —v))
= (1 —c)g(vg) + g(vg + 1 —v) — g(vq)

9(q)
+[_1_g(q)(1—c)+ }(1—g(vq+1—v>>

=1+c¢ {—g(vq) +

1—g(q)
(1—g(vg+1— v))] , Yo e (0,1),Ve € (0,1).

9(q)
1—g(q)

Therefore,

—g(vq)—i—l i(gzq)(l—g(vq—kl—v)) =0, Yv € (0,1), Vg such that g(¢q) € (0,1). (15)

22



Let o = sup{q | g(¢) = 0,q € [0,1]} and 8 = inf{q | g(¢) = 1,q € [0,1]}. Since there
exists gy € (0, 1) such that g(qo) € (0, 1), it follows that o < g < 1, g(a) < g(qo) < 1,

B> qo >0, and g(3) > g(q) > 0.
There are four subcases:

Case (iil.i) a < B, g(a) = 0, and g(B8) € (0,1). Since g(8) € (0,1), it follows
that 8 € (0,1). By the definition of 8, for any n € (0,1 — ), g(8 +n) = 1.
By the definition of a, ¢g((8 + «)/2) > 0. Hence, g(6—) > g((8 + «)/2) > 0.
Hence, there exists €5 > 0 such that g(5 —¢€) > 0 for any € € (0,¢). On the
other hand, g(f —¢€) < ¢g(5) < 1 for any € € (0,¢). Hence, g(8 —¢) € (0,1) for
any € € (0,¢). Then, for any n € (0,1 — 3) and € € (0,¢), let ¢ =  — € and
v = X821 Then, we have g(vg+ 1 —v) = g(B+n) = 1. Since g(f —€) € (0,1)

1—8+e€”
for € € (0,¢), it follows from (15) that 0 = g(vq) = g(i:é"l(ﬁ — €)), which implies
that g(8—) = lim,0.0 g(ll:gjl(ﬁ —¢€)) = 0. This contradicts to that g(8—) > 0.

Therefore, this case does not hold.

the definition of § that g((aw + 5)/2) < 1. Let ¢¢ = 8 — «. By the definition
of B, gla +¢€) < 1 forall € € (0,6). In addition, g(aw + ¢) > g(a) > 0 for all
e € (0,69). Hence, g(a +¢€) € (0,1) for all ¢ € (0,¢). For any n € (0,«) and

€ € (0,6), let ¢ = o+ e and v = 51, Then it follows from the definition of o that

9(vq) = g(a—n) = 0, which implies from (15) that 1 = g(vg+1—v) = g(a —n+ 1),
for any € € (0,¢),7 € (0,a). Then, gla+) = limgg,0 g — n + %) = 1, which

contradicts to g(a+) < g((aw + 5)/2) < 1. Therefore, this case does not hold.

definition of o and 3, g(z) = 0 for x < o and g(x) = 1 for > a. By Lemma A.2, p
has convex level sets with respect to P.

Case (iii.iv) a < 3, g(a) = 0, g(8) = 1, and there exists gy such that g(qo) € (0,1).
In this case, o < qp < . We will show that that g(u) = u for all u € (0, 1).

First, we will show that a = 0 and § = 1. Suppose for the sake of contradiction
that a > 0. Since a < qq, it follows that g(a +€) < 1 for all € € (0,¢€y), where
€0 = qo— . Furthermore, by the definition of a, g(av+¢€) > 0 for all € € (0, ¢y). Hence,
gla+e) € (0,1) for all e € (0,¢y). For any n € (0,) and € € (0,¢), let ¢ = a+ € and
v = =L Then it follows from the definition of a that g(vq) = g(ow —n) = 0, which
implies from (15) that 1 = g(vg+1—v) = g(a—n+<2L), for any e € (0, ), 7 € (0, ),

Then, g(a+) = limeg0 g( —n+ %) = 1, which contradicts to g(a+) < g(go) < 1.
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Therefore, a = 0.

In addition, suppose for the sake of contradiction that § < 1. Then, by the
definition of 3, for any n € (0,1 — ), g(8+1n) = 1. Let ¢g = 5 — qo. Since 8 > qo,
g(8—€) > g(qo) > 0 for any € € (0,€). By the definition of 3, g(8 —€) < 1 for any
e € (0,€). Hence, g(f—¢) € (0,1) for any € € (0, ¢). Then, for any n € (0,1—/) and
e € (0,6),let g=pF—eand v = %;;Z Then, we have g(vg+1—v) =g(f+n) = 1.
Since g(f —€) € (0,1) for any € € (0,¢), it follows from (15) that 0 = g(vq) =
g(iél@(ﬁ — €)), which implies that g(8—) = limy,o.ej0 g(ll__Lﬁer(ﬁ —¢€)) = 0. This
contradicts to that g(5—) > g(qo) > 0. Therefore, § = 1.

Then, it follows from o = 0 and g = 1 that

9(q) € (0,1), Vg € (0,1). (16)
Therefore, it follows from (15) and (16) that

9(q)
1 —g(q)
Second, for any ¢ € (0,1) and v € (0,1), vg+1—v > ¢ and lim,4 (vg+1—v) = ¢.
Then, it follows from (17) that

—g(vq) + (1—gvg+1—2))=0, Yve (0,1),Yq € (0,1). (17)

. . 9(@)
9(q—) = lim g(vg) = lim = (@ (1=g(vg+1-0))
_glq)
= g(q)a — g(g+)), Yg € (0,1). (18)

Third, we will show that ¢ is strictly increasing on (0,1). Suppose for the sake
of contradiction that there exist 0 < u; < uy < 1 such that g(u;) = g(uz2). Since
uy € (0,1), it follows from (16) that g(uy) > 0. Let up = inf{u | g(u) = g(u1)}. Then
since g(up) = g(u1) > 0, up > 0. Since lim, vug + 1 — v = ug, there exists v € (0,1)

such that vug + 1 — v € (ug, uz). Hence,

g(uo)
1 — g(uo)

which contradicts to (17). Therefore, g is strictly increasing on (0,1), and then

9(p1) — g(p2) # 0 for any p # ps.
Fourth, we will show that g(1—) =1 and ¢g(0+) = 0. Consider 0 < 21 < x3 < x3

and py,pe € (0, 1) such that

(1 —g(vug+1—v)) = g(ug) > g(vug),

P(P10z, + (1 = p1)da,) = p(p2de, + (1 — p2)dss),
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which is equivalent to

219(p1) + 22(1 — g(p1)) = 219(p2) + (1 — g(p2))s. (19)
Let 7L = ¢; and 2 = c3. Then, ¢; € (0,1), ¢3 > 1, and (19) is equivalent to

_ l-gp) - 1-g(p)
T =9 9) — g(p) (20)

For any fixed 0 < py < pp < land 1 < ¢3 < tgg;;, define ¢; as in (20). Then,

c1 € (0,1). For any such py,ps, c3, and ¢y, it follows from the convexity of the level

sets of p that

z19(p1) + 22(1 = g(p1)) = p(P16z, + (1 — p1)ds,)

= p(v(p16z; + (1 = p1)da,) + (1 — 0)(p20szy + (1 — pa)day))

= p((vp1 + (1 = v)p2)ds, +v(1 = p1)da, + (1 —0)(1 — p2)ds,)

= z19(vpr + (1 = v)pa) + z2(g(v + (1 — v)pa2) — g(vpr + (1 — v)pa))
+23(1 —g(v+ (1 —v)ps)), Vv € (0,1),

which is equivalent to

clg(pr) — glvpr + (1 = v)p2)] + 1 — g(p1) — g(v + (1 —v)p2) + g(vps + (1 — v)p2)
=3[l —g(v+ (1 —v)pg)], Yv € (0,1).

Plugging (20) into the above equation, we obtain that for any 0 < p; < ps < 1, any
-9

1<e3< i gg;;, and any v € (0, 1), it holds that

0= ca | 22 g0) — glupy + (1= w)pa)) — 1+ g0+ (1= g
 1—g(p) ~ alv . _
T — o) [9(p1) — g(vpr + (1 = v)p2)] + 1 — g(p1)
—g(v+ (1= v)p2) + g(vpr + (1 — v)p2). (21)
Therefore,
0=— 9P () o+ (1= 0)p)] + 1 ()
9(p1) — 9(p2)

- g(U + (1 - U)pQ) _'_g(vpl + (1 - U)p2>7 Vv € (07 1)7VP1 < p2,
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which is equivalent to
0=g(vp1 + (1 = v)p2)(1 = g(p2)) + g(v + (1 — v)p2)(9(p2) — 9(p1))
+9(p1)g(p2) — g(p2), Vv € (0,1),Yp1 < pa. (22)

Letting v T 1 in (22), we obtain

0=g(p1+)(1 = g(p2)) + 9(1=)(g(p2) — 9(p1)) + g(p1)g(p2) — g(p2), ¥P1 < p2. (23)

Since ¢ is increasing on (0, 1), there exists p; € (0,1), such that g is continuous at pj.
Choose any p; > pj. Letting p; = p} and ps = p} in (23) leads to (g(p}) — g(p}))(1 —
g(1—)) = 0. Since g is strictly increasing, it follows that

g(1-) = 1. (24)

Letting ¢ = £ in (17) leads to

Yo e (0,1). (25)

(04) = tig(3) =i 221 - g1 - )
9(3)
- 220 40)
—0 (26)

Fifth, we will show that g is continuous on (0,1). By (17), we have

9(q)
g(v—) = limg(vg) = lim .= o)

i 1m1—g(vq+1—v)
B qul 9(0) qul 1—9(q)
—g(vg+1—v)g((1 —q)v) g(1—q)

(1—-g(vg+1—-0))

=g(1-) lim

a1 g((1—q)v) g(1—q) 1-g(q)
i 129G g —av)9() .
=l T (by (24) and (25))
_ i 92— )v)
a1 g(1—q)
iy @)
= lim oL Vo € (0,1). (27)
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Now consider 0 = 1 < 9 < x3 < x4 and py,ps € (0,1) such that

p(p15m1 + (1 - pl)(smg) = p(p26m2 + (1 - p2)5m4)7

which is equivalent to

219(p1) + 23(1 — g(p1)) = 229(p2) + 24(1 — g(p2))- (28)

Since p has convex level sets, it follows that for any v € (0, 1), it holds that

z3(1 — g(p1)) = 219(p1) + 23(1 — g(p1)) = p(P16z, + (1 — p1)day)
= p(v(p10z; + (1 = p1)day) + (1 — v) (P20, + (1 — pa)ds,))
= p(vp102; + (1 = V)pade, + v(1 — p1)day + (1 —v)(1 — p2)dy,)
= 22(g(vp1 + (1 —v)p2) — g(vp1))
+x3(g(v + (1 = v)p2) — glopr + (1 = v)p2)) + 24(1 — g(v + (1 —v)p2)).  (29)

Let z—g =1+ c¢3and z—; =14 c3+cq4. Then, c3 >0, ¢4 > 0, and (28) becomes

1 —
- 92) ., 9p)

o) =90 T 3 — g (30)

Furthermore, (29) is equivalent to

0= g(vp1 + (1 —v)p2) — g(vp1) + (1 + ¢z + ca)(1 — g(v + (1 —v)p2))
(14 e) (g0 + (1= v)ps) — g(upr + (1 — 0)pa) — 1+ g(py)), Yo € (0,1). (31)
For any 0 < p; < py < 1 and ¢4 > 0, let ¢3 be defined in (30). Then, ¢3 > 0. Hence,

(31) holds for any such py, ps, c3, and ¢4. Plugging (30) into (31), we obtain that for
any 0 < p; < ps <1 and any ¢4 > 0, it holds that

0= gops + (1= 0)pa) = glom) + P lg(p) = g(op + (1~ )
1 —g(p2) o es) — alw o)) —
+ C4m[§(v + (1 —v)p2) —g(vpr + (1 = v)p2) — 1+ g(p1)]
b IP) g Y € (0,1), (32)

9(p2) — 9(p1)
which implies that

0= g(vps + (1 —v)ps) — g(vp1)
9(p2)

+ m[g(pl) —g(op1 + (1 —v)pa)], VO < p; < pa < 1,Yv € (0,1),
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which can be simplified to be

— g(opr+ (1= 0)p2) — (9(p2) _g@l))gg((le)) +g(ps) =0, ¥p1 < pa, Vo € (0,1). (33)

Letting py T 1 in (33) and applying (24), we obtain

g(vp1)

9(p1)
Then, it follows from (17) and (34) that

—g((vpr +1=v)=) = (1 = g(pm)) +1=0, V0 <p <1,Vve(0,1). (34)
g((vpr+1—=v)—) =glop1 +1—0),Y0 < p; < 1,Vv € (0,1),

which implies that
g9(v=) = g(v),Yv € (0,1). (35)
It follows from (18) and (35) that g is continuous on (0, 1), i.e.,

g9(v=) = g(v) = g(v+), Vv € (0,1). (36)

Lastly, we will show that g(u) = u for any u € (0,1). Letting p; J 0 in (33), we

obtain
. g(vp1) _
—9((1 = v)p2)+) = (9(p2) — 9(0+)) lim +9(p2) =0, V0 < pp <1,v0 € (0,1).
pilo g(p1)
(37)
Applying (26), (27), and (36) to (37), we obtain
9((1 = w)p2) = g(p2)(1 = g(v)), YO < pp < 1,Vv € (0,1). (38)
Letting po T 1 in (38) and using (24) and (36), we obtain
9(1 —v) = g(1=)(1 = g(v)) = 1 = g(v), Yo € (0,1), (39)
which in combination with (38) implies
9(vp2) = g(v)g(p2), VO < py <1,Vv € (0,1). (40)
In the following, we will show by induction that
9(2%):2%,k:1,2,...,2"—1,VneN. (41)
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Letting v = $ in (39), we obtain g(3) = 1. Hence, (41) holds for n = 1. Suppose (41)
holds for n. We will show that it also holds for n+1. In fact, for any 0 < k < 2771 —1,
since 1 < 2k + 1 < 2" — 1, it follows from (40) that

2% + 1 1, 2k+1, 2k+1 .
g(w)zg(?ﬂ on )= 2n+1>0§k‘§2 -1 (42)

For any 27! < k < 2" — 1, it holds that 1 < 2! — (2k + 1) < 2" — 1. Hence, it
follows from (39) that

2% + 1 ol (2k 4 1) ol (2% + 1)
g(w) =1-g( St )=1- ot (by (42))
2k+1 n
=S 2 k<2 L (43)

In addition, for any 1 < k < 2" — 1, g(32%) = g(4) = £, which in combination
with (42) and (43) implies that (41) holds for n+ 1, and hence holds for any n. Since
{k/2" k =1,...,2" —1,n € N} is dense on (0,1) and ¢ is continuous on (0,1), it
follows from (41) that g(u) = u for all u € (0, 1), which completes the proof. O

Finally, the proof of Theorem 2.1 is as follows.

Proof of Theorem 2.1. By Lemma A.1 and Theorem A.1l, only those risk measures
listed in cases (i)-(iii) of Theorem A.1 satisfy the necessary condition for being an
elicitable risk measure with respect to P. Therefore, we only need to study the
elicitability of those risk measures.

First, we will show that p(F) = VaRg(F') = inf{z | F(x) > 0} is not elicitable.
Suppose for the sake of contradiction that VaRg is elicitable, then there exists a
function S such that (5) holds. For any u, letting ' = ¢, in (5) yields

S(u,u) < S(x,u), Ve, Vu, and the equality holds only if u < x. (44)

For any v < v and p € (0, 1), letting F' = pd, + (1 — p)d, in (5) yields pS(u,u)+ (1 —
p)S(u,v) < pS(z,u) + (1 —p)S(x,v), Va. Letting p — 0 leads to

S(u,v) < S(z,v),Yu < v, V. (45)
Letting = v in (45), we obtain

S(u,v) < S(v,v),Vu < v. (46)
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By (44), S(v,v) < S(u,v), Vu, which in combination with (46) implies S(u,v) =
S(v,v), Yu < v; however, by (44), S(u,v) = S(v,v) implies v < u; this is a contra-
diction. Hence, VaRy is not elicitable.

Second, we will show that for any a € (0, 1), VaR,(F) is elicitable with respect
to P. Define

S(z,y) = (Lazyy — @)z — ). (47)
It follows from Theorem 9 in Gneiting (2011) that S(z,y) is a strictly consistent

forecasting objective function for the set-valued a-quantile functional. More precisely,

(45 (F), ¢ (F)] = arg min / S(z,y)dF(y),

where ¢ (F) := inf{y | F(y) > a} and ¢! (F) := inf{y | F(y) > a}. Therefore,
VaR(F) = ¢, (F) satisfies (5) with S defined in (47).
Third, we will show that p(F) = VaR;(F) is elicitable with respect to P. Let

a > 0 be a constant and define the forecasting objective function

0, ifx>uy;
S(x,y>={ Y

a, else.

Then for any F' € P and any = > p(F),
[ stewirw = [ swyire -o.
R y<p(F)

On the other hand, for any F' € P and any x < p(F),

/R S(z,y)dF () = / o SEVIFG) = / dF(y) > 0.

z<y<p(F)

Therefore, for any F' € P, p(F) = min{z | € argmin, [ S(z,y)dF (y)}.

Fourth, we will show that p defined in (12) is not elicitable with respect to P.
Suppose for the purpose of contradiction that p is elicitable. Fix any a > 0 and denote
I := (—a,a). Let P; be the set of probability measures that have strictly positive
probability density on the interval I and whose support is I. Then since P; C P and
p is elicitable with respect to P, p is also elicitable with respect to P;. Therefore,

there exists a forecasting objective function S(z,y) such that
p(F) =min{z |z € argmin/S(x,y)dF(y)},VF € Pr.
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For any I’ € Py, the equation F'(z) = « has a unique solution ¢,(F) and ¢, (F) =
Go(F) = ¢t (F). Hence, p(F) = q.(F),VF € P;. Therefore, we have

q.(F) € argmin/S(x,y)dF(y),VF € Pr.

Then, it follows from the proposition in Thomson (1979, p. 372) that® there exists

measurable functions A;, Ay, By, and By such that

@)+ Biy) e ify <,
Sle,y) = {Ag(l’) + Bs(y) ae. if y > z, (18)

and
(Al(l’l) — Al(l'g))a + (Ag(l'l) — Ag(l’g))(l — Oé) =0, \V/l'l,l’g el (49)

Choose a distribution Fy € P such that g, (Fy) < ¢l (Fy), Fy has a density f, that

satisfies fo(z) = 0 for = € [q (F0), qn (Fv)], and Fo(q, (Fo)) = Folgy (Fo)) = a. Then,
it follows from (48) that

/ S(a,y)dFoly) = / Sy fo)dy+ / S(a,y) foly)dy

>x

- / (o) + Bl o)y + / (As(@) + Boy) foly)dy

y>x

 Ay(e) / _ hwdy+ / By + Asla) / )y + / B o)y

= Ai(w)a+ / _ B)h()dy + As(o)(1 - a) + / Ba(y) foly)dy. (50)

>x

Since fo(x) = 0 for = € [q, (Fy), ¢ (Fp)], it follows that

/< Bu(y) foly)dy = / Bi(y) foly)dy, Va1, 22 € [z () gH ()], (51)
/ Ba(y) foly)dy = / Bo(y) foly)dy, Va1, 22 € [z (o) gF(R)]. (52)

Then, for any z € [q;, (Fv), ¢¢ (Fp)], it follows from (48), (49), (50), and (51) that

/ S(a,y)dFoly) = / S(p(Fo). y)dFo(y), Ve € g (Fo), ¢ (o))

20Thomson (1979) obtain the proposition for the case when the interval I = (—oc, 00); in our case,
I = (—a,a). It can be verified that the proof for the proposition in Thomson (1979) can be easily
adapted to the case of I = (—a, a). The details are available from the authors upon request.
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which implies that

(45 (F), ¢t (Fy)] C argmin / S(z,y)dFo(y).

xT

This contradicts to that
plF) = ca () + (1 = g (F) = minfe |« € axgmin [ S(a,y)dF(y)

Therefore, p defined in (12) is not elicitable.
Fifth, it follows from Theorem 7 in Gueiting (2011) that p(F) := [xdF(x) is
elicitable with respect to P. The proof is thus completed. O
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1. Introduction. Broadly speaking, a risk measure attempts to assign a single numerical value to the random
loss of a portfolio of assets. Mathematically, let ) be the set of all the possible states of nature at the end
of an observation period, and % be the set of financial losses, which are random variables defined on ().
Then a risk measure p is a mapping from % to the real line R. Obviously, it can be problematic to use one
number to summarize the whole statistical distribution of the potential loss. Therefore, one should avoid doing
this if it is at all possible. In many cases, however, there is no other choice. Examples of such cases include
margin requirements in financial trading, insurance premiums, and regulatory capital requirements. Consequently,
choosing a good risk measure becomes a problem of great practical importance.

The Basel Accord risk measures are used for setting capital requirements for the banking books and trading
books of financial institutions. Because the Basel Accord risk measures lead to important regulations, there are
a lot of debates on what risk measures are good in the finance industry. In fact, one can even question whether
it is efficient to set up capital requirements using any risk measures. For example, in an interesting paper, Keppo
et al. [32] analyze the effect of the Basel Accord capital requirements on the behavior of a bank and show
surprisingly that imposing trading book capital requirements may in fact postpone recapitalization of the bank
and hence increase its default probability.

One of the most widely used risk measures is value-at-risk (VaR), which is a quantile at some predefined
probability level. More precisely, let F(-) be the distribution function of the random loss X; then for a given
a€(0,1), VaR of X at level « is defined as VaR,(X) :=inf{x | F(x) > a} = F~!(@). In practice, VaR(X) is
usually estimated from a sample of X, i.e., a data set X = (x,...,x,) € R™

Gordy [19] provides a theoretical foundation for the Basel Accord banking book risk measure by demonstrat-
ing that under certain conditions the risk measure is asymptotically equivalent to the 99.9% VaR. The Basel 11
and Basel III risk measures for trading books [6, 8] are both special cases of VaR with scenario analysis, which
is a class of risk measures involving calculation and comparison of VaR under different scenarios; each scenario
refers to a specific economic regime such as an economic boom and a financial crisis. The loss distributions
under different scenarios are substantially different, and hence the values of VaR calculated under different
scenarios are distinct from each other; for example, the VaR calculated under the scenario of the 2008 financial
crisis is much higher than the VaR calculated under a scenario corresponding to normal market conditions. The
exact formulae of the Basel II and Basel III risk measures are given in §4.

Although the Basel II and Basel III risk measures for trading books are of great regulatory importance, there
has been no axiomatic justification for their use. The main motivation of this paper is to investigate whether VaR,
in combination with scenario analysis, is a good risk measure for external regulation. By using the notion of
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comonotonic random variables studied in the actuarial literature such as Wang et al. [49], we shall define a
new class of risk measures that satisfy a new set of axioms. The new class of risk measures includes VaR
with scenario analysis, and particularly the Basel II and Basel III risk measures, as special cases. Thus, we
provide a theoretical framework for understanding and extending the Basel Accords when needed. Indeed, the
framework includes as special cases some proposals to address the procyclicality problem in Basel II such as
the countercyclical indexing risk measure suggested by Gordy and Howells [20].

The objective of a risk measure is an important issue that has not been well addressed in the existing literature.
In terms of objectives, risk measures can be classified into two categories: internal risk measures used for
internal risk management at individual institutions and external risk measures used for external regulation and
imposed for all the relevant institutions. The differences between internal and external risk measures mirror the
differences between internal standards (such as morality) and external standards (such as law and regulation).
Internal risk measures are applied in the interest of an institution’s shareholders or managers, whereas external
risk measures are used by regulatory agencies to maintain safety and soundness of the financial system. A risk
measure may be suitable for internal management but not for external regulation, or vice versa.

In this paper, we shall focus on external risk measures from the viewpoint of regulatory agencies. In particular,
we emphasize that an external risk measure should be robust (see §5).

The main results of the paper are as follows: (i) We postulate a new set of axioms and define a new class
of risk measures called natural risk statistics; furthermore, we give two complete characterizations of natural
risk statistics (§3.2). (ii) We show that natural risk statistics include the Basel II and Basel III risk measures as
special cases and thus provide an axiomatic framework for understanding and, if necessary, extending them (§4).
(iii) We completely characterize data-based coherent risk measures and show that no coherent risk measure is
robust with respect to small changes in the data (§§3.3 and 5.6). (iv) We completely characterize data-based
insurance risk measures and show that no insurance risk measure is robust with respect to model misspecification
(883.4 and 5.6). (v) We argue that an external risk measure should be robust, motivated by philosophy of
law and issues in external regulations (§5). (vi) We show that median shortfall, a special case of natural risk
statistics, is more robust than expected shortfall suggested by coherent risk measures (§5.4). (vii) We show that
natural risk statistics include a subclass of robust risk measures that are suitable for external regulation (§5.5).
(viii) We provide other critiques of the subadditivity axiom of coherent risk measures from the viewpoints of
diversification and bankruptcy protection (§6). (ix) We derive the Euler capital allocation rule under a subclass
of natural risk statistics including the Basel II and III risk measures (§7).

2. Review of existing risk measures.

2.1. Coherent and convex risk measures. Artzner et al. [5] propose the coherent risk measures that satisfy
the following three axioms:

AxioM Al. Translation invariance and positive homogeneity: p(aX + b) = ap(X) + b, Ya >0, Vb € R,
VX e¥.

AxioMm A2. Monotonicity: p(X) <p(Y), if X <Y.
Axiom A3. Subadditivity: p(X+Y) <p(X)+p(Y), VX, Y €%.

Axiom Al states that the risk of a financial position is proportional to its size, and a sure loss of amount b
simply increases the risk by b. Axiom Al is proposed from the accounting viewpoint. For external risk measures
such as those used for setting margin deposits and capital requirements, the accounting-based axiom seems to
be reasonable. Axiom A2 is a minimum requirement for a reasonable risk measure. What is questionable lies
in Axiom A3, which basically means that “a merger does not create extra risk” (see Artzner et al. [5, p. 209]).
We will discuss the controversies related to this axiom in §6. Artzner et al. [5] and Delbaen [11] also present
an equivalent approach for defining coherent risk measures via acceptance sets. Follmer and Schied [14] and
Frittelli and Gianin [15] propose the convex risk measures that relax Axioms Al and A3 to a single convexity
axiom: p(AX + (1 —A)Y) <Ap(X)+ (1 —=MA)p(Y), VX, Y €%, VA€ ][O, 1].

A risk measure p is coherent if and only if there exists a family @ of probability measures such that p(X) =
supyee{EC[X]}, VX € %, where E?[X] is the expectation of X under the probability measure Q (see Huber [25],
Artzner et al. [5], Delbane [11]). Each Q € @ can be viewed as a prior probability, so measuring risk by a
coherent risk measure amounts to computing the maximal expectation under a set of prior probabilities. Coherent
and convex risk measures are closely connected to the good deal bounds of asset prices in incomplete markets
(see, e.g., Jaschke and Kiichler [30], Staum [45]).
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Artzner et al. [5] suggest using a specific risk measure called tail conditional expectation (TCE). TCE at level
a of X is defined as
TCE,(X) :=E[X | X > VaR,(X)]. (1)

However, TCE does not generally satisfy subadditivity (see, e.g., Acerbi and Tasche [2, Example 5.4]); hence,
the expected shortfall (ES) is introduced in Acerbi et al. [1], Tasche [47], and Acerbi and Tasche [2] as a
modification of TCE and is shown to be a coherent risk measure. Conditional value-at-risk (CVaR) is introduced
in Rockfellar and Uryasev [39] which is equivalent to ES. The ES (or, equivalently, CVaR) at level a of X with
the distribution function F(-) is defined to be (Rockfellar and Uryasev [39])

ES,(X) := mean of the a-tail distribution of X, (2)
where the a-tail distribution of X is defined by the distribution function:

0, for x < VaR ,(X)

F, x(x):= _ 3
, M for x > VaR (X). ©
l—a
If F(-) is continuous, then the «a-tail distribution is the same as the distribution of X conditional on that
X >VaR,(X), and ES,(X) = TCE,_(X).
A risk measure is called a law-invariant coherent risk measure (Kusuoka [34]) if it satisfies Axioms A1-A3
and the following Axiom A4:

AxioM A4. Law invariance: p(X)=p(Y), if X and Y have the same distribution.

Insisting on a coherent or convex risk measure rules out the use of VaR because VaR does not universally
satisfy subadditivity or convexity. The exclusion of VaR gives rise to a serious inconsistency between academic
theories and governmental practices. By requiring subadditivity only for comonotonic random variables, we will
define a new class of risk measures that include VaR and, more importantly, VaR with scenario analysis, thus
eliminating the inconsistency (see §3).

2.2. Insurance risk measures. Wang et al. [49] propose the insurance risk measures that satisfy the fol-
lowing axioms:

AxioM B1l. Law invariance: the same as Axiom A4.

AxioM B2. Monotonicity: p(X) < p(Y), if X <Y almost surely.

AxioM B3.  Comonotonic additivity: p(X +Y) = p(X)+ p(Y), if X and Y are comonotonic. (X and Y are
comonotonic if (X(w,) — X(,))(Y(w,) — Y (w,)) >0 holds almost surely for w, and w, in ().)

Axiom B4. Continuity:
iirr(l)p((X —d)H) =p(X"), dlim p(max(X, d)) = p(X), and ‘}im p(min(X, d)) = p(X), VX,

where xT :=max(x, 0), Vx € R.
AxioM BS5.  Scale normalization: p(1) = 1.

Comonotonic random variables are studied by Yaari [50], Schmeidler [41], Denneberg [12], and others. If
two random variables X and Y are comonotonic, X(w) and Y (w) always move in the same direction however
the state w changes. For example, the payoffs of a call option and its underlying asset are comonotonic.

Wang et al. [49] show that p is an insurance risk measure if and only if p has a Choquet integral representation
with respect to a distorted probability:

0 )
p(X)=[ Xd(goP)=[ (s(P(X>1)—1)di+ [ g(P(X>1)d, @)
—o0 0
where g(-) is called the distortion function, which is nondecreasing and satisfies g(0) =0 and g(1) = 1. The

function go P is called the distorted probability and defined by go P(A) := g(P(A)) for any event A. In general,
an insurance risk measure does not satisfy subadditivity unless g(-) is concave (Denneberg [12]). Unlike coherent
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risk measures, an insurance risk measure corresponds to a fixed distortion function g and a fixed probability
measure P, so it does not allow one to compare different distortion functions or different priors.

VaR with scenario analysis, such as the Basel II and Basel III risk measures (see §4 for their definition), is
not an insurance risk measure, although VaR itself is an insurance risk measure. The main reason that insurance
risk measures cannot incorporate scenario analysis or multiple priors is that they require comonotonic additivity.
Wang et al. [49] impose comonotonic additivity based on the argument that comonotonic random variables do not
hedge against each other. However, comonotonic additivity holds only if a single prior is considered. If multiple
priors are considered, one can get strict subadditivity rather than additivity for comonotonic random variables.
Hence, Axiom B3 may be too restrictive. To incorporate multiple priors, we shall relax the comonotonic additivity
to comonotonic subadditivity (see §3).

The mathematical concept of comonotonic subadditivity is also studied independently by Song and Yan [42],
who give a representation of the functionals satisfying comonotonic subadditivity or comonotonic convexity from
a mathematical perspective. Song and Yan [43] give a representation of risk measures that respect stochastic
orders and are comonotonically subadditive or convex. There are several major differences between their work
and this paper: (i) The new risk measures proposed in this paper are different from those considered in Song
and Yan [42, 43]. In particular, the new risk measures include VaR with scenario analysis, such as the Basel 1I
and Basel III risk measures, as a special case. However, VaR with scenario analysis is not included in the
class of risk measures considered by Song and Yan [42, 43]. (ii) The framework of Song and Yan [42, 43]
is based on subjective probability models, but the framework of the new risk measures is explicitly based on
data and scenario analysis (§3.1). (iii) We provide legal and economic reasons for postulating the comonotonic
subadditivity axiom (§§5 and 6). (iv) We provide two complete characterizations of the new risk measures (§3.2).
(v) We completely characterize the data-based coherent and insurance risk measures so that we can compare
them with the new risk measures (§§3.3 and 3.4).

3. Natural risk statistics.

3.1. Risk statistics: Data-based risk measures. In external regulation, the behavior of the random loss X
under different scenarios is preferably represented by different sets of data observed or generated under those
scenarios because specifying accurate models for X (under different scenarios) is usually very difficult. More

precisely, suppose the behavior of X is represented by a collection of data ¥ = (%!, X%,..., ") € R", where
¥ =(x{,...,x))eR" is the data subset that corresponds to the ith scenario and n; is the sample size of X';
ny+n,+---+n,=n.Foreachi=1,...,m, ¥ can be a data set based on historical observations, hypothetical

samples simulated according to a model, or a mixture of observations and simulated samples. X can be either
discrete or continuous. For example, the data used in the calculation of the Basel III risk measure comprise
120 data subsets corresponding to 120 different scenarios (m = 120); see §4 for the details of the Basel III risk
measures.

A risk statistic p is simply a mapping from R" to R. It is a data-based risk measure that maps %, the data
representation of the random loss X, to p(X), the risk measurement of X. In this paper, we will define a new
set of axioms for risk statistics instead of risk measures because (i) risk statistics can directly measure risk
from observations without specifying subjective models, which greatly reduces model misspecification error;
(ii) risk statistics can incorporate forward-looking views or prior knowledge by including data subsets generated
by models based on such views or knowledge; and (iii) risk statistics can incorporate multiple prior probabilities
on the set of scenarios that reflect multiple beliefs about the probabilities of occurrence of different scenarios.

3.2. Axioms and a representation of natural risk statistics. First, we define the notion of scenario-wise
comonotonicity for two sets of data, which is the counterpart of the notion of comonotonicity for two random
variables. ¥ = (', %%,...,%") e R" and 3 = (3!, 3%, ...,3") € R" are scenario-wise comonotonic if for Vi,
V1 <j,k <n, it holds that (x} — x;)(¥; —y;) > 0. Let X and j represent the observations of random losses X
and Y, respectively; then X and y are scenario-wise comonotonic means that X and Y move in the same direction
under each scenario i, i =1, ..., m, which is consistent with the notion that X and Y are comonotonic.

Next, we postulate the following axioms for a risk statistic p.

Axiom Cl. Positive homogeneity and translation scaling: p(ax + bl) = ap(X) + sb, VX € R", Va >0,
Vb € R, where s > 0 is a scaling constant, and 1=(1,1,...,1) e R".

Axiom C2. Monotonicity: p(x) < p(3), if X <3, where X <3 means x§ < y},j: L...,n3i=1,...,m
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These two axioms (with s = 1 in Axiom C1) are the counterparts of Axioms Al and A2 for coherent risk
measures. Axiom C1 clearly yields p(0-1) =0 and p(b1) = sb for any b € R, and Axioms C1 and C2 imply
that p is continuous. Indeed, suppose p satisfies Axioms C1 and C2. Then for any X € R", ¢ >0, and y € R"
satisfying ¥ — el <y < X + €1, by Axiom C2 we have p(x — el) < p(¥) < p(% + £1). Applying Axiom CI, the
inequality further becomes p(X) — se < p(¥) < p(¥) + s&, which establishes the continuity of p.

AxioMm C3. Scenario-wise comonotonic subadditivity: p(X + y) < p(x) + p(¥), for any X and y that are
scenario-wise comonotonic.

Axiom C3 relaxes the subadditivity requirement, Axiom A3, in coherent risk measures so that subadditivity
is only required for comonotonic random variables. It also relaxes the comonotonic additivity requirement,
Axiom B1, in insurance risk measures. In other words, if one believes either Axiom A3 or Axiom B3, then one
has to believe the new Axiom C3.

Axiom C4. Empirical law invariance:

A=l =2 ~m)_’\(l 1 2 2 m m )
p(x,x,...,x =P, o Xy X s X e X X

for any permutation (p; ;,...,p;,) of (1,2,...,n), i=1,....,m

This axiom is the counterpart of the law invariance Axiom A4. It means that if two data sets X and y have
the same empirical distributions under each scenario, i.e., the same order statistics under each scenario, then X
and y should give the same measurement of risk.

A risk statistic p : R" — R is called a natural risk statistic if it satisfies Axioms C1-C4. The following
theorem completely characterizes natural risk statistics.

THEOREM 3.1. (i) For a given constant s > 0 and a given set of weights W = {w} C R" with each W =

(w},..., w}” sees Wi wy ) €W satisfying the following conditions
ny n, My
Zw}+2wf+--~+2w}”:l, 5)
j=1 j=1 j=1
w’>0 j=1, Jnpi=1,...,m, (6)

define a risk statistic p :R" — R as follows:

ny Ny,
p(X):=s- sup{Zw x(/)+Zw X(y - -}—Zw’”x%} Vi=(%',...,i") eR", )

welW
where (xél), cee xén_)) is the order statistics of X' = (xi, . .. ) with x ) being the largest, i=1, ..., m. Then

the p defined in (7) is a natural risk statistic.
(ii) If p is a natural risk statistic, then there exists a set of weights W = {w} C R" such that each w =
(wi,...,wl oo wh oo w™) €W osatisfies condition (5) and (6), and

ny

n ny,
p(R)=s- sup{wa(DnLwax(zj)-{- +Zw’"xf'})} Vi=(§,..., @) eR". ®)

wel

ProOOE. See Appendix A.

The main difficulty in proving Theorem 3.1 lies in part (ii). Axiom C3 implies that p satisfies subadditiv-
ity on scenario-wise comonotonic sets of R", such as the set B:={y=((",...,y)eR" |yl <y <--- <
yn1 B g V- Yo }. However, unlike the case of coherent risk measures, the existence of a set of
weights 7/ that satlsﬁes (8) does not follow easily from the proof developed by Huber [25]. The main difference
here is that the set 93 is not an open set in R”. The boundary points do not have properties as nice as the interior
points do, and treating them involves greater effort. In particular, one should be very cautious when using the
results of separating hyperplanes. For the case of m =1 (one scenario), Ahmed et al. [4] provide alternative
shorter proofs for Theorems 3.1 and 3.3 using convex duality theory after seeing the first version of this paper.

Natural risk statistics can also be characterized via acceptance sets, as in the case of coherent risk measures.
We show in Appendix B that for a natural risk statistic p, the risk measurement p(X) is equal to the minimum
amount of cash that has to be added to the position corresponding to X to make the modified position acceptable.
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3.3. Comparison with coherent risk measures. To formally compare natural risk statistics with coherent
risk measures, we first define the coherent risk statistics, the data-based versions of coherent risk measures.
A risk statistic p:R" — R is called a coherent risk statistic if it satisfies Axioms C1 and C2 and the following
Axiom E1.

AxioM El. Subadditivity: p(x+3) < p(X)+p(3), VX, y €eR".

THEOREM 3.2. A risk statistic p is a coherent risk statistic if and only if there exists a set of weights
W ={w} CR”" such that each W € W satisfies (5) and (6), and

n

n m
p(x)=s- sup{Zw 1-+Zw]2-sz»+---+2w}"x}”}, Vi=(F',..., ¥ eR". 9)
j=1

wen j=1

PrOOF. The proof for the “if” part is trivial. To prove the “only if” part, suppose p is a coherent risk statistic.
Let ® ={6,,...,0,} be a set with n elements and Z be the set of all real-valued functions defined on ©.
Define the functional E*(Z) := (1/5)p(Z(6,), Z(6,), ...,Z(8,)), VZ € Z. By Axioms Cl, C2, and El, E*(-)
satisfies the conditions in Huber and Ronchetti [26, Proposition 10.1, p. 252], so the result follows by applying
that proposition.

Natural risk statistics satisfy empirical law invariance, and coherent risk statistics do not. To better compare
natural risk statistics and coherent risk measures, we define empirical-law-invariant coherent risk statistics, which
are the counterparts of law-invariant coherent risk measures. A risk statistic p: R" — R is called an empirical-
law-invariant coherent risk statistic if it satisfies Axioms C1, C2, C4, and E1. The following theorem completely
characterizes empirical-law-invariant coherent risk statistics.

THEOREM 3.3. (i) For a given constant s > 0 and a given set of weights W = {w} C R" with each W =
(w},...,w wy', ..., wy' ) € W satisfying the following conditions

TR

n,

Zw +Zw +- +Zw (10)

w;zO, j=1,....n5i=1,...,m, (11)
w’]fwlzf .Swi’.’ i=1""9m» (12)
define a risk statistic
p(X):=s-su {Zw x(]) +Zw x(j) +- +Zw’"x$)} Vi=(&',...,¥") eR", (13)
weTl j=1 j=1
where (x{,), . .., X(,,) is the order statistics of X' = (x|, ..., x, ) with x{, | being the largest, i=1, ..., m. Then

the p defined in (13) is an empirical-law-invariant coherent risk statistic.
(i) If p is an empirical-law-invariant coherent risk statistic, then there exists a set of weights W = {w} C R"
such that each w € W satisfies (10), (11), and (12), and

p(X)=s- sup{Zu) x(])—}—Zw X(y - —I—Zw x(])} Vi=(%',...,¥) eR". (14)

weW j=1 j=1
ProoF. See Appendix C.

Theorems 3.1 and 3.3 set out the main differences between natural risk statistics and coherent risk measures:
(i) Any empmcal law-invariant coherent risk statistic assigns larger weights to larger observations because both
xéj) and w; increase when j increases; by contrast, natural risk statistics are more general and can assign any
weights to the observations. (ii) VaR and VaR with scenario analysis, such as the Basel II and Basel III risk
measures (see their definition in §4), are not empirical-law-invariant coherent risk statistics because VaR does
not assign larger weights to larger observations when it is estimated from data. However, VaR and VaR with
scenario analysis are natural risk statistics, as will be shown in §4. (iii) Empirical-law-invariant coherent risk

statistics are a subclass of natural risk statistics.
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3.4. Comparison with insurance risk measures. Insurance risk statistics, the data-based versions of insur-
ance risk measures, can be defined similarly. A risk statistic p: R” — R is called an insurance risk statistic if it
satisfies the following Axioms 1-4.

Axiom 1. Empirical law invariance: the same as Axiom C4.
AXIOM 2. Monotonicity: p(X) < p(y) if X <3.

AxioM 3. Scenario-wise comonotonic additivity: p(X + y) = p(X) + p(3), if X and y are scenario-wise
comonotonic.

AxioMm 4. Scale normalization: p(1) = s, where s > 0 is a constant.

THEOREM 3.4. p is an insurance risk statistic if and only if there exists a single weight W = (wj, ...,

w},l,...,w{”,...,w:l)eR” with w}zOforjzl,...,ni; i:l,...,mandz:-"zlz;"zle.:l, such that
ny ny Ny
p(x) = S(Z wjxgy + 2 Wiy e ) w_’,.”xg)), Vi= (L&, .. ) eRY, (15)
j=1 Jj=1 Jj=1
where (xél), .. ,xéni)) is the order statistics of X' = (xi,. .., xf,i), i=1,...,m.

Proor. See Appendix D.

Comparing Theorem 3.1 and 3.4 highlights the major differences between natural risk statistics and insurance
risk measures: (i) An insurance risk statistic corresponds to a single weight vector w, but a natural risk statistic
can incorporate multiple weights. (ii) VaR with scenario analysis, such as the Basel II and III risk measures,
is not a special case of insurance risk statistics but a special case of natural risk statistics. (iii) Insurance risk
statistics are a subclass of natural risk statistics.

ExampLE 3.1. Although natural risk statistics include both empirical-law-invariant coherent risk statistics
and insurance risk statistics, not all risk statistics are natural risk statistics. For instance, for a constant p > 1,
we define the risk measure p (X) := [ |u|’dF, y(u), where F, y(-) is defined in (3). For X with a con-
tinuous distribution, p,(X) is equal to E[|X]” | X > VaR,(X)], which is called the shortfall risk measure
in Tasche [46]. Then the risk statistic corresponding to the risk measure p, is not a natural risk statistic
because it does not satisfy comonotonic subadditivity. Indeed, in the one-scenario case, for a set of observations
X =(xy,...,x,) of X, the risk statistic corresponding to p, is defined by p () := [~ |u|? dﬁa,x(u), where
ﬁa,X(u) = ((F,(u)—a)/(1 —a)) - Vs e ) [-] is the ceiling function and F, is the empirical distribution
function of X. Then it can be shown that

k—an 1 "
P, () = ——=|xpl"+ —— 2 |xyl", k=[nal.
(1—a)yn™® (1—a)n j:%i—l 0
Suppose that ¥ and y = (y;, ..., y,) are comonotonic, and x; >0 and y; > 0 for all j > k, then
o k—an 1 "
ps(X+7) =m(x(k) +yw)’ + (—an j;l(x(j) +y;)"
s AT ) e 3 (30 ) = D) 4 A,
(1—a)n (k) (k) (1—a)n it ) ) s s

4. Axiomatization of the Basel II and Basel III risk measures. The Basel II Accord [6] specifies that the
capital charge for the trading book on any particular day ¢ for banks using the internal models approach should
be calculated by the formula

60

c,:max{VaR,l,k~61—OZVaR,i}, (16)
i=1

where k is a constant that is no less than 3; VaR,_; is the 10-day VaR at 99% confidence level calculated on day

t—i,i=1,...,60. VaR,_; is usually estimated from a data set X' = (xi, x5, ..., x! ) € R", which is generated

by historical simulation or Monte Carlo simulation (Jorion [31]). '

Adrian and Brunnermeier [3] point out that risk measures based on contemporaneous observations, such as
the Basel II risk measure (16), are procyclical; i.e., risk measurement obtained by such risk measures tends
to be low in booms and high in crises, which impedes effective regulation. Gordy and Howells [20] examine
the procyclicality of Basel II from the perspective of market discipline. They show that the marginal impact
of introducing Basel II depends strongly on the extent to which market discipline leads banks to vary lending
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standards procyclically in the absence of binding regulation. They also evaluate policy options not only in terms
of their efficacy in dampening cyclicality in capital requirements but also in terms of how well the information
value of Basel II market disclosures is preserved.

Scenario analysis can help to reduce procyclicality by using not only contemporaneous observations but also
data under distressed scenarios that capture rare tail events that could cause severe losses. Indeed, to respond to
the financial crisis that started in late 2007, the Basel committee recently proposed the Basel III risk measure
for setting capital requirements for trading books [8], which is defined by

60 60
¢, = maX{VaR,_l, k- 1 ZVﬂRH} + max{sVaR,_1 - 1 ZsVaR,_,-}, (17)
60 i 60 ;5
where VaR,_; is the same as in (16); k and ¢ are constants no less than 3; and sVaR,_; is called the stressed
VaR on day ¢ — i, which is calculated under the scenario that the financial market is under significant stress as
happened during the period from 2007 to 2008. The additional capital requirements based on stressed VaR help
reduce the procyclicality of the original risk measure (16).

In addition to the capital charge specified in (17), the Basel III Accord requires banks to hold additional
incremental risk capital charge (IRC) against potential losses resulting from default risk, credit migration risk,
credit spread risk, etc., in the trading book, which are incremental to the risks captured by the formula (17)
(Basel Committee on Banking Supervision [7, 8]). The IRC capital charge on the rth day is defined as

|
IRC, = max{VaR1r —

60
t—1° 60 ZvaR;r—t}’ (18)

i=l

where VaR!" ; is defined as the 99.9% VaR of the trading book loss due to the aforementioned risks over a
one-year horizon calculated on day ¢ —i. The VaRi,i,. should be calculated under the assumption that the portfolio
is rebalanced to maintain a target level of risk and that less liquid assets have long liquidity horizons (see [7]).
Glasserman [18] analyzes the features of the IRC risk measure, with particular emphasis on the impact of the
liquidity horizons nested within the long risk horizon of one year on the portfolio’s loss distribution.

The Basel II and Basel III risk measures do not belong to any existing theoretical framework of risk measures
proposed in the literature, but they are special cases of natural risk statistics, as is shown by the following

theorems.

THEOREM 4.1. The Basel Il risk measure defined in (16) and the Basel Il risk measure defined in (17) are
both special cases of natural risk statistics.

ProoOE. See Appendix E.

THEOREM 4.2. The Basel Il risk measure for incremental risk defined in (18) is a special case of natural
risk statistics.

Proork. See Appendix E.

Natural risk statistics thus provide an axiomatic framework for understanding and, if necessary, extending
the Basel Accords. Having such a general framework then facilitates searching for other external risk measures
suitable for banking regulation.

ExampLE 4.1. The regulators may have different objectives in choosing external risk measures. For example,
as we shall explain in the next section, it is desirable to make them robust. Another objective is to choose less
procyclical risk measures. Gordy and Howells [20] propose to mitigate the procyclicality of c,, the Basel 1I
capital requirement, by a method called countercyclical indexing. This applies a time-varying multiplier «, to
¢, and generates a smoothed capital requirement «,c,, where «, increases during booms and decreases during
recessions to dampen the procyclicality of c,. In the static setting, the multiplier «, corresponds to the scaling
constant s in Axiom Cl1; thus, natural risk statistics provide an axiomatic foundation in the static setting for the
method of countercyclical indexing. Although the current paper focuses on static risk measures, it would be of
interest to study axioms for dynamic risk measures that also depend on business cycles.

5. Robustness of external risk measures.

5.1. The meaning of robustness. A risk measure is said to be robust if (i) it can accommodate model
misspecification (possibly by incorporating multiple scenarios and models) and (ii) it is insensitive to small
changes in the data, i.e., small changes in all or large changes in a few of the samples (possibly by using
robust statistics).
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The first part of the meaning of robustness is related to ambiguity and model uncertainty in decision theory. To
address these issues, multiple priors or multiple alternative models represented by a set of probability measures
may be used; see, e.g., Gilboa and Schmeidler [17], Maccheroni et al. [36], and Hansen and Sargent [21]. The
second part of the meaning of robustness comes from the study of robust statistics, which is mainly concerned
with the statistical distribution robustness; see, e.g., Huber and Ronchetti [26]. Appendix F presents a detailed
mathematical discussion of robustness.

5.2. Legal background. Legal realism, one of the basic concepts of law, motivates us to argue that exter-
nal risk measures should be robust because robustness is essential for law enforcement. Legal realism is the
viewpoint that the legal decisions of a court are determined by the actual practices of the judges rather than the
law set forth in statutes and precedents. All the legal rules contained in statutes and precedents are uncertain
because of the uncertainty in human language and because human beings are unable to anticipate all possible
future circumstances (Hart [22, p. 128]). Hence, a law is only a guideline for judges and enforcement officers
(Hart [22, pp. 204-205]); i.e., it is only intended to be the average of what judges and officers will decide. This
concerns the robustness of law; i.e., a law should be established in such a way that different judges will reach
similar conclusions when they implement it. In particular, consistent enforcement of an external risk measure in
banking regulation requires that it should be robust with respect to underlying models and data.

An illuminating example manifesting the concept of legal realism is how to set up speed limits on roads,
which is a crucial issue involving life and death decisions. Currently, the American Association of State Highway
and Transportation Officials recommends setting speed limits near the 85th percentile of the free flowing traffic
speed observed on the road with an adjustment taking into consideration that people tend to drive 5 to 10
miles above the posted speed limit (Transportation Research Board of the National Academies [48, p. 51]).
This recommendation is adopted by all states and most local agencies. The 85th percentile rule appears to be
a simple method, but studies have shown that crash rates are lowest at around the 85th percentile. The 85th
percentile rule is robust in the sense that it is based on data rather than on some subjective model and it can be
implemented consistently.

5.3. Robustness is indispensable for external risk measures. In determining capital requirements, regu-
lators impose a risk measure and allow institutions to use their own internal risk models and private data in the
calculation. For example, the internal model approach in Basel II and III allows institutions to use their own
internal models to calculate their capital requirements for trading books because of various legal, commercial,
and proprietary trading considerations. However, there are two issues arising from the use of internal models
and private data in external regulation: (i) the data can be noisy, flawed, or unreliable, and (ii) there can be
several statistically indistinguishable models for the same asset or portfolio because of limited availability of
data. For example, the heaviness of tail distributions cannot be identified in many cases. Heyde and Kou [23]
show that it is very difficult to distinguish between exponential-type and power-type tails with 5,000 observations
(about 20 years of daily observations) because the quantiles of exponential-type distributions and power-type
distributions may overlap. For example, surprisingly, a Laplace distribution has a larger 99.9% quantile than
the corresponding T distribution with degree of freedom (d.f.) 6 or 7. Hence, regardless of the sample size, the
Laplace distribution may appear to be more heavily tailed than is the T distribution up to the 99.9% quantile. If
the quantiles have to be estimated from data, the situation is even worse. In fact, with a sample size of 5,000 it is
difficult to distinguish between the Laplace distribution and the T distributions with d.f. 3, 4, 5, 6, and 7 because
the asymptotic 95% confidence interval of the 99.9% quantile of the Laplace distribution overlaps with those
of the T distributions. Therefore, the tail behavior may be a subjective issue depending on people’s modeling
preferences.

To address the aforementioned two issues, external risk measures should demonstrate robustness with respect
to model misspecification and small changes in the data. From a regulator’s viewpoint, an external risk measure
must be unambiguous, stable, and capable of being implemented consistently across all the relevant institutions,
no matter what internal beliefs or internal models each may rely on. When the correct model cannot be identified,
two institutions that have exactly the same portfolio can use different internal models, both of which can obtain
the approval of the regulator; however, the two institutions should be required to hold the same or at least almost
the same amount of regulatory capital because they have the same portfolio. Therefore, the external risk measure
should be robust; otherwise, different institutions can be required to hold very different regulatory capital for
the same risk exposure, which makes the risk measure unacceptable to both the institutions and the regulators.
In addition, if the external risk measure is not robust, institutions can take regulatory arbitrage by choosing a
model that significantly reduces the capital requirements or by manipulating the input data.
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5.4. Median shortfall: A robust risk measure. We propose a robust risk measure, median shortfall (MS),
which is a special case of natural risk statistics. MS is defined by replacing the “mean” in the definition of ES
by “median.” More precisely, MS of X at level « is defined as

MS_(X) := median of the a-tail distribution of X,

where the a-tail distribution of X is defined in (3). It can be shown that for any X, MS at level a of X is equal
to VaR of X at level (1+ @)/2, i.e.,

MS,(X) = VaR ;.o 2(X), VX, Vae(0,1). (19)

Equation (19) shows that VaR at a higher level can incorporate tail information, which contradicts the claims
in some of the existing literature. For example, if one wants to measure the size of loss beyond the 99% level,
one can use VaR at 99.5%, or, equivalently, MS at 99%, which gives the median of the size of loss beyond 99%.
It is also interesting to point out that MS,(X +Y) <MS,(X) +MS,(Y) may hold for those X and Y that cause
VaR,(X 4+ Y) > VaR ,(X) 4+ VaR(Y); in other words, subadditivity may not be violated if one replaces VaR,
by MS,. Here are two such examples: (i) The example on page 216 of Artzner et al. [5] shows that 99% VaR
does not satisfy subadditivity for the two positions of writing an option A and writing an option B. However,
99% MS (or, equivalently, 99.5% VaR) does satisfy subadditivity. Indeed, the 99% MS of the three positions
of writing an option A, writing an option B, and writing options A + B are equal to 1000 — «, 1000 — [, and
1000 — u — 1, respectively. (ii) The example in Artzner et al. [5, p. 217] shows that the 90% VaR does not satisfy
subadditivity for X, and X,. However, the 90% MS (or, equivalently, 95% VaR) does satisfy subadditivity.
Actually, the 90% MS of X, and X, are both equal to 1. By simple calculation, P(X; + X, < —2) =0.005 < 0.05,
which implies that the 90% MS of X, + X, is strictly less than 2.

MS can be shown to be more robust than ES by at least three tools in robust statistics: (i) influence functions,
(ii) asymptotic breakdown points, and (iii) finite sample breakdown points. See Appendix F. See also Cont
et al. [9] for discussion on robustness of risk measures.

ES is also highly model dependent and particularly sensitive to modeling assumptions on the extreme tails of
loss distributions because the computation of ES relies on these extreme tails, as is shown by (F1) in Appendix F.
Figure 1 illustrates the sensitivity of ES to modeling assumptions. MS is clearly less sensitive to tail behavior
than ES because the changes of MS with respect to the changes of loss distributions have narrower ranges than
do those of ES.

5.5. Robust natural risk statistics. Natural risk statistics include a subclass of risk statistics that are robust
in two respects: (i) they are insensitive to model misspecification because they incorporate multiple scenarios,
multiple prior probability measures on the set of scenarios, and multiple subsidiary risk statistics for each
scenario, and (ii) they are insensitive to small changes in the data because they use robust statistics for each
scenario.

Let p be a natural risk statistic defined as in (7) that corresponds to the set of weights %#. Define the map

¢: W — R™ x R" such that @ — ¢(w) := (p, §), where p:= (p',...,p"), p=2 L wh i=1,...,m
G:=(qis sy Qs )s 4= 1 gwi/p'. Since p' >0 and 37", p' =1, p can be viewed as a
prior probability distribution on the set of scenarios. Then p can be rewritten as
p =5 sup NS i) where 5= i, 20)
(P.g)ed (W) Li=1 j=1

Each weight w € 9 then corresponds to ¢(w) = (p, g) € (W), which specifies: (i) the prior probability
measure p on the set of scenarios and (ii) the subsidiary risk statistic p"9 for each scenario i, i=1,...,m.
Hence, p can be robust with respect to model misspecification by incorporating multiple prior probabilities p
and multiple risk statistics p"9 for each scenario. In addition, p can be robust with respect to small changes in
the data if each subsidiary risk statistic p"9 is a robust statistic.

ExAMPLE 5.1. MS (or, equivalently, VaR at a higher confidence level) is a robust statistic. Another example
of robust statistics is the sample version of the following new risk measure which we call trimmed average
VaR (tav):

B
pran(X) :=B%a [P wa, @21)
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FIGURE 1. Comparing the robustness of expected shortfall (ES) and median shortfall (MS) with respect to model misspecification. ES, and
MS,, are calculated for Laplace and T distributions with degree of freedom 3, 5, and 12, which are normalized to have mean 0 and variance 1.
The horizontal axis is log(1 — a) for a € [0.95,0.999]. For a =99.6%, the variation of ES, with respect to the change in the underlying
models is 1.44, but the variation of MS,, is only 0.75.

where 0<a<fB<1,eg, a=99%, 3=99.9%. p,, is robust because it does not involve quantiles with levels
higher than B. It can be shown that the sample version of p,,, corresponding to the data X' is given by

P 1 ky;—na Ll i I+nB—ky; ,
e e R e N R T ]
J=ky i+ !

ExampLE 5.2. The Basel II risk measure (16) is robust to a certain extent because (i) each subsidiary risk
statistic is a VaR, which is robust, and (ii) the risk measure incorporates two priors of probability distributions
on the set of scenarios. More precisely, one prior assigns probability 1/k to the scenario of day r —1 and 1 —1/k
to an imaginary scenario under which losses are identically O; the other prior assigns probability 1/60 to each
of the scenarios corresponding to day t —i,i=1,...,60.

ExaMPLE 5.3. The Basel III risk measure (17) is more robust than is the Basel II risk measure (16) because
it incorporates 60 more scenarios and it essentially incorporates two more priors of probability measures on the
set of scenarios.

EXAMPLE 5.4.  Similar to the Basel II risk measure (16), the Basel III IRC risk measure (18) is robust in
the sense that each subsidiary risk statistic VaR]" ; is robust, and the risk measure incorporates two priors of
probability distributions on the set of scenarios.

5.6. Neither law-invariant coherent risk measures nor insurance risk measures are robust. No law-
invariant coherent risk measure is robust with respect to small changes in the data. Indeed, by Theorem 3.3, an
empirical-law-invariant coherent risk statistic p can be represented by (14), where for each weight w, wj. isa
nondecreasing function of j. Hence, any empirical-law-invariant coherent risk statistic assigns larger weights to
larger observations, but assigning larger weights to larger observations is clearly sensitive to small changes in
the data. An extreme case is the maximum loss max{x( yi=1,. , m}, which is not robust at all. In general,
the finite sample breakdown point (see Huber and Ronchetti [26, Chap 11] for definition) of any empirical-law-
invariant coherent risk statistic is equal to 1/(1 + n), which implies that one single contamination sample can
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cause unbounded bias. In particular, ES is sensitive to modeling assumptions of heaviness of tail distributions
and to outliers in the data, as is shown in §5.4.

No insurance risk measure is robust to model misspecification. An insurance risk measure can incorporate
neither multiple priors of probability distributions on the set of scenarios nor multiple subsidiary risk statistics
for each scenario because it is defined by a single weight vector w, as is shown in Theorem 3.4.

5.7. Conservative and robust risk measures. One risk measure is said to be more conservative than another
if it generates higher risk measurement than the other for the same risk exposure. The use of more conservative
risk measures in external regulation is desirable from a regulator’s viewpoint because it generally increases the
safety of the financial system. Of course, risk measures that are too conservative may retard economic growth.

There is no contradiction between the robustness and the conservativeness of external risk measures. Robust-
ness addresses the issue of whether a risk measure can be implemented consistently, so it is a requisite property
of a good external risk measure. Conservativeness addresses the issue of how stringently an external risk measure
should be implemented, given that it can be implemented consistently. In other words, an external risk measure
should be robust in the first place before one can consider the issue of how to implement it in a conservative
way. In addition, it is not true that ES is more conservative than is MS because the median can be bigger than
the mean for some distributions.

A natural risk statistic can be constructed by (7) in the following ways so that it is both conservative and
robust: (i) more data subsets that correspond to stressed scenarios can be included in (7), and (ii) a larger
constant s in (7) can be used. For example, adding 60 stressed scenarios makes (17) much more conservative
than is (16), and a larger k or £ in (17) can be used by regulators to increase the capital requirements.

6. Other reasons to relax subadditivity.

6.1. Diversification and tail subadditivity of VaR. The subadditivity axiom is related to the idea that
diversification does not increase risk; the convexity axiom for convex risk measures also comes from the idea
of diversification. There are two main justifications for diversification. One is based on the simple observation
that 0(X+Y) <o (X)+ o(Y), for any two random variables X and Y with finite second moments, where o (-)
denotes standard deviation. The other is based on expected utility theory. Samuelson [40] shows that any investor
with a strictly concave utility function will uniformly diversify among independently and identically distributed
(i.i.d.) risks with finite second moments; see, e.g., McMinn [37], Hong and Herk [24], and Kijima [33] for
the discussion on whether diversification is beneficial when the asset returns are dependent. Both justifications
require that the risks have finite second moments.

Is diversification still preferable for risks with infinite second moments? The answer can be no. Ibragimov
[27, 28] and Ibragimov and Walden [29] show that diversification is not preferable for risks with extremely
heavy tailed distributions (with tail index less than 1) in the sense that (i) the loss of the diversified portfolio
stochastically dominates that of the undiversified portfolio at the first order and second order, and (ii) the
expected utility of the (truncated) payoff of the diversified portfolio is smaller than that of the undiversified
portfolio. They also show that investors with certain S-shaped utility functions would prefer nondiversification,
even for bounded risks.

In addition, the conclusion that VaR prohibits diversification, drawn from simple examples in the literature,
may not be solid. For instance, Artzner et al. [5, pp. 217-218] show that VaR prohibits diversification by a
simple example in which 95% VaR of the diversified portfolio is higher than that of the undiversified portfolio.
However, in the same example 99% VaR encourages diversification because the 99% VaR of the diversified
portfolio is equal to 20,800, which is much lower than 1,000,000, the 99% VaR of the undiversified portfolio.

Ibragimov [27, 28] and Ibragimov and Walden [29] also show that although VaR does not satisfy subadditivity
for risks with extremely heavy tailed distributions (with tail index less than 1), VaR satisfies subadditivity
for wide classes of independent and dependent risks with tail indices greater than 1. In addition, Danielsson
et al. [10] show that VaR is subadditive in the tail region provided that the tail index of the joint distribution
is larger than 1. Asset returns with tail indices less than 1 have extremely heavy tails; they are hard to find but
easy to identify. Danielsson et al. [10] argue that they can be treated as special cases in financial modeling. Even
if one encounters an extremely fat tail and insists on tail subadditivity, Garcia et al. [16] show that when tail
thickness causes violation of subadditivity, a decentralized risk management team may restore the subadditivity
for VaR by using proper conditional information. The simulations carried out in Danielsson et al. [10] also show
that VaR,, is indeed subadditive for most practical applications when « € [95%, 99%].
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To summarize, there seems to be no conflict between the use of VaR and diversification. When the risks do
not have extremely heavy tails, diversification seems to be preferred and VaR seems to satisfy subadditivity;
when the risks have extremely heavy tails, diversification may not be preferable and VaR may fail to satisfy
subadditivity.

6.2. Does a merger always reduce risk? Subadditivity basically means that “a merger does not create
extra risk” (see Artzner et al. [5, p. 209]). However, Dhaene et al. [13] point out that a merger may increase
risk, particularly when there is bankruptcy protection for institutions. For example, an institution can split a
risky trading business into a separate subsidiary so that it has the option to let the subsidiary go bankrupt when
the subsidiary suffers enormous losses, confining losses to that subsidiary. Therefore, creating subsidiaries may
incur less risk and a merger may increase risk. Had Barings Bank set up a separate institution for its Singapore
unit, the bankruptcy of that unit would not have sunk the entire bank in 1995.

In addition, there is little empirical evidence supporting the argument that “a merger does not create extra
risk.” In practice, credit rating agencies do not upgrade an institution’s credit rating because of a merger; on the
contrary, the credit rating of the joint institution may be lowered shortly after the merger. The merger of Bank
of America and Merrill Lynch in 2008 is an example.

7. Capital allocation under the natural risk statistics. In this section, we derive the capital allocation
rule for a subclass of natural risk statistics that include the Basel II and Basel III risk measures. The purpose
of capital allocation for the whole portfolio is to decompose the overall capital into a sum of risk contributions
for such purposes as identification of concentration, risk-sensitive pricing, and portfolio optimization (see, e.g.,
Litterman [35]).

First, as an illustration, we compute the Euler capital allocation under the Basel III risk measure. The Euler rule
is one of the most widely used methodologies for capital allocation under positive homogeneous risk measures
(see, e.g., Tasche [46], McNeil et al. [38]). Consider a portfolio composed of u; units of asset i, i=1,...,d,
and denote u = (u,, u,, ..., u,). Suppose that there are m scenarios. Let ¥(i) = (¥(i)!, X(i)%, ..., X(i)™) be
the observed loss of the ith asset, where %(i)* = (x(i)}, x(i)3, . . ., x(i); ) € R™ are the observations under
the sth scenario, s =1,. .., m. Then the observations of the portfolio loss are given by I(u) = > uE(i) =
()" I(w)?, . ... I(u)™), where I(u)* = (I(u);. l(u)s, . . .. 1(u); ) €R™ and I(u)}:= Y, u;x(i)}. The required
capital measured by a natural risk statistic p is denoted by C;(u) := p(I(u)). Let m =120 and a = 99%; then
the required capital calculated by the Basel III risk measure is

k 60 Y 120
o 1 s 61 s
Cy(u) = max{l(“)qanm’ % ; l(“)qanm} + max{l(”)uanm’ 0 2= {@ifan) }

s=61
We have the following proposition on the Euler capital allocation under the Basel III risk statistic:

ProposITION 7.1, Suppose (X(1),%x(2),...,x(d)) is a sample of the random vector (X(1),X(2),...,
X(d)), where X (i) = (X(i)", X(i)*, ..., X())™) and X(i)* = (X (D), X(©)3, - - -, X(i);,) € R™. Suppose that the
joint distribution of (X(1),X(2),...,X(d)) has a probability density on R¥". Then for any given u # 0, it
holds with probability 1 that

. 9C,(u)
Cﬁ(”) = Z “i;—u_’

i=1 i

(22)

and the capital allocation for the ith asset under the Euler’s rule is u;(0C;(u)/du;).

PrOOF. For any given u # 0, let X, be the set of samples (%(1),x(2),...,%(d)) € R that satis-
fies the following conditions: (i) /(u) 1, # (k/60) >, 1) {17y (1) 1(u){f q) 7 (£/60) PO 1) ran1)
(iii) {(u); # I(u); for any s and i # j. Then it follows from the condition of the proposition that P((X (1), X(2),
..., X(d)) eX,) =1. Fix any (¥(1),xX(2),...,x(d)) € X,. By the definition of X, there exists 6 > 0 such
that C;(-) is a linear function on the open set V :={v € R? | |lv — ul|| < 8}. Hence, C;(-) is differentiable at u,
and (22) holds.

For any given u # 0, let X, be defined in the above proof and suppose X € X,. To compute u,(IC;(u)/du,),
one only needs to compute (9!(u)(r,,q))/du;. Let (py, ..., p, ) be the permutation of (1,2, ..., n,) such that
l(u),, <I(u),, <---<I(u), .Then there exists § > 0 such that [(v);, <I(v);, <---<I(v); forVveV, where
V:={veRY||v—ul| <8} Hence, for Vv eV,
al(u)y

an,]) _ S
ou. - x(l)Pram )

1

d
l(v)(y(a"s]) = l(v);ram = Zl v"x(i);’ram ’ and
i=
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In general, let T be the set of natural risk statistic p that can be represented by (8) using only a finite set /.
Let T, be the set of natural risk statistic p that can be written as p = Yr_, a,p,, where a, >0 and p, € T,
k=1,...,K. Both the Basel II risk measure and Basel III risk measure belong to the set T,. For any p € T},
it can be shown in the same way as in Proposition 7.1 that Cj;(u) is a piecewise linear function of u and the
Euler capital allocation rule can be computed similarly.

8. Conclusion. We propose a class of data-based risk measures called natural risk statistics that are charac-
terized by a new set of axioms. The new axioms only require subadditivity for comonotonic random variables,
thus relaxing the subadditivity for all random variables required by coherent risk measures and relaxing the
comonotonic additivity required by insurance risk measures.

Natural risk statistics include VaR with scenario analysis, and particularly the Basel II and Basel III risk
measures, as special cases. Thus, natural risk statistics provide a theoretical framework for understanding and, if
necessary, extending the Basel Accords. Indeed, the framework is general enough to include the countercyclical
indexing risk measure suggested by Gordy and Howells [20] to address the procyclicality problem in Basel II.

We emphasize that an external risk measure should be robust to model misspecification and small changes
in the data in order for its consistent implementation across different institutions. We show that data-based
law-invariant coherent risk measures are generally not robust with respect to small changes in the data and
data-based insurance risk measures are generally not robust with respect to model misspecification.

Natural risk statistics include a subclass of robust risk measures that are suitable for external regulation. In
particular, natural risk statistics include median shortfall (with scenario analysis), which is more robust than
expected shortfall suggested by the theory of coherent risk measures. The Euler capital allocation rule can also
be easily calculated under the natural risk statistics.

Appendix A. Proof of Theorem 3.1. A simple observation is that p is a natural risk statistic corresponding
to a constant s in Axiom C1 if and only if %ﬁ is a natural risk statistic corresponding to the constant s =1 in
Axiom Cl1. Therefore, in this section, we assume without loss of generality that s =1 in Axiom CI1. The proof
relies on the following two lemmas, which depend heavily on the properties of the interior points of the set

B={3=GF".... 7 eR |y <y <<y oSy <<y k. (A1)

m

The results for boundary points will be obtained by approximating the boundary points by the interior points
and by employing continuity and uniform convergence.

LEMMA A.1. Let 9% be defined in (A1) and B° be the interior of B. For any fixed 7 € 9%° and any p satisfying

Axioms C1-C4 and p(Z) = 1, there exists a weight W = (W', ..., w") € R" such that the linear functional
A(F) := 2000 wix) 4+ 302 wixd 44 X0 wi'x satisfies

A(Z) =1, (A2)

AX) <1, for any X such that X € B and p(X) < 1. (A3)

Proof. Let U={i=(x!,...,x")|p(X)<1}N%. For any i=(X',...,¥")€PB and y=(F',...,9") €SB, X

and y are scenario-wise comonotonic. Then Axioms C1 and C3 imply that U is convex, and, hence, the closure
U of U is also convex. For any & > 0, since p(Z —el) =p(f) —e=1—e < 1, it follows that 7 — el € U.
Because Z — €1 tends to Z as € | 0, we know that Z is a boundary point of U because p(Z) = 1. There-
fore, there exists a supporting hyperplane for U at Z, i.e., there exists a nonzero vector w = (@', ..., ") =
(w, ..., w:ll, coowl L wi ) € R such that A(X) = YL wixt 4 3 wixg 4 4 0wl satisfies
A(X) < A(Z) for any X € U. In particular, we have

A(F) <A(?),VieU. (A4)

We shall show that the strict inequality holds in (A4). Suppose, by contradiction, that there exists 7 € U such
that A(¥) = A(Z). For any « € (0, 1), we have

AMaz+ (1 —a)f) =ar(Z) + (1 — a)A(F) = A(Z). (A5)
In addition, because Z and 7 are scenario-wise comonotonic, we have

plaz+(1—a)f)<ap(D)+(1—a)p(F) <a+(1—a)=1, Vae(0,1). (A6)
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Since Z € 9, it follows that there exists «, € (0, 1) such that o,z + (1 — )7 € %°. Hence, for any small enough
>0,

oz + (1 —ay)F+ e e B. (A7)

. e 1 1 1. 2 2 2. . m m m fod ~ ~
With w .—max{11)1,11}2,...,wnl,u)l,wz,...,u)nz,...,w1 ,u)z,...,wnm}, we have o7+ (1 — )7+ ew <

ayZ+ (1 — ay)7 + ew,,,, 1. Thus, the monotonicity in Axiom C2 and translation scaling in Axiom C1 yield

max

pA(aOZ—'— (1 - aO)f—'— 812)) = pA(aOZ—i_ (1 - ao)f‘i‘ 8wmax1) = pA(aOZ—i_ (l - aO)F) + EWypax - (AS)
Since p(ayZ + (1 — ay)7) < 1 via (A6), we have by (A8) and (A7) that for any small enough & > 0, p(aZ +
(1 —ay)r+ew) <1, ayz+ (1 —a,)7+ ew € U. Hence, (A4) implies A(ayZ + (1 — ay)7 + ew) < A(Z). How-

ever, we have, by (A5), an opposite inequality A(pZ + (1 — )7 + &) = Aoz + (1 — ay)7) + e|w|* >
AMayz 4+ (1 — ay)7) = A(Z), leading to a contradiction. In summary, we have shown that

ME) < A(3), Vi e U. (A9)

Since p(0) =0, we have 0 € U. Letting X =0 in (A9) yields A(Z) > 0, so we can rescale w such that A(Z) =
1 =p(Z). Thus, (A9) becomes A(X) < 1 for any X such that X € % and p(x) < 1, from which (A3) holds.

LEMMA A.2. Let 9% be defined in (A1) and B° be the interior of B. For any fixed 7 € 9%° and any p satisfying

Axioms C1-C4, there exists a weight = (W', ..., w") € R" such that W satisfies (5) and (6), and
pR)=> > w;xj for any x € %, and p(2)=).> w;z’j (A10)
i=1 j=1 i=1 j=1

ProoOF. We will show this by considering three cases.

Case 1. p(Z) = 1. From Lemma A.l, there exists a weight w = (', ..., w") € R" such that the linear
functional A(%X) := 371, Y7L, wix} satisfies (A2) and (A3).

Firstly, we prove that w satisfies (5), which is equivalent to A(1) = 1. To this end, first note that for any
¢ < 1, Axiom C1 implies p(c1) = ¢ < 1. Thus, (A3) implies A(c1) < 1, and, by continuity of A(-), we obtain
that A(1) < 1. On the other hand, for any ¢ > 1, Axiom C1 implies p(27 — c1) =2p(Z) —c=2— ¢ < 1. Then
it follows from (A3) and (A2) that 1 > A(2Z —c1) =2A(Z) —cA(1) =2 —cA(1), i.e. A(1) > 1/c for any ¢ > 1.
So A(1) > 1, and w satisfies (5).

Secondly, we prove that w satisfies (6). For any fixed i and 1 < j<mn;, let k=n,+n,+---+n,_,+j and
e=1(0,...,0,1,0,...,0) be the kth standard basis of R". Then wj. = A(€). Since 7 € %, there exists 6 > 0
such that7 — 8¢ € %. For any & > 0, Axioms C1 and C2 imply p(Z —6é —el)=p(—06¢) —e<p() —e=
1 — & < 1. Then (A3) and (A2) imply 1 > A(Z — 8¢ — el) = A(Z) — 6A(€) — eA(1) = 1 — & — 6A(¢é). Hence,
w; = A(€) > —¢&/d, and the conclusion follows by letting & go to 0.

Thirdly, we prove that w satisfies (A10). It follows from Axiom C1 and (A3) that

Ve >0, A(X) <c¢ for any X such that ¥ € B and p(X) <c. (A11)

For any ¢ <0, we choose b > 0 such that b+ ¢ > 0. Then by (All ), we have A(X + b1) < ¢ + b for any X
such that ¥ € % and p(X + bl) < ¢+ b. Since A(X + b1) = A(X) + bA(1) = A(X) + b and p(X + bl) = p(X) + b,
we have

Ve <0, A(X) <c for any X such that X € 9 and p(X) < c. (A12)

It follows from (All) and (A12) that p(x) > A(X) for any X € %, which in combination with p(Z) =1 = A(2)
completes the proof of (A10).

Case 2. p(Z) #1 and p(Z) > 0. Since p((1/p(2))Z) =1 and (1/p(2))Z € %°, it follows from the result
proved in Case 1 that there exists a weight w = (w!,...,w™") € R" such that W satisfies (5), (6), and the
linear functional A(X) := 31", 372, wix! satisfies 5(X) > A(¥) for Vi € B and p((1/5(2))2) = A((1/p(2))2), or,
equivalently, p(Z) = A(Z). Thus, w also satisfies (A10).
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Case 3. p(Z) <0. Choose b > 0 such that p(Z + b1) > 0. Since 7 + b1 € %, it follows from the results
proved in Case 1 and Case 2 that there exists a weight w = (', . .., ") € R" such that w satisfies (5) and (6),
and the linear functional A(X) := 37, 371, wix! satisfies (%) > A(X) for V¥ € %, and p(Z + b1) = A(Z + b1),
or, equivalently, p(Z) = A(Z). Thus, W also satisfies (A10).

ProOOF OF THEOREM 3.1 Firstly, we prove part (i). Suppose p is defined by (7); then obviously p satisfies
Axioms C1 and C4. To check Axiom C2, suppose X < y. For each i =1,...,m, let (p;,,..., p,-,,,,,) be the
permutation of (1,...,n;) such that (yél), yfz), ... ,yén,)) = (y;il,y;iz, .. ,y;i” ). Then for any 1 < j < n, and
1 5 i<m, yéj) = y;;u_ = max{y;,’_yk; k=1,...,j}> max{x;’,iﬁk; k=1,...,j}> xéj), which implies that p satisfies
Axiom C2 because I I

5= [ T3 uipi, | = sup | X3 uini, | =)
welW j=1 j=1 wel =1 j=1
To check Axiom C3, note that if X and y are scenario-wise comonotonic, then for each i =1, ..., m, there

: : i i i i i i
exists a permutation (p; ;, . . . ’pi,n,-) of (1,...,n;) such that Xy SXp, S0 = X and Yoy SVp, S0 = Ypins*

Hence, we have ()E‘ —|—yi)(j) :x;)” —}—y;ij :xéj) —{—yéj), j=1,..., n;i= 1, ..., m. Therefore,
PE+T) =p(GE +5', .. 7" +5)

= sup{zzw;(f +§i)(j)} = SUII;{ZZW;(XEJ) +yéj))}
we

wel \j=1 j=1 i=1 j=1

< sup{ S ufaly |+ s S uinty | = 500 +50)

we i=1 j=1 we i=1 j=1

which implies that p satisfies Axiom C3.
Secondly, we prove part (ii). Let 9 be defined in (A1l). By Axiom C4, we only need to show that there exists
a set of weights 7 = {w} C R” such that each w € W satisfies condition (5) and (6), and

p(%) = sup {Z > w;x;}
wel \j=1 j=1
for Vx € %. ~
By Lemma A.2, for any point j € %°, there exists a weight w(y) = (w@){, ..., w(F), ;... ;w@Ts ...,
w(y), ) € R" such that (5) and (6) hold and that

m n; m n;

PO =YY w@i forvied and ) =Y 3wy (A13)

i=1 j=1 i=1 j=1

Define “ as the collection of such weights; i.e., W := {w?;) | ¥ € %°}, then each w € W satisfies (5) and (6).
From (A13), for any fixed X € %°, we have

m n;

A(X) =YD w(y)ix:  for Vi e B and  p(X) =) w(X)ixl.

i=1 j=1 i=1 j=1

Therefore, _ _
p(X) = sup {Z > w(i);x;} = sup {Z > w;x}}, Vi e 3. (A14)
e’ Li=1 j=1 wel Li=1 j=1
Next, we prove that the above equality is also true for any boundary points of %; i.e.,
p(¥) = sup {ZZ w;x;‘.}, Vi € 0. (A15)
weW =1 j=1

Let b=(b!,...,b" ,..., bY',..., b, ) be any boundary point of %. Then there exists a sequence {bf(\l-c/)},i":1

T

C %° such that bf(\I:) — b as k — oo. By the continuity of p and (A14), we have

p(6) = Jim p(6T0) = Jim sup{ =3 wibiy | (16)

i=1 j=1
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If we can interchange sup and limit in (A16)—i.e. if

lim sup {Z > w’/b(k);} = sup { lim )" w’,b(k)’,} = sup {Z > wib; } , (A17)
k_)ocﬂ)e'ﬂ/ i=1 j=1 ’ wel k—)ool.:l j=1 ’ ’ wel ;=1 j=1
—then (A15) holds and the proof is completed. To show (A17), note by Cauchy-Schwarz inequality

=(x i(w;‘-f)m (3 2w - b;i)Z)m

i=1 j=1 i=1 j=1

m n; m

Y wib(e) =30 wib]

i=1 j=1 i=1 j=1

m n; 1/2
< (ZZ(b(k);—b;y) , YoeW,

i=1 j=1
because w; >0 and >7, 371, w) =1,V € W. Hence, 3.1, 370, wib(k);, — YiL, 30, wib! uniformly for all
w € W as k — oo. Therefore, (A17) follows.

Appendix B. The second representation via acceptance sets. A statistical acceptance set is a subset of
R" that includes all the data considered acceptable by a regulator in terms of the risk measured from them.
Given a statistical acceptance set 9, the risk statistic g, associated with & is defined to be

p.(%):=inf{h| % —hle s}, VieR". (B1)

P, (%) is the minimum amount of cash that has to be added to the original position corresponding to X in order
for the resulting position to be acceptable.
On the other hand, given a risk statistic p, one can define the statistical acceptance set associated with p by

Ay = {x eR"| p(x) <0}. (B2)
We shall postulate the following axioms for the statistical acceptance set ${:
AxioM DI1. o contains R", where R" :={x e R" |x; <0,j=1,...,n5i=1,...,m}.

AxioM D2. o does not intersect the set R"

s where[RRL::{XG[R{”|x}>0,j=1,...,n,-;i:l,...,m}.

AxioM D3. If X and ¥ are scenario-wise comonotonic and X € A, y € A, then AX + (1 — A\)y € A, for
YA e|0,1]

AxioM D4. o is positively homogeneous: if X € i, then Ax € o for any A > 0.
AxioM D5. If X<y and y € A, then x € .

Axiom D6. s is empirical-law-invariant: if X = (x|, x}, ..., x,‘“ sees XL XYL, X ) € o, then for any
. . . 1 1 1
permutation (p; 1, Pias- - - p,-,,,,,) of (1,2,...,n), i=1,...,m, it holds that (xpu s Xpy Ky s fo”VI,
m m
KXpa?* ’xpm,nm) € dil.

The following theorem shows that a natural risk statistic and a statistical acceptance set satisfying
Axioms D1-D6 are mutually representable.

THEOREM B.1. (i) If p is a natural risk statistic, then the statistical acceptance set sl is closed and satisfies
Axioms D1-D6.

(ii) If a statistical acceptance set 3 satisfies Axioms D1-D6, then the risk statistic p, is a natural risk statistic
(with s =1 in Axiom C1).

(iii) If p is a natural risk statistic, then p = sﬁwﬁ.

(iv) If a statistical acceptance set & satisfies Axioms D1-D6, then s; = Y, the closure of 9.

Proor. (i) (1) For Vx <0, Axiom C2 implies p(¥) < p(0) = 0. Hence, X € s{, by definition. Thus, D1
holds. (2) For any x € R’ ,, there exists a > 0 such that 0 <X — al. Axioms CIl and C2 imply that p(0) <
p(x — al) = p(¥) — sa. So p(X) > sa > 0 and hence X ¢ 5;; i.e., D2 holds. (3) If X and y are scenario-wise
comonotonic and X € 94;, y € 94, then p(X) <0, p(y) <0, and AX and (1 — A)y are scenario-wise comonotonic
for any A € [0, 1]. Thus, Axiom C3 implies p(AX+ (1 —A)F) < p(AX) +p((1 = A)F) = Ap(X)+ (1 = A1)p(F) <O0.
Hence, Ax + (1 — A)y € sd;; ie., D3 holds. (4) For any % € ¢, and a > 0, we have p(¥) <0 and Axiom C1
implies p(ax) = ap(x) <0. Thus, ax € s{;; i.e., D4 holds. (5) For any X <y and y € si;, we have p(y) <0.
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By Axiom C2, p(¥) < p(y) < 0. Hence, X € 54;; i.e., D5 holds. (6) If X € si;, then p(x) <0. For any permutation

(pi’l,piqz,...,pln) of (1,2,...,n;), i=1 ,m, Axiom C4 1mp11es p((xp]l plz ...,xp]n e X
- PN pm” ))—p(x)<0 So (xml mz e, len,nl’ “"XE@" X reees pmnm) € sy e, D6 holds.

(7) Suppose {)c(k)}k:l Cdl;, and x(k) — X as k — oo. Then p(x(k)) <0, Vk. The continuity of p (see the

comment following the definition of Axiom C2) implies p(X) =lim, _,, p(x(k)) <0. So X € s4;; i.e., 54, is closed.
(ii) (1) For VX e R", Vb € R, we have

pu(X+bl)=inf{h|X+bl—hle s} =b+inf{h—b|%— (h—b)1 st}
=b+inf{h|X—hlesd}=b+p,(%).
For Vi € R",Va > 0, if a =0, then p,(axX) =inf{h |0 — hl € st} =0=ap,(¥), where the second equality
follows from Axioms D1 and D2. If a > 0, then
py(ax)=inf{h|ax—hlest}=a-inf{u|a(X—ul) e st}
=a-inf{u| X —ul € A} =ap,(X),
by Axiom D4. Therefore, Axiom C1 holds (with s =1). (2) Suppose ¥ <y. For any h € R, if y — hl € o,
then Axiom D5 and ¥ — k1 <y — hl imply that ¥ — k1l € . Hence, {h |y — hl e 4} C {h| X — hl € o}. By
taking infimum on both sides, we obtain p,(¥) > p,,(X); i.e., C2 holds. (3) Suppose X and y are scenario-wise
comonotonic. For any g and 4 such that x — gl € & and y — hl € o, because x — g1 and y — k1l are scenario-
wise comonotonic, it follows from Axiom D3 that —(x gl) + %()7 — hl) € 9. By Axiom D4, the previous

formula implies ¥ +y — (g + /)1 € s{. Therefore, p‘/](x + ) < g+ h. Taking infimum of all g and # satisfying
X—gled, y—hlesd, on both sides of the above inequality yields p,(X + ¥) < p,(¥) + p4(¥). So C3 holds.

(4) Fix any X € R" and any permutation (p; 1, P> - - » Pin, ) of (1,2,...,m),i=1,...,m. Then for any h € R,
Axiom D6 implies that X — hl € o if and only if (xpl 0 m e ’x/ln,,,. REREE TS R ) —hled.
Hence, {h|x—hl e A} ={h]| (xp11 1712 .. ,xp1 .. ,xl’j:“ x;j:” .., Xy ) —hl € s}, Taking infimum,
we obtain p (%) = pai((xp,,,’ Xp oo es Xy e xp X e Xy )s e, C4 holds.

(iii) For Vx € R", we have ﬁ%(x) inf{h |%—hledd, 5} =1inf{h [ p(x—n1) < 0} =inf{h | p(X) < sh} =
(1/5)p(X), where the third equality follows from Axiom Cl

(iv) For any X € %, we have p,(X) <0. Hence, X € ;. Therefore, & C 5l . By the results (i) and (ii),
. 1s closed. So @ C ;.. On the other hand, for any x e s, , we have by deﬁnltlon that p,,(X) <0; ie.,
inf{h | x—hle I} <0. If 1nf{h | X — hl € D} <O, then there ex1sts h < 0 such that X — h1 € 9. Then since
X <X —hl, by D5 X € 9. Otherwise, inf{h | X — h1 € @} = 0. Then there exists %, such that &, | 0 as k — oo
and X — h, 1 € 9. Hence, x € 9. In either case we obtain ¥ € 9. Hence, 5y C 9. Therefore, we conclude that
Ay, =D.

Appendix C. Proof of Theorem 3.3. In this section, we assume without loss of generality that s =1 in
Axiom C1. The proof for Theorem 3.3 follows the same line as that for Theorem 3.1. We first prove two lemmas
that are similar to Lemma A.1 and A.2.

LEmMMA C.1. Let B be defined in (Al). For any fixed 7 € % and any p satisfying Axioms C1-C2, C4, and E1,

and p(Z) = 1, there exists a weight w = (W', ..., w") € R" satisfying (12) such that the linear functional
A(F) := 200 wixd + 302 wixd 44 X0 wi'x satisfies

AG) =1, ©)

AX) <1 for any X such that p(X) < 1. (C2)

PrOOF. Let U ={%|p(X) < 1}. Axioms C1 and El imply that U is convex, and, hence, the closure U of U
is also convex.

For any & > 0, since p(Z —el) =p(Z) —e =1—¢& < 1, it follows that 7 — &l € U. Because 7 — €1 converges to
Zas &} 0and p(Z) =1, 7 is a boundary point of U. Therefore, there exists a supporting hyperplane for U at 5,
i.e., there exists a nonzero vector i = (u}, ..., u}ll, cos Ul uy ) € R such that p(X) i= 37 >

- Jj=1 ] 7
satisfies w(X) < u(z) for any X € U. In particular, we have

w(x) =p(z), VieU. (C3)
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For each i=1,....m, let ¢, :{1,2,...,n,} = {1,2,...,n;} be a bijection such that ”¢( y = u¢ @<=
Uy (> and P (- ) be the inverse of ¢, (- ) Deﬁne a new welght w and a new linear functional A(-) as follows:
wj::uibi(j), j=1,...,n; i=1,...,m, (C4)
W= (Wi, Wy wp ), (C3)
AX) = Z; Z} wix;, (C6)
i=1j=
then by definition W satisfies condition (12). For any fixed X € U, by Axiom C4, p((xl// - ,xl}/](nl), R
X+ s i) = PE) < L 80 (g 1ys oo Xy -+ X )5+ -+ X ) € U- Then, we have
m n; m n; m n;
A(X) = 21: Zl w;X; = X}: 2; e )% = 22 2 W i) = 20 2o U3
i=1j i=1j i=1 j=1 i=1 j=1
= (X 1y Xy Xl 1y s Xy o)) SH(Z) (by (C3)). (cn
Noting that 7} <z, <--- fz;’_, i=1,2,...,m, we obtain
n(R) =3 uid <ZZu¢ ()2 =A@). (C8)
i=1 j=1 i=l1 j=1
By (C7) and (C8), we have
A(X)<A(Z), Vxel. (C9)

We shall show that the strict inequality holds in (C9). Suppose, by contradiction, that there exists 7 € U such

that A(F) = A(Z). With wy,, :=max{wj,...,w, ..., w/',..., wy}, we have 7 + &0 < 7 + gw,,,,1 for any
&> 0. Thus, Axioms C1 and C2 yield
p(F+ew) < p(F+ ew,, 1) = p(F) + ew,,,, Ve=>0. (C10)

Since p(7) < 1, we have by (C10) that for small enough & > 0, p(7 + ew) < 1. Hence, 7+ e € U and (C9)
implies A(7 + ew) < A(Z). However, A(7 + ew) = A(F) + &|w|* > A(F) = A(Z), leading to a contradiction. In
summary, we have shown that

AX) <A(z), Viel. (C11)

Since p(0) =0, we have 0 € U. Letting ¥ =0 in (C11) yields A(Z) > 0, so we can re-scale W such that
A(Z) =1=p(Z). Thus, (C11) becomes A(X) < 1 for any ¥ such that p(X) < 1, from which (C2) holds.

LEMMA C.2. Let B be defined in (Al). For any fixed 7 € % and any p satisfying Axioms C1-C2, E1, and C4,
there exists a weight w = (W', . .., w™) € R" satisfying (10), (11), and (12), such that

p(X) =YD wix; forany X eR", and  p(2)=) % wiz'. (C12)
i=1 j=1 i=1 j=1

ProOF. We will show this by considering two cases.

Case 1. p(Z) = 1. From Lemma C.1, there exists a weight w = (', ..., w™") € R" satisfying (12) such that
the linear functional A(X) := Y77, 37, wix! satisfies (C1) and (C2).

Firstly, we prove that w satisfies (10), which is equivalent to A(1) = 1. To this end, first note that for any
¢ <1, (C1) implies p(cl) = c < 1. Thus, (C2) implies A(c1) < 1, and, by continuity of A(-), we obtain that
A(1) < 1. On the other hand, for any ¢ > 1, (C1) implies p(2Z — ¢1) =2p(Z) —c =2 — ¢ < 1. Then it follows
from (C1) and (C2) that 1 > A(2Z — c1) = 2A(2) — cA(1) =2 — cA(1); ie. A(1) > 1/c for any ¢ > 1. So
A(1) > 1, and w satisfies (10). Secondly, we prove that w satisfies (11). For any fixed i and 1 < j < n,, let
k=n+4+n+---+n_,+jand e=(0,...,0,1,0,...,0) be the kth standard basis of R". Then wj. = A(e).
For any & > 0, Axioms C1 and C2 imply p(Z—¢—¢el)=p(—¢)—e<p()—e=1—¢& < 1. Then (Cl) and
(C2) imply 1 > A(Z—é—&l) = A(Z) — A(é) —eA(1) = 1 —&— A(é). Hence, w} = A(€) > —&, and the conclusion
follows by letting & go to 0. Thirdly, we prove that w satisfies (C12). It follows from Axiom C1 and (C2) that

Ve >0, A(X) <c for any X such that p(X) < c. (C13)
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For any ¢ <0, we choose b > 0 such that b 4 ¢ > 0. Then it follows from (C13) that A(¥ 4+ b1) < ¢+ b for any
X such that p(x + b1) < ¢+ b. Since A(X +b1) = A(X) + bA(1) = A(X) + b and p(X + b1) = p(X) + b, we have

Ve <0, A(X) <c¢ for any X such that p(X) < c. (C14)

It follows from (C13) and (C14) that p(X) > A(X) for any X € R"”, which in combination with p(Z) =1 = A(2)
completes the proof of (C12).
Case 2. p(Z) # 1. The argument is the same as that in case 2 and case 3 of the proof for Lemma A.2.

ProOOF OF THEOREM 3.3  Without loss of generality, we assume s =1 in Axiom CI.

Firstly, we prove part (i). We only need to show that under condition (12), the risk statistic (13) satisfies sub-
additivity for any ¥ and j € R". Let (p; 1, P2, - - - » Pi.,) be the permutation of (1,. .., n;) such that (¥'+3'),
<(x +5}i)pi.2 << (X +5}i)pi,n[' Then for k=1, ...,n; — 1, the partial sum up to k satisfies

k k k k
LE+T g =L (F +7), =2, +3),) 2 205 + i) (C15)
j= j= j= j=
In addition, we have for the total sum
_ZI()E" + y")m = Zl(i” + y”)j = Z](xj. +)i) = Zl(x;‘j) +))- (C16)
= Jj= j= j=

Rearranging the summation terms yields

pE+3) = p((E +5E 45 8" +5")

m n; m n—1 J n;
s LS w500 = s0p | 3 S0 0], L 490+, 2 50
k=1 k=1

weW =1 j=1 weW =1 j=1

which, along with (C15) and (C16), and because w} — w},, <0, shows that

m ni—1 J n;
BE+3) < sup Z[Z (0w ) 3+ i), 3y yw“
k=1

weW Uiz L j=1 =1

= supy YD wixg +) ) wj-yéj)}

weT =1 j=1 i=1 j=1
< sup{ 3wty + sup{ S uint | = 560 4569,
wel =1 j=1 wel Li=1 j=1

Secondly, we prove part (ii). Let % be defined in (Al). By Axiom C4, we only need to show that there exists
a set of weights W = {w} C R" such that each w € W satisfies (10), (11), and (12), and

p(X) = sup {ZZw;x;} for V¥ € %.
wel =1 j=1
By Lemma C.2, for any y € %, there exists a weight wf(?) =w@)i,..., w(&):l]; w3 w()))
satisfying (10), (11), and (12), such that

m n; mn;

PO =YD wG)xl forany TR, and  H(H)=D Y w(@y) (C17)

i=1 j=1 i=1 j=I

Define " as the collection of such weights; i.e., W := {w?;) | ¥ € B}. Then each w € W satisfies (10),
(11), and (12). From (C17), for any fixed ¥ € %, we have p(X) > >, 372, w(¥)’x} for ¥j € B, and p(X) =
Y X w(X)xh. Therefore,

p(x) = sup{ZZw(j);x;} = sup {ZZ w;x;}, Vi e %,

yeRB i=1 j=1 wel i=1 j=1

which completes the proof.
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Appendix D. Proof of Theorem 3.4.

PrOOE. We assume, without loss of generality, that s =1 in Axiom 4. The “if” part can be proved by
using the same argument as that in the proof for part (i) of Theorem 3.1. To prove the “only if” part, we shall
first prove

p(cX)=cp(X), Vec=0,Vi=>D0. (D1)

By Axiom 3, we have p(0) = p(0) + p(0), so p(0) = 0. Axiom 3 also implies p(mx) = mp(x), Vm € N,
X eR", and p(L£%) = Lp(kx) = £p(%), for Ym € N, k e NU {0}, ¥ € R", or, equivalently, for the set of
nonnegative rational numbers Q,

p(gx) =qp(¥), VqeQ ieR" (D2)

In general, for any ¢ > 0 there exist two sequences {d,}% 2 C Q% and {¢,}>>, C Q", such that d, 1 ¢ and
e, { ¢ as n — oo. Then for VX > 0, Vn, we have d,X < cXx < e,x. It follows from Axiom 2 and (D2) that
d,p(x)=p(d,x) < p(cx) <p(e,X) =e,p(X), Vn, VX > 0. Letting n — oo, we obtain (D1).
Now we are ready to prove the ° only if” part. Let ¢;:=(0,...,0,1,0,...,0) be the jth standard basis of
R", and £, :=0, ¢;: Z; lln i=2,. mByAx10msland3

b)

1 1 1
X(1ys Xys + s X(uyys =05 X1y X(2yo - - - ’x<"f:,,,>))

=p((x
(Z ..,O,xél),xf2),...,xfn!),O,O,...,0)>

I
>

;ﬁ((0,0, - ,O,xé,),xéz), o ,xén‘_),0,0, o ,0)). (D3)
Further, by Axiom 3,

f)((O, ..., 0, xél),xéz), . ,xéni), 0,... ,0))

Li+n
ﬁ((O, oo 0,0, X(g) = X{pys e+ s Xy = X1 0, oo ,0)) —i—ﬁ(xél) > éj)

Jj=ti+1

Litn;
ﬁ((O, c050,0,0, x5 — x5+ - xéni) — X250, .., 0)) +/3<(x22) - xél)) Z 5j>
j=t+2
Li+n;
o\ 2 g
j=ti+1

Li+n; Li+n; ) Li+n;
=ﬁ<(x<n> X)) 22 )+ +P<(x(2> Xq) 2 @ ) (xin > 51)

J=titn; Jj=0;+2 j=i+1
. . Litn; ) ) Litn; . Citn;
=(xén,.>—x2n,»—1>)ﬁ( > 5j)+~'-+(XEz>—XE1>)ﬁ< > 5.f>+ﬁ<x;1) ) éj), (D4)
J=titn; Jj=t+2 J=t

where the last equality follows from (D1). If x{;, > 0, then by (D1) we have
) Li+n; ) Li+n;
ﬁ(%) 2 5/‘) = xfwﬁ( 2 5j>~ (DS)
J=ti+1 Jj=l;+1

If x(l) < 0, then because x(l) Z, =, +1 ¢; and x(l) Z] L¢+1 €; are scenario-wise comonotonic, we have by Axiom 3
that p(x(l) Zj 01 €) +p(—x() Z] ¢ 11€;) = p(0) =0, which implies

) Li+n; ) Li+n; . Litn;
ﬁ(%) > 51) = _13<_x21) > 5;‘) :xh)ﬁ( > éj)’ (D6)

j=t+1 j=ti+1 j=t+1
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where the last equality follows from (D1). Then by (D3), (D4), (D5), and (D6), we obtain

m n; Litn; Li+n;
PE) =Y wix;)s where w}::ﬁ( > ék>—ﬁ< > ék>.

i=1 j=1 k=t;+j k=t;+j+1

Because by Axiom 2 w!>0and Y7, 371, wi = (1) = 1, the proof is completed.

Appendix E. Proof of Theorem 4.1 and Theorem 4.2.

PROOF OF THEOREM 4.1 Let ¥ = (x{, ..., x; ) € R" be the data subset that is used to calculate VaR,_;, i =
1,...,60, and X% = (¥ . jlt(:g) € R”'W ‘be the data subset used to calculate sVaR, ;,,i=1,...,60.In
addition, define the 121th scenario )c121 =0eRand n,, :=1. Let n:= ;2 n,. We will show that (16) and (17)
are natural risk statistics defined on R". Define w = (w', ..., w'""") = (w},..., w,lll, e wiP ;12211) eR"
such that w = 1{jzj0.00m,7)» 1 =J=<mn; i=1,...,121. Then we have

n ni160
VaR,_ ;=Y wix(;), sVaR, ;= > wix([* i=1,...,60. (E1)
j=1 =

By (E1), the Basel II risk measure (16) is equal to

21 n 21
k- max{ZZu’xEJ) 2 x(,)} (E2)

i=1 j=1 i=1 j=1
where the two weights & = (&, ..., #'?") and v = (?', ..., 0'?!) are defined by

1 . k—1

il=—w'; u:=0, i=2,...,120; A=y,
k k

. 1 _. .

V= —w', i=1,...,60; v':=0, i=61,...,121.

60

Hence, by Theorem 3.1, (16) is a natural risk statistic that corresponds to s =k in Axiom C1. Again, by (El),
the Basel III risk measure (17) is equal to

121 n; 121 n; 121 n; 121 n;
k~max{22u}xén, ZZv;xEj)}+£-max{ZZ xé/) ZZh’xm} (E3)

i=1 j=1 i=1 j=1 i=1 j=1 i=1 j=1
where the two weights = (3", ...,22") and h=(h',..., h'?") are defined by
1

, 0—1
g =0, Vi#61 and i #121; 3= Zuvﬁ g'! =Tﬂ)l2l,

. ~. 1 _. ~
h:=0, i=1,...,60; h':=—u', i=61,...,120; h'?' =0.
60
It is straightforward to verify that (E3) satisfies Axioms C1-C4, with s =k + £ in Axiom C1. Hence, (17) is
also a natural risk statistic.

PrOOF OF THEOREM 4.2 The IRC risk measure (18) corresponds to a natural risk statistic with s = 1, which
can be shown by following the same argument as that for proving Theorem 4.1.

Appendix F. Analysis of the robustness of MS and ES. The following tools in robust statistics show that
MS is more robust than ES is.

(i) The influence function is an important tool for assessing the robustness of statistics. Let F be the distribution
function of X, ¥ = (x,,...,x,) be a sample of X, and F,(-) be the empirical distribution function. Let ./
be the space of distribution functions on R. Consider estimating T(F) from X for some statistical functional
T(-): M — R. MS and ES are both such functionals, since

1+«

MS, (F)=F"' ( 5

), ES, (F) = ﬁfalF”(s) ds, (F1)
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where the second equality follows in Tasche [47, Proposition 3.4]. A natural estimator for T(F) is T(F,), and

Msa(F;z) = x([’n(1+a)/2'\)’ (FZ)
k —na !
ESa(F,) = (1— a)nx(k) * (1—a)n jgkx(j"'l)’ k= [na]. (F3)

The robustness of the statistic 7(F,) can be asymptotically characterized by its influence function (IF)
IF(y, T, F):=1lim, ,(1/&)[T((1 —&)F +&06,) —T(F)], y € R, where §, is the point mass 1 at y that represents
a contamination point to the distribution F. If the influence function is bounded; i.e., sup g |[IF(y, T, F)| < oo,
then T'(F,) is robust; otherwise, T (F,) is not robust, and outliers in the data may cause large changes to T(F,)
(Huber and Ronchetti [26]). The following proposition shows that ES has an unbounded influence function but
MS has a bounded one.

ProrosiTioN F1. (1) If F has a probability density f(-) that is continuous and positive at MS(F), then
the influence function of MS,, is given by

Ha—D/FMS,(F)).  if y < MS,(F),
IF(, MS,, F) =10 if y=MS,(F), (F4)

31+ a)/f(MSy(F)),  if y>MS,(F).
(2) If F has a positive probability density f(-), then the influence function of ES, is given by

F~'(a) —ES,(F), ify<F ' (a),

IF(y,ES,, F) = (F5)

L _EBS,(F) - ——F ), ify>F(a).
11—« l—«

PrOOF. Because MS,(F) = F~'((1 + «)/2), (F4) follows in Staudte and Sheather [44, Equation (3.2.3)].
To show (F5), define F, ,(z) := (1 — &)F(z) + £3,(z), z € R. Then by definition,

()_{(I—S)F(Z), ifz <y,

F, =
(1—&e)F(z)+¢e, ifz>y.

£,y

It follows in Tasche [47, Definition 3.2] that

1

ES.(F) = -—

-/[F*'(a),oo) ZF(dZ) - %F*I(a) + ﬁFﬁ](a)F(Ffl(a)—).

Then we have
1

Esa(Fs,y) = 1 —a

I PR LI “1(a)—
Jy sy 2o @) = TG F} @ F@F (FJ @) (FO)
To compute IF(y, ES,,, F), we need to consider three cases:

Case 1.y < F™'(a). In this case, for & > 0 small enough, F/(a) = F~'((a—¢)/(1—¢)), and
F, (F ) ()=)=F, (F'((a—8)/(1-¢)—)=(—e)F(F'(a—¢&)/(1 —&)+&=a. And then by (F6), for
& > 0 small enough,

1

Ge)=ES(F == [ <k (d2)

1—¢ / e 1—¢
= ZF(dz) + —— Yl p 1 ((ae)1—s :_/ 2F (dz).
1 — a Jir-1((a—e)/(1-€)).00) 1 —q DEHE/ 0T g it (e 1))
Hence,
1
IE(y, ES,, F) = G'(0) = — / 2F(d?)
1 — a JiF-1((a—e)/(1-¢)).00) o0
+1—s( l)F_l a—e ¥ o a—¢ dF_I a—¢g
l-—«a l1—¢ l—¢)/)de l—¢g/|._
1
- / ZF(dz) + F'(a) (F7)
1 —a Jip1(@).x)
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Case 2. y = F~'(a). In this case, F;(a) = F'(@), and F, (F(a)—) = F,,(F ' (a)=) = (1 — &) -
F(F~'(@))= (1 — &)a. And by (F6), ' )

1 oY
G(e) =ES(F, )= —— F, (dz) — F!
(&) =BS,(E) =15 [ eF, @)= = (@
1—¢
- / 2F(d2) + eF\(a).
1 —a JF-1(a),x)
Hence, |
IF(y, ES,, F) = G'(0) = ——/ 2F(dz) + F\(a). (F8)
1 —a J[F-1(a).)

Case 3. y > F~'(a). In this case, for & > 0 small enough, st;(a) =F!(a/(1—¢)), and Fs’y(Fafyl(a)—) =
F, ,(F'(a/(1-€))—)=(1—¢&)F(F'(a/(1—¢))) =a. And then by (F6), for £ > 0 small enough,

1 1—¢ e
G(e) = ES,(F, ) = [ 2F, (dz) = / ZF(d2) + —— Y1y pt(as1s
(®) Fe) =124 [l (@).00) Sl e ST e S
1—¢ e
_ / ZF(dz) + ——.
1 — o JiF-1(a/(1-)).00) |-«
Hence,
, y 1
IF(y,ES,, F) = G'(0) = —— — / 2F(dz)
l—a 1—altiFr-ie/i-e)~ =0
1—¢ a a d a
—-DF ' — F~! —F!
+1—a( ) (1—8)f( (1—8>)d8 (1—8) o0
1 a
=7 _ f 2F(dz) — ——F~(a). (F9)
l—a 1—alFr1ewx l—a

Then (F5) follows from (F7), (F8), and (F9).

(ii) The asymptotic breakdown point is, roughly, the smallest fraction of bad observations that may cause an
estimator to take on arbitrarily large aberrant values; see Huber and Ronchetti [26, §1.4] for the mathemati-
cal definition. Hence, a high breakdown point is clearly desirable. It follows from Huber and Ronchetti [26,
Theorem 3.7] and Equation (F1) that the asymptotic breakdown point of MS, is 1 — « and the asymptotic
breakdown point of ES, is 0, which clearly shows the robustness of MS.

(iii) The finite sample breakdown point (see Huber and Ronchetti [26, Chap. 11]) of MS,(F,) is (n —
[n(14+a)/21+1)/2n—[n(1+a)/2]+1) = (1 —a)/(3 — a), but that of ES,(F,) is 1/(n+ 1), which means
one additional corrupted sample can cause arbitrarily large bias to ES,,.
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