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Abstract

Recalling the class of risk measures introduced by Stone [1973], the authors survey measures from different
academic disciplines—including psychology, operations research, management science, economics, and finance—
that have been introduced since 1973. We introduce a general class of risk measures that extends Stone’s class to
include these new measures. Finally, we give four axioms that describe necessary attributes of a good financial
risk measure and show which of the measures surveyed satisfy these. We demonstrate that all measures that satisfy
our axioms, as well as those that do not but are commonly used in finance, belong to our new generalized class.
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1. Introduction

In 1973, Bernell K. Stone presented his class of risk measures, which included most of
the measures used in both empirical and theoretical finance. Since then, there has been
considerable development in risk measurement not only in economics and finance but also
in other fields, such as psychology, experimental psychology, operational research, and
management science. Additionally, related measures of income inequality have appeared
in the economics literature. The purpose of this article is to extend Stone’s class to take
into account developments over the last twenty five years.

We survey inequality measures presented in economic literature and outline the axiomatic
approaches of Fishburn [1980, 1981], Luce [1980], Sarin [1987], and Pollatsek and Tversky
[1970] from the psychology literature. From the more recent work in finance, we draw
on such measures as the generalized Gini in Yitzhak [1983], lower partial moment, and
probability of making a loss (which forms the basis for value at risk [1993]), both presented
in Bawa and Lindenberg [1977], as well as some related statistical measures of dispersion.
Utility-based risk measures from the operational research and management science literature
are also reviewed.

Adapting the axioms of Kijima and Ohnishi [1993], we give four desirable properties of
a good financial-risk measure. We show that almost all measures satisfying these belong
to a new extended family. In addition, this family also contains measures commonly used
in theoretical finance or by practitioners today that fail one or more of these properties.
Further possible generalizations are discussed, as are possible relaxations and tightenings
of the axioms.

Much risk theory is concerned with notions of stochastic dominance (e.g., Rothschild and
Stiglitz [1970] and Bawa et al. [1985]). This imposes a partial ordering on risky prospects
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but will typically leave many investment unranked. By contrast, a risk measure will allow
comparison between all prospects. The relationship between our proposed risk measures
and stochastic dominance is addressed in Section 3.

The article is set out as follows. In Section 2 we introduce the Stone family of risk
measures and motivate our plan to generalize further by our survey. In Section 3, we
present our new extended family of risk measures, listing its special cases, and introduce
the desired axioms we wish financial-risk measures to satisfy. We examine all measures
against these axioms. Proofs are relegated to an Appendix. Section 4 is reserved for our
conclusions.

2. Survey of risk measures

We proceed with our survey. In order to keep a consistent notation throughout the article,
random returns are denoted by y, its density by f(y), and cumulative distribution function
by F(y). The mean of y is 1. In some contexts, however, y could be second-period wealth
or the price. We first recall Stone’s original class of risk measures, which motivated our
interest in this topic.

2.1. Stone’s family of risk measures

In the financial literature, the most extensive work on general measures of risk was based
on Stone [1973]. The family of risk measures defined by him was

A

1/k
Rs[Yo. k, AI(f) = ( / y— Yolkf(y)dy) , (1)

—0Q0

where Yy, k, and A are all real numbers and k > 0. Note that this includes several commonly
used measures of risk and dispersion, including the standard deviation

12
Rsp(f) = Rsliy, 2, 00](f) = ( / v — ) f () dy) 2
as well as the semistandard deviation
0 12
Rssp(f) = Rsluy, 2,01(f) = (/ - /Ay)zf(y)dy> 3)
and the mean absolute deviation

Ryap(f) = Rslpy, 1, 00l(f) = / ly = mylf(y)dy. “
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Stone’s measure is thus quite broad and, as is shown, invariably satisfies our basic
properties (to be defined later). Note further that the variance is

Ru(f) = Rslpty. 2, 0oP(f) = f o = )2 F () dy, )

while the semivariance measure is

0
Rsvm(f) = Rsliy, 2, 01 (f) = / O — ) F) dy. (6)

Several of these subcases have later been converted into equilibrium risk measures in asset
pricing, including the semivariance and the lower partial moments, which were applied to
derive alternative CAPM-models by Bawa and Lindenberg [1977] as well as the original
Sharpe model (see [1964]), which is based on the variance.

Stone’s class is also closely related to the popular @ — ¢ measures of Fishburn [1977],
which have been used in applied economic decision making under uncertainty, especially
in the financial references. The o — ¢ measures are defined as

Raci(f) = Rslt, o 11%(f) = / (t — ) F () dy ™

and thus include both the variance and semivariance ((5) and (6), respectively) as special
cases.

2.2.  The inequality measures

There exists a parallel literature on inequality measurement in economics. Measuring eco-
nomic inequality essentially reduces to the ranking of alternative income distributions ac-
cording to some measure of dispersion. Consequently, as risk is commonly assumed to
increase with dispersion (see, for example, Rothschild and Stiglitz [1970]), the inequality
measures are prime candidates for potential adaptation to risk measurement.

The income inequality literature offers many different types of measures, arising from
various axiomatic approaches. Most seem to be intuitive measures of dispersion, and
some are adapted from the fields of physics and engineering. Although these are separately
introduced, they can all be found in the books by Cowell [1995] and Sen [1973].

The first work by Dalton [1920] was based on a utilitarian framework. Comparing actual
levels of average utility to the level of utility arising under perfect equality, he suggests the
following functional form:

[y fdy -1
uy =1

Rp(f)=1

, ®)
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where e is the associated nonnegative measure of inequality aversion, defined on page 37
of Cowell [1995]. This was adapted by Atkinson [1970], who suggested

Ra(f)=1— ( / Y'F) dy)”. )

Following his work, axiomatizations using a social-welfare function approach appeared in
large numbers in the literature. This shift to more formal frameworks corresponded to the
rigorous risk axiomatizations appearing in the mathematical psychology literature in the
mid-1970s, which are surveyed in Section 2.5. The general entropy measure

1 e
Rat ()= 5 1)[/ (Ml) Fydy - 1} (10)

was derived from such an axiomatic approach (see Cowell [1995], p. 60, for details). A
special case of this is cardinally equivalent to the independently introduced Herfindahl’s
index

1
Ry(f)= 2 / V) dy, (11)

y

where E denotes the expectation with respect of f(y). Another suggested expression of
this type is Theil’s measure

1
Rr(f) = — f ylog [—y }f(y) dy, (12)
% Iy

y y

derived from the notion of entropy in information theory (see Cowell [1995], pp. 56-59, or
Theil [1967] for details). Note that this measure is not defined for negative values of y and
so is not a suitable measure for data on returns but appropriate for wealth or prices. The
more basic range measure is simply

RR(f):ymax_ymin- (13)
We need also mention the coefficient of variation

R
Rev(f) = SZ(f ) (14)

y

effectively a unit-free spread indicator, and the Gini coefficient
Ro() = [ [ v = 317005 ) dyidy; = 2oty )]

- /[1 ~ F()ldy — /[1 —FO)Pdy. (15)
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which is one of the inequality measures most quoted and used by researchers in this field. The
Gini has been generalized by Yitzhaki [1983], who defines the extended Gini coefficients

Ry (f) = /[1 — FO)]dy — /[1 —FolY dy (16)

for V > 0. From the derivation of the Lorenz curve (see, for example, Sen [1973]), we get
two more inequality measures—the equal share coefficient

Rees(f) = F(uy) 7)

and the minimal majority coefficient

1
RMMc(f>=F<G—‘[5]), (18)

where G(y) = Mi foy zf(z2)dz, and (F, G) define the Lorentz curve (for details see Sen

[1973]).
The class of linear inequality measures we define following Mehran [1976] as

Rum(f) = /(y — ) WIFW1f (y) dy, 19)

where W[F (y)] = aF(y) + b for a > O—that is, W is a linear function of the cumulative
distribution function. Analogously, we define the piecewise linear measures, Rppy(f),
which was the original class presented by Mehran, and the nonlinear measures, Ryzp(f),
which both have the same functional form as (19) but where W is, respectively, piecewise
linear or nonlinear.

2.3.  Commonly used financial-risk measures

From financial-risk analysis, we draw on a few measures that are used by practitioners as
well as theorists today. The first is the probability of making a loss (whose inverse C is the
value at risk), defined as

Ppr(f) = I]’(r y<0O (20)

for some critical level C. The value at risk is currently used by regulators (see Basle
Committee on Banking Supervision [1993]), and the probability of making a loss has been
incorporated into safety-first rules by Roy [1952], which were applied to asset pricing by
Bawa [1978]. The interplay between safety-first rules and expected utility maximization
with regard to portfolio selection is discussed in Pyle and Turnovsky [1970]. Another
measure used in applications is the generalized lower partial moment, presented in Bawa
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and Lindenberg [1977]:

My »l
Rim(f) = ( / (uy—yrf(y)dy) . @1)

It is easy to verify that this measure is closely related to Fishburn’s o — ¢ measures (7)
and Stone’s original class (1). Several reformulations of this measure are possible, as seen
in the proofs in the Appendix. More recently, Sinclair, Power, and Lonie [1995] use the
results of Greenwood et al. [1979] and Hosking [1986] by adapting the probability weighted
moments (PWM)

Brs(y) = ElyF(y»)' (1 = F(y))']= fyF(y)r(l —F(»))' f(y)dy (22)

to define risk measures on a distribution. Note that in (22), varying the parameters r and s
will change the emphasis put on the extreme tails of the distribution. Also,r = 1,5 =0
yields half the Gini coefficient plus “7’ (see (15)), while {8, ;(y) : ¥ + s = 2} is a subset of
the quadratic class, {8, s(y) : ¥ +s = 3} is in the cubic class, and so on (see (19)), whenever
ty = 0. Sinclair et al. [1995] show that the population counterparts to the important
sample L-moments,

p  (r—D!
Z(— TP e (23)

are in fact linear combinations of the sample statistics of (22), denoted ,BA,.,k,k(y), for
varying r and k. These provide an alternative method of describing location, dispersion,
and skewness, which complement conventional techniques and the usual moments around
the mean and as such are potentially good risk measures.

2.4. Operational research and management science

Risk has mainly been approached from a utility perspective in the fields of operational
research and management science. As a result, risk measures defined explicitly over the
cumulative distribution function have been extracted from utility functions that have been
shown to be compatible with some type of mean-risk model (see Bell [1995]) or risk-value
model (see Sarin and Weber [1993]).

Bell [1995] generalizes his earlier work [1988] and suggests three risk measures. As this
article is primarily intended as a survey, we refer the reader to the original work for the
motivation behind these. Consider

2
Ryi(f) = > log [ / e U £ (y) dy}, (24)
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where c is a constant. Equation (24) approaches the variance (5) as ¢ gets closer to zero,
while larger ¢ gives more weight to large downside observations. He generalizes this to

2 1 1
Rpx(f) = <—10g [/ e O f(y) dy] — —log [/ e 0T f(y) dyD,
c—alc a
(25)
where ¢ and a are constants. The third risk measure introduced in Bell in [1995] is
Rp3(f) = /efc(y*"")f(y) dy — 1, (26)

which resembles the Sarin measure [41] in its use of the exponential function.
In arecent work on mean-risk models, Kijima and Ohnishi [1993] introduce the following
measure

1/k
Reon(f) = ( / y — il ) dy) , @7)

where k > 1. This is in fact a subcase of Stone (1) since Rxo(f) = Rs[ty, k, 00](f). They
extend this to

~ " 1/k
Rko2(f) = (c*/ O =) fFOdy + c*/ 1y — W) dy) (28)
My —00

for positive constants ¢ and ¢~. This introduces the concept of asymmetry in risk mea-
surement since contributions from below-mean returns can be weighed differently from
above-mean returns. We will see more of this type of measures in the next section. Note
that for ¢c™ = ¢~ = 1, (28) reduces to (27).

We mention two works from this literature that deal with risk-value models. Sarin and
Weber [1993] use measures from psychology (next section) to define the risk-value models.
Their work was extended by Jia and Dyer [1996], who prove that the general form of a
risk measure compatible with a suitable expected utility function U (y) through a risk-value
model is

R(y) = —E[U(y — )], (29)

which is, of course, expressed in terms of the utility function. As such, we can not directly
compare (29) to any of our other measures without specializing further. Jia and Dyer high-
light several potentially attractive utility functions and give the associated risk measures.
Most of these have already appeared elsewhere in the literature (for example, (41), (26),
(27), and (28)). In addition, they introduce

Rip(f) = /(y — ) () dy — /(y — ) fdy, (30)
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which allows skewness to affect preferences positively in financial decisions based on the
associated risk-value model.

2.5. Psychology

Since many readers will not be familiar with this literature, we present an extended sur-
vey of the psychology risk literature. The field of experimental psychology has produced
interesting approaches to the ranking of risky prospects using concise mathematical ax-
iomatizations, and the attempts at formal treatment of risk measurement undertaken by
mathematical psychologists are briefly reviewed in this section. The initial approaches
of Coombs and Huang [1970] on percieved risk were taken up by Pollatsek and Tversky
[1970], who derive the first closed form risk measure from axioms on the space of density
functions to be measured and the specific functional form of the risk function. This was
at the same time as the inequality literature, following the result by Atkinson (see (9) in
Section 2.2), moved in the direction of more formal axiomatizations. Their work, which is
also set out in Chapter 3 of Krantz et al. [1971], was later generalized by Luce and Weber
[1986], who separate the effects of the upside and downside effects on overall risk. This is
looked at in parallel with the interesting work of Fishburn [1980, 1981], which is the most
general work done in this area. The final part of this section is devoted to the work of Luce
[1980] and Sarin [1987], who produce specific testable functional forms by considering
the effects of addition and scalar multiplication on risk, when the measure takes one of
two general forms. We start with the basic result of Pollatsek and Tversky (PT) in [1970],
briefly discussing their assumptions and final measure. For the formal proof, we refer the
reader to the original paper.

Like most formal derivations of risk measures, PT assume the existence of a binary
relation of risk, <, on a set of distribution functions, €2, on the real line. 2 is assumed
closed under convolutions. The double {€2, <} is a weak order—that is, complete and tran-
sitive. For three distinct distributions f, g, and 4 all in 2, f > g < foh > goh, where o
denotes convolution—that is, the convolution of two distinct distributions with a third
distribution, statistically independent of both, leaves the risk rankings of the original
two unchanged. Under these assumptions and the further restriction that no distribution
may take on infinite risk, (PT) prove the existence of a risk functional R, which pre-
serves the ordering < and has the property that R(f o g) = R(f) + R(g)—that is,
the risk of a convolution of two distributions is the sum of the risks of those individual
distributions.

By imposing further restrictions on {€2, <} and the functional R, one can establish more
specific functional forms of the risk measure. PT assume completeness—that is, for all
f in €2, the distributions f, induced by multiplying all outcomes in f by a scalar o and
sure-thing distributions (those yielding any number 8 with probability one), are all in 2.
Further, they assume positivity that is, convoluting a risky distribution with a sure-thing
reduces risk) and scalar monotonicity (thatis, if E(f) = 0O and « > 0, then R(f,) > R(f)
aswell asif E(f) = E(g) = 0and f > g, then R(f,) > R(g,)). Finally, a continuity
assumption on the actual functional representation R requires that a series of distributions
in €2 converging to say, f, will induce a convergent series of risk measures with limit R(f).



EXTENDED FAMILY OF FINANCIAL RISK MEASURES 97

Under these assumptions, PT prove that the risk functional takes the form
Rpr(f) = aVar(f) — (1 —a)E(f). (€29)

The proof is given in detail in Pollatsek and Tversky [1970].

Observe that this is almost the negative of the expected quadratic utility function of mean-
variance analysis, except the expected value does not enter quadratically but linearly in (31).
Moreover, this analysis is based on pairwise independent random variables, which may be
more applicable to psychology, where latent factors are thought of as independent via factor
analysis. Although used in arbitrage pricing theory by Ross [1976], this assumption is not
generally accepted when working with financial data.

Apart from this, (31) is undesirable for at least two other reasons. First, the risk function
is linear in the expected value, and since we seek to separate the effects on decision-making
of expectation and risk, (31) may not be a good risk measure as it captures both effects
simultaneously. Second, the measure takes no account of higher-order moments, a major
criticism that even the CAPM model suffers under, and one may justifiably conclude that
the analysis of PT is geared toward individuals perception of the risk of relatively simple
gambles rather than the financial equilibrium applications we have in mind.

We now turn to the work of Fishburn [1980, 1981], who draws on the work of Krantz
etal. [1971] and derives measures using a separation of the distribution function. Fishburn
had previously applied measures of downside risk to define decision rules in a financial
context in [1977], which are shown to be congruent to some notion of expected utility.

His work is extensive and we include a brief discussion of his approach along with the
measures he finally derives. As he used twenty four axioms in all, we refer the reader to
the cited papers for a more rigorous presentation and the formal proofs of his theorems.

Let ® be the set of all possible outcomes, ®~ the set of outcomes less than a preset
target (assumed without loss of generality to be zero), and similarly @ is the set of
outcomes larger than zero. The inclusion of an arbitrary target to separate “gain” from
“loss” looks appealing in a financial context since asset managers often seek to outperform
some benchmark, not always identical to the riskless rate. Fishburn further defines P~
to be the set of probability measures that always yield a loss—that is, p(®~) = 1 for all
p€ P~ and P* is similarly defined. Both these sets are assumed closed under convex
combinations. A general probability measure then lies in the set

I'={(a,p,b,q):a>0,b>0,a+b<1,pecP ,qgep™}

so that the measure assigns probability ap(Y) to each Y € Q™ and bg(Z) to each Z € Q,
leaving probability (1 — a — b) for the zero outcome. Hence, a is a loss probability (set
Y = Q7), b is a gain probability (set Z = QT) and p, g are the conditional loss and gain
distributions respectively. There is a unique mapping from a density function to a member
of I, and we are able to separate the effects of upside and downside upon overall risk
measurement.

Fishburn [1981] proceeds to propose alternative sets of axioms for ranking any two such
members of I In particular, he is able to generalize his earlier work [1980] on the same
topic and so assumes different properties for upside and downside. Fishburn’s first six basic
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axioms are much along the lines of those of PT. The ranking needs to be a weak order, risk
increases in a and decreases in b if @ > 0, and sure-thing distributions are ranked in order
of what they guarantee. He assigns zero risk if and only if a = 0, which contradicts one of
our basic properties later. Continuity and upper boundedness of risk are assumed, and the
existence of a general functional form established.

Fishburn places more restrictions and proves six theorems presenting increasingly more
specific functional forms. We present the final risk functions derived and leave the reader
to examine the formal details in the cited paper. Consider first the risk functional

Rp(f) =T(a, p)S(b, q), (32)

where T (a, p) and S(b, g) are both continuous and unique up to exponential transforma-
tions, with 7' (a, p) increasing in a and S(b, g¢) decreasing in b. This is a very general way
of separating the effects of upside and downside effects on overall risk using a multiplica-
tive aggregation technique, referred to by Fishburn as separability. He next makes specific
the forms of T (a, p) and S(b, q) to derive separable expected loss risk. Assuming lower
boundedness and continuity of functions whose expectations we wish to examine, gives

Rea($)=S(bo) [ Tia.x)dpto) (33)

—that is, the downside component is an expectation with respect to the conditional down-
side distribution. Here, T'(a, x) is increasing in a, decreasing in x and unique up to a
similarity transformation. By assuming a similar form for S(b, ¢), we obtain

Rp3(f)= [ﬁ S(b, y)dq(y) ( T'(a, x) dp(x). (34)
The properties of S(b, y) are the obvious analogues to those described for T (a, x) above.
Extending this further, Fishburn gives necessary axioms to get separable loss and gain
probabilities—that is, the two-argument functions 7'(a, x) and S(b, y) are split into two
separating functions (7 (a), T>(x), and S} (b), S»(y), respectively) in their respective argu-
ments. This gives an opportunity to further differentiate upside and downside effects and
yields

Rpa(f)= [Tl (a) [)7 Tz(X)dp(x)} [1 —S1(b) [)+ S2(y) dq(y)}, (35)

where the separate functions retain the induced properties from their parental functions.
For details of even more specific constructions, all special cases of (35), we refer the reader
to Fishburn ([1981], pp. 240-243). It is worth noting that by taking logs of the presented
measures we could get an additive framework rather than a multiplicative one, some cases
of which are examined in the later analysis by Luce [1980] and Sarin [1987]. It is also
worth noting that the method of separating the upside and downside of a distribution has
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not only been used by psychologists but also by financial econometricians (e.g., see Knight,
Satchell, and Tran [1995]). Indeed, this is a natural subdivision of financial data. One
analyzes returns, and risk, by the upside and downside probabilities, and conditional on the
sign of the realized return, by the magnitude.

In a separate study, Luce and Weber [1986] axiomatize a risk measure much in the same
way as Pollatsek and Tversky, although they use mixture distributions and not convolutions
as a means of aggregation. Like Fishburn, they also separate the distribution and derive the
following measure, known as conjoint expected risk:

Ruw(f) = agPr(y =0) + Pr(y > 0) (et + BLE(y* | y > 0))
+Pr(y <0)(a— + B_E(Y |y <0)), (36)

where oo, a4, o—, By, B—, ki, and k_ are all constants with k; >0 and k_ > 0.

This is a significant improvement on Pollatsek and Tversky and considers loss with
different weight than gain, which certainly should be desirable for anyone engaging in a
monetary gamble, if non-risk-neutral at least. Two higher partial moments are also allowed
in the risk measure. Finally, note that this measure in fact is a linear transformation of a
logarithmic type of the Fishburn measures (32) to (35) discussed above.

Another approach to axiomatization of functional forms of risk measures was taken
by Luce [1980] and Sarin [1987]. They considered the effects of addition and scalar
multiplication on the desired-risk measure, allowing the actual risk function to take one
of two different general forms. Each author produces several measures (two of Luce’s
were corrected a year later in Luce [1981] using similar procedures. We thus present their
analysis simultaneously, giving the axioms presented by both authors, stating their theorems
as one major result and illustrating how their proofs can be considerably shortened if one
knows in advance the functional form of the measure.

Recall that R(f) denotes the risk of distribution f, f, denotes the distribution induced
by multiplying all outcomes in f by the constant o, and f# denotes the distribution induced
by adding a constant S to all outcomes.

Axiom 1 (LIA): For a strictly increasing function S(a) with S(1) =0 defined for o > 0

R(fa)=R(f)+ S().

Axiom 2 (L1M): For an increasing function S(a) with S(1) =1 defined for o >0
R(fo)=R(f)S(@).
Axiom 3 (L2): There exists a nonnegative function T, with T (0) =0, such that for all f,

Mﬂ=/TUmwx

(that is, transform of the actual density function).
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Axiom 4 (L3): There exists a function T such that for all densities f,

R(f)= / T(x) f(x)dx = E[T (x)].
Axiom 5 (S1):  For a strictly monotone function S(B) defined for >0

R(fP)=R(f)+5S(B).

Axiom 6 (S2): There are functions T (x) and S(x) such that

1 2
R(f) = / T(x)f(x)dx+§< f S(x)f(x)dx) .

The abbreviated expressions above in parentheses refer to the names of the axioms in the
original papers, S denoting Sarin [1987] and L denoting Luce [1980]. As mentioned earlier,
the proofs of Luce and Sarin can be considerably shortened if one knows the answer. We
illustrate how for one of the cases of Luce, leaving the others available on request from the
authors. We need the following preliminary lemmas:

Lemma 1 (Part 1 of proof of Luce [1980], Theorem 1): [fAxiom 1 holds, then S(o) = A
loga for A > 0.

Lemma 2 (Part 1 of proof of Luce [1980], Theorem 2): [fAxiom 2 holds, then for 6 > 0,
S(e)=ca?’.

The proofs of these two Lemma’s are given as the first part of Luce’s major proofs and
follow from Aczel [1966]. The following Lemma is our own, given to simplify the major

proofs to follow.

Lemma 3: If Axiom 3 holds, then

/ T[fa]dy:a/ T[lﬂx)]dx,
R(y) Rx) L&

where y is induced by multiplying all outcomes x by the constant «.

Proof.
/ Tfyldy= / T[fy]ld(ax)= / T[lf(x):| d(ax) and d(ax)=adx.
R() R(ax) R(x) LY

O

Similar Lemmas exist for the other assumptions on the functional form, but these are
omitted as they will not play a part in our demonstration proof. We not turn to the theorems
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as stated in Luce [1980], with corrections in Luce [1981] and Sarin [1987] proving one case
only as the others follow an identical path.

Theorem 4: The following results are taken directly from the original papers:
e Luce ([1980], Theorem 1): If Axiom 1 and Axiom 3 hold, then for constants A > 0 and
B>0,

Rpi(f)=-A / f(x)log[f(x)]dx + B, (37

which is closely related to the entropy measure (10).

e Luce ([1980], Theorem 2): If Axiom 2 and Axiom 3 hold, then for constants B, 0 > 0 and
A>0,

Ria(f)=A / £ dx +B. (38)

e Luce ([1981], Theorem 3 corrected): If Axiom 1 and Axiom 4 hold, then for constants
A>0,BandC,

oo 0
RL3(f):B/ f(X)dX+C/ f(x)dx + Alog(]x]). (39)
0 —00

e Luce ([1981], Theorem 4 corrected): If Axiom 2 and Axiom 4 hold, then for constant
0 >0,

0 0
Rua(f)=A /  f(x)dx + B / el f () dx, (40)

0 —

where A=(©0 +1) [} T(x)dx and A= (@ +1) [°, T (x)dx.
e Sarin ([1987], Theorem 1): If Axiom 3 and Axiom 5 hold, then for constants A and B,

Rs1(f)=A/0 e f(x)dx, (41)

where sign(A) = —sign(B).
e Sarin ([1987], Theorem 2): If Axiom 2 and Axiom 6 hold, then for constants A >0,
B and C,

o0 0 2
Rgz(f)ZB/ f(x)dx—i—C/ f(x)dx + AE(log |)?|)—A7Var(log |x]).
0 —00
(42)
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o Sarin ([1987], Theorem 3): If Axiom 1 and Axiom 6 hold, then for constants A > 0,6 >0
and C,

o0 0
Rss(f)=C/ |i|9f(x>dx+A/ 7 () dx

0 —

4 N =10
+2(6_1)E(|x| ) 2Var(|x| ). (43)

Proof. We present the Luce 1 case (37), as all other cases follow an identical pattern. This
version of the proof relies on prior knowledge of the solution and is thus a much simplified
version of the original proof. By Lemma 1, Lemma 3, and Axiom 1,

ot/ T[lf(x)]dxzf T[f(x)]dx + Aloga
R(x) o R(x)

for A > 0. Substituting in 7 (x) =x[B — logx], this will be the correct solution iff the
above equation holds for A and B both positive. We get

oz/ lf(x)(B— log |:lf(x)i|>dx= f(x)(B—log f(x))dx + Alogo
R o R(x)

(x) @

for A > 0. Multiplying out and cancelling terms gives

f(x)logadx=Aloga,
R(x)

which trivially hold for any B and A =1, since f(x) integrates to 1. Hence, T'(x) =x[B
— log x] is the correct for 7' (x). Substituting this into Axiom 3 gives the result. O

Sarin argues that all of Luce’s measures are too specialized to be applied to positive
returns although they could be used for negative returns (details in Sarin [1987]). His own
improvements to this are mainly through the generalized Axiom 6 (S2), which allows the
introduction of a second moment term, but the overall benefit of this change has not yet
been thoroughly empirically examined.

3. A new family of risk measures and isolation of ‘“good” measures

We now present a new general class of risk measures and its special cases, which includes,
or is closely related to, all of the previously presented measures from finance, Stone’s
class (1) and Mehran’s work (19), as well as almost all inequality measures. We also show
that this class covers most measures derived from the psychology approaches, except those
of Fishburn (32) to (35), and is related to numerous others. Further possible generalizations
are suggested and discussed. We subsequently present four axioms we believe describe
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necessary features of a “good” financial risk measure and test all measures surveyed against
these.

3.1. A new class of risk measures

Based on Stone’s class of risk measures (1), we present the following extended family of
risk measures.

Definition 5: The risk measure R[A, b, a, 60, W(-)] is defined by

A

0
R[A, b, a, 6, W()]= |:/ ly =bI*WIF(D)1f () dyi| (44)

for some bounded function W (-) and real numbers A, b, a, and 6, where 6 >0 and o > 0.

This new family contains, or is related to, a large number of the risk measures surveyed
in this article. The following are special cases of (44):

e Stone’s measure (1) is

1
R[A, b, o, —, 1i|.
o

Consequently, we automatically have the following:

e Standard deviation (2) is

1
R o0, Myv 21 Ev 1}'

Semistandard deviation (3) is

1
Ry, my, 2, =, 1.
_M,\ My 5 :|

e Mean absolute deviation (4) is

Rloo, 1y, 1, 1, 11.

Kijima and Ohshini’s first measure (27) is

1
RI:OO9 Myv o, —, ]]'
o
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Furthermore, to generalize Stone’s measure, we can now also include the following:
e The variance (5) is
R[oo, uy, 2, 1, 1].

The semivariance (6) is

R[/-’Lyv Mys 27 la ]]'

The probability of making a loss (20) is
RI[O, 0, O, 1, 1].

e Lower partial moments (21) are

1
R|:My’ My, &, —, 1]
o
e Fishburns « — ¢t measures (7) are
R[t, t, o, 1, 1].

So far, we have not utilized the W (-)-function in (44). By abstracting in this direction, we
capture the following additional measures:

e The probability weighted moments (22) are
R[00, 0, 0, 1, F(y)" (1 = F(y)’].
e The extended Gini coefficient (16) is
R[oo, 1y, 1, 1, 2(1 — F(y))* for positive integer ].
e The linear! measures (19) are
R[oo, uy, 1, 1, aF(y) + b for constants a and b, where a > 0].
e The Gini coefficient (15) is
R[oo, uy, 1, 1, 2F(y)].

In addition, further special cases of the extended Stone family describes several more
measures up to a linear transformation. In particular,
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Dalton’s measure (8) is

1 1
1+ —= -\ R[oo, 0, 1 —e, 1, 1].
my “—1 my “—1

Atkinson’s measure (9) is

1
1-R|oo,0, 1 —e, ——, 1].
(I—-e)

e The general entropy measure (10) is

1 1
<_e(e—1)) + <M;e(e_1)>R[oo, 0, e 1, 1].

e Herfindahl’s index (11) is

1
R[o0, 0, 2, 1, 1].

02
3
e The coefficient of variation (14) is
: R[ 2, ] 1]
- oo, My, y A .
My ! 2
e The Pollatsek and Tversky (31) measure is

aR[oo, wy, 2, 1, 11— (1 —a)u,.

One measure is the linear combination of two extended Stone measures:

The Jia and Dyer measure (30) is
Rloo, wy, 2, 1, 11— R[oo, uy3, 1, 1].

Sarin’s third measure (43), Luce and Weber (36), Luce’s fourth measure (40) and Kijima
and Ohnishi’s second measure (28) all include terms that are in (44), but additional terms
defined on ranges with finite lower limit. Since we elect to fix our lower limit at —oo, in
order to keep to a five-parameter family while preserving downside risk considerations,
these can not be fully covered by our class.

The measures that are not directly related to (44) under this general class include the
inequality measures derived from the Lorentz curve (that is, the equal shares coefficient (17)
and minimal majority coefficient (18)), as well as some of the psychology measures. They
include the general axiomatic work of Fishburn from the psychology literature (32), Luce’s
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measures (37) to (39), since they employ functions of the density function f(y) rather than
the cumulative density function. Similarly, Sarin’s (41) and (42), Bell’s measures (24) to
(26) and Theil’s measure (12) involve expectations of either logarithmic or exponential
functions of returns, in contrast to (44), which uses a polynomial. Finally, the range (13),
really a sample measure, cannot be expressed as a case of (44).

The new family of risk measures hence incorporates many general classes and special
cases from each academic discipline surveyed, including all the financial measures as well
as Stone (1) and Mehran’s (19) original work while maintaining an algebraically simple
format. If the only aim had been to include as many special cases as possible, we could
easily have chosen more general families. For instance, the 6 K -parameter family

K Ax O
R[K, Ay, ck, by, o, Ok, Wi (D] = [Z/ e~y = b|* Wi [FD)1f () d)’j|
(45)

will capture significantly more cases even at K =2, while the 11 K-parameter measure
RIK, A, AP, dx, fi. ck, bi, ak, Ok, Wik(5), W ()] =

K AY Ok
|: Z / (log diy)ee™ |y — b | Wig[ f DIWa[F ()1 £ () dy:| (46)
k=147

captures all measures surveyed when K =5. The algebraic complications that accom-
pany (45) and (46) are, not surprisingly, far greater than the usefulness of having such
a general form. Consequently, these two are included merely to indicate possible general-
izations, and we do not pursue them in further detail.

In order to select between all the measures presented in this article so far, both those in
the new family (44) and those left out, we now turn to suitable decision criteria.

3.2.  Desirable properties of a financial risk measure

In order to specify axioms from which to separate out the more desirable financial risk
measures, it is essential to fully understand exactly what it is we wish to measure. A risk
measure in the financial sense will be a measure that, given a random variable y, returns a
nonnegative number on the real line. Thus, we effectively seek a functional

R[7]: Q> N, 47)

where we allow y to vary in 2, depending on the financial entity whose risk we wish to
measure. We may elect to restrict wealth to be positive or arithmetic returns to be larger
than —1 (that is, limited liability). We do not allow negative risk and the functional should
be able to accommodate a binary relation of risk. In addition, we require the following
properties to be satisfied.
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Definition 6: Let y be a random variable. The basic properties (BP) of a financial risk
measure functional R[y] as defined in (47) are

(BP1) (Nonnegativity): R[y] > 0.

(BP2) (Homogeneity): R[Ay]=|\| R[Y] for »>0.
(BP3) (Subadditivity): R[3i + Y21 < R[yi1+ RI7.
(BP4) (Shift-invariance): R[y + L] < R[y] forall .

These are adapted from the axioms employed by Kijima and Ohnishi [1993] in their
definition of risk in risk-value models but are strengthened in that BP4 now has to hold
for all A rather than just A > 0. Nonnegativity and shift invariance were also considered
necessary properties of a risk measure by Bell [1995]. Taken together, BP2 and BP3 imply
that constant distributions are assigned zero risk, in keeping with our wish of measuring
risk as dispersion only, essential to fully explore the effects of location and dispersion on
financial decision-making in mean-risk setups. Also, BP2 and BP4 can be used to show
that our measure R[y] is convex, which implies that diversification will reduce risk and one
obtains separation in optimal portfolio selection. The advantage of convexity also follows
from the definition of second-degree stochastic dominance, which we denote by SSD. It is
well known that if X,Y, then Y = X + €, where E (e | X) =0 (see, for instance Rothschild
and Stiglitz [1970]). Huang and Litzenberger [1988] then show that if G(.) is a convex
function, then

E[G(Y)] = E[G(X+e)]=E[E[G(X+€)]| X] < E[G(X)]

—that is, the risk measure assigns less risk to stochastically dominating investments when
(ii) is satisfied. It may be possible to link other notions of stochastic dominance to our risk
measures, but we do not pursue this in our article. Additionally, BP2 forces our measure
to respond proportionally to scale changes, as homogeneity of degree one gives a constant
risk-return tradeoff in portfolio selection.

BP4 makes the measure invariant to the addition of a constant to the random variable.
This might seem to be counterintuitive at first, since we will in effect allow some acceptable
measures to assign equal risk to two coin tosses, where one pays —1 for “heads,” +1 for
“tails,” and the other 10'%° — 1 for “heads,” 10'°° 41 for “tails.” However, this may be
resolved by reiterating that our risk measures are defined in terms of dispersion only, so
that when combined with some location measure in a mean-risk model, the latter gamble
will undoubtedly be preferred to the former (indeed it stochastically dominates the former)
due to the vast difference in their expected value. This is a classic example where, from a
financial perspective, risk and return are not effectively separated.

We next present the main lemma and theorems of the article, establishing which risk mea-
sures surveyed satisfy our three basic properties. All proofs can be found in the Appendix.

Lemma 7: A general member R[A, b, a, 6, W(-)] of the class (44) satisfies BP1, BP2,
and BP4if b=, 0 = é and W (.) is positive valued.
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Theorem 8: The following measures fail (BP):
(a) Pollatsek and Tversky (31)

(b) Luce and Weber (36)

(c) Luce’s measures ((37) to (40)) except trivial special cases
(d) Sarin’s measures ((41) to (43))

(e) Fishburn’s psychology measures ((32) to (35))
(f) Dalton’s measure (8)

(g) Atkinson’s measure (9)

(h) General entropy measure (10)

(i) Herfindahl’s index (11)

() Theil’s measure (12)

(k) Coefficient of variation (14)

() Equal shares coefficient (17)
(m) Minimal majority coefficient (18)

(n) General Fishburn o —t class (7)

(0) The probability of making a loss (20)

(p) L-moments (23)

(q) Variance (5)

(r) Semi variance (6)

(s) Bell’s measures ((24) to (26))

(t) Jia and Dyer’s measure (30).

Theorem 9: The following measures satisfy (BP):

(a) Stone’s Class for k > 1 and Yo =, and A= 1, or A=00 (1)
Standard deviation (2)

o Mean absolute deviation (4)

o Fishburn’s o —t measures for t = i, raised to power % @)
[}

[ ]

Semistandard deviation (3)
The first Kijima-Ohnishi measure (27)
e Generalized lower partial moment (21)
(b) The range (13)
(¢) The piecewise linear measures (19)
o The Gini coefficient (15)
o The L-moments forr +s <2 (23)

(d) Kijima and Ohsniki’s second measure (28).

Although the number of measures failing our proposed axioms seems very large, a closer
look at the list does illustrate that a majority of these are from fields other than finance. Some
of the measures that seem to fail our axioms but are commonly used risk measures on the
empirical side have a related measure satisfying all four axioms. For instance, the general
Fishburn o — # class (7), which does not satisfy BP2 or BP4, does have a related special
case deemed satisfactory. Likewise, the standard deviation and semistandard deviation
satisfy our axioms, while the variance and semivariance fail property BP2, merely because
squaring the former two makes the resulting measures homogeneous of degree two instead
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of one. Furthermore, the scaling of the standard deviation by the mean to get the coefficient
of variation (14) results in homogeneity of degree zero and so again violation of BP2. The
only measure used in popular financial decision models that fails three properties (BP2,
BP3, and BP4) is the probability of making a loss (20), interestingly probably the most
discussed risk measure in the practitioner literature at present due to its close links with
the value at risk. Note that although the newly defined family of risk measures (44) does
not include all the presented measures, it does have as special cases most the measures
that satisfy all three axioms as well as those that fail one or more of the properties but are
commonly used.

An earlier version of this article deals with a similar set of axioms, all of which are
implied by the above except the additional requirement that zero risk should be assigned
only if a distribution is constant. This new property could be added without changing the
main results. Also, it is worth mentioning that one could automatically relax BP2 to

, _ | =1AIRYT A =1
(BP2) R[AY] -
<IA[R[YTIA[ =T,
which follows from BP2, BP3, and BP4. An anonymous referee has suggested relaxing
BP2 further to

” | ZIARIY] A =1

(BP27) R[Ary] -
{s M RIS A <1,

which would imply that doubling your investment would more than double risk, while
halving your investment would result in risk reducing by a factor larger than 2. This is a
considerable relaxation, and the question of what further measures can be accepted under
these or similar slacker conditions merits a survey of possible axioms initself. Consequently,
this survey sticks with the axioms at hand and leaves to future research the investigations
of stronger theorems than those presented.

4. Conclusion

We have presented an extended survey of risk measures from several academic disciplines.
We have defined a new family of risk measures that accommodates most presently used
measures of risk in finance and those from related fields satisfying four criteria we would
expect any good financial risk measure to satisfy. The analysis of financial decision-making
can thus be generalized substantially to account for axiomatically derived general risk
families rather than the present use of the variance and other measures selected for their
algebraic simplicity or by personal preference. The new family also contains the common
statistical moments around the mean as well as the alternative L-moments.

Further research along the lines of Fishburn [1977] and Holthausen [1981] can be used to
relate decision rules based on combinations of returns and risk measures to expected utility
decision rules. This links our research to the work of Machina [1982] and Yaari [1987]
where expected utility functions that are nonlinear in probabilities are examined. Our
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general measure (44) holds several risk measures that, when combined with the mean in
some mean-risk decision rule, induce an expected utility function nonlinear in probabilities.
This is certainly the case when W[F(y)] is nonconstant, as illustrated for the mean-Gini
model in Shalit and Yitzhaki [1984]. It has been shown by Newbury [1970] that the Gini
coefficient is inconsistent with expected utility theory.

Contrary to the notion of stochastic dominance, which is common tool in risk comparisons
but produces only a partial ranking or prospects, our risk measures rank all investment
opportunities. Additionally, our axioms BP2 and BP4 ensure that acceptable risk measures
are convex and so assign lower risk to stochastically dominating portfolios.

For the measures that are congruent to expected utility theory, one can take his one step
further. Bell [1988] combines measures of risk and return to generate risk-return models,
congruent to specific utility functions. Sarin and Weber [1993], who introduce the risk-
value models, likewise link explicit measures of risk to decision models. In finance, one can
now seek to explain observed anomalies in financial data that were fitted to models relying
on specific risk measures by switching to alternative explicit risk representations. On a
theoretical basis, asset pricing models can be constructed and equilibrium risk measures
derived, which depend on the form of the risk measure implicit in the individual utility
functions. These could complement the CAPM models of Shalit and Yitzhaki [1984], Bawa
and Lindenberg [1977] and Harlow and Rao [1989] as well as the original Sharpe-Lintner
CAPM.

Appendix

For notational convenience, we sometimes work with the measures in expectations form.
Note that

/ gx) f(x)dx =E[g(x)]

and further that the expectation of g(x) is a linear operator (that is, E[ag(x)+b] =
aE[g(x)]+b).

Proof of Lemma 7

Consider (44) with b= p,, 0 = é and W[F(y)] positive valued.

BP1 Since W(.) is positive valued, everything under the integral is nonnegative. Result
then follows on integration.
BP2

R(y) = (E[|Ay — Aty [“WIEF,, (Ap) D)=

= (M“Elly — uyl*WIF, ()1
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since A > 0. This becomes

= [M(ELly — syl WLF, (0)ID =
= [\R().
BP4
R(y+1) = (E[(y+ 1) = (ty + D*WIFy 1 (y + DI
= (Elly — ty[*WIF,()ID*
= R(y). D

Proof of Theorem 8
The theorem is proved by exhibiting the violation of one axiom for each proposed measure.
(a) BP1Leta=1 and y ~ N(10, 1). Then Rpr(y) =—41 <O0.

(b) BP2 Letag=a; =a_ =0, B =p_=1,Pr(y >0)=Pr(y <0)=1. Then,

1
Riw(hy) = 5<EM[<Ay>"+ | Ay > 01+ E;, [(A) | Ay <0])

1
5<E[(xy)"+ |y > 0]+ E[Op)* |y <0])

1
5<x"+E[y’<+ |y > 0]+ A% E[y* | y <0]).

Now suppose y ~ N (0, 1), =2,k; =1 and k_ =2. Then

1 1

However,

1 1
) RLw<y)=2<5)4<§> _

(c) + (d) We start with R 1, Ry 3, and Ry, which rely on an axiom of Luce—namely, (L1A).
This is incompatible with BP2. To see this, suppose both are satisfied and consider two
distinct r.v.’s x and y, where R[X] > R[y]. By L1A,

R[A¥]=R[¥]+ S(1) and R[AX]= R[X]+ S(}).
By BP2,

R[AF]=|A| R[7] and R[A%] = |A| R[Z].
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Subtraction gives
R[Ay] — R[Ax]= R[y] — R[X]=|A| (R[y] — RIX]),

which is not satisfied if A #£ 1.

Next consider Ry, and R4, which are derived using axiom Luce (L1M). By a similar
argument to the above, we can show that we need S(a) =a in L1M for it be compatible
with BP2. Following the proofs of Luce, this further implies that R, is a constant and
so uninteresting. R;4 becomes

0 oo
A|:f xf(x)dx—f |x|f(x)dxj|.
—00 0

Clearly, if we take A > 0 and any negatively skewed distribution, R;4 < 0, and so BP1 is
violated.
For Ry, we consider axiom S2, which implies that

R[y+A]=R[y]1+SA),

where S(1) is monotonic. In order to be compatible with BP4, however, we would need
S()) =0, which is not monotonic.
Finally, for Rg3, suppose C = —A =1 and # =2. Consider y ~ N (0, 1). Then

- 1 -
Rs3(5) = —Evar[lylz] <0,

which violates BP1.

(e) Fishburn’s axiom B4 implies that R(y) =0 < Pr(y >0)=1. Hence, if k is larger
than the minimum value of y, this means that R(y + (—k)) #0. But BP4 implies that
R(y+ (=k))=R(y)=0.

(f) BP2 Note that

)‘«l_e(ﬂy B 1)

Rp(Ay) =
p(AY) Moy —1

R().

So if, say,e=—1and pu, =2,

2

A
Rp(§) = 75— R()

and taking A =2 gives the desired contradiction.
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(g) BP2 Clearly,

Ra, () = 1= [y f(hy) d (hy)] ™=
=1 =AY F )T
=1—-2AR4, (),

soif, say, R, (y) = % and A =2, we get a contradiction.

(h), (i), (j), and (k) BP2 Contradiction established as in (f) and (g).

(1) BP2 Pick any A > 0. Then Rgsc(Ay) = Fy5(Apy) = F(fy) # [A| Resc ().
(m) G™! (%) is not defined if y is a constant r.v.

(n) BP2 Let t =, and o > 1. Then, for A > 1,

Ra—1(Ay) =A% R(Y) # |A| R(D).

(0) BP2 Pick any A > 0. Then Rp; (Ay) =Pr(Ay <AC)=Pr(y < C) # |A|RpL(}).
(p) BP4

Brs(V+2) = E((y + M{Fy 0+ DY {1 = Fyn(y +0)))
= Brs(M+AEAFWY {1 = F(»}),
s0if, say, 5~ N (0, 1),
Brs(V+ 1) # Brs(D)-
(q) BP2 Var(2.5) = A2Var(§) # AVar(A§) for A # 1.

(r) BP2 Same as (q).
(s) BP2 Let c=1 and f(y) =1 with probability %, 0 with probability % Then

Rp1(A§) = log E[e" 4] = log [~ +e%],
but
Al R(3) = Al log[e™% +e2].

These are clearly not always equal.
The other two measures of Bell—that is, Rp, and R pgz—follow in a similar fashion.
(t) BP2 Here, suppose we consider ar.v. y where E[(y — ,uy)z] =E[(y— ;Ly)3].
Then clearly R;p(y) =0 and
Rip(3) = 22 E[(y — 1,)°1 = M El(y — 11,)°]
= (W =)E[(y — my)’l,

which is nonzero for, say, A = 2. d
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Proof of Theorem 9

(a) By Lemma 7, we know that BP1, BP2, and BP4 hold in both cases. We thus need to
show BP3 is satisfied.
Consider first the case where k > 1, Yo =, and A = 1. Note that then

" ik
Rs(5) = (/ Iy—uylkf(y)dy>

1/k
= (/max[O, Iy—My|]kf(}’)dY> .

Hence,
1/k
RsG+%) = ( f f max[0, |y +x — 1, a1 £ O x)dydx)
1/k
( / / max[0, |(y — ) + (x —ux)u"f(y,x)dydx)
< ( / / max(0, [y — t, I £ (v, x) dydx

1/k
—|—//max[0, |x_ux|]kf(y,x)dydx>

by the triangle inequality and the fact that £ > 0. Applying Minkowski’s inequality (see
Rudin [1976]), implies that this quantity is less than or equal to

1/k
< f / max[0, |y —uyukf(y,x)dydx)
1/k
+ ( / / max[, |x—ux|]kf<y,x>dydx> .

Integrating out the marginal distributions, this is equal to

1/k 1/k
( / max[0, [y — 11,11 £ () dy) + ( / max|0, |x — u,|1* £ (x) dx)

=Rs(Y) + Rs(X).

The case for which k > 1, Yy =, and A = oo can be proved similarly and in any case
follows from the work of Kijima and Ohnishi [1993].
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(b) For the range measure, we demonstrate that all four properties are satisfied:

e BP1 Clearly, Ymax — Ymin = 0.
e BP2

Rg ()»5) = O“j’)max - ()"y)min
_ A(Ymax — Ymin) A >0
B )\(ymin_ymax) lf)\fo
= Al (Vmax — Ymin) = [A|RR(Y).
e BP3
RR()N) +)Z) = (x +y)max —(x+ y)min
< Xmax  Ymax — Xmin — Ymax
by applying the triangle inequality twice. This is in turn equal to
(xmax - xmin) + (ymax - ymin)
= Rgr()) + Rr(X).
e BP4

RR(S’ +2X) =+ Vmax — (Y +Amin

= Ymax — Ymax = RR(&)

(c) First note that the linear measures are in fact constant multiples of the Gini coefficient.
To see this, note that the linear measure is

covly — uy, aF(y) +b],
where a and b are constants and a > 0. This simplifies to
a ~
acovly, F(y)I=3Ra(3).
Hence, if the Gini coefficient satisfies the basic properties, so do the linear measures.
Since the Gini belongs to our new class (44) (in fact, it is R[oo, uy, 1, 1, 2F(y)]),

Lemma 7 applies. Consequently, BP1, BP2, and BP4 are all satisfied by the Gini
coefficient. We thus show

BP3Rg (% + 5)

N ////|(x"+yi)_(xf+yf)|f(xzw Xjy yir y;) dxidx;dyidy;

< ////|Xi — x| f (s xj, i, y;)dxidx;dy;dy;
+////|Yi_yj|f(xi, Xj, Vi, ¥j) dxidx;dy;
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by the triangle inequality. Integrating out the marginals gives

//|Xi—xj|f(xi, xj)dxidxj+//|yi —yilf i, yj) dyidy;
= R (J) + Rg (%)

Hence, the Gini and so the linear measures satisfy all properties.

To generalize this to the piecewise-linear measures, if one assumes that the W[ F (y)]
is invertible, one may use the fact that the sum of convex functions is convex and refer
to the linear case just proved.

(d) Thisresultis givenin Kijima and Ohnishi [1993]. O
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Note

1. This can be extended to the piecewise linear measures (see (19)) simply by making W[F (y)] piecewise linear
in F(y).
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