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Abstract

Social and natural sciences employ a number of different measures of diversity. The
presents paper surveys those depending on the distribution of abundances among a
given set of categories. Characteristic properties of the measures are generalized and a
unifying notation is derived. It is argued that such unification enables scientists and de-
cision makers to measure distribution based diversity in a new, more flexible manner,
and represents a useful complement to models of generalized feature based diversity,
such as Nehring and Puppe’s (2002) theory of diversity.
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1 Introduction

The measurement of diversity is, by itself, a very “diverse” issue. Approaches to
quantify this phenomenon vary much and the contexts to which diversity mea-
sures are applied are manifold (Junge, 1994). It is not uncommon to observe an
increasing diversity according to one popular measure and a decreasing one ce-
teris paribus according to another! . This clearly shows that the choice between
measures is all but arbitrary and characteristic properties of a specific diversity
index must be discussed very carefully. Unfortunately there is not much consen-
sus in the properties which diversity measures should satisfy in a given situa-
tion. Especially normative discussions between the social and natural sciences
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have revealed a fundamentally different understanding of diversity, which may
originate in different philosophies (Baumgirtner, 2007). But even within a sin-
gle science, people obviously think differently about what diversity is and how
it should be measured. An intrinsic subjectivity of diversity explains why a mul-
titude of diversity measures is likely to continue to exist and why there can be
no “true” best-of-all measure satisfying everything for everybody (cf. Hoffmann
and Hoffmann 2008). The remaining question is: How can we account for indi-
vidual requirements in the choice of available measures?

The most obvious but most laborious way is to analyze each of the available in-
dices qualitatively and to judge whether the characteristic properties satisfy the
given needs. Regarding the large number of available indices this approach is
not very promising. Much more efficient is the reverse way, namely to start with
some basic requirement which is imposed on an appropriate generalized model
of diversity in order to narrow down admissible choices. Nehring and Puppe
(2002), for example, provide a general theory of diversity in terms of the qual-
itative disparity of attributes realized by n given objects. In subsequent papers
the authors show that different properties imposed on their model lead to more
specific measures (Nehring and Puppe, 2003, 2004). In this way the so-called
“multi-attribute model” can be applied quite flexibly, according to individual
perceptions of what diversity should be. However, diversity measures are also
required to be distribution based sometimes, i.e. they must depend on the dis-
tribution of some quantity over the n given objects (e.g. Pielou 1975) 2. While
the multi-attribute approach seems to establish as the most general model of
disparity based diversity, a unifying model of distribution based diversity just as
general and flexible is still missing.

The present paper tries to complement Nehring and Puppe’s (2002) theory and
focuses on the generalized measurement of distribution based diversity. First
it introduces the reader to the general concept of distribution based measures
and gives some example applications from different sciences (Section 2). In the
preceding Section 3 commonly used models of distribution based diversity are
surveyed, which are then unified in Section 4. It turns out, that this “new” gen-
eralized diversity measure exists in information theory, ready to use, for more
than thirty years (Sharma and Mittal, 1975). Nevertheless, the “re-discovered”
Sharma-Mittal formalism not only recovers all surveyed measures by simple pa-
rameter variation but also can be made more specific according to very individ-
ual requirements. Section 5 concludes and critically gives an outlook.

2 Note that ecologists also use attribute based diversity measures (e.g. Faith 1994) and
economists sometimes use distribution based diversity measures (e.g. Beran 1999). This
is, however, not the normal case. In economics distribution based measures are much
more often used as measures of inequality (Atkinson, 1983) or concentration (Hannah
and Kay, 1977). As we will see later many developments in the measurement of distri-
bution based diversity can also be traced back to statistical mechanics and information
theory.



2 The basic concept of distribution based measures

A distribution based measure is an average quantity of n given categories which
is defined in terms of:

(1) the categories: Of what do we want to measure an average quantity?

(2) the elementary quantity: What kind of quantity of each category is to be
averaged?

(3) the average: How is the desired quantity finally calculated?

All three questions can be answered very differently. In fact, the class of distri-
bution based measures ranges across a large number of disciplines and applica-
tions. In this section the basic notation is introduced and some economic as well
as non-economic answers to the above questions are presented.

2.1 Defining the categories

2.1.1 Notation

Let Z denote a set of some given and well-defined individuals such as the set of
living objects in an ecosystem or the set of dollars representing the national in-
come of some country. Formally, the set of n categories is a partition on Z such
thatZ=|J_,z;and z;Nz; =@ foralli #j. Let h:2? >N, h; — h(z;) = #z; then
a=(h;)i=1.., and p = a/#Z denote the discrete distribution of absolute and rel-
ative abundances among the categories, respectively. Further let R, =(0,00) and
let 6’ be the set of convex sets on R then & C 6 is the n—unit simplex of reals
such that for all p € 2,0 < p; <1and ), p; = 1. Two different distributions on
different sets of individuals are written p,q € &, where p x g = ( piq]-)

i=l..n,j=1..m

is the joint distribution.

2.1.2 Examples

In industrial economics the categories are often defined as the firms of an indus-
try each producing a share p; of overall output Z and an average of all p; is then
taken as an indicator of the “concentration” in that industry (e.g. Hannah and
Kay 1977). Using households as categories, each receiving a certain share of the
overall income, slightly different averages are also used to measure (income) “in-
equality” (e.g. Atkinson 1983). Ecologist, on the other hand, usually define cate-
gories as biological species of which a relative abundance p; of individuals can
be observed in an ecosystem or a geographical region. In this case the “evenness”
of individuals among species is considered as an indicator of “ecological diver-
sity” (Ricotta, 2003). Similar diversity categories include but are not limited to a



society’s social groups (Harrison and Peng, 2006), a county’s types of television
channels (Aslama et al., 2004), an urban district’s dwelling types (Les and Ma-
her, 1998), a firm’s businesses (Pitts and Hopkins, 1982), or a portfolio’s financial
assets (Woerheide and Persson, 1993), for which an average elementary quan-
tity is often used as a measure for social-, TV-programme-, housing-, firm-, or
portfolio—“diversity”, respectively. These examples illustrate that the definition
of categories is much influenced by the individual measurement context and
can not be generally defined. For the sake of interdisciplinarity and generality
we stay with the formal representation above and leave the question “Of what?
(do we measure an average quantity)” intentionally open.

2.2 Defining the elementary quantity

Given a proper set of categories the average raw share p; often does not describe
precisely enough what is meant to be measured. These cases require some con-
tinuous and strictly monotonic transformation v; — 7 (p;) which determines
the classes’ elementary quantity according to the most important characteristics
of the phenonmenon under consideration.

2.2.1 Examples

Economic inequality and concentration measures, for example, use different
definitions of shares. While a concentration share is usually defined as the out-
put share p; of firm i, the (income) inequality share is defined as the ratio of
absolute individual income and the arithmetic mean of all incomes such that
v,* — 114 (p;) = np;. Another example can be found in ecological statistics
where p; is employed as a variable of the “rarity” of a species i in a set of species
(Patil and Taillie, 1982). Clearly, the value of p; can be no reasonable rarity in-
dicator due to the inverse behaviour of a classes relative abundance and what
is commonly known as “rarity”. Transformation v{** — 7¢" (p;) = 1/p;, also
known as the elementary equivalent number (of equal sized classes) is more ap-
propriate. A third example has established in classical information theory. Here,
pi is used as the probability of an event i of a discrete random variable having n
possible outcomes. The elementary information is defined as the minimum “ef-
fort”, measured in the number of binary digits, which is necessary to transmit the
observed variable’s realization from a source to a recipient (Rényi, 1966). It is de-
fined as v/°® — 792 (p;) := cIn(1/p;), ¢ # 03. The choice of transformation 7'°
is motivated by the assumption that the “information obtained from the hap-
pening of two independent events is the sum of the informations yielded by the

3 From the perspective of information theory the choice ¢ = 1/1In(2) is most common to
have “bits” as measurement unit.



two single events” (Aczél and Dar6czy 1975, p. 3). This so—called log-additivity
can be characterized using one of four well-known functional equations*.

2.2.2 The Cauchy equations

Proposition 1 For non-constant and continuous functions f and x,y €

(0,00);¢#0
fx+y)=fx)+fy) < fx)=cx (lia) 1)
flxy)=fx)+f(y) = fx)=cIn(x) (loa) )
fx+y)=fx)fy) = fx)=e* (emu)  (3)
flxy)=fx)f(y) = flx)=x° (pmu)  (4)

Proof of Proposition 1. These are classics derived from works of Cauchy (1821)
and solutions can be found in every standard textbook on functional equations
such as Aczél (1966). Aczél et al. (2000) provide a summary of proofs. m

Functions satisfying (1), (2), (3), (4) are called lin-additive (“lia”), log—additive
(“loa”), exp-multiplicative (“emu”) and pow-multiplicative (“pmu”), respec-
tively. The elementary information v}°®, for example, can be characterized by

log—additivity (2) under restricted domain.

Corollary 2 (Elementary information) Let p,q € (0,1] and f be a continuous
and non—constant function, then for ¢ #0

1
F(pa)=F(p)+ f(@) & f(p)=cln (;) | )

Proof of Corollary 2. Let p = exp(—x) and g = exp(—y) in (5) then g(x) :=
f(exp(—x)) gives g(x +y) = g(x)+ g(y) having the most general non—constant
solution g(x)=cx. Thus f(p)=cx=cln (i) . .

Log—-additivity of shares is, however, not generally desirable. The sense and non-
sense of some characteristic property clearly depends on the given application
context and the phenomenon under consideration. To give an economic coun-
terexample, Cowell (1980), p. 149 emphasizes for the measurement of income
inequality that “there is no compelling reason why [log—additivity] should hold”.
This implies that the standard logarithm is no resonable transformation of in-
come shares.

4 In the following we are only interested in the most general non—constant and contin-
uous solutions of a functional equation. For convenience we may omit the words non—
constant and continuous.



Table 1
Degree-deformed logarithms, exponentials and linear functions in two equivalent rep-
resentations.

Name Degree 0 deformation Degree d = g deformation
log(éx-i—l) In(dx+1)
—c—2 5§40 =0 ,d#0
log-dfm. lin. ~ liny8(x) = o 7 lin%8x)=41 ¢ 7
X ,0=0 x ,d=0

Cexp((;x)—l ’5750

|
|
|

exp—dfm. lin. lin?p(x) =

= 5#0

log(x) ,0=0

0-dfm. log. logs (x)=

o-dfm.exp. expsz(x)=
exp(x) ,d=0

2.2.3 Generalized deformed transformations

In order to meet a larger range of individual requirements we have to use
more general classes of continuous and strictly monotonic (and not necessar-
ily log-additive) transformations. A promising way is to consider parameter—
deformed functions that can be characterized by some functional equation sim-
ilar to the one in Corollary 2. Here our focus is on deformed linear and loga-
rithmic/exponential functions, which will also prove to be useful for generating
mean values in subsequent sections of the present paper.

Let the common Napier logaritm be written log(x) := cln(x) where In(x) de-
notes the natural logarithm and ¢ :=1/In(b) such that b =exp(1/c), b € Ry \{1}
for all ¢ # 0 is the basis of the Napier logarithm. Similarly exp(x) := e« is in-
verse of the Napier Logarithm where e is the Euler Number. Then linear, loga-
rithmic and exponential functions can be deformed by degree 6 as depicted in
the second column of Table 1. These functions will play a major role through-
out this work. We shall further define d := 6/c for a nicer representation of
some properties to be discussed. This equivalent notation is given in the right
column of Table 1. Note that all degree zero deformations are limits of the cor-
responding deformation function for &6 — 0 (or d — 0). Further we can eas-
ily see that lin?g(x) = ling"p)_1 (x), log; (x) = exp;' (x), log (exp; (x)) =lin§’g(x)
and log; (exp(x)) :ling P(x). Deformed linear functions are characterized by a
Cauchy-type functional equation, called non-lin-additivity of degree d.



Proposition 3 (Non-lin-additivity of degree d) Letx,y €(0,00) and f be a con-
tinuous and non-constant function, then

fx+y)=f)+f)+df(x)f(y) e f(x)=lin;"(cx)=lin;"(cx).  (6)

Proof of Proposition 3. Necessity is easy to check. For sufficiency let d # 0
and g(x) := d f(x)+ 1. Then the non-lin-additivity condition is equivalent to
the Cauchy exponential equation g(x +y) = g(x)g(y) which has the most gen-
eral solution g(x) = e%F, 6 # 0 given by (3). By resubstitution one obtains
f(x) = (e —1)/d =lin;"(cx); ¢,d # 0. For d = 0 we have lin-additivity
f(x+y)= f(x)+ f(y) and then by (1) the most general solution is f(x)=cx =
limg_olin;*(cx), c #0. m

Compared to deformed linear functions deformed logarithms are more often
applied and have a longer history. Euler (1779) already considered the function
logg’ﬁ(x) = —(x79—x7") /(6 — ) and analyzed the case # =0 and 0 = ¥ +¢,
¢ — 0. The first case reduces to logg(x) =(1—-x79)/6, 6 #0 and the latter to the
partial derivative loggys(x) =—0(x79) /00 =x"9((x*—1)/¢). The crutial feature
of both functions is that they limit to the natural logarithm as 8 — 0. Proposi-
tion 1 shows that the Napier logarithm is characterized by log-additivity, thus
logg cannot be log—additive for 8 # 0. Indeed, this function belongs to a family
recently studied by Naudts (2002) and other physicists. Here is shown that the
Euler function is characterized by a property called non-log—additivity of degree
d.

Proposition 4 (Non-log-additivity of degree d) Letx,y €(0,00) and f be a con-
tinuous and non—constant function, then

fxy)=f)+fy)+dfx)f(y) = flx)=log, (x) =logs (x). (7)

Proof of Proposition 4. Necessity is easy to check. For sufficiency let d # 0 and
g(x) == d f(x)+ 1. Then the non-log-additivity condition is equivalent to the
Cauchy power equation g(xy) = g(x)g(y) which has the most general solution
g(x)=x%, & #0 given by (4). By resubstitution one obtains f(x)= (x¢?—1) /d =
log, (x), d #0. For d =0 we have log-additivity f(xy)= f(x)+ f(y) and then by
(2) the most general solution is f(x)= cln(x)=log(x)=lim,;_log,(x), c#0. m

The algebraic properties of deformed logarithms are different from those of the
common Napier logarithm. Two of them worth noting are

log; (xy) =log, (x)+log;(y)x° (8)
log; (%) = —logs(x)x~°. 9)



We also may restrict the domain as we did for elementary information in Propo-
sition 2.

Corollary 5 (Non-log-additive quantity) Let p,q € (0,1] and f be a continuous
and non-constant function, then

fpa)=f(p)+ f(g)+d f(p)f(q) = f(p)=log; (1/p). (10)

Proof of Corollary 5. lLet p = e™* and g = e in (10) then g(x) =
fle ™) gives g(x +y) = g(x)+ g(y)+ dg(x)g(y) which has the most gen-

eral non-constant solution g(x) =lin;(cx) by Proposition 6. Thus f(p) =

exp

g (x)=liny*(cx)=lin;"(cIn(1/p))=1logs; (1/p). m

2.2.4 Examples

In many practical applications the deformation parameter of degree-deformed
functions is normalized for the sake of a more straightforward interpretation of
its actual value. Most of these applications use one of the following cases

0=-6 11
f=1-6 (12)
{=1+86. (13)

For example, the initial form log; (x) is concave only for 6 < 1. If concavity needs
to be maintained for increasing deformation degree we may use substitution
(11) which gives Euler’s function logg (x)=(1—x79) /6. In non-extensive statis-
tical mechanics, pioneered by physicist Tsallis (1988), non—concavity is consid-
ered as a serious drawback (Tsallis, 2004). Therefore it seems more convenient
to use (12), i.e. T;(x) :=logg(x) = (x'7F —1) /(1 - B) because this deformation
function is concave for all # > 0 and has the log-additivity limit at # =1 instead
of 6 = 0. The same concavity parameter normalization can be applied to stan-
dard economic decision theory where a parameter deformation of the decision
maker’s utility function u(x) can be used to model different risk attitudes > . How-
ever, turning the economist’s perspective back to the transformation of shares p;
we can also recall Cowell’s (1980) former remark on economic inequality mea-
sures. In particular, use (13) and set ¢ = 1/ then logg‘s(x) = (x1=1)/(¢ (¢ =1)

5 Moreover, it can be shown that decision makers have a constant relative risk aversion
(CRRA) n,, (x) := —xu”(x)/u’(x) if and only if u(x) ox logs(x) and a constant absolute
risk aversion (CARA) n,, (x)/x if and only if u(x) o logs (exp(x)) =lin; "(x). Necessity
is easy to check. For sufficiency one can use the proof technique of Keeney and Raiffa
(1993), p.177. The concepts of absolute and relative risk aversion were introduced by
Pratt (1964).



is again a deformed (natural) logarithm with lim,_,; T?S(x) =In(x). To see the ma-
jor benefit of this function we transform the income shares in Theil’s (1967) clas-
sic distribution based inequality measure H® (p) =1/nY.._ np;In(np;) using
Tgs(x) instead of In(x). Then one directly obtains the most general class of Theil-
decomposable inequality measures Hg® (p) = (n{({-1)7"' 3.7 ((np,-)g - 1),
which was axiomatically characterized by Cowell and Kuga (1981) and Shorrocks
(1980) 6. In other words, sacrificing log-additivity in the underlying transforma-
tion of income shares allows to maintain Theil-decomposability in distribution
based inequality measurement. In economic concentration measurement, on
the other hand, still other properties appear to be more desirable than Theil-
decomposability. The logarithmic character of the family H¢® is “neutralized”

-1
by taking the according exponential such that (loggs) (HgS (p)) = nH;®(p)

where H}™ (p) = (Z:;l pf) “1 is the most common family of concentration in-
dices characterized by Chakravarty and Eichhorn (1991) and intuitively used as
(inverted) numbers equivalent by Hannah and Kay (1977). Still another well-
known family being affected by deformed logarithms is the “equally distributed

-1
equivalent” H} (p) =1— (log‘;}) (Hgs (p)) discussed by Atkinson (1970), with
log;(x)=1log®,(1/x).

We see that deformed logarithms can be used to directly link economic
inequality—, concentration— and “equally distributed equivalent”-measures.
Similar findings will also help to unify different families of diversity measures
in Section 3.

2.3 Defining the average

The third dimension defining distribution based measures is the operator ag-
gregating n elementary quantities into a single number. As for the definition
of elementary quantities this definition should be specified according to some
desirable characteristic. Most importantly it should maintain the characteristic
properties of the elementary quantity under consideration.

In accordance with Bullen (2003) we give the following basic definition.

Definition 1 (Mean value function) Letu,v €R”", it =(c,...,c)and0=(0,...,0).
A mapping M : R"—R is called a mean (value function), written shortly M(u) =
(u), if it satisfies

(1) (it) = u (reflexivity, idempotency)
2) (u) <(v)ifu; <v; foralli and u; < v; for some i (strict monotonicity)

6 See these papers for details on Theil-decomposability.



(3) lim,_5(u +v) =(u) (continuity)

Note that reflexivity and strict monotonicity imply Cauchy’s (1821) internality
property min; u; < (u) < max; u;, which is usually accepted as a natural re-
quirement for mean values. Bonferroni (1924) proposed to functionally “gen-
erate” means using the equation w, ¢ (u;)+ wL¢(uy) = (wy + wy) o ({(u1, uz));’),
where w is an arbitrary non-negative weight and ¢ is a continuous and strictly
monotonic function defined over a real interval, called generating function” .
{(uq, u2)>$ satisfies the requirements of Definition 1 most immediately due to
a characterizion by Aczél (1966), p. 242. For equal weights w, = w, = w, we
get the symmetric mean ((u;, uz))g = ¢ " ((¢(u1)+ ¢(us)) /2) characterized by
Aczél (1948). All standard means, namely the arithmetic, harmonic, geomet-
ric, quadratic, power and exponential mean, are generated by the functions
¢(x)=x,x711og(x),x?, x¢, e, c #0, respectively. Let w denote weights not nec-
essarily equal and satisfying w; € [0,1], Y, @; = 1 then generalizing the Bonfer-
roni equation to the n—case gives the quasilinear mean of u 8

<mg:¢*(§}wmmﬂ. (14)

Lemma 6 (Hardy et al. (1934)) For constants a #0 and b

P)=ap(x)+b e (u)f =(u);. (15)

This implies that a specific quasilinear mean can always be generated by a
continuum of functions. Because of its general nature the quasilinear mean
can serve as appropriate aggregation operator in generalized distribution based
measurements.

3 Distribution based diversity

The preceding section illustrated that a number of well-known quantities, such
as information, physical entropy, economic inequality or concentration are
measured using distribution based concepts, which are specified by a set of cat-
egories, an elementary quantity and an aggregation operator, respectively. Par-
ticularly from the classical “ecological” point of view diversity is also an average

7 As a tribute to Kolmogorov (1930) and Nagumo (1930) for their seminal contributions
to the characterization of functionally generated means, ¢ is also called Kolmogorov
Nagumo-function (KN-function).

8 For an axiomatic characterization of this class of mean value functions see Wang and
Jiang (2005).
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quantity of some properly defined set of categories. Therefore, we define such
measure as the quasilinear mean (v);‘;.

The main characteristic of all distribution based diversity measures is to com-
prise some “preference” for evenness. A set of classes is said to be maximally
diversified whenever all classes share the same elementary quantity and there
should be minimal diversity whenever the overall quantity is accumulated in a
single class. Formally, let p =(1,0...,0)and p =(n"!,...,n~!) then a distribution
based diversity measure V(p) should satisfy

V(p)=V(p) = V(p). (16)

From the theory of majorization it is known that (16) is satisfied if V' is symmet-
ric (i.e. invariant under permutations of the variables) and concave or quasi-
concave (Marshall and Olkin, 1979). Symmetry of (u);‘)’ is given by self-weighting
w; = p; (cf. Aczél and Dar6czy 1963b) and, thus,

Vip)=@)y=0¢"" (Z pip(t (Pi))) (17)
i=1

can be considered as a proper basic family of measures?®. Alternatively, (16) is
satisfied whenever V is strictly concave in the sense of Schur (1923). Schur him-
self gave a straightworward derivative criterion, which is used for the definition
of distribution based diversity measures until today (e.g. Kreutz-Delgado and
Rao 1998).

Lemma 7 (Schur-condition, Schur (1923)) Let f: 2 — R be differentiable such
that f,,, (p) =2 f (p) /0 p: exists for all i then f is strictly Schur-concave on 2 iff
f is symmetric and

(Fo(P)= £ () (p1 = p2) <O (18)
forany two p,,p, of pe 2.

Proposition 8 (Schur-concavity of V) Let 7(x) be a transformation of shares
and ¢ (y) a mean generating function, both being twice differentiable. Further let
QB (x)=0¢(7(x)) and N5 (x)= —xq~§” (x) /gfb, (x) then V(p) is strictly Schur-concave
if and only if one of the conditions in Table 2 holds (line-by-line).

Proof of Proposition 8. Define g (x)= ¢ (x)+x@ (x). Then the Schur—condition
(18) is equivalent to

(07) (320, piote () - (g () g (p2) - (P —p2) <0. (19)

For convenience we can assume p; — p, > 0 and omit the case p; — p» < 0 (or
vice versa) because the sign of (g (p1) — g (p2)) (p1 — p2) only depends on the

¥ The concavity of (v),, clearly depends on ¢ and 7 and will be discussed individually.

11



Table 2
Conditions for strict Schur-concavity of V.

¢ (¥) ¢ (x) ng (x)

strictly increasing ~ strictly decreasing, concave 1 (x) <0

strictly decreasing strictly increasing, convex P (x)<0

strictly decreasing  strictly increasing, concave 0= (x) <2

strictly decreasing  strictly decreasing, convex 0=y (x) <2

strictly increasing ~ strictly increasing, concave 14 (x)>2

strictly increasing  strictly decreasing, convex 1 (x)>2

sign of g’(x) and not on the one of (p; — p,). Further, for continuous and strictly
monotonic functions f’(-) % (IR (f‘l)/(-) % 0, thus (gb*l)/(‘) can be replaced by
¢’ (). Then (19) simplifies to

o' (D Pz (p))- (g (p1) - g (p2)) <0. (20)

B

A

Since ¢ is strictly monotonic, A # 0 and (20) is statisfied if and only if A or B is
(exclusively) negative. So we need to derive conditions for the two cases ¢’ (-) > 0,
g’(x)<0and ¢’(-) <0, g’(x) >0, or explicitly

¢'()>0, g'(x)=2¢ (x)+x¢" (x)<0 1)
¢'(1<0, g'(x)=2¢ (x)+x9" (x)>0 22)

Note that i)l(x) # 0 because ¢ and 7 are strictly monotonic by defintion. Now,
assume ¢’ () > 0 then (21) is clearly satisfied if g?) (x) <o, g?) (x) < 0 which im-
plies N5 (x) <0. For the remaining possibilities (ib (x) <0, (}5 (x)>0and q~b (x)>

0,913//(16) < 0 (21) is satisfied only if —2q3’(x) > xéz'ﬁll(x) and 2q3/(x) < —xél')//(x),
which is equivalent to n;(x) > 2, respectively. Consequently, the only cases
which satisfy (21) are

¢ (X)<0 @' ()<0 n;(x)<0
¢ (x)<0 ¢ (x)=0 N (x)>2
$'(0)>0 ¢"(x)<0 n;(x)>2

12



and similarly, for (22), ¢’ (-) <0:

$'(x)>0 ¢"(x)20 ny(x)<0
J)/(x)<0 (;3”(’“)20 Ny (x)=0and n;(x) <2
¢'(x)>0 ¢"(x)<0 N4 (x)>0and 1, (x) <2

Lemma 9 (Equivalent representations of (v),) Every continuous, monotonic
transformation g of a self-weighted quasilinear mean (v), is a self~weighted
quasilinear mean. In particular,

g ((v)s) = (g () (23)
where ¢ (y)=¢ (g7 (v)), and
)p=7((r);) 24)
where §(x)= ¢ (7 (x)).

Proofof Lemma9. Let ¢ (y) =¢ (g7 (v)) then ' (2)=g ((,b_l(z)) which must
be a generating function because g is invertible by supposition. Then

g(w)y)=¢ (¢_1 (ipicb(f (pi))))) =9 (ipifi) (g(r (pi)))) =(g();-

The case (24) is proved analogously. m

3.1 Measures generated by linear functions

Let us first consider linear generating functions
¢"™(x):=ax+Db, a#0, (25)

and the elementary quantities

1
Uieen s reen pi)=c— (26)
() =c-;
1
Uioa — Tloa (pl) = log (—) (27)
pPi
1
v;l—loa —s Tn—loa (pl) — 10g5 (p_) . (28)

13



3.1.1 Linear mean of numbers equivalent quantities

The linear mean of v;*" gives

(veen>¢hn =n. (29)

This nominal number of categories (“richness”) is easy to grasp and especially
in the ecological sciences the species richness of a habitat is still a very com-
mon diversity indicator (e.g. Tilman 1996). Another feature is its range from the
minimum value of 1 in the 1-species case and to a maximum value of 7z in the
n-species case, which is often interpreted as species—equivalent diversity value.
We will come back to this property later on.

3.1.2 Linear mean of log—additive quantities

For the log-additive elementary quantity (27) we have

Vi(p):= <v1°a>¢lm :Zpiv}oa:Zpilog (pi) (30)
i=1 i=1 !

usually called “Shannon-Wiener index” in ecological diversity measurement
(e.g. Pielou 1975; Magurran 2004). There is a plethora of very different interpre-
tations on this index due to different definitions of categories, but V® serves ex-
plicitly as a diversity measure much more often in the ecological sciences than
anywhere else. Note that V5(p) is maximal at log(7n) which is usually refered to
as first information measure due to Hartley (1928).

Proposition 10 V3(p) is log—additive and concave for allp € 2.

Proof of Proposition 10. Log-additivity of V3(p) is common knowledge in in-
formation theory (see e.g. Shannon 1948). As h(x) = x~* is concave in (0,1],
g(x) = . f(h(x)) is concave in (0,1] for all concave f (Hardy et al., 1934). Al-
ternatively, let HV denote the Hessian of a continuous and twice differentiable
function V : ¢ — R then a necessary and sufficient condition for V to be con-
cave is p(—H")p’ > 0 (Roberts and Varberg 1973, p. 103 and Debreu 1952). Here
we have p(-H")p’=3"" pi=1>0. =

14



3.1.3 Linear mean of non-log—additive quantities

Now let the elementary quantity be non-log-additive, i.e. quantity (28). The lin-
ear mean of this quantity is for ¢ # 0

n n <[y 70 _1],6#0
<Vn-loal>¢lin :sz vlp-loa:Zpi 10g5 (pi) _ 5 (; Pi ) 75 . (3D
i=1 i=1 '

V3(p) , 6 =0

Obviously this measure must be maximal at log; (7), which can be called the
degree—-deformed Hartley-measure. Again, parameter substitutions may result
in more convenient forms of (31). Without explicit reference Patil and Taillie
(1982) use (11) and the Euler function log(E, (x), ¢ = 1 as underlying transfor-
mation of shares. They extensively discuss V)" (p) = Z?:l pilogg (x)(1/p:) as
generalized diversity measure, which is, indeed, applied to the measurement of
ecological diversity until today (e.g. Keylock 2005). An earlier reference was given
by information theorists Havrda and Charvét (1967). However, this measure be-
came most popular with the development of non—extensive statistical mechan-
icsin the late 1980s (Tsallis, 1988). Here parameter substitution (12) and notation

c B
§ 1 -5 Zpi - 1) , B#1
Vi (p) :ZZpilogE (E) — (i:l (32)
= V3(p)  f=1
is preferred which we will refer to as Tsallis diversity '° .

Proposition 11 VﬁT( p) is non-log—additive for all 3 and concave for 8 > 0.

Proof of Proposition 11. We show that (v"%?) i is non-log-additive

for all 6, thus, VﬁT(p) must be non-log additive for all . Let y;l'xlga =

(log5 (pi‘lqj_l)) o L then using (8) we have for all &

10In Henri Theil’s view of economic inequality measurement V/J,T can be interpreted
as decomposability—preserving generalized income equality (diversity) measure. More
specifically, Theil (1967), p. 91 assumes that inequality is maximum equality minus
equality, or formally, for the Shannon-Index as underlying equality measure H™"(p) =
In(n)—VS(p), c = 1. Since VﬁT is equivalent to VS having degree-deformed income shares
it is quite meaningful to observe that Hg® (p) = logg (1) — Vi(p), ¢ = Bn'=P,B # 0.
This illustrates that the underlying equality measure in the most general class of Theil-
decomposable inequality measures is a linear mean of an elementary quantity being
characterized by non-log-additivity (7).

15



_ n-loa n-loa n-loa
- <Vp >¢lin + <vq >¢lin (d <Up >¢lin

Concavity: For p € 6 we have p(—HVﬂT)p’ =p Z?zl pf >0forall>0. m

Conclusion 1 (Linear means) Linear means (v) plin maintain numbers equiva-
lence, log-additivity and non—-log—additivity of the elementary quantity v.

3.2 Measures generated by non-linear functions

A natural question arising from the previous section is whether Conclusion 1, or
parts of it, hold only for linear functions. The objective is to find the most gen-
eral classes of generating functions ¢ maintaining numbers equivalence, log—
additivity and non-log-additivity, respectively. As we have seen before, these
properties characterize deformed linear or logarithmic elementary quantities.
In fact, the only way to obtain a more general class of measures, satisfying these
properties is to generalize the mean generating function. This deformation has
other consequences on the final measure than deforming transformation func-
tions 7. For that reason we introduce a new parameter y and call it the de-
formation degree of the mean generating function or, according to most of the
present literature, the order. To stay consistent with parameter substitution (12)
we should also define

a=1-y. (33)

We start with log—additive quantities (27) this time.

16



3.2.1 Non-linear mean of log-additive quantities

Definition 2 (Rényi-generating function) Let a # 0 and b be arbitrary con-
stants, then

aexp(yx)+b ,y#0
qbf(x) = (r) ) (34)

ax+Db ,v=0

Note that gb?(x) =lin;"(x) fora=—-b = ?, y #0.
Proposition 12 (Log-additivity-preserving means) Let v; be log—additive, then
(v)y is log-additive < ¢ (x)= gbl;(x).

Proof of Proposition 12. Rényi (1961) already proved this for conditional (rel-
ative) information measures and incomplete distributions. Here I use a related

prove technique for the sufficiency part which can also be found in Hardy et al.
(1934).

(1) Necessity: Let y # 0 then <v;)°§q>¢ = 1103(2, 1Z] 1le T 1= r) _
T

%log (X, p; )+ %log (Z]m:l q; ) which is the log-additivity condition
for (v'o2) g As lim, o (vloa) o= VS (p) log-additivity is given by Proposi-
tion 10.

(2) Sufficiency: Let (v) » be log-additive then

ggmqm (10g(p;a;"))
(S s o | S on(s7))

Recalling Lemma 9 we define ¢(x) := ¢ (—log(x)) viz. ¢ '(z) =
—log (gfﬁ_l (z)). Then the log-additivity condition for g; := %, m>1

—log 95_1 ZZPMJ@ (Pi%)

i=1 j=1

=—log( (ZP‘P(P)))—bg b ,-

17

MS
3|~
<
N
3|~
N——

Il
—



which is equivalent to the multiplicativity condition

‘13_1 (ZP#]S (Pz%)) =<i~5_1 (Zpifﬁ (Pz’)) %

Resubstitution of J)_l (z)=exp (—qb_l (z)) gives

(Zl“/) (log (p;") +7) ) (Zp ¢ (log(p; ))) +y  (35)

where y = log(m) is a constant. Now let ¢, (x) := ¢ (x+y) viz

¢~'(z) = ¢,(z) +y then (35) becomes ¢, (Z?:l pi, (log (pi_l))) =
¢! (Z?:l pip (log (p;l))) which is true, by Lemma 6, if and only if for con-
stants a (y) and b (y) depending on m

¢, xX)=¢ (x+y)=a(y)¢(x)+b(y). (36)

In order to solve the functional equation (36) we need to note that the role
of x as a variable and the one of y as a constant can be interchanged since
the beginning of the proof without changing solutions. Neither does the as-
sumption b (y) = ¢ (y) as we can set—again by Lemma 6—the root and
the slope of ¢ without changing the resulting mean value. Under these
assumptions (36) can be written as (a (y)—1)/¢ (v) = (a(x)—1)/¢ (x)
where one of the terms on the left or right side is a constant. If we de-
fine d := (a(x)—1)/¢ (x) then we can substitute a (y) = d¢ (y) + 1 into
(36) and obtain the non-lin-aditivity condition ¢ (x +y) = ¢ (x)+ ¢ (y) +
d ¢ (x) ¢ (y) which has the most general solution lin;”(x) by Proposition 3.
Finally applying Lemma 6 gives ¢ (x) = ¢$(x).

Explicitly, we have

)=o) (St (7))
Llog (Zp}‘r) T #0

VS(p) , ¥=0

(37)

To obtain the notation proposed by Rényi (1961) we can apply substitution (33)

18



and call

(38)

—log (pr‘) ,a#1
i=1

VS(p) ,a=1

Vi(p):=

the Rényi diversity. Log-additivity may (or may not) be a reason why V¥ became
“by far the most widely used class of diversity—-based rankings of ecosystems
in biology” (Gravel 2006, p. 19). However, general log—additivity comes at some
“cost” in terms of lost properties, which can—depending on some deliberative
normative discourse—be more severe. To give an example, the concavity of VX
is only given for a very limited parameter space !' .

Proposition 13 Forall p € ¢ and n > 2, V¥ (p) is concave only for a € [0,1] and
it is neither concave nor convex for all a > 2.

Proof of Proposition 13. Case 1: For @ = 1 we have VS (p) which was shown to
be strictly concave. For all a # 1 we have p(—-H"% )p’ = a/(1—a) > 0iffa € [0, 1).
For case 2 (and other cases) see Ben-Bassat and Raviv (1978), p. 326. m

Using Lemma 9, (37) can be rewritten as (v'?) . = T(<p>¢3) =
T

(67 (Zripid ™ (p1))) where ¢(x) = ¢ (z(x)) = aexp(rlog(L)) +b =
axr+b = logr(l/x) fora =—-b = 5, y # 0. Then gf)fl(x) = l/expy(x), thus,

(v'oz) o= log (eXpT (ZL pilog, (i))) :linlyog ((v“‘1°a> ¢nn) or equivalently
(vrloa) i =liny™® ((vl‘)a) ¢n). Rényi and Tsallis diversity are monotone trans-
T

formations of each other, where the transformation is a degree deformed
linearity.

3.2.2 Non-linear mean of numbers equivalent quantities

Despite its intuitive range and general simplicity, the nominal number of classes
(29) does not account for a classes relative quantity p;. In this paragraph we de-
rive more general numbers equivalent measures which do. First we need to de-
fine numbers equivalence of measures depending on p.

Definition 3 (Numbers-equivalent (v),) A distribution based measure (v), is

called numbers—equivalent, written (v)ge, if

1<(v)y<n (39)

1 Note, however, that V5R is still quasi—concave for all non-negative 6 and therefore (16)
is satisfied.
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and
(v)y =1 forallp and (v), =n forall p. (40)

Proposition 14 (Numbers-equivalent (v),) Let(v), be Schur-concave, then

1 ne
T(x)=;:>(v)¢=(v)¢ (41)

Proof of Proposition 14. The first equation of (40) is equivalent to
o (ZL% (’L’ (%))) =n T(%) = n & 7(x) = 1 and the second to
¢ (Z;;l 1¢ (7(1))) =1 1(1)=1<1(x)= 1. Together with Schur-Concavity
this implies inequality (39), which proves (41). m

Proposition 14 implies that for ¢ (x)= ¢ (g (x))

(g); =0 (Zw (s (= (pi)))) g (qu (ipiqs (z (p,-)))) — g ((v)y)

is numbers equivalent if g (7 (x)) = 1/x viz. g (y) =1/77! (). For example the
Tsallis diversity (31) employs 7 (x) =log; (1/x) as transformation of shares, thus,
g (( pyn-loa) ¢un) = exp; ((vn'loa) ¢lin) must be numbers equivalent. Similarly, Rényi
diversity (37) is a quasilinear mean of log-additive shares and therefore can be
made numbers equivalent by g (y) =1/ log ' (1/x) = exp(x). The more obvious
way to derive numbers equivalents more general than the nominal number (29)
is an order y generalization rather than a 6—deformation of 7(x) = 1/x. For ex-
ample, when non-log-additivity (7) is imposed on the generating function we
can define the following generating function.

Definition 4 (Hill generating function) Let a # 0 and b be arbitrary constants,
then

ax”+b , 7Y#0

¢ (x):= (42)
alog(x)+b ,y=0

Note that qbyH(x) = logr(x) fora=-b = ?, y # 0. The self-weighted, numbers—
equivalent power mean is explicitly written

(V) g = ((P?)_l (gp""j? (pi))

0 v
C(ZPW) , 7#0
_ i=1

pi

(43)

—

cexp(VS(p))=c| | pi

i=1
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As usual we may substitue (33) and call

(44)

C(pr‘) _ ,a#1
izl

cexp(VS(p)) , a=1

Vi(p):=

Hill numbers or Hill diversity due to the work of Hill (1973) on ecological diver-
sity measurement. The straightforward interpretation of this class as the num-
bers equivalent made it also appealing to many other disciplines, such as the
measurement of industrial concentration (Hannah and Kay, 1977) or party frag-
mentation in a parliament (Laakso and Taagepera, 1979). However, VTH(p) can
only be characterized by properties stronger than numbers equivalence.

Definition 5 (Replication) Letp = (p1,pz,...,pn) then

P P1 p2 p2 Pn Pn

mp = ..
m m ' m m m m

m times m times m times

is called the m—fold replication of p. Similarly we will write ,,v for replicated T—
transformed shares.

Definition 6 (Replication-homogeneity) (v), is called replication—
homogenous if
m(v)y ={(mV)g- (45)

Replication-homogeneity has numerous intuitive interpretations. In ecological
diversity measurement, for example, a 2—fold replicated species—abundance re-
lation should be exactly twice as diverse as the original one (Hill 1973, p. 430). In
fact, this requirement is sufficient to characterize V! amongall (v),,.

Proposition 15 (Replication-homogenous means)

m(v)y =(mv)y & (v)y = V'(p).

Proof of Proposition 15. Necessity is easy to check. For sufficiency I adopt again
the proof technique of Hardy et al. (1934). From replication-homogeneity of
non-numbers equivalent means follows

m 1

o (Tt (p)) ¢ (mZe (2)+m2Ze (2)+...tm2g ()
< (p)y=(P); (46)
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where gB (x)=¢ (%) such that qb_l (z)= %975_1 (z). Then (46) is true by Lemma 6
if and only if for two constants, depending on m

# ()= (=) =a(m)¢ (x)+b(m)
o ¢ (ym)=a(m) (y)+b(m) (47)

withy =1/x and ¢ (y) = ¢ (1/y). As in the proof of Proposition 12 we can inter-
change the constant and the variable and assume (2) (1) = 0 viz. (;3 (m)=b(m)
without changing the solutions of (47), such that d := (a(m)—1) /q3(m) =
(a(y)—1)/¢ (). Resubstituting a(m) = d¢ (m)+ 1 into (47) gives ¢ (ym) =
¢ (y) + ¢ (m)+dg(m)¢ (y), which has the most general solution ¢ (y) =
log, (y) by Proposition 4. Finally with ¢ (y)=¢ (1/y) and y = 1/x we obtain

x7'—1 , 0
pr=log ={ 7 77
log(x) , y=0

Cc

=¢'(x)fora=—-b=-,y#0
! Y
[
Another characterization becomes obvious with the following Lemma.
Lemma 16 Let g (x)=exp(x) then

(v)y s log-additive< g ((v) ¢) is pow-multiplicative.

Proof of Lemma 16.

Since VyR is already characterized as the most general log-additive (v}, by Prop-
sition 12, VYH must be the most general pow-multiplicative (v}, 2.

12 See Aczél and Dar6czy (1963a) for similar findings.
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3.2.3 Non-linear mean of non—log—additive quantities

Finally we need to derive the most general class of mean generating functions ¢
maintaining non-log-additivity of v. To this end, a reformulation of Lemma 16
is useful.

exp

Lemma 17 Letc #0, g(x)=log; (exp(x)) =lin," (x) then

(v)y is log-additive< g ((v)¢) is non-log—additive of degree d .

Proof of Lemma 17. Let (v), be log-additive and ¢, 6 # 0 then

which is the non-log-additivity condition for the function g((v),) =lin" (( v)¢) )
In the 0 — 0 limit g is linear and non-log-additivity reduces back to log—
additivity. m

Example 18 (Gaussian Entropy) The Shannon-Index VS(p) is log-additive
due to Proposition 10. Thus, by Lemma 17 V¢(p) := ling" (VS(p)) =
logs (exp (VS (p))) must be non-log-additive. This index is well-known in
physics as “(non-extensive) Gaussian entropy” (Frank, 2004). For an equivalent
quasilinear representation of V¢ we can make use of Lemma 9 such that V¢ (p) =

(vlad) o and ¢ “(x)= alin®(y)+b, a #0.
Given example 18, the following generalization appears natural.

Proposition 19 (Non-log-additivity—preserving means) Let T be non-log-
additive of degree d, then (v), is non-log-additive of degree d if and only if
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»M(x)=a¢p*(x)+b, a#0 where

r
(§x+1)5 ;0 £y #0
log(2x+1) ;6 #0;y=0
exp(rx)  ;6=0;7#£0

¢ (x)={ (48)

Proof of Proposition 19. A proof is given in Hoffmann (2008). Here I shall
present a more simple alternative. We know that the Rényi diversity (v'°?) ;r is
Y

the most general log-additive (v),, . Thus, by Lemma 17

V},Sév[(p) _ lingxp (( vloa> ¢R) (49)
~log, ((veen>¢$) =log; (expy (<vn-loa>¢lm))

is the most general non-log-additive (v),,. The remaining task is to find a ¢ such
that (49) can be written as (v) ;. Again, we recall Lemma 9 and obtain

= (),

exp exp

where g (x)=lin," (x), ¢ (x) = (,Z)?(x)élin, (x), 7 (x)=log(1/x) such that

P(z)=¢ (g_l (z)) =lin™® (lin?g (z)) =log, (exp;(2))

501)5 -
log, (exp; () === 154y 0
I
log(£+1) ;0 Z0;7=0

_ lingog (z) = tog( =
lin;"p(z) = c%z)_l ;0=0;7#0

z ;0=7
7 (x)=g(7(x))=lin; " (log(1/x)) =log, (1/x).

Finally, applying (15) gives the solution (48). Note that the 6 = 0;y # 0 case re-
covers non-additivity of degree zero, i.e. log—additivity. m

4 A unification and comparison framework

In the preceding section different commonly used families of distribution based
diversity measures were characterized and related to each other. Now all these
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Table 3
Examples of popular distribution based diversity index—families included in the
Sharma-Mittal function.

a B Mean ¢ (x) Quantity 7 (p;) Measure

#1 #1 log,_, (expl_ﬁ (x)) logl_ﬁ (1/pi) Vas?j’l (Sharma-Mittal)

=1 #1 hnlf’_gﬁ (x) log, 4 (1/pi) VY (Gauss)

#1 =1 lin{™® (x) log(1/pi) VR (Rényi)

=B #1 x log,_g (1/pi) VﬂT (Tsallis)

= =1 «x log (1/pi) VS (Shannon)

#£0 =0 log, ,(£+1) = —c VH(p)— ¢ (Hill

=0 =0 x i —c cn — ¢ (Richness)

=0 #0 x log,_g (1/pi) logg (n) (Dfm. Hartley)
=0 =1 exp(x) log(1/pi) log(n) (Hartley)

families (including their respective indices) should be unified within a single
consistent framework. Recalling the generalization methods discussed so far,
it seems obvious to derive a two—parameter notation, where 6 represents the
degree of non-additivity of the quantity and y the deformation degree in the
mean generating process. Whenever 0 = 0 all y—deformed means should be
log-additive and 6 # 0 indicates the degree of non-additivity of a specific y—
deformed mean. If y = 0 the mean is either linear or logarithmic, depending on
whether we use the deformed linearity or logarithm, and finally for 6 = y we
do not distinguish between deformation of the quantity and of the aggregation
operator. In fact, all these cases are unified by (v"1°2) pSM S

g((Z?_lpi‘f)i—l) 670

s(exp(0V3(p))—1) ;r=0;6#0

VTS}SW (p) = <yn-loa>¢sM = iln (Z;‘:lpil—r) Sy £0; 5=0 -
%(ZLP}_E—I) ;y=0#0
cZLmln(;) ;y=6=0

This two parameter generalization was introduced to information theory by
Sharma and Mittal (1975, 1977). In the present context we call it the diversity
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of order y and degree &, or simply Sharma-Mittal diversity '3 . A number of well-
known measures can be identified with a specific parameter tuple. Having ap-
plied substitutions (12) and (33) some discrete points in the a—3—parameter
space and the corresponding measure can be recovered as listed in Table 3. As we
have seen in the preceding sections most of these can be characterized by some
Cauchy-type functional equation. The continuity of a characterizing property
represented by a continuous parameter may help finding an adequate “degree”
to which a desirable property should be satisfied. The key—property considered
here is non-additivity up to some degree. Of course other properties may also
be analyzed. Assume, for example, that concavity is a necessary condition in
some diversity measurement context, such as stochastic portfolio theory (Fern-
holz 2002, 62 pp.). Then we do not need to check each of the known indices for
concavity, but, instead we can also try to determine the a—f8—parameter space
for concavity which may directly provide an admissible family of distribution
based measures. As an illustration and for the sake of completeness the follow-
ing proposition is given (cf. Figure 1).

Proposition 20 (Concavity of V}) V' is strictly concave for all f > 1 -
1-a)/a.

Proof of Proposition 20. Let p € 6 and r = 1...n — 1 be the vertical and
M
s =1...n—1 the horizontal index of the Hessian ' . Further define y(p) =

STtz (p) =5y (p) % a=af —a? andb=(a— 1) then
HY%F =
(2 (p) pi2 (apf +by (p)) az (p) py~'ps! az (p) pi~'pe!
z(p)ps? (apg+by (p)) ...  az(p)py'pe!
\ z(p) a2 (api+by (p)) |
and

sy, a(l—2a+af) (& ) "
p () = () o
————

< , i=1

>0

=a(l-2a+af)>0
200—1 l—-a
=1-—
a a

B>

13 In information theory this measure is also called information of order a and rank b
(Aczél, 1984).
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Figure 1. Well-known distribution-based measures in the Sharma-Mittal parameter
space. The black lines and dots represent the measures as a function of their parame-
ter.

(a) Unrestricted parameter—-space. (b) Concavity—parameter—space.
2 o 2
V
= v 8
15 | 15 | oo
= 1S
Q VR Q
5] <5}
% 1 (log(n) a %‘; 1
2 ve g
0.5 c exp(V9) 0.5 c exp(V9S)
0 cn—c VH—c 0 VH—c
0 1 2 0 1 2
Order a Order a

5 Conclusion and outlook

The preceding sections summarized mathematical characterizations for popu-
lar index-families being used in diversity measurement and provided a unifica-
tion which recovers all of these families by parameter variation. As old as the uni-
fication formalism is, as unknown it seems to be in applied diversity theory. This
is not very reasonable because a consistent comparison framework can signifi-
cantly simplify the rational choice of measures under some individual require-
ments. [t must be emphasized, however, that the Sharma-Mittal model does not
constitute a good or admissible diversity meansure per se. Contexts in which dis-
tribution based measures are generally useless can be found easliy ! . In this pa-
per, I advocate the Sharma-Mittal measure only for its strictly formal feature to
unify popular, existing measures (be they “good” or “bad”) and to express their
varying qualitative differences in terms of varying numeric values.

The Sharma-Mittal formalism clearly provides helpful insights to a large vari-
ety of diversity measures. Nevertheless its qualitative scope is still limited and
partial. To put it differently, some properties may be important in some con-
text for which there is no single point in the a—ff—parameter space. These cases
need generalizations different from deforming functions in the way it was dis-
cussed here. Abe (1997), for example, presents a f—deformed logarithm having

14 See Weitzman (1992) or Nehring and Puppe (2002).
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the B < 1/ invariance property. His resulting entropy recovers Shannon en-
tropy for f — 1 like most other generalizations. More recently, Kaniadakis and
Scarfone (2002) introduced the k—deformed-logarithm In,(x) = (x* —x~%) /2k,
lim,_,oIn,(x) = In(x) which has the property In,(1/x) = —In,(x) known from
the Napier logarithm. Kaniadakis et al. (2005) further extend the kx—deformed-
logarithm to the x — r—deformed logarithm In, ,(x) = x” In,(x). Their two param-
eter Shannon generalization Hy, (p) = —Y_p;In.,(p;) is equivalent to an en-
tropy measure first introduced in physics by Borges and Roditi (1998) and also
known as entropy of type (a,b) (Sharma and Taneja, 1975) or entropy of degree
(a,b) (Aczél, 1984) 5. Tsallis entropy and Abe entropy are prominent special
cases of these generalizations. However, analyzing these approaches in greater
detail would quickly go beyond the scope of this paper and remains to future
research.
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