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abstract
This paper is part of a series addressing the empirical/statistical distribution of the diversity
of complexity within and amongst complex systems. Here, we consider the problem of
measuring the diversity of complexity in a system, given its ordered range of complexity
types i and their probability of occurrence pi , with the understanding that larger values
of i mean a higher degree of complexity. To address this problem, we introduce a new
complexity measure called case-based entropy Cc — a modification of the Shannon–Wiener
entropy measure H. The utility of this measure is that, unlike current complexity measures
– which focus on the macroscopic complexity of a single system – Cc can be used to
empirically identify and measure the distribution of the diversity of complexity within and
across multiple natural and human-made systems, as well as the diversity contribution of
complexity of any part of a system, relative to the total range of ordered complexity types.
© 2016 Elsevier B.V. All rights reserved.

1. Measuring complexity: A non-exhaustive list
Over the past several decades, scholars have given considerable attention to measuring the complexity of systems [1–7].
The result has been a proliferation of a wide array of approaches, which vary considerably in mathematical form and focus.
In 2001, for example, Lloyd [8] counted roughly forty measures, all differing as a function of the type of question asked, such
as (1) how hard is it to describe the complex system of study? (2) How hard is it to create? (3) And, what is its degree of
organization? Examples of the first question include Shannon entropy, algorithmic complexity and Renyi entropy; examples
of the second include computational complexity, thermodynamic depth and information-based complexity; and examples
of the third include stochastic complexity, true-measure complexity and tree subgraph diversity.
Still, despite this considerable variation, the purpose of these measures – as the above questions suggest – has been
generally the same: they were created, for the most part, to measure the relative complexity of a single system, at the
macroscopic level, with or without links to empirical data [2,5,9,10].
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One unintended consequence of this focus is that, to date, little attention has been given to the empirical distribution of
the diversity of complexity within or across multiple natural or human-made systems; or, more specifically, the diversity
contribution of complexity of any part of a system. Hence, the purpose of the current study.
1.1. Purpose of current study
This paper is part of a series of studies addressing the empirical/statistical distribution of the diversity of complexity
within and amongst complex systems [11,12]. Our goal here is to introduce and mathematically validate a measure we
developed for our research, called case-based entropy Cc .
Grounded in a case-based approach to complexity, [13–16] the purpose of Cc is to effectively measure the true diversity
of complexity within systems. It is based on a modification of the Shannon–Wiener entropy measure H.
To date, we have used Cc to empirically explore the distribution of the diversity of complexity in a wide variety of systems.
In Paper 2 of our series, we used Cc to examine eight empirical systems: (1) a segment of the World-Wide-Web, (2) household
income in the United States for 2013, (3) the body mass of Late Quaternary mammals, (4) the human diseasome map,
(5) Hubble’s classic data on the velocity of galaxies, (6) USA cities by population size for 2011, (7) the Financial Times 2014
biggest 500 companies, and (8) the twelve-month prevalence of mental disorders in the United States for a given year [11].
We examined such a wide variety of systems in order to search for universal properties regarding the diversity of complexity
in systems. In Paper 3 of our series, we extended our search by using Cc to examine the Maxwell–Boltzmann distribution
for kinetic energy of an ideal gas at thermodynamic equilibrium, in both one and three dimensions [12].
Across these two studies, Cc proved highly useful, as it allowed us to do three things. First, it allowed us to statistically
calculate the distribution of the diversity of complexity within and across multiple systems. Second, it allowed us to compute
the diversity contribution of complexity of any part of a system, given its ordered complexity types i and their probability
of occurrence pi . Third, it allowed us to do these calculations despite differences in the indices of complexity used — which,
generally speaking, vary significantly in the literature (i.e., descriptive, organizational, structural, behavioral, informational,
etc. [2,5,9,10]) — as well as differences in the scale or the degree of macroscopic complexity of these systems. (For details
see Refs. [11,12].)
Still, given their empirical focus, neither Paper 2 or Paper 3 had time to provide a formal theoretical overview or
mathematical validation of Cc — hence the purpose of the current paper, which is organized as follows. We begin with an
introduction to case-based entropy (and, more generally, case-based complexity) and its utility for studying the probability
distributions of complex systems.
Next, we validate the utility of Cc by calculating the diversity contribution Dc of some set of complexity types k up to
a cumulative probability c. For our validation we examine two different distributions: the uniform distribution and the
geometric distribution. We chose the former because it is the simplest case; and we chose the latter because it takes the
characteristic form of a positively skewed distribution, which seems to be, based on our initial studies, the ‘signature shape’
of the diversity of complexity in most systems [11,12]. That is, we find that, for the complex systems we have studied,
as complexity → ∞ on the x-axis, a skewed-right histogram emerges, decreasing asymptotically as complexity increases
(with or without long-tail). With our validation complete, we provide a formula for the general case of Cc , which works for
all distributions.
In the final section, we use our general formula to compute the distribution of the diversity of complexity for two
empirical examples, culled from our research: the body mass of Late Quaternary mammals and a segment of the WorldWide-Web. We end with the implications of our approach for advancing the study of complex systems.
2. Case-based complexity and probability distributions
We begin by considering a probability distribution (or relative frequency) for some imaginary complex system of study
— as shown in Fig. 1. Grounding ourselves in the field of statistical mechanics, we begin here for two reasons:
First, as identified by Sornette [17] and others [18,19], probability distributions are the ‘‘first quantitative characteristics
of complex systems’’, [17] providing researchers an effective tool for identifying and describing macroscopic regularities that,
otherwise, would be difficult to detect, as in the case of measuring the complexity of a system. Second, as demonstrated by
the central limit theorem, Boltzmann distribution, power laws, etc. — measurements on a wide range of physical, biological,
psychological, sociological and ecological systems are well approximated by the shape of these probability distributions,
particularly as the sample size (or number of samples or trials) n → ∞.
In regard to such distributions, however, an important dimension has been missed: how they illustrate, in compressed
two-dimensional form, the distribution of the diversity of complexity in a system. To explain, we turn to the tools of casebased complexity [13–16].
Case-based complexity is distinct in the complexity sciences and statistics in that it treats the elements in a complex
system (i.e., gas molecules, diseases, mammals, cities, countries, galaxies, etc.) as a set of qualitatively distinct cases
[13,14]. Following Weaver and his notion of organized complexity [20], by ’qualitative’ we mean that each row in a study’s
database D constitutes a complex case ci , where each ci is a k dimensional row vector ci = [xi1 , . . . , xik ] and where each
xij represents a measurement on the profile of intersecting and interconnected empirical variables for D – what case –
comparative researchers call the case-based profile [21,15,16].
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Fig. 1. Histogram for the distribution of the diversity of complexity.

With this profile in hand, cases can be empirically ordered, ranked or grouped according to their degree of complexity;
which, when combined, constitute the system’s range of complexity types — discrete or continuous. In other words, in terms
of case-based complexity, we can think of the probability distribution of a complex system as a set of cases, with respect to
some ordered range of complexity types — as shown in Fig. 1.
For such a distribution as Fig. 1, the x-axis is empirically defined according to a chosen metric of complexity, which (based
on the current complexity measurement literature [1–7]), can take a variety of forms: descriptive, organizational, structural,
behavioral, informational. Some easy examples of such complexity-based measures/indices include (a) velocity dispersion
of galaxies, (b) degree distribution of a network, (c) body mass of late quaternary mammals, (d) household income, (e) gene
count for different diseases, (f) population density of cities, and the (g) market value of global companies [11,12].
Still, while differences in metric are possible, in terms of defining the x-axis, the key is that each complexity type (be
it continuous or discrete) is treated as an empirically derived probability state for some given vector space of cases of a
complex system of study. In this way, each type is an empirically derived measure of one of the major or minor complexity
trajectories within a given state/phase space, based on the empirical observation of the set of cases representing the complex
system of study — for details on this approach, see Refs. [21,15,16].
Also, for each complexity type (whether measured continuously or discretely), an empirically-driven theoretical
distinction has to be made, such that the range of types is ordered from the simplest to the most complex. For example, if
we were studying galaxies using Hubble’s original 1929 data, then the velocity dispersion of a galaxy would be an indication
of its degree of complexity, as it is well known that galaxies with larger mass spin faster and hence are inherently more
complex. On the x-axis, then, the range would go from the lowest to the highest levels of velocity dispersion. Another easy
example is the phylogenetic tree: moving from bacteria and simple cells to primates and, more specifically, humans, life
evolves toward increasing levels of complexity [22,23]. If one constructed a histogram of this evolution, grouping all of life
according to some measure of complexity (i.e., cellular, morphological, cognitive, behavioral or informational), the result
would be a probability distribution moving along the x-axis from the least to the most complex forms of life. A final example
would be a degree distribution for some segment of nodes in the World Wide Web. In such a network, taking a walk along
the x-axis, we would go from the least connected to the most connected nodes, with the hubs being far along the tail of the
x-axis — see Fig. 3. In turn, for each of the case-based complexity distributions used as examples above, the y-axis would
constitute the frequency of cases (as in galaxies or species or nodes, for example) associated with each complexity type
(for example, velocity spin, species complexity, or degree connectedness), based on empirically derived differences in their
respective case-based profiles [21,15,16].
With all of this in mind, we come to our first definition, which outlines what we mean by the distribution of case-based
complexity:
Definition 1. We define a distribution of case-based complexity as the probability distribution of cases with probability pi
on the y-axis and an ordered measure of complexity types i on the x-axis, with the understanding that larger values of i
mean a higher degree of complexity.
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It is crucial to remember, however – again, following Weaver’s notion of organized complexity [20] – that a case-based
probability distribution does not reduce-away the complexity of a case to a single dimension. Instead, as with a discrete onedimensional Boltzmann distribution for an ideal gas, it uses this single dimension (i.e., its degree of complexity) to identify
macroscopic regularities that would be otherwise difficult to model across a range of cases.
With our notion of case-based complexity defined, we turn next to a more in-depth discussion of the distribution of the
diversity of complexity and its corresponding measurement.
2.1. Measuring the diversity of complexity via case-based entropy
An effective way to define and measure the diversity of complexity D in a case-based probability distribution (as shown
in Fig. 1) is through a specific form of Shannon entropy H [24]. With such a modified measure (i.e., complexity index),
researchers can determine the overall information (complexity) contributed by the range of complexity types in a system,
relative to their different frequencies of occurrence.
Our impetus for using the Shannon entropy index H comes from evolutionary biology and ecology, where it is employed
to measure the true diversity of species (types) in a given ecological system of study — think back, for example, to our
above discussion of the phylogenetic tree [25–28]. More specifically, our impetus comes from Jost’s paper on Entropy
and Diversity [26], in which he states that: ‘‘In physics, economics, information theory, and other sciences, the distinction
between the entropy of a system and the effective number of elements of a system is fundamental. It is this latter number,
not the entropy, that is at the core of the concept of diversity in biology’’ (p. 363).
And so we come to our second definition – on the distribution of the diversity of complexity – which we will use in the
remainder of this paper to explicate:
Definition 2. Given an ordered set of complexity types numbered as i ∈ N and their corresponding probabilities pi , with
the understanding that larger values of i denote a higher degree of complexity, the diversity of complexity of the entire
distribution (or a part of it) is defined as the number of equi-probable types of complexity that are needed to yield the same
value of Shannon entropy H.
Following this definition, given the probability pi of the occurrence of a particular type of complexity i, the Shannon–Weiner
entropy index H is given by:
H =−

N


pi ln(pi ).

(1)

i=1

The problem, however, with the Shannon entropy index H is that, while useful for studying the diversity of a single system,
it cannot be used to compare the diversity of complexity between or across systems. In other words, H is not multiplicative
i.e., a doubling of value for H does not mean that the actual diversity of complexity has doubled. For example, one could not
compare the H for the velocity spin of galaxies with the H of the World Wide Web using such a measure.
To address this problem, we turn to the true diversity measure D in biology and ecology [29–31]. The utility of this measure
is that, given the value of H, it can compute the number of complexity types that have the same probability of occurrence
and gives the same value of H, as given by the following formula:
D = eH = 5Ni=1

1
p

pi i

.

(2)

In other words, the utility of D for comparing the diversity of complexity across systems is that in D a doubling of the value
means that the number of equi-probable types of complexity in a complex system of study has doubled as well, a property
that is not true of H. D calculates the number of such equi-probable types of complexity that will give the same value of
Shannon entropy H as observed in the complex system.
But that is not where our novel usage of H ends. In order to define and measure the distribution of the diversity of
complexity, we next need to determine how to compute the percentage contribution to overall diversity from any part of
a complex system — say, for example the first K set of types. In other words, we need to be able to compute the diversity
contribution Dc up to a certain cumulative probability c of the first K set of types.
To do so, D is still employed, but H is replaced with Hc — which is the conditional entropy, given that only the first K types
are observed with conditional probability of occurrence p̂i of the first K set of types within the given cumulative probability
c, as given below:
p̂i =

pi

(3)

c

Hc = −

N

i=1

p̂i ln(p̂i )

(4)
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Table 1
General dataset with complexity types xi each
having a probability pi .
X

P

x1
x2
x3

p1
p2
p3

xK

pK

xN

pN

.
.
.
.
.
.

Dc = eHc = 5Ki=1

1
p̂
p̂i i

.
.
.
.
.
.

c

=



pi

(5)



c
5Ki=1 pi

Dc ∗ 100

.
(6)
D
In other words, if, for each complex system studied, D stands for the true diversity of the entire dataset, and Dc stands for the
true diversity of the dataset up to a cumulative probability c, then we can plot the percentage diversity contribution (given
by Dc ∗D100 ) versus the cumulative probability c. For example, we could plot the percentage diversity contribution for some
K set of nodes for some segment of the World Wide Web versus their cumulative probability c. The same could be done for
the velocity spin of galaxies, income distributions, and so forth, across all the examples our series has currently explored
[11,12]. And, because 100% of the diversity contribution comes from the entire database (c = 1 or a cumulative frequency
of a hundred percent), (100, 100) will be the end point of the graph. We call this novel measure case-based entropy Cc .
Cc =

2.2. Mathematical validation
To validate the utility of our new measure, we will calculate the diversity contribution Dc of some complexity type up to
a cumulative probability c for two different distributions. The first distribution is a uniform distribution; and the second is
the geometric distribution. We chose the former because it is the simplest case; and we chose the latter because it takes the
characteristic form of a positively skewed distribution, which seems to be the ‘signature shape’ of the diversity of complexity
for all the systems we have so far examined [11,12]. In other words, as the diversity of complexity → ∞ (primarily in terms
of the number of types; but also, secondarily, in terms of the frequency of cases), a skewed-right distribution emerges for
the histograms of complex systems, which decreases asymptotically as complexity increases (with or without long-tail) —
see, for example, Fig. 3.
For our validation, let X denote the random variable measuring the probability of occurrence of some complexity type xi
i.e. P (X = xi ) = pi as shown in Table 1. In this table, N stands for the total number of complexity types in all.
N
K
pi
We also note that c =
i=1 pi = 1, where c is the cumulative probability up to K complexity types,
i=1 pi , p̂i = c and
p̂i is the conditional probability of observing complexity type xi where i ≤ K given that the first K types have been observed.
2.2.1. Uniform distribution
The simplest case is a dataset where all complexity types are equi-probable i.e. pi =

1
.
N

In this case, the diversity of the

entire dataset is N, and the diversity contribution of the first K types is K itself i.e., Dc = K . In the equi-probable case, c =
1
.
K

K
N

and p̂i =
To compute the entropy contribution of the first K types up to a cumulative probability c, denoted by Hc , we essentially
replace the pure probability term pi with the conditional probability p̂i in the formula for Shannon entropy (H =

− Ni=1 pi ln(pi )) and sum only the terms up to K i.e.
Hc = −

K


p̂i ln(p̂i ).

i =1

For the equi-probable case mentioned above, the above expression amounts to the following:
Hc = −

K


p̂i ln(p̂i ) = −

i =1

K

1
i =1

K

 
ln

1

K

= ln(K ).

Next, as outlined in Refs. [29–31], we exponentiate Hc to compute the true number of equi-probable complexity types Dc as
follows:
Dc = eHc = eln(K ) = K .
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Hence, we recover the required diversity contributed by the first K complexity types for the equi-probable case and this is
in a sense, reassuring as the trivial answer is captured by our method.
We also note that the same expression for Hc in Eq. (4) can be derived by defining a new variable Y which keeps track of
whether or not the first K types are observed (say Y = 0 stands for the case when the first K types are observed and Y = 1
for the case where the first K types are not observed), and then computing the specific conditional entropy H (X /Y = 0),
which is by definition, the entropy given that the first K types have been observed. Then, it is true that Hc = H (X /Y = 0),
and hence this is an alternative route to deriving an expression for Hc .
2.2.2. The geometric distribution
A more complex case is one where all complexity types are not equi-probable. For this case, we consider the geometric
distribution given by pi = p · qi−1 ∀i = 1, 2, 3, . . . , ∞, which is followed by the random variable X denoting the number
of Bernoulli trials until success, with p being the probability of success and q = 1 − p being the probability of failure. If we
assume that xi refers to an ordered discrete complexity type whose probability of occurrence pi decays exponentially, then
the geometric distribution will serve as an abstract probability model for such an example.
It is well known that the geometric distribution is skewed-right with geometric (or exponential) decay of probability.
One can also show that the total entropy H is given by
H =



−p ln(p) − q ln(q)

= ln

p



1
q

p · qp

,

(7)

and hence the total diversity D is given by

ln

D = eH = e


1

q
p·q p

1

=

q

p · qp
In other words, it will take

1

q

.

(8)

number of equi-probable discrete complexity types to cover the overall diversity of the

p·q p

geometric random variable X . It is not surprising that the diversity is finite since the higher complexity types xi have a
geometrically decaying probability of occurrence pi .
Next, we compute the diversity contribution Dc up to a cumulative probability of c = 1 − qK which includes up to i = K
types. We first compute the partial entropy Hc up to a cumulative probability c.
p̂i =

p · qi−1

∀i = 1, 2, . . . , K

1 − qK

Hc = −


K 

p · qi−1
1 − qK

i =1

p · qi−1



1 − qK

K

1

= −


ln

(9)


(p · qi−1 ) ln(p · qi−1 ) + ln(1 − qK )

(1 − ) i=1
pq ln(q)
(K − 1)pqK ln(q)
p ln(p)
= −
−
+
+ ln(1 − qK )
(1 − q) (1 − q)2
(1 − q)(1 − qK ) 

(K −1)qK
(K − 1)qK ln(q)
= H+
+ ln(1 − qK ) = H + ln q (1−qK ) (1 − qK )
(1 − qK )



qK

(10)

<1


Dc = e

Hc

(K −1)qK
q (1−qK )

=


(1 − qK )
q

(p · q p )


=D·

(K −1)qK
q (1−qK )


Cc =

Dc · 100
D


=

(K −1)qK
q (1−qK )


(1 − q )

.

K


<1

(11)




(1 − q ) · 100.
K

(12)

In regard to this last set of computations, several observations are in order. First as K → ∞, we have that c → 1, Hc → H
and Dc → D as expected.
Second, we also have that Hc < H and Dc < D ∀ 0 < c < 1, indicating that the partial entropy Hc from the
truncated geometric distribution and its corresponding partial diversity contribution Dc both monotonically increase to
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Fig. 2. Cc for geometric distribution.

their corresponding total entropy and total diversity H and D respectively, as c → 1 (or alternatively as H → ∞). These
results indicate, as shown in Fig. 2, that diversity Dc increases monotonically as we include more and more parts of the
infinite support of the geometric distribution.
Third, as shown in Fig. 2, we can plot and calculate the diversity contribution Cc versus the cumulative frequency c. For
example, the gray area in Fig. 2 shows that the curve passes through a region where more than 60% of cases (probability
tries) account for less than 40% of the total distribution of the diversity for this system.
Finally, as also shown in Fig. 2, we also see that as c → 1, we have that K → ∞ and accordingly, Dc → 100 indicating
that (100, 100) is a point on the Cc versus c curve. That (0, 0) is a point is a trivial observation.
2.2.3. The general case
Based on our validation of the uniform and geometric distribution, we can now write the following formula for the general
case, for all such systems where the complexity types are not equi-probable:
Dc = e

Hc

−

=e

K


( )

p̂i ln p̂i

i=1

−

=e

K


( )p̂i

ln p̂i

i=1

=e


p̂
i
− ln 5Ki=1 p̂i


=

1

D = lim

K →∞

1

=

p̂
5Ki=1 p̂i i



5Ki=1
c


pi

.

 pi 
c

pi
c



=



pi
c





pi
c



5Ki=1 c
5Ki=1 pi

K


 i=1

 c

=


pi





c


5Ki=1 pi

pi
c



=

c


pi

.

c
5Ki=1 pi

(13)

c
5Ki=1 pi

In Eq. (13), we note that as K → ∞ we automatically have that c → 1 since c is that cumulative probability of cases up to
complexity type i = K .
Finally, we find the percentage of the total diversity contribution D that Dc covers by (a) calculating Dc ∗D100 and (b) plotting
that versus the cumulative probability c, by repeating the same calculations above for c = 0 through c = 1, which gives us
the type of distributions shown in Fig. 3.
3. Two empirical examples
Now that our general formula is defined, we can use it to calculate the distribution of the diversity of complexity in
two physical systems, culled from our recent research. As stated earlier, the current paper is part of a series of studies
addressing the empirical/statistical distribution of the diversity of complexity within and amongst complex systems [11,12].
To date, we have used Cc to empirically explore the distribution of the diversity of complexity in a wide variety of systems,
from the Maxwell–Boltzmann distribution for kinetic energy of an ideal gas at thermodynamic equilibrium and the human
diseasome map to income distributions and Hubble’s classic data on the velocity of galaxies. For the current paper, we chose
two examples: one natural and one human-made.
The natural system is the Body Mass of Late Quaternary Mammals (MOM v4.1). It is part of a taxonomic list of all known
mammals of the world (N = 4,629 species) to which the researchers added status, distribution, and body mass estimates
compiled from the literature (see http://biology.unm.edu/fasmith/Datasets/) [32,33]. Here, following the literature on
allometry, complexity and scaling-laws [34], complexity was defined as a function of body mass, moving from the smallest
body mass (least complex) to the largest body mass (most complex).
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Fig. 3. Cc for mammalian body mass and segment of world wide web.

The human-made system is a segment of the World Wide Web. This segment is a directed network comprised of 325,729
vertices and 1,497,135 arcs (27,455 loops). It is part of the Pajek complex network software platform and its online collection
of datasets; and was originally part of the Notre Dame Self-Organizing Networks database (see http://vlado.fmf.unilj.si/pub/networks/data/ND/NDnets.htm). For this system, following the literature on complex networks, [35,18] complexity
was numerically defined as the number of links for each document, with one link (arc) being the least complex and the hubs
(the most densely connected nodes in the network) being the most complex.
As concerns our usage of Cc to examine these two systems, several comments are in order: First, as shown in Fig. 3, one
can easily see that the distribution of the diversity of complexity in both systems, when plotted as a histogram, takes the
characteristic shape of a skewed-right distribution.
Second, the percentage diversity of complexity in both systems, up to some chosen point, can be easily computed. In
Fig. 3, for example, we see that both curves pass through our designated 60/40 region, such that, at minimum, 60% of the
cases in both systems are constrained to the lower 40% or less of the diversity of complexity in both systems.
Finally, the distribution of the diversity of complexity in these two systems can be compared. In Fig. 3, for example, we
see that the diversity of complexity is much more highly constrained for the World Wide Web in the 60/40 region (over
80.86% of cases) than it is for the body mass of Quaternary Mammals.
4. Conclusion
We have modified the traditional Shannon–Wiener entropy to compute (a) the distribution of the diversity of complexity
and (b) the diversity contribution of complexity of any part of a system. We have shown that for the simple case of an
equi-probable set of complexity types, we recover the obvious answer i.e. the diversity is simply equal to the number of
complexity types. We have also computed an analytical formula for Cc in the case of the geometric distribution, which
serves as an abstract model for most complexity measures i.e., a skewed right distribution. And to complete the cycle, we
have also computed an analytical formula for Cc in the most general case of an arbitrary distribution of complexity types
xi , with probability of occurrence pi . We also showed that, because Cc is based on information coming from a part of the
system, up to a cumulative probability of c, it can be used to compare the diversity of complexity within and across real
physical systems. Furthermore, since the measure is derived purely from information theory, we can use it to compare the
distribution of any property of the system and not just complexity i.e., instead of complexity we can use some other property
of the system for which we have a histogram (or a probability distribution) for a large collection of systems. This makes Cc a
new statistical measure of comparing whole or parts of probability distributions from the viewpoint of information theory.
However, while the current paper has mathematically validated and initially demonstrated the utility of Cc , and while
we have used our measure in two subsequent studies to examine a series of different empirical and mathematical systems,
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[11,12] the necessary next step is to continue to examine the universal macroscopic properties of the diversity of complexity
across an even wider range of mathematical, natural and human-made systems. We hypothesize that Cc will allow for such
a comparison because the diversity contribution Dc mentioned above is computed by calculating the equivalent number
of equi-probable cases that are required to give the same Shannon entropy value Hc , and thereby makes the measure
multiplicative, as stated in the paper. We will also be pursuing the applicability of Cc in the field of probability theory, to a
variety of well known discrete and continuous probability distributions with an emphasis on comparing the distribution of
diversity of the random variable in our future studies.
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