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Chapter 1

Introduction

Information theory is a branch of the mathematical theory of probability and
mathematical statistics which studies the storage, quantification and communi-
cation of information. For the last few decades, there has been a tremendous
growth in the volume of research in the field of information theory. The infor-
mation theory plays an important role in modern communication theory, which
formulates a communication system as a stochastic process. Entropy has been
introduced to explain the concept of information completely by a single defi-
nition. The concept of entropy was originally developed by physicists in the
context of equilibrium thermodynamics. Entropy is a key measure in informa-
tion theory which quantifies the amount of uncertainty involved in the value of
a random variable or the outcome of a random process. The statistical definition
was developed by Ludwig Boltzmann in the 1870s by analysing the stochastic
behaviour of the microscopic components of the system. Recently there has
been a great deal of interest in the measurement of uncertainty associated with
a probability distribution. Shannon (1948) introduced the concept of entropy
which is widely used in the fields of communication theory, physics, informa-
tion theory, economics, probability and statistics. Later, many researchers stud-

ied the generalized form of Shannon entropy like Renyi’s entropy (see Renyi
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(1961)), Tsallis entropy (Tsallis (1988)), etc.

Many generalizations of Shannon entropy (Shannon (1948)) are available in liter-
ature. The important properties of these generalized information measures are
smoothness, large dynamic range with respect to certain conditions, etc. that
make them more flexible in practice. In reliability and life testing, the data is of-
ten truncated for used items, so that the basic form of entropy measures become
unsuitable. The role of information measures relating to the residual and past
lifetime in reliability modelling has been extensively investigated during the last
two decades, starting from the works of Muliere et al. (1993), Ebrahimi (1996)

and Di Crescenzo & Longobardi (2002) with reference to Shannon’s entropy.

Quantile functions are efficient and equivalent alternatives to distribution func-
tions in modelling and analysis of statistical data (see Gilchrist (2000); Nair &
Sankaran (2009)). A probability distribution can be specified either in terms of
the distribution function or by the quantile functions (QF). Although both con-
vey the same information about the distribution of the underlying random vari-
able X, the concepts and methodologies based on the distribution function are
employed in most forms of the lifetime data analysis. Quantile functions have
several properties that are not shared by distribution functions. For example,
the sum of two quantile functions is again a quantile function. In many cases,
quantile function is more convenient as it is less influenced by extreme obser-

vations, and thus provides a straightforward analysis with a limited amount of
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information. There are explicit general distribution forms for the quantile func-
tion of order statistics. It is easy to generate random numbers from the quantile
function. In reliability analysis, a single long term survivor can have a marked
effect on mean life, especially in the cases where some heavy-tailed models are
encountered that are commonly lifetime data. In these cases quantile-based es-
timates are generally more precise and robust against outliers. However, the use
of quantile functions in the place of the distribution function F(.) provides new
models, alternative methodology, easier algebraic manipulations and methods
of analysis in certain cases and some new results that are difficult to derive by
using distribution function. There are certain distributions that do not have a
tractable distribution function. In such cases, quantile functions are more conve-
nient. For a detailed study on quantile function, its properties and its usefulness
in identifying probability models we refer to Nair & Sankaran (2009), Sankaran
& Nair (2009), Sankaran et al. (2010), Nair & Vineshkumar (2011), Nair et al.
(2013), Sankaran & Kumar (2018), Sreelakshmi et al. (2018).

Even if abundant literature is available on characterizations of distributions us-
ing different statistical measures, little work has been found for modelling life-
time data using quantile versions of order statistics. Further, the study of infor-
mation measures using quantile functions is of recent interest. Sunoj & Sankaran
(2012) introduced a quantile version of Shannon entropy and studied its various
properties. A quantile approach on residual Renyi’s entropy and cumulative
entropy measures for residual lifetime random variables are available in Nanda
et al. (2014) and Sankaran & Sunoj (2017) respectively. In the meantime, the

variant approach of employing the quantile version of various entropies was
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introduced with the objectives of providing alternative methodology, new re-
sults and different methods of stochastic comparisons. We may refer to Sunoj &
Sankaran (2012), Yu & Wang (2013), Nanda et al. (2014) and Sunoj et al. (2017)

for a review on this topic.

The objective of the present study is to develop information measures using
quantile functions and provide certain characterisation theorems of distribu-
tions, bounds, ordering relations, ageing properties, non-parametric estimation,
etc based on the proposed measure. The thesis is organized into seven chapters.
After the introductory chapter, in Chapter 2 we give a brief review of the back-
ground materials required for the discussions in subsequent chapters starting
from the definition and basic properties of quantile function along with the de-
scriptive measures and L— moments. Subsequently, we discuss basic reliability
concepts such as hazard rate, mean residual life function, reversed hazard rate
and reversed mean residual life function in both the distribution framework and
quantile set up. We also provide a brief review of some popular quantile func-
tion models in literature such as lambda distributions by Ramberg & Schmeiser
(1972), Freimer et al. (1988), the power-Pareto distribution Hankin & Lee (2006),
Govindarajulu model (Govindarajulu (1977)), etc. Further, we give a brief re-
view of entropy, extropy, order statistics and related measures. Order statistics
play an important role in various fields of statistical theory and practice. Even
if both convey the same information about the distribution, with different inter-
pretations, the order statistics concepts and its methodologies based on distri-

bution functions are traditionally employed in most of the statistical theory and
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practice. The quantile approach will be of more useful when no tractable distri-
bution function exists but quantile function exists. Accordingly, we study some
general distribution and reliability properties of order statistics using quantile
functions. We also examine the quantile-based reliability ageing properties, mo-

ments and stochastic orders of order statistics.

In Chapter 3, we introduce a quantile-based Shannon entropy of order statis-
tics and studied its properties. The quantile Shannon entropy of order statistics
has several advantages. Firstly, unlike Shannon entropy of order statistics based
on distribution function, the computation of its quantile version is quite simple
especially in cases where the distribution functions are not tractable. Secondly,
our approach gives an alternative methodology in the study of Shannon entropy
of order statistics and its dynamic (residual) measure. Further, there are certain
properties of quantile functions that are not shared by the distribution func-
tion approach. Thus a formulation of the definition and properties of entropy
of order statistics in terms of quantile function is studied. Further, an explicit
relationship between quantile entropy of order statistics and quantile density

function can be obtained, thus uniquely determines the underlying distribution.

Rao et al. (2004) introduced an alternative measure of uncertainty that extends
Shannon entropy to random variables with continuous distributions. Cumu-
lative residual entropy can be easily computed from sample data and these
computations asymptotically converge to the true values. Among different gen-

eralized entropy measures, an important one is the Tsallis entropy of order «
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(Tsallis (1988)). Tsallis entropy plays a major role in different fields viz. physics,
chemistry, biology, economics and statistics. Unlike some other generalized in-
formation measures, Tsallis entropy is non-additive. For more details and recent
works on Tsallis entropy we refer to Tsallis (1988), Mathai & Haubold (2007),
Cartwright (2014), Kumar (2016), Baratpour & Khammar (2016), Rajesh & Sunoj
(2016), Cali et al. (2017) and the references therein. Accordingly, in Chapter 4,
we have introduced a quantile-based cumulative residual Tsallis entropy (CRTE)
and quantile-based CRTE for order statistics. Unlike the cumulative residual
Tsallis entropy measures in the distribution function approach due to Sati &
Gupta (2015), Rajesh & Sunoj (2016) respectively, the corresponding quantile
versions possess some unique properties. We obtain some characterizations for
distributions based on the quantile versions of CRTE and derive certain bounds.
We also study various properties of quantile-based CRTE for order statistics.
Non-parametric estimation of CRTE based on quantile function is discussed. A
simulation study is conducted to assess the performance of the estimator. Fur-

ther, the proposed estimator is applied to Aarset data (Aarset (1987)).

Measure of uncertainty in past lifetime plays an important role in different areas
such as information theory, reliability theory, survival analysis, economics, busi-
ness, forensic science and other related fields. However, in many realistic situa-
tions uncertainty is not necessarily related to the future but can also refer to the
past. For instance, if at time ¢, a system which is observed only at certain preas-
signed inspection times, is found to be down; then the uncertainty of the system
life relies on the past, i.e., on which instant in (0, ¢) it has failed. A wide variety

of research is available on entropy measures and its applications in past lifetime.
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For details, one can refer to Di Crescenzo & Longobardi (2002), Di Crescenzo
& Longobardi (2009), Sachlas & Papaioannou (2014), Di Crescenzo & Toomaj
(2015) and the references therein. Also, a study on the cumulative Tsallis en-
tropy for past lifetime is available in Cali et al. (2017). In Chapter 5, we propose
a cumulative Tsallis entropy in past lifetime based on quantile function. We
obtain different characterizations based on the proposed measure and quantile-
based reliability measures. We also study the quantile-based cumulative Tsallis
entropy of order statistics in past lifetime. We discuss the non-parametric esti-
mation of CRTE in past lifetime based on quantile function. A simulation study
is conducted to examine the performance of the estimator. We illustrate the util-

ity of the proposed model using a real life data set.

The entropy measure of a probability distribution has found plenty of useful
applications in information sciences since its full-blown introduction in the ex-
tensive article of Shannon (1948). Due to its wide utility in thermodynamics as
cited by Boltzmann and Gibbs, entropy has subsequently bloomed as a show
piece in theories of communication, coding, probability and statistics. One of
the statistical applications of extropy is to score the forecasting distributions
using the total log scoring rule. In Chapter 6, we study the residual extropy
function using distribution function and quantile function approaches. We also
study the quantile-based extropy for order statistics and investigate extropy in
past lifetime in both approaches. Some characterizations and ageing properties
of these extropy functions are proposed. Different stochastic orders based the
residual and past lifetime extropy function are also presented. Moreover, we

introduce the quantile-based cumulative extropy and obtained some interesting
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results within the framework of quantile function. The non-parametric estima-

tion of quantile-based extropy is also studied.

Finally, in Chapter 7 we summarize the major conclusions of the study and also

indicate the directions of future study.



Chapter 2

Basic concepts and review of literature

The present chapter provides a brief review of some of the existing works on
quantile functions, reliability concepts, entropy, extropy, stochastic orders and
order statistics. We also discuss the quantile-based moments and stochastic

orderings of order statistics.

2.1 Quantile functions

In this section, we present the definition and properties of quantile functions,
some descriptive measures, L— moments and reliability concepts, etc., in terms

of quantile functions.

2.1.1 Definitions and properties

Definition 2.1. Let X be a random variable with distribution function F(x)
which is continuous from right. Then quantile function Q(u) of X is defined

as

Q(u) =F Y(u) =inf{x: F(x) >u}, 0<u<1. (2.1)
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For —oo < x <coand 0 < u < 1, F(x) > u if and only if Q(u) < x. Thus if there
exists an x such that F(x) = u, then F(Q(u)) = u and Q(u) is the smallest value

of x satisfying F(x) = u. When F(x) is continuous and strictly increasing,

Qu) = inf{x: F(x) = u},

is the unique value of x such that F(x) = u. In this case we can write the quantile

function by solving F(x) = u for x in terms of u.

Definition 2.2. If f(x) is the probability density function of X, then f(Q(u)) is
called the density quantile function. The derivative of Q(u), i.e., q(u) = Q' (u)
is known as the quantile density function of X. By differentiating F(Q(u)) = u,

we have an identity

q(u)f(Q(u)) = 1. (22)

Some important properties of quantile functions are given below:

1. For a general distribution function, from the definition of Q(u) we have,
e Q(u) is non-decreasing on (0,1) with Q (F (x)) < x forall —co < x <
oo for which 0 < F (x) < 1.
e F(Q(u)) >uforany, 0 <u < 1.

e Q(u) is continuous from the left, ie, Q (u~) = Q (u) so that Q(u) has

limits from above.

e Any jump points of F(x) are flat points of Q(u) and flat points of

F(x) are jump points of Q(u).
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2. Since for a uniform random variable U over (0, 1),
PQU) < x} = PU < F (1)} = F(x),

Q(u) and X are identically distributed.
3. The sum of two quantile functions is again a quantile function.
4. The product of two positive quantile functions is also a quantile function.

5. If T(x) is non-decreasing function of x, then T(Q(u)) is a quantile function.
On the other hand, if T(x) is non-increasing, then T(Q(1 — u)) is also a

quantile function.

6. If Q(u) is the quantile function of X with continuous distribution function
F(x) and T(u) is a non-decreasing function satisfying the boundary con-
ditions T(0) = 0 and T(1) = 1, then Q(T(u)) is a quantile function of a

random variable with the same support as X.

7. If X has quantile function Q(u), then % has quantile function @

For further details on the properties of quantile function, we refer to Gilchrist

(2000).

2.1.2 Descriptive Measures

In this section, we list out commonly used descriptive measures such as mea-
sures of location, scale, skewness and kurtosis based on quantile function. These

quantile-based measures that reduce the shortcomings of the moment based
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ones can be thought of.

An important measure of location is the median, given by

M=Q(05).

To measure the dispersion, we use the inter-quantile range

IQR = Q3 — Qu,

where Q3 = Q(0.75) and Q; = Q(0.25) . Galton’s measure of skewness is de-

fined as

o Q+Q-2M

Q=
It can be seen that the Galton coefficient of skewness lies between —1 and 1, and
the extreme positive skewness occurs when Q; — M and the extreme negative

skewness is attained when Q3 — M. When a distribution is symmetric, M =

% and hence S = 0. Moors (1988) proposed a measure of kurtosis given by

T — Q(7/8) —Q(5/8) + Q(3/8) — Q (I/s)
IOR )

2.1.3 L-Moments

L— moments are the competing alternatives to traditional moments. L— mo-
ments are the expectations of linear combinations of order statistics. A unified
theory on L— moments was studied by Hosking (1990). The main advantages

of L— moments over the conventional moments are, the existence of first L—
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moment ensures the existence of higher-order moments and they have gener-
ally lower sampling variances and are robust against outliers. Hosking (1989)
Hosking (1992), Hosking (2006) and Hoskins & Wallis (1997) have made detailed
studies on the properties of L— moments, its application in summarizing and
identifying probability distributions, estimation techniques based on L— mo-
ments, characterizations of distributions by L— moments and the comparison
between the conventional moments and L— moments in analysing measures of

distributional shapes. The ' L— moment is defined as

r—1 r—1
L, = r1 Z (—1)k E (erk:r) , r=12,.. (2.3)
k=0 k

We have,

E(Xym) = / xf, (x)dx

n!

- — /01 Y1 - uw)"TQ, (u) du. (2.4)

rt(n—r)!

Using (2.4), (2.3) becomes

r—1 7l

r—1 1
L=r ) (-1)f . m/o w1 - ) Q (u) du. (25)
=0 ) ’
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Jones (2004) has given an alternative method of establishing the above relation-

ship using the quantile function. In particular, the first four L— moments are

1
L= [ Quydn=p (2.6)
1
L, = /0 (2u—1) Q (u) du, 2.7)
Ly = /01 <6u2 —6u+ 1) Q (u)du, (2.8)
1
and L, — /O (200 — 3042 + 120 — 1) Q () d 2.9)

The equivalent formulae in terms of quantile density function are

1
L, = /0 (1— u)q (u) du, (2.10)
L, = /01 (u — u2> g (u)du, (2.11)
Ly = /1 (3u2 —2u® — u) g (u)du, (2.12)
01
and Ly = /0 (u — 6u” + 10u° — 5u4> g (u)du. (2.13)

L; and L, represent the measures of location and spread respectively. Like the
conventional moments, L— moments can also be used to summarize the charac-
teristics of probability distributions, to identify distributions and to fit models
to data. It has been proved that the L-moments have several advantages over
conventional moments. L-moments are capable of characterizing a wider range
of distributions compared to the conventional moments. A distribution may be
specified by its L-moments, even if some of its conventional moments do not
exist (Hosking (1990)). Hosking (1992) illustrated that L-moments are prefer-

able than conventional moments to provide summary measures of distributional
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shape. Yitzhaki (2003) compared the merits of mean difference and variance in
the context of measuring variability. Nair & Vineshkumar (2010) has pointed out
that the study of the measures of residual life based on L— moments is worthy

as the L— moments are more advantageous than usual moments.

2.2 Reliability concepts

Reliability theory depicts the probability of a system completing its expected
function during an interval of time. The term reliability is generally used to
express a certain degree of assurance that a device or a system will operate suc-
cessfully in a specified period of time. During the past decade, the development
of reliability as a separate discipline has been rapid, mainly because of its appli-
cations in several branches such as, statistics, engineering, medicine, economics,
demography, insurance, public policy, etc. Life distributions specified by their
distribution functions and various concepts and characteristics derived from it

are important topics of interest in reliability analysis.

2.2.1 Reliability function

Let X be a non-negative continuous random variable defined on a probability
space (), A, P) with distribution function F(x) = P(X < x). The random vari-
able X could represent the length of life of a device, measured in units of time.
The function

F(x)=P(X >x), x>0,
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is called a reliability function or survival function.

2.2.2 Hazard rate function

The failure rate (hazard rate) function of X is defined as

<
h(x) = lim P[x_X<x—|—Ax|X>x]'

2.14
At—0 Ax ( )

For small A, Ah(x) is approximately the conditional probability that a unit will
fail in the next small interval of time A, given that the unit has survived age
x. When F(x) is absolutely continuous with probability density function f(x),

(2.14) reduces to

() = D0 = 1 Fx) 215
for all t for which F(x) > 0.

The hazard rate function is also referred to as the failure rate function, instan-
taneous death rate, the force of mortality, and intensity function in the fields
respectively survival analysis, actuarial science, biosciences, demography and

extreme value theory.

Integrating (2.15) over (0, x) and using F(0) = 0, we can see that

E(x) = exp {/ h(t)dt]. (2.16)

0

From (2.16), it can be seen that /(x) uniquely determines the distribution. The

concept of hazard rate is widely used for characterizing lifetime distributions.
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For example, constancy of hazard rate is a characteristic property of exponential
distribution (Galambos & Kotz (1978)). A large volume of literature is available
on characterizations and other properties of hazard rate function (see Barlow
et al. (1963), Nanda & Shaked (2001), Noughabi et al. (2013), Hua et al. (2018),

etc).

2.2.3 Mean residual life function

Given a component is of age X, the remaining life (residual life) after time ¢ is
random. Define the residual random variable at age t by X; = X — t|X > t. The
reliability function of X; is given by

F(ic%—t)

F_t(x):F(x|t): P(t)

x,t>

0, (2.17)

which represents the conditional probability that a unit of age t will survive for
an additional x unit of time. The mean residual life (MRL) function m(t) for
a random variable X defined on the real line, with E[X] < oo, is the expected

value of the residual life function. i.e;

m(t) = E[X —t{X >1] Vt>0. (2.18)
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The MRL function m(t), represents the average lifetime remaining for a compo-
nent, which has already survived up to time . When F(t) is absolutely contin-

uous with respect to a Lebesgue measure, (2.18) becomes

o (2.19)
= ﬁ [ F(x)dx
t
If density function exists, then (2.19) can also be written as
m(t) = L7(if—ac)f(x)dx (2.20)
~F(b) J ‘ '

If m(t) is differentiable then the following relationship exists between the hazard

rate and the mean residual life function as

B 1—i—m’(t).

h(t) = 0 (2.21)

The function m(t) determines the distribution of X uniquely by the relation
0) rodt
- m

For more properties on m(t), refer to Hall et al. (1981) , Mukherjee & Roy (1986),

Gupta (2016) and references therein.
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2.2.4 Reversed hazard rate

Let X be a non-negative, absolutely continuous random variable and [X|X < |
be a random variable which represents the variable pertaining to lifetimes of
components which has failed before attaining an age t were originated. The
revered hazard rate of a random variable X is defined by (see Barlow et al.

(1963))

— < <
A(x) = Tim P|x A<X_x|X_x].

2.2
A—0 A (2.23)

When probability density function (p.d.f) f(x) of X exists, (2.23) can be written
as

Alx) = / (x), (2.24)

for all X for which F(x) > 0. Thus A(x)dx can be used as an approximate
probability of a failure in (x — dx, x| given that the failure had occurred in [0, x].

A(x) uniquely determines the distribution through the relationship

F(x) = exp [ / /\(t)dt] . (2.25)

For more details on reversed hazard rate, one can refer to Gupta & Nanda (2001),
Nanda & Shaked (2001), Nair & Asha (2004), Sunoj & Maya (2006), Sankaran
et al. (2007) and Kundu & Ghosh (2017).
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2.2.5 Reversed mean residual life

The random variable X = [x — X|X < x] denotes the inactivity time or reversed
residual life of X. It represents the time elapsed since the failure of a unit given

that its lifetime is at most x with the distribution function

() = EW) ;(i()x iy (2.26)

The reversed mean residual life of X is defined as

r(x) = E(x—X|X<x)

1 X
= /O F()dt. (2.27)

For more details on reversed mean residual life functions, we refer to Kayid &
Ahmad (2004), Ahmad & Kayid (2005), Gandotra et al. (2011) and Kundu &
Ghosh (2017) and references therein.

2.3 Quantile-based reliability concepts

In reliability theory, several functions can be used to find the failure patterns
in different mechanisms or systems as a function of age. This is accomplished
by identifying the probability distribution of the lifetime random variable. In
this section, we discuss the basic concepts of reliability using quantile functions.
Nair & Sankaran (2009) has formulated the important reliability concepts using

the quantile function approach which are discussed below.
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2.3.1 Hazard quantile function

Setting x = Q(u) in (2.15) and using (2.2), the hazard quantile function is de-

fined as

= [(1—wu)q )" (2.28)

In this definition, H(u) is interpreted as the conditional probability of the fail-
ure of a unit in the next small interval of time given the survival of the unit at
100 (1 — u) % point of the distribution. H(u) uniquely determines the distribu-

tion through the relationship

_ (" dp
Q(u)—/O A=) Hp) (2.29)

Sankaran & Nair (2009) studied the estimation of the hazard quantile function
based on the right censored data. Midhu et al. (2014) introduced a class of
distributions that has linear hazard quantile function and obtain various dis-
tributional properties and reliability characteristics of the class. For various

properties of H(u), one could refer to Nair et al. (2013).
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2.3.2 Mean residual quantile function

The quantile version of mean residual life function obtained by letting F(x) = u

in (2.20). We have the mean residual quantile function as

M(u) = m(Q(u))

In terms of the quantile density function, (2.30) can be written as

M) =1-w [ (a-p) qp)dp

u

Using (2.31) we have

1
M) = (1=w)" [ (H(p) " dp.
Differentiating (2.32) we get

(H ()™ = M () = (1 —u) M’ (u).

The distribution is uniquely determined by M(u) through the identities

Q) == M)+ [ (1= p) "M (p)dp,

(2.30)

(2.31)

(2.32)

(2.33)

(2.34)

Midhu et al. (2013) proposed a class of distributions that has the linear mean

residual quantile function and studied various distributional properties and re-

liability characteristics of the class. Sankaran & Dileep Kumar (2018) introduced
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a new class of distributions with quadratic mean residual quantile function and
studied distributional properties and various reliability characteristics of the

proposed model.

2.3.3 Reversed hazard quantile function

Analogous to reversed hazard rate, reversed hazard quantile function is defined

as

A(u) = MQ(u)) = (uq(u)) ™. (2.35)

The quantile function is uniquely determined by A(u) through the relationship

Q) = [ (patp))ap. 2.36)

For more properties, we may refer to Nair & Sankaran (2009).

2.3.4 Reversed mean residual quantile function

The reversed mean residual quantile function is defined by

R(u) = r(Qu))

u
= /O pq(p)dp. (2.37)
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R(u) determines the distribution uniquely through the relationship

u
Q(u) = R(u) + /O p~1R(p)dp. (2.38)
Nair & Sankaran (2009) derived that

(A(u))™! = R(u) +uR’(u). (2.39)

2.4 Ageing concepts

In the reliability context, life distributions are generally classified into different
classes based on the monotonic behaviour of the failure rate and mean residual
life function. There can be no ageing, positive ageing or negative ageing. Posi-
tive ageing means the residual lifetime of a unit decreases with the increase in
the age of the unit. Negative ageing is the dual concept of positive ageing which
has a beneficial effect on the life of the unit as the age increases and no ageing
means that the age of a component has no effect on the distribution of residual

lifetime of the unit (see Abouammoh et al. (2000), Deshpande et al. (1986)).

Most of the ageing concepts existing in the literature are described based on the
measures defined in terms of the distribution function. For example, Barlow
& Proschan (1975) established some closure properties of order statistics based
on the reliability ageing classes such as increasing failure rate (IFR), increasing
failure rate average (IFRA) or new better than used (NBU) classes. Takahasi

(1988) and Nagaraja (1990) further studied some of these classes based on order
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statistics. Nair & Sankaran (2009) have identified some quantile functions as
suitable models for lifetime data analysis. Nair & Vineshkumar (2011) modi-
fied the existing definitions based on distribution functions to study the ageing
properties of distributions which do not have a tractable distribution function.
However, a quantile-based study on these ageing classes is of recent interest due
to Nair & Vineshkumar (2011). In this section, we discuss some of the important
results in this area and translate the basic definitions to make them amenable

for a quantile-based analysis.

241 Ageing Concepts based on hazard quantile function

The concept of increasing and decreasing failure rates for univariate distribu-
tions have been used as a useful tool in the study of the failure patterns of
components / devices. A random variable X is said to have an increasing (de-

creasing) failure rate ( IFR (DFR)) if its hazard rate h(x) is increasing (decreas-
ing).
In the quantile framework, a lifetime random variable X is IHR (DHR) if its

hazard quantile function H(u) is increasing (decreasing) in u. This implies that

H'(u), the derivative of H(u) satisfies

H'(u) > (£)0, 0<u<1.

Thus, all distributions specified in terms of F(x) that are IHR (DHR) preserve
the same property when specified by Q(u) as well. For further reference see

Nair & Vineshkumar (2011).
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2.4.2 Ageing concepts based on mean resdiual quantile func-

tion

A random variable X with mean residual life function m(x) is said to be in
the increasing (decreasing) mean residual life or IMRL (DMRL) class if m(x)
is increasing (decreasing) in x > 0. In terms of quantile function, the IMRL
(DMRL) is defined as follows. A random variable X with E(X) < co is said to
be IMRL (DMRL) if and only if

2.4.3 Concepts based on survival function

The ageing properties in this class are obtained by comparing survival function
at different points of time. New better (worse) than used (NBU (NWU)) is the
most cited one in this category and new better (worse) than used in expectation
(NBUE (NWUE)) and harmonic new better (worse) than used in expectation
(HNBUE (HNWUE)) are the classes derived from NBU (NWU). We say that X
is NBU (NWU) if and only if F(x +t) < (>)F(x)F(t), for all x,t > 0.

Within the framework of quantile functions, a random variable X with Q(0) = 0
is said to be NBU (NWU) if and only if, Q(u +v —uv) < (>)Q(u) + Q(v) for
all 0 < u,v < 1. A lifetime X is new better (worse) than used in hazard rate if

and only if H(0) < (>)H(u) for u > 0 (see Nair et al. (2013)).
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2.5 Stochastic orders

Stochastic orders are useful for a global comparison of two distributions in terms
of certain characteristics. Stochastic orders have been used during the last few
decades in many diverse areas of probability and statistics such as reliability
theory, biology, economics, queuing theory, survival analysis, insurance, actuar-
ial science, operations research, and management science. Stochastic orders are
used to compare distributions in terms of their characteristics. Definitions of the
stochastic orders given below, unless otherwise specified, can be seen in Shaked
& Shanthikumar (2007). The purpose of stochastic orders is the comparison of

distributions using a variety of information about the models.

2.5.1 Usual stochastic order

Let X and Y be two random variables with survival functions Fx(x) and Fy(x)
and the corresponding quantile functions Qx(#) and Qy(u), respectively. Then
X is said to be smaller than Y in the usual stochastic order X <y Y if and only

if

or equivalently
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2.5.2 Hazard rate order

In hazard rate order, we compare two distributions by means of the relative
magnitude of their hazard rates. The idea behind this comparison is that when
the hazard rate becomes larger, the variable becomes stochastically smaller. X
is said to be smaller than Y in hazard rate order X <j, Y if hx(x) > hy(x) for
all x or equivalently, Hx(u) > H*y(u), where Hx(u) = hx(Qx(u)), H*y(u) =

hy(Qx(u)) and h(.) denotes the hazard rate function.

2.5.3 Reversed hazard function order

Let X and Y be two non-negative random variables. Then X is said to be smaller
than Y in reversed hazard quantile function order (X <., Y), if and only if
Ax(x) < Ay(x) for all x or equivalently, Ax(u) < Aj(u) for all u € (0,1),
where Aj (1) = Ay(Qx(u)).

2.5.4 Convex order

For two random variables X and Y if the condition

E(¢(X)) < E(o(Y))

for all convex functions ¢ : R — R, provided the expectations exist then X is

said to be smaller than Y in the convex order. It is denoted by X <. Y. Within



Basic concepts and review of literature 29

the framework of quantile function, X <, Y if and only if

/Ou Qx(p)dp > /Ou Qy(p)dp.

2.5.5 Transform orders

(i) We say that X is smaller than Y in convex transform order, denoted by

qy (u)
ax (u)

X < Y, if G71F(x) is convex in x on the support of F or is increasing

in u.

(ii) We say that X is smaller than Y in star order, written as X <, Y, if and

Qy(u)

only if =———= is increasing for x > 0 or Ox (1)

G*ll: .. . .
X (x) 1S 1ncreasmg m u.

(iii) We say that X is smaller than Y in super-additive order, denoted by X <,
Y if Qy(Fx(x)) is super-additive.
2.5.6 Dispersive ordering

Dispersive ordering can be used to compare the spread among probability dis-
tributions. We say that X is smaller than Y in dispersive order, denoted by

X <gisp Y, if Qy(Fx(x)) — Qx(u) is increasing in u € (0,1).

2.6 Quantile function models

The main objective of quantile-based reliability analysis is to make use of quan-

tile functions as models in lifetime data analysis. The lambda distributions were
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originally developed as a formula for transforming uniform random numbers
to simulate new distributions with a rich variety of shapes. The lambda dis-
tributions are used, when the physical characteristics that govern the failure
pattern in a specific problem are unknown to choose a particular distribution
function. There are members of lambda families that can either exactly or ap-
proximately represent most of the continuous distributions by a good choice of

the parameters. The lambda distribution originated with Tukey (1962).

2.6.1 Lambda family

A family of distributions by a quantile function introduced by Hastings Jr et al.
(1947). During the past 60 years, considerable efforts were made to generalize
this family of distributions and the refined model by Tukey (1962) and to study
their new applications and inference procedures. The basic model from which
all other generalizations originate is the Tukey lambda distribution with quantile

function. Tukey’s Lambda family of distributions is given by

WO’ )20

Qu) = g g (2.40)

1—u ’

For A = 1and A = 2, it is easy to verify that (2.40) becomes uniform over (—1,1)
and (—%, %), respectively. The density functions are U shaped for 1 < A < 2
and unimodal for A < 1 or A > 2. With (2.40) being symmetric and having the

range for negative values of X, it has limited use as a lifetime model.
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2.6.2 Generalized lambda distribution

The generalized lambda distribution is an extension of Tukey’s lambda distri-

bution [Hastings Jr et al. (1947) Tukey (1962)].

1
Q) =M+ 5 (u)‘3 —(1- u)M) , 0<u<l, (2.41)

where A; is a location parameter, A, is a scale parameter, while A3 and A4 de-
termine the shape. Ramberg & Schmeiser (1974) generalized the Tukey lambda
distribution to a four parameter distribution specified by quantile function in
(2.41). A major limitation of the generalized lambda family discussed above is
that the distribution is valid only for certain regions in the parameter space.
Freimer et al. (1988) introduced a modified generalized lambda distribution de-

tined by

B 1 (ubs (1—w™-1
Qu) =M + % <A—3 - A—4> , (2.42)

which is well defined for the values of the shape parameters Az and A4 over the

entire two-dimensional space.

2.6.3 van Staden & Loots model

A four-parameter distribution that belongs to lambda family proposed by van

Staden & Loots (2009). They generated the model by considering the generalized
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Pareto model with quantile function

;—41<(1—u)A4—1), A #£0
—ln(l—u) ,)\4:0

Q1 (u) = (2.43)

and its reflection

Lyt —1), Ay #0
Q(u)=4 ™ ( ) M # (2.44)
log u , Ay =0

A weighted sum of these two quantile functions with respective weights A3 and
1—A3,0< Az < 1, along with the introduction of a location parameter A1 and
a scale parameter A,, provide the new form. Thus, the quantile function of this
model is

uts —1 (1—u)—1
Ay Ay

, Ay > 0. (2.45)

2.6.4 Five-parameter lambda family

Gilchrist (2000) proposed a five-parameter family of distributions with quantile

function

Q) = Ay + 2

uM —y As
(1—A3) <%> — (14 A3) (%)] , (2.46)

as an extension to the Freimer et al. (1988) model in (2.42).
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2.6.5 Power-Pareto distribution

The quantile function of the power distribution is of the form
Q1(u) = auM,0<u <710, >0, (2.47)

while that of the Pareto distribution is

(2.48)
Qa(u) = o(1 —u) .
A new quantile function can then be formed by taking the product of these two
as
CuM

Qu) = m,o <u<1,CALA >0 (2.49)

The distribution of a random variable X with (2.49) as its quantile function is
called the power-Pareto distribution. Gilchrist (2000) and Hankin & Lee (2006)

have studied the properties of this distribution.

2.6.6 Govindarajulu distribution

Govindarajulu (1977) model is the earliest attempt to introduce a quantile func-
tion, not having an explicit form of the distribution function, for modelling data

on failure times. Govindarajulu (1977) introduced the quantile function

Qu)=0+c ((,3 +1)ubf — [SuﬁJ’l) , 6,0, B>0, 0<u<l, (2.50)
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and demonstrated its potential as a lifetime model by fitting it to the data on
the failure times of a set of 25 refrigerators which were run to destruction under
advanced stress conditions. However, other than proposing the model, Govin-
darajulu (1977) did not investigate the various characteristics of the distribution

as a general model as well as its role in reliability analysis.

2.7 Information measures

2.7.1 Entropy

Suppose X is a non-negative continuous random variable denoting the lifetime
of an item with a probability density function (pdf) f(x), cumulative distri-
bution function (cdf) F(x) and survival function (sf) F(x) = 1 — F(x). Then
a classical measure of uncertainty for X is the differential entropy, known as

Shannon entropy ((see Shannon (1948), Cover & Thomas (2012))) defined as

1(F) = —E(log f(X)) = — [ (log () f(x)d. @51)

As a statistical average, #7(F) measures the expected uncertainty subsumed in
f(x) about the predictability of an outcome of X. When the age of the compo-
nent of X is non-zero, say ¢, then 77(F) in (2.51) is not appropriate and Ebrahimi
(1996) modified #(F) to the residual random variable X; = X — #|X > ¢, called

the residual Shannon entropy of X at time t, given by

7(F;t) = —E(log f(X;) = — /t ” <10g ];((’:)) > {T((’;)) dx. (2.52)
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Clearly, n7(F,t) measures the expected uncertainty contained in the conditional
density of X —t given X > t about the predictability of the remaining lifetime
of the component. For more properties of (2.52), we refer to Ebrahimi (1996),
Ebrahimi & Pellerey (1995), Asadi & Ebrahimi (2000), Belzunce et al. (2004) and
Sunoj et al. (2009).

The wide applicability of #(F) and its modified/generalized versions and the
usefulness of order statistics in many applied problems motivated many re-
searchers to study the information theoretic aspects of order statistics. Wong &
Chen (1990) showed that the difference between the average entropy of order
statistics is symmetric about the median. Park (1995) obtained some recurrence
relationships to the entropy of order statistics. Ebrahimi et al. (2004) obtained
bounds for the entropy of order statistics and studied entropy ordering of or-
der statistics. The residual Renyi entropy of order statistics and record values
are available in Zarezadeh & Asadi (2010). Characterizations of distributions
based on Renyi entropy and record values are studied by Baratpour et al. (2007),
Baratpour et al. (2008) and Abbasnejad & Arghami (2010). Thapliyal & Taneja
(2012) obtained certain bounds on a generalized two parameters entropy of or-

der statistics.

2.7.2 Tsallis entropy

Many generalizations of Shannon entropy (Shannon (1948)) are available in liter-
ature. These generalized information measures have many important properties

such as smoothness, large dynamic range with respect to certain conditions that
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make them applicable in practice. Among different generalized entropy mea-
sures, an important one is the Tsallis entropy of order a (Tsallis (1988)). Let
X be an absolutely continuous non-negative random variable, with probabil-
ity density function (pdf) f(x) and cumulative distribution function (cdf) F(x)

respectively. Then Tsallis entropy is defined as

Su(X) = LiE (1 - (f(X))"‘_1> = - i : (1 - /Ooo(f(x))“dx> ,a >0, 0 # 1.

It plays an important role in different areas viz. physics, chemistry, biology, eco-
nomics and statistics. Many researchers used it in many physical applications
such as, Nakamichi et al. (2002) developed the statistical mechanics of large scale
astrophysical system , Taruya & Sakagami (2003) investigated thermodynamic
properties of stellar self-gravitating system, Arimitsu & Arimitsu (2002) de-
scribed fully developed turbulence, Weili et al. (2009) developed a new method
for medical image segmentation based on improved PCNN (Pulse Coupled
Neural Network) and Tsallis entropy and Tong et al. (2002) studied signal pro-
cessing. When & — 1, $4(X) = H(X) = —E(Inf(X)) = — [ (Inf(x))f(x)dx,
the expected uncertainty contained in the pdf about the predictability of the ran-
dom variable X. Unlike Shannon or other generalized entropy measures, Tsallis
entropy is non-additive. For recent works on S,(X), we refer to Cartwright

(2014), Preda et al. (2015), Sati & Gupta (2015) and the references therein.
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2.7.3 Extropy

The Shannon’s measure of entropy in the discrete case Hx = — Y ; pilogp;,

where p; = P[X = x;] has complementary dual

n

Jx ==Y (1—pi)log(1—pj),

i=1

which is called the extropy of the random variable X. It originated in environ-
mental investigations by Ayres & Martinas (1995) in the name of M potential
and the term entropy was coined in Martinas (1997). The two measures entropy
and extropy address the measurement of uncertainty in contrasting styles. A
detailed discussion on the motivation, importance and properties of the extropy
in the context of thermodynamics and statistical mechanics is given in Martinas
& Frankowicz (2000). They argue that both entropy and extropy share similar
mathematical properties and that the latter has some conceptual superiority in

certain situations.

2.8 Order statistics

Suppose that Xi, Xy, ..., X;; are independently and identically distributed (i.i.d)
observations from a population with cumulative distribution function (cdf) F(.)
and probability density function (pdf) f(.). Then the order statistics of the sam-
ple is defined by the arrangement of X, Xj, ..., X;;, from the smallest to largest
denoted as X1., < Xoip <, ..., < X Let X;.,, be the it order statistic and F..(.)

and fi.,(.) be the corresponding cdf and pdf. If a system has n independent
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components with lifetimes Xj, X», ..., X;;, then the system functions if and only
if at least k of the components works ( k-out-of-n system). The lifetime of such a
system is described by the (1 — k + 1) order statistic. The parallel (k = 1) and
series (k = n) systems are particular cases of k-out-of-n systems. These systems
play an important role in reliability theory and life testing. For example, an
aircraft with four engines will not crash if at least three of them are working
and for the communications system with three transmitters will send signals if

at least two of them are functioning. The marginal pdf of X;.,, given by

1
i,n—i+1

fin(x) = B ) (F(x)) (1 = F(x))" ' f(x), (2.53)

where B(a, b) fo x"1(1—x)0~1dx, a,b > 0. A wide variety of research is now
available in literature on different aspects of order statistics, the applications
include Balakrishnan & Rao (1998b), Balakrishnan & Rao (1998a). Recently,
quantile-based studies are of special interest among many researchers as it has

some unique properties that are not shared by distribution functions.

In terms of quantile function, the pdf of X;., based on quantile functions (Sunoj

et al. (2017)) becomes,

, _ n! i—10q _ i —1_ &i(u)
fl:n(QX(u)) - (l 1)'(1’1 _ Z)'u (1 u) (qx(u)) - EIX(M)’ (254)
() — 1 i—1(q _ ,\n—i gt ,
where g;(u) = Bl n—it1) u' = (1 —u)" " is the pdf of beta distribution with

parameters (i,n —i+ 1) and B(a,b) = fol 11— x)""1dx; a,b > 0, the beta
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function. The corresponding survival function of X;., reduces to

Fin(Qx(u)) = %((lz,l: — iz:—L 11))'

where B,(i,n —i+1) = fl

w11 — u)"'du is the incomplete beta function.

The study of various reliability measures and its properties based quantile func-
tion is an important topic considered many researchers in the past (see Nair &
Sankaran (2009), Nair et al. (2013)). Ageing concepts play an important role in
distinguishing life distributions as an aid in model building and also in under-
standing the pattern in which a unit is ageing. Nair & Vineshkumar (2011) stud-
ied different classes of life distributions based on ageing concepts using quantile
functions. Motivated with these, we study some basic distribution properties

such as moments and ageing pattern of order statistics using quantile functions.

2.8.1 Moments of order statistics

Let X1, Xy, ..., X, be a random sample from a population with pdf f(.) and cdf

F(.), and let Xy.;, < Xo.y,... < Xy, be the order statistics obtained from the
(k)

above sample. Let us denote the raw moment E(X% ) by u. ). Its quantile
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notation
e = E(X)

= [ 2 funloin

n!

= T=OH /0 Q)11 — u)"idu. (2.55)

From (2.55), the first two raw moments of i order statistic based on quantile

functions are respectively given by

| 1 , .
B = Ty QU A, (2.56)

and

2) _ n! ! i n—i
Him = (i—l)!(n—i)!/o (QUn))*u ™M (1 —u)™'du.

Then the variance of i order statistics become

@) _ ( (1))2’

2 __
Oin = yi:n in

and the covariance between X;., and X;.,,

Cov(Xi.n, Xj:n) = Wijin — PimMjm, 1 S 1< 1,
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where,

Hijm = E(Xz':an:n)

~ (i—D(n —1;'!)!(1' —i—1)! /o1 /Ql(u) Q) (1 =)™ (1 — o) dvd,

Using the distribution function approach, the recurrence relationship connecting
moments of consecutive order statistics for continuous random variables are
defined by Cole (1951), given by

iyl@l:n +(n— i)yl(:’;) = nyf:kn)_l,for i=1,2,..,n—1land k > 1. (2.57)

The identity (2.57) provides an easy way of finding the moments of order statis-
tics using its preceding moments. An alternative proof based on mixtures of
discrete and continuous random variables are available in Arnold (1977); (see
Balakrishnan & Malik (1986)). In the following example, we illustrate the use-
fulness of the quantile-based approach in deriving the recurrence relationship

(2.57), where no closed form distribution functions exist.

Example 2.1. Let X be a random variable with Davies distribution (see Han-
kin & Lee (2006)) distribution in which no closed form expression for the dis-

tribution function exists. However, its quantile function is given by Q(u) =

CL/\Z,C, A1,A2 > 0. Then ,uglr)l = nc—rr(f’atlgiin;f;)

(1—u) , using the relation (2.57) we
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obtain the first order moment of second order statistic as

Mo = mppn_y — (n=Dug)
_ (Cn(n—=1)T(Q+A)T(n—Ay—1) A +1
a ( I'(n+ A —Az) ) <"+)\1—7\2>
_ (Cn(n—=1)T2+A)T(n— Ay —1)
B ( F(n+A1—A2+1) )

2.8.2 Bounds based on moments of order statistics

Hartley & David (1954), Gumbel (1954), Moriguti (1951), Moriguti (1953) and
Moriguti (1954) derived universal bounds for moments of order statistics. David
(1986) derived some bounds for order statistics arising from X;S. Balakrishnan
(1990) provides simple improvements over the Hartley-David- Gumbel bounds.

Consider an arbitrary population with mean 0 and variance 1. That is,

1 1
/ Q(u)du = 0 and / (Q(u))*du = 1. (2.58)
0 0

Then the expected value of the it" order statistic X;.,, as

Hin = /01 Q(u) (B( ! u (1 - u)“‘i) du. (2.59)

in—i+1)

From calculus of variations (see Davis (1962)) we can find the extremal giving
stationary values of (2.59) subject to (2.58) by first obtaining the unconditional

extremal for

i = [ 00 (g A= 0 - )

iin—i+1)
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and then determining the constant A so as to satisfy (2.58). Using Schwarz’s

inequality, we obtain

1
L 20=1) (1 — )2(n=0) 1 - , 2

. < _ i— o \n—i 2

Hin < (/0 T n U USRI

B(2i —1,2n—2i +1)
< . .
(B(i,n—i+1))2

1
2
— 27 + A2> . (2.60)

Nl—

Lety = (PAm2l =20 +A2)", =0 A =1, and

(B(in—i+1))?

d? 1
d_)]\/ |A=1= > 0.
\/ B(2i—1,2n—2i+1)— (B(in—i+1))

Blin—it1))?

Then the right hand side of (2.60) is minimum when A = 1. Therefore,

N|—

(B(2i —1,2n —2i+1) — (B(i,n —i+1))?)

| < .
|[Hin| < Bin it D) (2.61)

This implies that Q(u) = c(g;(u#) —1),0 < u < 1. The constant of proportional-

ity, ¢ is determined from fo Q(u)du = 0 and fo ))2du = 1.

/01 (g2 (u) —2gi(u) + Vdu =1,= ¢ (B((Z;(—ljl,Z_nZ:jz)n)Lzl) - 1) =1

Thus
B(i,n—i+1)

‘- VB(i—1,2n—2i+1) — (B(i,n —i+1))2

Similarly, by considering the arbitrary population with mean 0 and variance 1,
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the moment of largest order statistic,
1
Pnin = / Q(u)(nu"1 — A)du. (2.62)
0
Using Schwarz’s inequality, (2.62) turns to

e < ([ltpan) ([t -ara)

1
1 2
< (/ (n?u?"2 — 2nAu" 1 + )\z)du> ,
0

SR
< —2A+A . 2.
(Zn—l + ) (2.63)
1
2 1
n
n—1

Then the right hand side of (2.63) is minimum when A = 1. Thus we obtain,

n—1

L 2.64
(2n —1)2 (264

Pnn <

The bound is attained when Q(u) = c(nu"~! —1),0 < u < 1. Also, the constant

(2n—1)2
n—1

of proportionality ¢ can be determined using the initial conditions ¢ =

Example 2.2. Suppose X follows Tukey-lambda distribution with quantile func-

tion
(uh — (1 —u)?)

Q) =%

,0<u<],
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for all non-zero lambda values. Then the moment of i"order statistic is given
by

Llj71 1—u n—i
1 (”A —(1- ”)A) (B(i,£i+nzr1) - A)
/ du,
0 A
Ti+MI(—i+n+1)—THI(—i+n+A+1)
AB(i,—i+n+1)T(n+A+1) '

Uin =

Now, the moment of first order statistic is obtained as

u,

Uln =

(e =) (S )
Js ;
TMI(n+1)  n

I'n+A+1) AA+n)

The moment of n!"* order statistic is obtained as

(et = =) (51— )
Unn = /0 1 d
n r(AI(n+1)
AtAn T(n+A+1)

u,

Table 2.1 gives the sharpness of the universal bounds for the moment of the
largest order statistic y,., and the largest moment of Tukey-lambda distribution.
We can infer from the table that as the sample size increases the bounds are less

sharp.

2.8.3 Ageing properties of order statistics

In the present section we propose a quantile-based analysis on the ageing con-

cepts based on order statistics. Like the distribution function approach, we now
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TaBLE 2.1: Universal bounds for ., and exact values for the largest moment
of Tukey-lambda distribution

Sample size n | yy., for Tukey lambda distribution | Universal bound for largest moment
2 0.3333 0.5774
3 0.5000 0.8944
4 0.6000 1.1334
5 0.6667 1.3333
6 0.7143 1.5076
7 0.7500 1.6641
8 0.7778 1.8074
9 0.8000 1.9403
10 0.8181 2.0647

prove that the quantile-based ageing classes of order statistics preserve the same

ageing classes.

Increasing Hazard Rate (IHR)

An extensive review of various properties of IHR classes in the distribution
function approach is available in Lai & Xie (2006) and a quantile-based study of
the same is available in Nair & Vineshkumar (2011). Barlow & Proschan (1996)
showed that if F(.) is IHR then F;,(.) is also IHR. Now the following theorem

establishes the IHR property of X;., based on quantile function.

Theorem 2.3. If X is IHR then the ith order statistic X;.,, is IHR.

Proof. By virtue of the definition of IHR, Xj;., is said to be IHR iff the hazard
in(Qu)) .

quantile function of the i order statistic, Hx, (1) = h;.,(Q(u)) = &=L is

Fi:n(Q(u))
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increasing in u > 0. When H(u) = ((1 —u)q(u))~! is increasing in u , then

w1 —u)" " (q(u) !
Bu(i,n —i+1)
ui*l 1— u)nfiJrl

= Blin—ic1) (2.65)

HXi:n (u) =

ui—l (1 . u)n—z’—H

_ > 0. Thus X;,, is IHR. O
Bu(in—it1) HS i 15

is also increasing in u as

For measuring the quantile-based IHR properties of simple systems with i.i.d
components viz. series and parallel, Hx, (u) and Hy, (u) are of important.
Accordingly, in the following example, we consider Hy, (u) to derive different
properties, results of Hx,  (u) can be obtained in a similar way. Also, for a cer-
tain population, the quantile function Q(u) does not possess a closed form while
the quantile density function g(u) has a closed form. In the following example,
we examine Hy, (u) for a family of distributions that can be represented only

through g(u).

Example 2.3. When X is distributed with quantile density function given by,
q(u) = Ku®(1 — u)~(A+9), where K,d and A are real constants. This quantile
function contains several well-known distributions, which include the exponen-
tial (6 = 0,A = 1), Pareto (6 = 0;A < 1), rescaled beta (6 = 0;A > 1), and
Govindarajulu distribution (6 = g —1,A = —p).

Figure 2.1 indicates that exponential distribution is both IHR and DHR (since
Hx,. (u) is constant), Pareto distribution is IHR(Hx,., (1) is increasing), rescaled
beta is DHR (Hy,, (u) is decreasing) and Govindarajulu distribution is IHR
when B < 1 and bathtub-shaped for g > 1.
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FIGURE 2.1: Plots of Hazard quantile function of first order statistic, Hx,,, (1)
against u.

Increasing Hazard Rate Average (IHRA)

A lifetime random variable X;.,is IHRA iff — is increasing in x. The

log Fiun (x)
x
equivalent definition using quantile function is given in the following example.

B, (in—i+1)
B(in—i+1)

Definition 2.4. We say that X, is IHRA iff Q’bll) log is increasing in

(

u. For the smallest order statistic, X7., is IHRA iff —W is increasing in u,

log(1—u") .

and for the largest order statistic, X., is IHRA iff — O increasing in u.

The following theorem gives the equivalent conditions for IHRA of first order

statistic (series systems).

Theorem 2.5. The following conditions are equivalent
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(i) Xq., is IHRA
I Hx,, (p)a(p)dp
Jo a(p)dp

nlog(1 —u)
Q(u)

(ii)

(iii) Hx, (u) > —

Proof. Assume that Xj., is IHRA.

—M is increasing in u
Q(u) i
fou L dp is increasing inu & n f x(p)a(p)dp is increasing in u,
1=p fo q(p)dp
'H d
& J XJ:”(p)q(p) P is increasing in u.
Jo a(p)dp
'H d
To prove (ii) < (iii), assume (ii) holds. J X;n(P)q(P) P is increasing in u,
Jo alp)dp

Q(u)
1—u

—q(u)(—log(1l —u)) > 0 (from (2.65) Hx,  (u) = nHx(u)),

1 — log(1 —u)
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Theorem 2.6. If Xy, is IHR then X;., is IHRA but the converse need not be true.

Proof. The first part of the theorem is straightforward. If Xj., is IHR then

Hy, (u2) > Hx,, (u1), forup > u,

equivalently

Jo Hxan(p2)a(p2)dp2 _ Jo Hx,, (P1)a(p1)dp
Jo a(p2)dp2 g Iy a(p1)dp

the condition for IHRA. The converse part is proved using a counter exam-
ple that IHRA does not implies IHR. Consider power-Pareto distribution with

quantile function

cuM
Q(H) = m/ /\1/ AZ > 0.

Then, from the Figure 2.2, it is clear that the condition for IHRA of Xj., is

-1 . log(l—u) (n(1—u)h2)
M log(l - 1/[) = — CuAl
is increasing while
1—u)2
Hy, ()= "2 0,0 <A <01,c >0,

C)Lz
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n+Log[1-u]

Q(u)
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(a) IHRA graph with A; =0,0 < A, < 0.1,¢ >0 (b) Hazard quantile function of first order statistic
Hy,,, (u) versus u

F1Gure 2.2: Plots of IHRA and Hazard quantile function

is not increasing.

Decreasing (Increasing) mean residual life class (DMRL (IMRL))

Definition 2.7. A random variable Xj., is said to have decreasing (increasing)

mean residual life if M;., (1) is decreasing (increasing) in #, 0 < u < 1 or
1

M.y (u1) < My (up) for 0 < up < up < 1, where My, (u) = Bulin—it1)

( / ul By(i,n —i+1)q(p)d p) , is the quantile-based mean residual life function for

the random variable X;.,,.

Example 2.4. Suppose X follows the power-Pareto distribution. Its quantile

function is given by

cuM
=———,0<u<lcA, Ay >0

Q) = g%
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Power-Pareto distribution is obtained by taking the product of quantile func-

tions of power and Pareto distributions (see Gilchrist (2000)). Then

Mx,,, (u) = ﬁ/j(l—p)”q(v)dv
cpM
— g [ O ) = )+ Al
= ﬁ(Algu(Al,n—A2+1)+7\23u(7\1+1/”_/\2)-

Here My (u) < (>)0,if A < (>)1 so that F(.) is DMRL (IMRL) according as

Ay < (>)1.

New better than used (NBU) class

Barlow & Proschan (1975) introduced NBU for the i order statistic. X;.,, is said

to be NBU if

Fin(x +t) < Fip(x)Fin (1), (2.66)

We obtain now the quantile-based NBU of order statistics.
Theorem 2.8. The first order statistic of a lifetime random variable, X1.,, with quantile

function Q(.) is NBU iff Q(u +v —uv) — Q(v) < Q(u) holds.

Proof. From (2.66), we can write

_ BF(X)(i,I’l—l'—l—l)BF(t)(i,n—i—|—1)

BF(X+f)(1’n -1+ 1) < B(i,Tl —l—|— 1) (267)
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In terms of quantile function (2.67) becomes (see Nair et al. (2013)),

= . . By(i,n —i+1)By(i,n—i+1)
Bo-1ouy+own (b =i+ 1) < Bli,n—i+1) 265)

For the first order statistic (2.68) becomes

equivalently,
! - (1—w)"(1—o)"
1 n 1d <
/Q‘l(Q(uHQ(U))( P) $ h
That is
Q(u +v—uv) = Q(v) < Qu)
Hence the proof. O

Example 2.5. Suppose X follows the power-Pareto distribution with quantile

function Q(u) = %,c, A1, A2 > 0, which is both NBU and NWU, since for
Ay = 0 it is power distribution, which is NBU and for A = 0, it is Pareto, which

is NWU.

Theorem 2.9. If Xy, is IHRA then Xj.,, is NBU also.



Basic concepts and review of literature 54

Proof. We need to show that IHRA == NBU. Using the condition of IHRA

(see Nair et al. (2013)) we can write

—nlog(l—u) —nlog(1— (u+0—uv))
Qx(u) S Qx(u +v—uv) O <u<ov<ld,
Qx(u+v—uv) _ —nlog(l— (u+v—uv))
Qx(u) h —nlog(l—u)
QX(M+U—L£Z)) 10g((1—u)(1—v))
Qx(u) log(1—u) '
log(1 —v)
" log(1—u)
equivalently,
M
Qx(u+v—uo) . _ Qx(v) N
Qx () © Qx(w) M ’
Qx(u)
Qx(v)

, ( since Xy., is IHRA)

—Qx(u) < Qx(v).

— Qx(u+v—uv)

Hence the proof. O

2.8.4 Stochastic orders of order statistics

In the usual stochastic ordering, X is said to be stochastically smaller than Y
if Fx(t) < Fy(b).

that X;.;, <st Xy, for any i < j. Shaked et al. (1995) done a comprehensive

From the definition of order statistics, it is easy to show

study on stochastic orders. Boland et al. (1994) obtained hazard rate ordering
from usual stochastic order. The hazard rate ordering plays an important role

in reliability and survival analysis. The likelihood ordering is a powerful one.
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In this section, we examine various quantile-based ordering relationships viz.
stochastic order, hazard rate order, dispersive order, mean residual order, convex
order and star-shaped order based on quantile-based order statistics. Barlow &
Proschan (1981) represented the distribution function of the i*" order statistic

Xin as Fx, (t) = B, (Fx(t)), where Bf; (p) = #{nﬂ), J§ w1 (1 — u)""du, for

0<p<LlL

Definition 2.10. Let X and Y be two random variables with quantile functions
Qx(u) and Qy(u) respectively. We say that X;.,, is smaller than Y;,, in the usual

stochastic order if Qx, (u) < Qy,, (u).

Example 2.6. Suppose that X follows beta distribution with quantile function
Qx(u) =1—-(1- u)%,c > 0 and Y follows Pareto II distribution with quan-
tile function Qy(u) = (1 —u)T —1,c > 0. Using the relation Qx, (1) =

fou ((1- u)HXi:n(u))_1 du, we get Qx,. (1) = QXT(”),

Qx,, (u) = Qy,,,(u) =

for all u. Thus Xy., <st Yi.n-

Definition 2.11. Let X and Y be two random variables with hazard quantile
functions Hx(u) and Hy(u) respectively. We say that X;., is smaller than Y;., in
the hazard rate order if Hy, (u) < Hx, (u), where Hx, (u) = hx, (Qx(u)) and
Hy,, (u) = hy,, (Qx(u)).

Theorem 2.12. If X <, Y then Xj.p, <pr Yia.



Basic concepts and review of literature 56

Proof. We have Hy(u) > Hy(u). Using the relation (2.65) it is clear that Hy, (1) >

Hy, (u). Thus the result. O

Definition 2.13. Let X;, and Xj, be i and j™ order statistics with density
quantile functions f;.,, (Qx(u)) and f;., (Qx(u)) respectively. We say that X;., is
fin(Qx (1))

smaller than X;.,, in the likelihood order if Fr(Ox () is increasing in u.

Theorem 2.14. For the it and j™ order statistic, Xy <jy Xjn, fori < j.

Proof. Using (2.54), we get

fin(Qx (1)) gi(y)

is increasing in u for j —i > 0. Thus X;., < Xjun O

Definition 2.15. We say that X;., is smaller than Yj,, in increasing convex order
if, Xiy <iex Yip if ftoo Eiu( < ft in(x)dx, for all t. In quantile notation

Xz':n <icx in 1ff Bp 1 n_l+1 qX f Bp Z—f-l)l]y(}’))dp

Definition 2.16. We say that X is smaller than Y in star order, X <. Y iff

F, !(Fx,, (x)) is star-shaped in x.

111

By the definition of the star-shaped functions, —P (PX (x)) should be increas-

ing in x > 0. We use the relationship from Barlow & Proschan (1975) that

Fy. (Fx,,(x)) = (Bf (Fy)) " (B} (Fx(x))) = Fy'(Fx(x)). Then, 1F ' (Fx,,(x))

lH

is increasing in x, which is the same as 1F, L(Fx(x)) increasing in x. This is



Basic concepts and review of literature 57

Qy(u)
Qx (u)
qy (1)

Since X;., <¢ Y., implies that (@) is increasing in u, it follows that X;, <

equivalent to is increasing in u.

Yin = Xin <« Yin-

Definition 2.17. We say that X;.,, is smaller than Y;.,, in dispersive order, X;., <jisp
Y;., if F;}I (Fx,,(x)) — x is increasing in x.

Since Fl?,:,(FXi:n(x)) = F, (Fx(x)), (see Barlow & Proschan (1975)) we say that
Xin <disp Yin if Qy (1) — Qx(u) is increasing in u

Theorem 2.18. If X;., Sdisp Yin then Xy <st Yin-

Proof. Using the definition of dispersive ordering, we have Qy(u) — Qx(u) is

increasing in u, that is qy(u) — qx(u) > 0, implies that Hx, (u) > Hy, (u),

which is equivalent to Qx, (#) < Qy,, (#). Hence the proof. O






Chapter 3

Quantile-based entropy of order statistics

3.1 Introduction

Quantile-based study of entropy measures found greater interest among re-
searchers as an alternative method of measuring the uncertainty of a random
variable. The quantile-based entropy measures possess some unique proper-
ties than its distribution function approach. Motivated by this, in the present
Chapter, we introduce a quantile-based entropy of order statistics and study its
properties. We also propose a quantile-based residual entropy of order statis-
tics, an alternative method to measure the uncertainty of ordered observations
for used items. Unlike the distribution function approach, the quantile ap-
proach provides an explicit relationship between the quantile density function

and quantile-based residual entropy of order statistics.

The present chapter is organized as follows. In Section 3.2, we introduce a
quantile-based entropy of order statistics and study its important properties.
Section 3.3 introduces the quantile-based residual entropy of order statistics

and proves that it uniquely determines the quantile density function. Various

OResults in this chapter have been published as entitled “Quantile-based entropy of order
statistics” in “Journal of the Indian Society for Probability and Statistics” (See Sunoj et al. (2017)).

59
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bounds of quantile-based entropy of order statistics and its residual version are

obtained.

3.2 Quantile-based Shannon entropy of order statis-

tics

Recently, Sunoj & Sankaran (2012) introduced a quantile-based Shannon entropy

function, given by

¢ = ~Ellog f(Q()) = [ logq(u)in, 6

where g(u) = % (u) denotes the quantile density function. Sunoj & Sankaran
(2012) further extended ¢ in (3.1) to the residual random variable in the quantile
setup and studied its properties. The quantile-based residual entropy is given

by,
Y . :
2(w) = log(1 —u) + = | loga(p)ap. 62

Sunoj & Sankaran (2012) have shown that the residual quantile entropy function
determines the quantile density function uniquely. An extension of ¢ to the past
lifetime is discussed in Sunoj et al. (2013) while a quantile-based residual Renyi’s
entropy is studied by Nanda et al. (2014). Also, a study on the quantile-based
cumulative entropy measures for residual and past lifetime random variables
is available in Sankaran & Sunoj (2017). Recently, a quantile Kullback-Leibler

divergence is proposed by Sankaran et al. (2016), using the quantile function of
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the relative inverse.

From (2.52), Shannon entropy of X;., is given by

Uin (1) = ~E(108 fin(X)) = = [ (108 fin (1) fin ().

Now using (2.52), the corresponding quantile-based Shannon entropy of X;., is

defined as

CXpy = Wi:n(Q(u)) = - /01 (logfi:n(Q(u))fi:n(Q(u)dQ(u)- (3.3)

From (2.51), we have FQ(u) = u, then (2.53) becomes

finl) = fin Q) = ey (1~ ) A (Qw)

1 i n—i 1

1
Blin—it1)"
with parameters (i,n —i+ 1), (3.4) becomes f;.,(u) = %"((—5)) and hence {x, in

i=1(1 — u)"~" as the pdf of beta distribution

Denoting g;(u) =

(3.3) reduces to
M (e 8 8i(0)
B = -, (l gq(u))q(u) )
1 1
= — [ (loggi(w)gi(w)du + [~ (loga(w)) ()

= 1g + Eg (logq(U)), (3.5)
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where

o= | (loggi()gi(u)d,

is the Shannon entropy of beta distribution with parameters (i, (n —i+1)) (beta

entropy) and

By (loga(U)) = | (log g(u) gi(u)d. 66

From (3.5), it is clear that {x_ is sum the Shannon entropy of beta distribution
with parameters (i,n — i+ 1) and expectation of logq(U) of beta distribution
with parameters (i,n —i+1). Also, {x, can be expressed in terms of the hazard

quantile function H(u) by

Ex = g+ [ (10B(0 W) H () ") gilu)

= g — /01 (log(1 —u)) gi(u)du — /01 (logH(u)) gi(u)du.  (3.7)

In terms of the reversed hazard quantile function A(u), ¢x,, in (3.5) can be

expressed as

=15, [ (o Au))gi(u)du — [ (loguu)gi(u)du. 69

1g; can be expressed as a function of digamma function defined as ¥(z) =

% (logT'(z)), given by (Ebrahimi et al. (2004))

e =logB(i,n—i+1) — (i—1)[¥(i)—¥(n+1)]

— m=)¥mn—-i+1)—-¥(n+1)]. (3.9)



Quantile-based entropy of order statistics 63

Table 3.1 provides quantile-based entropy of order statistics for some impor-
tant lifetime distributions. In the following example we obtain {x,_ for Govin-
darajulu distribution (Nair et al. (2013)), where the distribution function has no

closed form.

Example 3.1. Let X be a random variable having the Govindarajulu distribution
with the quantile function Q(u) = 0 + o {(B+ 1)uf — BuPt1},0 < u < 1,0, >
0, so that q(u) = oB(B+ 1)uP~1(1 — u). Then

Eg,(logq(U)) = Eg(logop(p+1)UP'(1-U))
= logoB(B+1)+ (B—1)E(logU) + E(log(1 —U))

— logaB(B+1)+ (B—1)($(i) — p(n+ 1))+ ¢(n—i+1) - p(n+1).

Using (3.5), {x,, becomes

(X =10gB(i,n—i+1) = (i =D[p(i) —p(n+1)] = (n=i)[p(n—i+1) —p(n+1)]
+logop(p+1)+ (- —¢p(n+1)) +pn—i+1) —p(n+1).

Figure 3.1 shows that the quantile-based entropy of order statistics {x,  is max-
imum at the median for the Govindarajulu distribution. Figure 3.2 indicates that
tfor Govindarajulu distribution as p increases the entropy of first-order statistics

¢x,., also increases linearly.

Example 3.2. Let X be a random variable having generalized Pareto distribution

with quantile function

Qu) = Z[(1 )i —1a > —1,b > 0. (3.10)
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FiGure 3.1: Plot of {x,, for Govindarajulu distribution with g > 0,0 = 1.
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Ficure 3.2: Plot of {x,, of Govindarajulu distribution for different values of
and o = 1.

Then the quantile version of entropy of order statistics {x,  is given by

CXi:n = g; + Egi (log q(U))

1
= 1ig,+ | (logq(u))gi(u)du

=i+ [ (105 () =07 goan

a
b 2a+1
— g +1og (25 )~ (357 ) Batlos1 - w)
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5Xi:n

20 40 60 80 100

FiGcure 3.3: Plot of {x,., for generalized Pareto distribution

TasLE 3.1: Quantile function and quantile-based entropy of order statistics for
lifetime distributions.

Distribution Q(u) [
Exponential 7w,)\ >0 g —logA — [p(n —i+1) —p(n+1)]
-1/ g ,c+1 .
Pareto II B(A—u)yVe—1),c,>0 17&+log;—(T)[lp(n—z-&-l)—qj(n-&-l)]
1 R 1—c¢ .
Rescaled Beta R(lf(lfu)r>,R,c>0 g, +log = + ——[p(n—i+1) = p(n +1)]
Power au%,a,ﬁ >0 Mg: +logﬂ L ﬁ[zp(z) P(n+1)]
_1 o a+l .
Pareto I oc(1—u)"w,0,a>0 17g,+logaf( " Ny(n—i+1)—ypm+1)]
1 T—
Log logistic a’l(lzu)‘l‘,a,ﬁ>0 ng‘_logaﬁ-i-T/g[lp i)—¢p(n+1)] — ﬂ’g[tp(n—i-&-l)—lp(n—&-l)]
Generalized Pareto g[(l —u)" T —1],b>0,a> —1 Mg: +10g — (DY —it+1)—F(n+1)]

Govindarajulu | 6 +o{(B+1)uf — BuP™1},0,08 > 0 | 15, + logoB(B+ 1) + ( )( ) —ypn+1)+pn—i+1)

—¢p(n+1)

where Eg, (log(1—U)) =¥(n —i+1) — ¥ (n+1). Then (.., becomes

Exqn = 1g; +1og ( —?—1) <2aa—|—_|—11) Y(n—i+1)—¥(n+1). (3.11)

Figure 3.3 indicates that ¢x.., shows an increasing tendency when the observa-

tions are in increasing order at different values of a and b.

Theorem 3.1. For the random variable X, {x.., possess the following bounds.
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(a) Assume that ¢ < oo, then

X, < Mg + 1B, (3.12)

where B; is the it" term of binomial distribution with parameters (n — 1, p;) and

pi = : 1 is the mode of the beta distribution.

(b) Let the quantile density function q(m) = % < oo, where m = Sup{u : q(u) >

%} is the mode of the distribution of the random variable X. Then,

CX;y = Ng; — log M. (3.13)

Proof. (a) Since p; = :1_ 11 is the mode, the maximum value of g;(u) will be

attained at the mode. Thus,

n—1 . .
gi(u) < gi(pi) =n pi (1 —p)" " =nB; (3.14)

i—1
Using (3.5), we obtain
gXi;n - 1781' = Egi (log q(u))

= [ togq(u)gituydn

< [ togq(u)mBidn

< uB{, (3.15)

where ¢ is the quantile-based entropy defined in (3.1).
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(b) From (3.5), we have

1
i, = g+ | giw)loga(u)du
1
~ g~ [ gi(u)log(g(u))du

1
> g — /0 gi(u) log Mdu

= 1g —logM, (3.16)

completes the proof. O

These bounds are useful when the quantile function does not have a closed form
or {x, is difficult to compute.
In the next theorem, we derive the monotone behaviour of {x. with respect to

the monotone nature of g(u).

Theorem 3.2. Let X be a random variable and let X;.,,,i = 1,2,...n denote the it" order
statistics and Cx,  be the quantile-based entropy of the order statistics.

a. If q(u) is nondecreasing in u, then Cx, is increasing in i for i <

Nl=

b. If q(u) is nonincreasing in u, then {x, is decreasing in i for i >

NS

Proof. Using (3.5), we can write

CXii1n — CXiw = Mgi1 — Mg + Egipa (logq(u)) — Egi(logq(u)). (3.17)

Let

Dn(i) = 1y — 1g; = (log(n — i) = p(n —i)) — (logi — 9 (i)). (3.18)
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Then A, (i) < 0 fori < g, An(i) > 0, fori > g, and for an even 7, An(g) = 0.

(see Ebrahimi et al. (2004))
CXporn — X4 = —Bu(i) + By, (logg(u)) — Eg,(log q(u))- (3.19)
Since the order statistics are stochastically ordered,
U;<*'Uj11 = Eg,(¢(Us)) < Egp,y (p(Uit1)) (3.20)

Thus, (3.19) reduces to
. n
(:XiJrl:n o éXi:n Z O’l < E (321)

Thus Cx,, is increasing in i for i < 7, completes the first part of the proof. The

second part can be proved in a similar manner and hence omitted. O

The following theorem provides the stochastic comparison of two random vari-

ables with respect to quantile-based entropy of order statistics.

Theorem 3.3. Let X and Y be two random variables with quantile functions Qx (1)

and Qy (u) respectively. Then
X<aY & Cx,., < Cv,,, (3.22)
and

XShTY <~ CXi:n S gYi:n' (323)
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Proof. If X <4 Y, then Qx(u) < Qy(u). From (3.5), we have

1
B, = Mgt | (logax(u)gi()du

1
< 7+ /O (log gy (u))gi(u)du

= CYi:n .

By retracing the above inequality we get the converse part of (3.22). Similarly,

one can prove (3.23) using the definition of hazard quantile order and (3.7). [

3.3 Quantile-based residual entropy of order statis-

tics

In reliability and life testing, the data are generally truncated and in such situ-
ations {x, is not an appropriate measure. Assume that the component X has
survived t units time, then the residual lifetime of the components, say X; is of

interest. Based on this, the residual entropy of the i*" order statistic is defined

by

E( Xy 1) = — /t ~ <log ]iii”(x))]iif”(x)dx. (3.24)



Quantile-based entropy of order statistics 70

BF(t) (i,i’l — 14+ 1)
B(i,n—i+1)
the it" order statistic is defined as,

Since F;.,(t) =

, the quantile version of the residual entropy of

_ B(iin—i+1) [t
oxin (M) = — B o T ) / (log gi(p))gi(p)dp
B(i,n—i+1) 1 Bu(i,n—i+1)
+Bu(i,n—i+1)/u (logq(p)gi(p)dp) +log 7= —7y (325
where BB”((Z' n_— ,l;_ 11)> is the quantile form of F;.,(t) with B,(i,n —i+1) =
f ui=1( )"~'du, the incomplete beta function. From (3.24), the first-order

residual entropy is given by

£t = [ 10g " PN (MU= FONIAC0 1, 5

and the n'" order residual entropy is

&K t) == [ <1og nlF <’CF_>(>”) S ))( nlF (XF)()”) S ))dx. (627)

The corresponding quantile residual entropy of the 15 and n*" order statistics

obtained respectively as
~1 1
Ex, (1) = —logn +10g(1 — u) + “—— +n(1—u)~" / (logq(p))(1 —p)"~'df5.28)

—1u"lo - 1
(Tl (111Mu)lngu 4 n ) 1 —1Og(1 i un) _/u (logq(p))pnfldﬁ829)
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An equivalent representation of (3.25) is of the form

! : i—1 n—i
M) = T i) / (log gi(p))p' (1 — p)"'dp
1 1 _ ‘
Bl —i+1) / (logq(p))p' (1= p)"'dp
Bu(i,l’l —i+ 1)
Bin—i+1)’

+log (3.30)

Order statistics play an important role in system reliability. For example, first-
order statistics represents the lifetime of a series system while the nth order
statistics measure the lifetime of a parallel system. Hence for measuring a
quantile-based uncertainty of series and parallel systems with i.i.d components,
Cxy, (1) in (3.28) and x,, (1) in (3.29) are of useful. We consider {x, (u) to
derive different properties, the results of ¢, (#) can be obtained in a similar

way.

Example 3.3. For the Cox proportional hazards model, defined by hy(x) =
6hx(x), 6 > 0, the equivalent quantile function is Qy(u) = Qx (1 - (1- u)%>,
and quantile density function gy(u) = §(1 — u)%_qu (1 —(1— u)%> Then

quantile-based residual entropy of first-order statistics is given by

-1
S (1) = —logn+log(l—u)+ nT

- [ <1Oglb<(1 — (- p)hg —p)é—l) (1—p)"dp,
—1

= —logn+log(1—u)+nn

st~ ) [ (logax(1 — (1= p)?)) (1 p)*~dp

—log 6 + n(1-9)

(nlog(l—u)—1).
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Table 3.2 provides the first-order quantile entropy of order statistics ¢x,, (#) for
some important life distributions where the quantile function Q(u) are of closed
form expressions. However, in some cases only the quantile density function
q(u) has a closed form expression. Therefore, in the following example, we

obtain {x,  (u) for a family of distributions that can be represented only through

q(u).

Example 3.4. Suppose X is distributed with quantile density function given by
q(u) = Ku*(1 — )4+,

where K, x and A are real constants. It is to be noted that some of the members of
this quantile density have non-monotone hazard quantile functions while some
others have monotone hazard quantile functions. Further, it contains several
well-known distributions which include the exponential (¢« = 0, A = 1), Pareto
(0 = 0,A < 1), rescaled beta (« = 0,A > 1), the log-logistic distribution
(e = A —1, A =2) and Govindarajulu distribution (¢ = f —1, A = —p) givenin
Example 3.1. Then the residual quantile entropy of first-order statistics {x,, ()

is obtained as

(A+nw)

—1
X, () = —logn +log(1 —u) + " +logk - (~1+ nlog(1 — u))

na(l—u)" / 1(1og p)(1 - p)"ldp.
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TaBLE 3.2: Quantile function and the quantile-based residual entropy of the
first-order statistics.

Distribution Q(u) 8x, (1)
Exponential —log—w) 1—logn —logA
Pareto II a((1—u)~Ve—1) —logn—o—log(l—u)—kn—_l—l—logﬁ—1+Clog(1—u)+1+c
n C C cn
Rescaled Beta R(lf(lfu)l> flogn+log(1fu)+g+log5+ 1_C[log(1fu)fl]
n C C n
Pareto I oc(1—u)"= —logn+1+logg—§log(l—u)+D‘;‘;l
Generalized Pareto é[(l—u)’ 1 —1] —logn— 210 (l—u)—i-ni1 +1lo b + 20+ 1
a 8 a1 8 n Sa+1 na+1)
Differentiating the equation (3.30) with respect to u, we get
, uiil(l o u)nfi uiil(l . u)nfi
(u) = — , (u) —logg(u) —1—log =—— , .
(1) = 5y |60~ log () —1—log U=
(3.31)
Equation (3.31) is equivalent to
ui—l(l _ u)n—i CIX (u)By(i,n —i+1)
U) = =—— - ex (u) —1— —— . 3.32
q( ) Bu(l,n_l+1) p [éXI:n( ) ul—l(l_u)l/l—l ( )

Equation (3.32) shows that the quantile-based residual entropy of order statistics

uniquely determines the quantile density function.

Example 3.5. Suppose that X follows generalized Pareto Distribution with quan-

tile function

Q(u) = Z[(l —u)" @1 —1],a> —1,b > 0. (3.33)
Then the first-order quantile entropy of residual life is given by
a n—1 b 2a+1
Oy () = —logn = g log(l =) — =+ log =g + Sy (334)
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FIGURE 3.4: Plot of {x,, (1) of generalized Pareto.

Conversely, assume that (3.33) holds. Then using (3.32), we obtain

- B (1-w)"" &, WBLm)  B(1,n)
q(u) = exp{Cx,,(u) —1+log B, 1) (1T log B(1,n) |y
which is equivalent to
a n—1 b 2a+1
q(u) = exp{—1logn — P 1Zog(l —u)+ — —|—loga+1 + w(a+1) -1

a
n(a+1)

+logn(1—u)""1 —log(1—u)" —

}.

On simplification, we have

the quantile density function of generalized Pareto with quantile function (3.33).
Figure 3.5 provides the plot of x, (1) of generalized Pareto distribution by

tixing b = 1 and for different values of a and u.
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Figure 3.5 indicates that when the component lifetimes follow generalized
Pareto distribution, the quantile-based residual entropy of a series system (first-

order statistic) shows an increasing tendency as u increases.

Theorem 3.4. The relationship

Cxy, (#) = Cx;,, +clog(1 —u) (3.35)

holds if and only if X follows generalized Pareto with quantile function (3.33)

Proof. Assume that X follows generalized Pareto with quantile function (3.33).

Using (3.5) we obtain

n—l_l 0l b n 2a+1
8 81 na+1)

(3.36)

éXl:n =

Comparing (3.34) and (3.36), we get the relation (3.35). For proving the converse

part, assume the relationship (3.35) holds. From (3.31), we get

n
1—u

& () = o (Ex,,, (1) —logg(u) —1 —logn +log(1 —u)).  (337)
Differentiating (3.35) with respect to u, we get ¢x,, = 1= - Then (3.37) becomes
&, (1) = —= +1ogq(u) —log(1 — ) +1+logn.

Now, using the relationship (3.35) the above equation becomes

Cxy, = (1— % +logn) +1logg(u) — (c+1)log(1l — u). (3.38)
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Taking derivative on both sides of (3.38), we get

q'(u) _ c+1
glu) 1w
on integration we get q(u) = (1 — u)"!. Thus the proof. O

Remark 3.1. For ¢ = 0, (c < 0,c¢ > 0) it characterizes exponential distribution,
(Pareto II, Rescaled Beta). The characterization of {x,  (u) for different distribu-

tions can be obtained from Table: 3.2.

Theorem 3.5. The quantile-based residual entropy of a series system Cx, (u) = C, a

constant if and only if X follows an exponential distribution.

Proof. The proof is straight forward from (3.32). O

Theorem 3.6. The relationship Cx,. (1) = a+ bu, where a, b are real constants, holds

0 e)\u

T , where 0, A are real
*M)

if and only if the quantile density of the form q(u) = (

constants.

Proof. The ’it” part can be proved easily from (3.28) and the “only if" part can be
(1-u)l,, (1)

n 4

proved from (3.32), which reduces to g(u) = uf—u)exp Cxy, () =1 —

in turn, provides the required g(u). O

Definition 3.7. X is said to have increasing (decreasing) residual quantile en-
tropy of order statistics (IRQEO (DRQEO)) if {x. (u) is increasing (decreasing)

inu>0.

Now it is easy to show from the relationship (3.31) that if X is IRQEO (DRQEO),

then
q(u)u (1 —u)"!
Bu(i, 1’1 - Z + 1) !

Cx,, (1) > (<)1+1log
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or equivalently

i—1 1— n—i—1
Exi, (1) = ()1 +log Hl(lu)B(u(i :)— it1)

gives the upper (lower) bound for ¢x,_ (u). However for the exponential distri-
bution of first-order statistics, ¢x,,, (#) = 1+ logq(”);;”) =1—logH(u)n =
1—logn —logA = C, a constant. Hence exponential distribution belongs to
both increasing (decreasing) residual entropy of first-order statistics classes. For
Pareto II distribution (Table 3.2), &, (u) = qu > 0, so that Pareto II random
variable belong to increasing residual entropy of first-order statistics class. In
the case of rescaled beta density (Table 3.2), C%M (u) = —C(ll—_u) < 0, therefore
belongs to the decreasing residual entropy of first-order statistics class. It is to
be noted that the hazard rate ordering do not preserve quantile residual entropy

of first-order statistics. For example, Pareto II is decreasing while {x, (u) is in-

creasing in u.

The ageing behaviours of life distributions is fundamental in reliability theory
and practice and the hazard and mean residual quantile functions are the two
basic concepts in this connection. We say that X is increasing (decreasing) haz-
ard rate (IHR(DHR)) if H(u) is increasing (decreasing) in u. The monotonicity
of h(x) and H(u) are identical. We can see that the residual quantile entropy
of first-order statistics does not preserve the IHR (DHR) property. That is, IHR
(DHR) property does not imply increasing (decreasing) residual quantile en-
tropy of first-order statistics. For example, in the case of Pareto II with quantile

1
c

function Q(u) = a |(1 — u)_% — 1], we have H(u) = (1 —u)¢ which is DHR



Quantile-based entropy of order statistics 78

while C%l:n (u) = > 0 is increasing residual quantile entropy of first-order

1+c
c(1—u)

statistics.

Theorem 3.8. If X is increasing residual quantile entropy order(IRQEO) and if ¢(.) is

non-negative, increasing and convex, then ¢(X) is also IRQEO.

Proof. Let Y = ¢(X) be a non-negative, increasing and convex function. Then

. qj;(qb—l(y)) 1

(71 (y)  ¢(Qu)q(u)

Using (3.30), the quantile entropy of order Y., is given by

G, (1) =~ 0 [ o) tog i)y
Ut = [ ) ogay (p)ap +log S =y @.39)
Equation (3.39) equivalent to
&y, (u) = BBMZT;__llTl < gi(p) log a(p )P—/lgi(z?)(loggi(v))dp)
Buzn—lz—:—ll ulgz )(log ¢ (Q(p)))dp + log (( f:ll))dp

_ p 11— ,
B / B, z,n—z+1)(0g¢(Q( p)))dp.

Since ¢, (u) is IRQEO and ¢ is non-negative, increasing function, Y = ¢(X) is

also IRQEQO, which completes the proof. O

Example 3.6. Let X be a random variable with Pareto II distribution with quan-
tile function Q(u) = a[(1 — u)_% —1],a,c > 0,and let Y = Xf, 8 > 0. Then Y

has Burr type XII distribution with Q(u) = #f[(1 —u)~1 — 1)f. The non-negative
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increasing function ¢(X) = X, is convex. Then by Theorem 3.8, the Burr type
XII distribution is IRQEO.

Now we find the upper bound of residual entropy of order statistics based on
the quantile function {x, (u) in terms of the entropy of order statistics based on
the quantile function ¢x, .

From (3.30), we have

Cxi (1) = — ;u((ilfli__iiill)) ( / ' 5i(p) 105 81(p))dp — / "4i(p)10g q(p))dp)

B BBu((iz",;;_—iii_l—ll)) S /0 E:&S: f i;) (1088i(17)(q(p))‘1)dp
+log ]?3((11: - il: 11))'
= gu((zzf,i_—liilf) EXin-
Equivalently
&x,, (1) < Blin—i+1) Ex,, (3.40)

These bounds are useful when the quantile density has no closed form or the

computation of {x, (u) is difficult.






Chapter 4

Cumulative residual Tsallis entropy measures-

A quantile approach

4.1 Introduction

Rao et al. (2004) proposed an alternative measure of Shannon entropy H(X)
known as cumulative residual entropy (CRE), received a great attention among
researchers as it possesses certain unique properties and applications in compar-
ison with Shannon entropy (see Asadi & Zohrevand (2007), Navarro et al. (2010)
and Toomaj et al. (2017)). Motivated with these, Sati & Gupta (2015) introduced

a cumulative Tsallis entropy (CTE) measure, defined by

e (X) = " i 7 (1 - /Ooo(F(x))“dx) ,uo> 0,0 #1, (4.1)

obtained by replacing the pdf f(.) in S,(X) by the survival function F(.), and
studied various properties of its residual form. Recently, Rajesh & Sunoj (2016)

proposed an alternative form of 7,(X), deriving some new results based on it.

OResults in this chapter have been published as entitled “A quantile-based study of cumula-
tive residual Tsallis entropy measures” in the Journal “Physica A: Statistical Mechanics and its
Applications” (See Sunoj et al. (2018)).

81
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As many quantile functions used in applied works do not have tractable dis-
tribution functions, the statistical study of the properties of 7,(X) using (4.1)
is difficult. Thus a formulation of the definition and properties of 7,(X) in
terms of quantile functions is required. The quantile approach gives an alter-
native methodology in the study of cumulative Tsallis entropy and its dynamic
(residual) measure. There are certain properties of quantile functions that are
not shared by the distribution function approach. For instance, the sum of
two quantile functions is again a quantile function; the product of two positive
quantile functions is a quantile function and if T(x) is a non-decreasing function
of x, then T (Q(u)) is a quantile function (for more properties, see Nair et al.
(2013)). Also, unlike the distribution function approach the quantile approach
provides an explicit relationship between quantile-based cumulative residual
Tsallis entropy and the quantile density function, that uniquely determines the

distribution.

The organization of the chapter is given as follows. In Section 4.2, we intro-
duce the quantile-based cumulative Tsallis entropy and its dynamic version and
obtain certain characterization results and bounds based on it. In section 4.3,
we extend the quantile-based cumulative residual Tsallis entropy in the context
of order statistics and study its properties. In Section 4.4, we propose a non-
parametric estimator for the quantile-based cumulative residual Tsallis entropy
and a simulation study is carried out to illustrate the performance of the es-
timator. We also investigate the usefulness of the estimator for the real data

set.
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4.2 Quantile-based cumulative Tsallis entropy and

its dynamic version

Then the quantile-based cumulative Tsallis entropy (QCTE) based on (4.1) is

defined as

™X) = ! (1 - /01(1 — p)“q(p)dp) ;>0 0 #1. (4.2)

a—1

In terms of H(u), ™ (X) becomes

X _ 1 1(1_;,))0(71
T(X)_Dé—l(l_/o dep),oc>0,uc7él.

Thus by knowing either Q(u) (or its quantile density g(u)) or H(u) we can easily
compute 7*(X). Table 4.1 provides the expressions of T%(X) for different distri-
butions. As pointed out in Chapter 1, there are some models that do not have a
tractable distribution function while the quantile function exists. Govindarajulu
and generalized lambda distributions given in Table 4.1 are examples of mod-
els that do not have distribution function whereas the quantile function Q(.)
exists, illustrating the importance of 7*(X) in (4.2). Further, for some models
only the quantile density function g(.) exists with no closed form for its distri-
bution function (see Nair et al. (2013)). Accordingly, in the following example,

we obtain 7%(X) for which only g(.) exists.

Example 4.1. Suppose X is distributed with quantile density function given by

q(u) = (1—u)~*(=log(1 —u))~",
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TaBLE 4.1: Quantile function and the cumulative Tsallis entropy of some distri-

butions.
Distribution Q(u) ™(X)
Exponential —M,A >0 A 1-L4)
Pareto II Y(1=u)7 —1),7,¢>0 (1 =)
Rescaled beta R(l—(l—uﬁ),c,R >0 alj(l—ﬁ)
Generalized Pareto é[(1 —u)~@ —1],b>0,a > —1 o (1 - $)
2 ’ ’ a—1 a(a—1)+u
Govindarajulu 0+ c{(p+1)uf — puPt1},0,0,8 > 0 . (1 —op(p+1) ( F;fzi“ﬁg)))
Generalized lambda A% + A% (uhs — (1 —u)M), A1, Ay, AgeR, AzeZt | Lo (1 — A% (A:‘ia + %))

where M and A are real constants. Further, it contains several distributions
which include Weibull when A = 1, M = % with shape parameter ¢ = kA,
uniform when A = 0,M = 0, Pareto when A > 1, M = 0, and rescaled beta
when A < 1,M = 0. Then the quantile-based cumulative Tsallis entropy is

obtained as,

™(X) = 1-1-A+a)MHra-m),m<1

where T'(.) represents the Gamma function. It is to be noted that *(X) > 0(<

0), fora >1(0 <a <1).

4.2.1 Quantile-based cumulative residual Tsallis entropy

For truncated data, measuring uncertainty using 7*(X) is not appropriate and a
modified version of T¥(X) is essential for such residual random variable, X; =

(X —t|X > t). In the distribution approach, Sati & Gupta (2015) proposed a
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cumulative residual Tsallis entropy for X; as

ﬂa(X;t):lXil (1—/too (%)adx),(x>0,tx7él. (4.3)

Using (4.3), quantile-based cumulative residual Tsallis entropy (QCRTE) is ob-

tained as

) = (1o o [ - PPp) a0 AL G

In terms of the mean residual quantile function M(u), (4.4) becomes

) = g (1 o G p (M)~ (- M) dp)

or equivalently

™(u) = ﬁ (1 — % /ul(l - p)“‘lM(p)dp>

1—u

+(xi1 ((1_1u)a /ul(l—lﬂ)"‘dM(P)) (4.5)

Applying integration by parts on the third term of (4.5), we obtain

) = 2 (1-Me+ g [ a-pr M) ae

Now differentiating (4.6) with respect to u and using (2.33) simplifies to

o

() = (= 1)7(u) +

(1—(a—1)t%(1)), 4.7)
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TaBLE 4.2: Quantile functions and quantile-based cumulative residual Tsallis
entropy of certain distributions

Distribution Q(u) 7 (u)
Exponential 80w ) >0 L (1-21)
Pareto II (1 —u)7 —1),9,¢>0 S0 a-uT
Rescaled beta R(lf(lfu)%),c,R>0 = (- =) (1—u)t
i b - 1 b =
Generalized Pareto E[(l —u)~at —1],b>0,a > -1 = (1 - m) (1 —w)a
Govindarajulu 0+c{(B+1)uf - pubt1},6,0,8>0 T (l - ‘75@:)1 (—Bu(B,2+a) +/5(2+1x,/5)>
Generalized lambda | A + /\% (' + (1 —u)™), Ay, Az, MeR, AzeZ* | L (1 - /\z(ll,u)m (AJ(ZTI;WA + r(%zﬁf}\giﬁa) ))
7&20@ (Aa)(=a)k uk
a—T12k=0" (1+43); K

where ™/(u) = %T“(u). The relationship (4.7) determines the quantile density
function from the quantile-based cumulative residual Tsallis entropy 7*(u). The
relationship (4.7) is a unique characteristic of 7*(u) unlike the cumulative resid-
ual Tsallis entropy #,(X;t) in (4.3), where no such explicit relationship exists
between 7, (X;t) and the distribution function F(.). Table 4.2 provides quantile

functions of some important probability models and the corresponding 7 (u).

Example 4.2. When X is distributed with quantile density function given by
q(u) = Ku® (1 —u)~ 4+,

where K,J and A are real constants. Some of the members of this quantile
density have non-monotone hazard quantile functions while some others have
monotone hazard quantile functions. Further, it contains several well known
distributions which include the exponential § = 0; A = 1, Pareto (6 = 0; A < 1),
rescaled beta (6 = 0; A > 1), the log-logistic distribution (6 = A —1; A = 2)

and Govindarajulu distribution (6 = B —1;A = —p) with quantile function
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a=5

a=2

FIGURE 4.1: Plots of t*(u) against u with 6 =0, A = 0.5

(0 +a{(B+1)uP — BuP*1}). Then *(u) becomes

) = 1 (1_ /1 (1—p)“1<p‘5(1—p)‘(A+‘”dp>,

a—1 (1—wu)*
1  KT(1-A+a—8r(1+9) KBu(1+(5,1—A+oc—5))
- m( (1—u)*T(2—A+«) (1—u)* '

which is equivalent to

() = <1—L(—Bu(1+5,1—/x+a—a)+

- Sw. F(l—A+u¢—§)I‘(1+(5)>).

r2—A+uw)
Figure 4.1 provides the plots of 7*(u) and u for & > 1 and 0 < a < 1 respectively.
Figure 4.1 indicates that at « > 1, 7 (u) increases as u increases and at 0 < o <

1, ™ (u) decreases as u increases.

Definition 4.1. X is said to have increasing (decreasing ) quantile-based cumu-
lative residual Tsallis entropy (IQCRTE (DQCRTE)) if t*(u) is increasing (de-

creasing) in u > 0.
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Now, we have obtained lower (upper) bounds to 7*(u) based on IQCRTE (DQCRTE).
If X is IQCRTE (DQCRTE), then

T”‘(u)Z(S)alTl(l—;H—_(;)),tx>1(0<oc<1).

When X is exponential with survival function F(x) = e x > 0,A > 0, then

(1) = =L — C, a constant. Thus exponential distribution belongs to both
aA(a—1)

IQCRTE and DQCRTE classes or boundary of these two classes.

Theorem 4.2. t*(u) = C, a constant iff X is exponentially distributed.

Proof. The proof directly follows from (4.7). O

Theorem 4.3. If X has increasing (decreasing) failure rate (IFR (DFR)) property, then
X is DQCRTE (IQCRTE) for 0 < a < 1 (a > 1). But the converse need not be true.

Proof. It is known that IFR (DFR) implies increasing (decreasing) mean resid-
ual life (DMRL), which is equivalent to increasing (decreasing) H(u). Therefore

Tx (1) is increasing (decreasing) in u if & > 1 (0 < a < 1).

On the other hand for rescaled beta (using Table 4.2), we have %(u) = -1 (1 —
%)(1 — u)%, which is DQCRTE, while H(u) = (1 — u)_Tl is decreasing in u,

completes the proof. O

Theorem 4.4. The relationship (1) = a+ bu,a,b > 0 holds iff X follows a family

of distributions with quantile function

Q(u) = A(a*> = 1u+a(B(a —1) —1)(log(1 —u)), A, B > 0.
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Proof. The proof is similar to Theorem 4.2. O]

Theorem 4.5. Let X and Y be two non-negative absolutely continuous random vari-
ables with quantile functions Qx (u) and Qy (u), hazard quantile functions Hx (1) and

Hy (u) respectively. If X <our Y, then

fora>1(0 <a <1).

Proof. When X <gpnr Y, we have Hx(u) > Hy(u), implies that for « > 1(0 <

a<1)

ta-p)t ta-p)t
) S 2O T 49

Therefore (4.8) becomes

(L O ) 0 (0 e [ e

Hence the proof. O

Theorem 4.6. If X is increasing QCRTE and if ¢(.) is non-negative, increasing and
convex function, then ¢(X) is also IQCRTE.

Proof. Let Y = ¢(X) be a non-negative, increasing and convex function. Then

_few) !
8W) = yioty) = FOxx”
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So

B = 5 (1= g [ A= P )
= (1 e [ A= P @eoaxtpip )

Since 7§ (u) is IQCRTE and ¢(.) is non-negative, increasing function, ¥ = ¢(X)

is also IQCRTE, which completes the proof. O

Example 4.3. Let X be a random variable with Pareto II distribution with quan-
tile function Q(u) = a[(1 —u)~¢ —1],a,c > 0, and let Y = X, B > 0. Then Y
has Burr type XII distribution with Q(u) = af[(1 —u)~1 — 1]P. The non-negative
increasing function ¢(X) = X, is convex. Then by Theorem 4.6, the Burr type
XII distribution is IQCRTE.

4.2.2 An alternate form of QCRTE

Recently, Rajesh & Sunoj (2016) proposed an alternative measure of cumulative

Tsallis entropy as,

¢ = o (y - /OOO(F(x))“> dx, a >0, & #1, (4.10)

where ;1 = E(X). Rajesh & Sunoj (2016) also studied {*(X) in (4.10) for the

residual random variable X;;¢ > 0, given by

(1) = ail (r(t)—/too (%)adx>, x>0 a#1, (4.11)
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where 7(t) is the mean residual life function. Rajesh & Sunoj (2016) showed that
unlike the cumulative residual Tsallis entropy introduced by Sati & Gupta Sati &
Gupta (2015), {*(¢) in (4.11) has some additional properties, such as simple rela-
tionships with other information and reliability measures. Motivated by this, in
the present section we define the quantile version of cumulative Tsallis entropy
based on *(t). Using (4.10), an alternate form of quantile-based cumulative
Tsallis entropy is defined as

X)) = ( ! ) (]/l—/ol(l—p)“q(p)dp) , >0, a#1.

a—1

If X and Y are independent, the two-dimensional version of ¢*(X) becomes

CHXY) = a8 (Y) + 128" (X) — (& = a8 (X)EH(Y),

where 11 = E(X), po = E(Y), shows that {*(X) is non-additive. Now the

quantile-based cumulative residual Tsallis entropy based on ¢*(X) becomes

) = ooy (MO~ o [ AP 8 >0, w2 1412
_ “il(M(u)—l—i—(zx—l)T“(u)).

The following theorem provides a simple relationship for finding the quantile-

based cumulative residual Tsallis entropy ¢*(u) using quantile mean residual

life.
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Theorem 4.7. Let X be a random variable with quantile MRLF M(u), 0 < u < 1.
Then

) = s [ (P M)

Proof. Differentiating (2.30) with respect to u we get

(1~ w)M(w)) = (1~ w)g(u).

Then quantile-based cumulative residual Tsallis entropy (4.12) reduces to,

) = oy (MO - o [ (@ pge) - p ),

a—1

= (M s [ (0 M) - i),

— o AP My

Thus the proof. O

Definition 4.8. X is said to have increasing (decreasing) cumulative residual

Tsallis entropy if {*(u) is increasing (decreasing) in u.

From (4.12) we have

1—u

0= = (T2 - e [ praae), @

it is easy to show that if X is increasing(decreasing) cumulative residual Tsal-

lis entropy (IQCRTE) then 5% (u) > (g)MX—(”) For exponential distribution

o
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ny(u) = ﬁ Thus exponential distribution is the boundary of IQCRTE and
DQCRTE classes.

Theorem 4.9. The relationship ¢*(u) = CM(u),C > 0 holds iff X is distributed as

Pareto II, exponential or rescaled beta according as Ca % 1.

Proof. The “if "part of the theorem is straight forward. To prove the “only if
“part let {*(u) = CM(u),C > 0 hold. From (4.12) we can write

CM() = L)~ o [ prapp). @)

Taking derivatives on both sides of (4.14), we get

CMy) = 2 (M) + ot - 2 [ ORI, ),
_ax(u) — Mx(u)
1—u '

Again substitute 1% (1) = CMx(u), we get

C

One can obtain the characterization easily using the relation

[Hx(u)] 7" = Mx (1) — (1 — u) My (u). (4.15)
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Definition 4.10. The random variable X is said to have less quantile-based cu-
mulative residual Tsallis entropy than the random variable Y if % (u) < & (u).

We denote X gLQCRTE Y.

Theorem 4.11. If X >qpr Y then X <pocrre Y-

Proof. From (4.12), we have

(0 = 1) (8% (1) =&y (u)) = Mx(u) — My(u)
1

1
— [ 1=-p)" — dp.
+(1 _u)“/u (L—=p)* (qv(p) —ax(p))dp
Since X >gpr Y implies X <omr Y and qy(u) < gx(u), we obtain ¢§(u) <

¢ (u), completes the proof. O

4.3 Quantile-based cumulative residual Tsallis entropy

of order statistics

Fashandi & Ahmadi (2012) have derived certain characterizations for symmetric
distributions based on Renyi entropy of order statistics, k-record statistics and
the FGM family of bivariate distributions. Gupta et al. (2014) proved some
characterization results based on dynamic entropy of order statistics. Baratpour

& Khammar (2016) defined Tsallis generalized entropy of order a of i order
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statistic X;.,, as

So(Xin) = 1 (1-— /Ooo(fim(x))“dx),oc >0, £1,

a—1
= 0 [ e P - P f e

a—1

However, the study of entropy of order statistics using quantile functions is of
recent interest. Sunoj et al. (2017) introduced a quantile-based entropy of order
statistics and study its properties. The quantile-based Tsallis entropy of i*" order

statistic is defined as,

1) = 5 (1= [ (G ) P09 () ap Jaan

a—1 in—i+1

Unlike (4.16), T*(X;.,) in (4.17) will be more useful in cases we do not have a
tractable distribution function but have a closed quantile function.

The cumulative Tsallis entropy of i order statistic is defined as

i) = o (17 7 Rl ax),

a—1
1 © [ Bpy(i,n—i+1) :
- a—l(l_/() ( B(i,n—i+1) ax, (4.18)

where B, (i,n —i+1) = ful u' =11 — u)""idu, is the incomplete beta function.

The corresponding quantile version of the cumulative Tsallis entropy of order

statistics (4.18) becomes,

™(Xi) = alj <1 - /01 (BB”((;;': __iijll))) ) q(p)dp. (4.19)

In the case of a series system, the sample minimum Xj., is of importance. In
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TaBLE 4.3: Quantile function and quantile-based cumulative Tsallis entropy of
first order statistic

Distribution Q(u) 15
Exponential —w,)\ >0 o1 (- mx)
Pareto I o(1- ”)7%10 >0 ﬁ <1 - —14(:;1:%)
Rescaled beta

R (17 (1 711)%),C,R >0

b o
Generalized Pareto E[(l —u)"a1 —1],b>0,a > —1

b
P (1 - m)
Govindarajulu 0+c{(B+1)uf — puP1},0,0,8 >0 + (1 —oB(B+1) <rr((22++”;f‘£<ﬁﬁ))))
Generalized lambda

At (0 + (1= w)M) , Aq, Ao, AgeR, AseZ | 1y (1—

T(14+A3+na)

%(ﬁ_'_r(lJrAg)f(lerx)))
2 A4

this case the quantile-based cumulative Tsallis entropy of first order statistic is
of relevance, given by

() = g (1 [ 0 prqp) (4.20)

For the parallel systems with sample maximum X, then (4.19) turns to be

(%) = g (1 [ A= ey, @.21)

Table 4.3 provides some important quantile functions and the corresponding

quantile-based cumulative Tsallis entropy of first order statistic (series system)
T’X(Xl:n).
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4.3.1 Quantile-based cumulative residual Tsallis entropy of or-

der statistics (CRTEO)

In the case of truncated data 7*(Xj.,) is not useful for measuring the uncertainty.
So we extend the same to the residual random variable X; as in Section 4.2. The

corresponding cumulative residual Tsallis entropy of i order statistic for X; is

given by,
o 1 I _i:n(x)a
7706(X1:n/ t) - x—1 <1 /t <an(t) dx. (422)
In the quantile set up, (4.22) becomes
" 1 V/By(i,n—i+1)\"
T, (1) = g (1 -/ (Bu(iln_iﬂ)) 9(p)dp | (4.23)

For the series systems, (4.23) reduces to

00 = 5 (1 g [ 0 Pl 24)

Differentiating (4.24) with respect to u on both sides, we get

(1—u)q(u) =na (1 — (a—1)7x,, (1)) + (6 —1)(1 — u)T;(M(u),

which implies that

9) = Gy (1= (@ = D, () + (- Dy, (u). (4.25)
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TaBLE 4.4: Quantile function and quantile-based cumulative residual Tsallis
entropy of first order statistic.

Distribution Q(u) %, (1)
Exponential 7M,/\ >0 L (1-:5)
~1/e 1 B1—u) T
Pareto II B((1—u)t/e—1),B,c>0 Ao (1 Al
1
Rescaled beta R (1 —(1- u)?l-) ,Rc>0 lej (1 " Rii;i%c )
G : b e 1 b(1—u) =T
eneralized Pareto E[(l —u)"a1 —1],b>0,a > -1 =1 |\ 1~ it
Govindarajulu 0+ 0((B+1)uf — puP1},0,0,6 >0 & (1 BT pu(p 2 + ) + IO
Generalized lambda | £ (Azu™ ™ 4+ A4(1—u)71) A1, Ao, AgeR, AzeZ ™ | Ay <1 - m ()‘4(1/\:?'1’?”“ — AsBu(As, 1+ nzx)))
_ 1 T(14+na)T(1+A3)
Ap(a—1)(1—u)"™ T(1+A3+na)

Equation (4.25) shows that the quantile-based cumulative residual entropy of
first order statistic uniquely determines the underlying distribution function.
Table 4.4 gives different quantile functions and its corresponding cumulative

residual Tsallis entropy of the first-order statistic (series system) 7y (u).

It is to be noted that the generalized lambda family does not have a closed form
distribution function, while only the quantile function (see Table 4.4) exists.
Figure 4.2 provides the plot of 7% (u) of generalized lambda family and u for
« > 1and 0 < a < 1 respectively. Figure 4.2(a) indicates that as u increases
7%, (1) also increases for a > 1. However, Figure 4.2(b) explains the non-

monotone nature of % (u).
X1

Example 4.4. A random variable X is distributed with quantile density func-
tion q(u) = Ku®(1 — u)~(A*+9), where K,d, and A are real constants. Then the

quantile-based cumulative residual Tsallis entropy of first order statistic is given
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FIGURE 4.2: Quantile-based cumulative residual Tsallis entropy of first order
statistic against u.

by
Tgélm(u) = ﬁ<1+ﬁﬁu(1+(g,l—A+an—(s))
1 I'1—A+na—9)I(1+9)
Jroc—l( I'(2—A+na) )

Theorem 4.12. If X is increasing quantile cumulative residual Tsallis entropy IQCRTE
(DQCRTE) and ¢(.) is non negative, increasing and convex function, then ¢(X) is also
IQCRTE if (x > 1) and DQCRTE if 0 < a < 1.
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Proof. Let Y = ¢(X), then gy (u) = ¢ (Qx(1))gx(u). We have

W, M) = - - 1 (1 - ﬁ /:(1 - P)MQY(P)dP) ,
— (1 2 [ A= pre@ctpax(p)dp ).
= (1 [P Q) -Vl
— (1 e [ A o)
e [, 0 P ()6 (Qx(p) - Dy

— T, 0+ ey /(- PP (1 ¢ (@)

Since ty, (u) is IQCRTE and ¢(.) is non-negative, increasing function, Y = ¢(X)

is also IQCRTE. Thus the proof. O

Example 4.5. Let X be the exponentially distributed random variable with
failure rate A and let ¥ = X%, B > 0. Then Y has the Weibull distribu-
tion with Q(u) = )\%(— log(1 — u))% The non-negative increasing function
$(X) = X%,X > 0,8 > 0 is convex(concave) if 0 < B < 1(B > 0). Hence by the

Theorem 4.12 Weibull distribution is IQCRTEO if 0 < p <1 and a > 1.

We now derive a relationship between cumulative residual Tsallis entropy of

first order statistic and cumulative Tsallis entropy of first order statistic as

00 = 2 (10 g [ - pai)

T : ] (1 B ﬁ (/01(1 —p)"a(p)dp — /Ou(l - P)””‘q(v)dp>> :
T oa—1 (1 + (1—;”)”“ [("‘ - Dtg,, — 1+ /Ou(l - P)”“Q(P)dpb :
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The constancy of quantile-based residual entropy of first order statistic is a char-
acteristic property of exponential distribution (see Sunoj et al. (2017)). In the
following theorem we prove that the exponential distribution holds the same
property for the quantile-based cumulative residual Tsallis entropy of first or-

der statistic.

Theorem 4.13. 7y (u) = ¢, a constant if and only if X is exponentially distributed.

Proof. The “if”part is direct from Table 4.4 and the “only if”part follows from
(4.25). O

Another simple form is a linear function. Hence, we prove a characterization

for which 75 (u) assumes a linear form.
n

Theorem 4.14. Let X be a random variable with quantile function Q(u). For g (u) =
a+bu,a,b > 0 holds if and only if X follows a family of distributions with quantile
function Q(u) = ((« —1)(b — naa) +na) (—log(l —u)) —b(1 —a)(1 + na)(u +

log(1 —u)).

Proof. From (4.25), we get H(u) = (“71)(bfnm)mifb(%l)(prm)u, and using Q(u) =

I mdp, we obtain Q(u) = ((« — 1) (b — naa) + na) (—log(1—u))+b(1 -

a)(1+na)(—u —log(1 —u)). The "if” part is direct from (4.24). O

Now we find bounds for quantile-based cumulative residual Tsallis entropy of
first order statistic based on the hazard quantile function H(u). These bounds
are useful when the quantile density has no closed form or 7§ (u) is difficult

to compute.
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Theorem 4.15. Let X be a continuous random variable with quantile function Q(u)
and hazard quantile function H(u). If the quantile-based cumulative residual Tsallis

entropy of first order statistic T (u) is increasing(decreasing) in u, then

1 1
X
> -
T, (1) 2 a—1 (1 nocH(u)) ’

when o« > 1 and
1 1
X <——(1-———= ),
Ty, () zx—l( nocH(u))
when 0 < o < 1.

Proof. Assume that 5 (u) is increasing. So that the first derivative,

ngl_n(u) > 0. Thus we obtained the bounds as

1 1
0
> (1=
T, (1) 2 a—1 (1 nocH(u)) ’

when « > 1 and

1 1
0
< - (1=
T, () S a—1 (1 nocH(u)) ’

when 0 < & < 1. O

Remark 4.1. For the Cox proportional hazards model, defined by hy(x) =

6hx(x), @ > 0, the quantile-based cumulative residual Tsallis entropy of first
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order statistic,

W) = 3 (1 A /ul(l—P)WQY(P)dP>r

Taking v = (1 — (1 — )%) (4.26) becomes

<b\>—l

o 1 !
TYl:n(u) - 0(—1( 1_umx/1 (1—u)

ai1< 1—u /11_0 )dv>

g Tgél:n (u)

N

4.4 An estimator of quantile-based cumulative resid-

ual Tsallis entropy

In this section, we propose a non-parametric estimator for the quantile-based
cumulative residual Tsallis entropy. Let X, X», ..., X;; be random samples. We
define the integral estimate of quantile-based cumulative residual Tsallis entropy

as

2 = 5 (1= e [ Pl 427)

where 4(u) = n(Xj — X(j_1)) for <y <

D [~.

and j = 1,2...,n, (see Parzen

(1979)).



Cumulative residual Tsallis entropy measures-A quantile approach

104

TABLE 4.5: Bias, mean square error and the estimates of the empirical estimator

T(u) with a = 5.

u | t(u) | Bias | MSE
0.2 | 0.2495 | 0.0224 | 5.0028 x 10~°
n=100 | 0.4 | 0.2496 | 0.0125 | 1.5626 * 10~°
0.6 | 0.2497 | 0.0052 | 2.9523 x 10~°
0.8 | 0.2499 | 0.0013 | 1.6047 x 10~ °
0.2 | 0.2497 | 0.0227 | 1.0286 * 10~°
0.4 | 0.2498 | 0.0127 | 3.2428 x 10~/
n=500 | 0.6 | 0.2499 | 0.0056 | 6.2474 % 10~°
0.8 | 0.2499 | 0.0013 | 3.6153 % 10~

4.4.1 Simulation study

To study the performance of the estimator we carried out a series of 1000 simula-

tions each of size n(n = 100 and 500) with different values of u = 0.2,0.4,0.6,0.8

from Govindarajulu distribution with the quantile function in (2.50) for ¢ =

1,B=1.

The simulation study shows that the estimate has small bias and negligible MSE.

From Table 4.5 it is clear that MSE of the proposed empirical estimator decreases

with increasing sample sizes.

Figure 4.3 indicates that 7(u) increases as u increases.
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F1GUrE 4.3: Plot of t(u)

4.4.2 Application to real data

To illustrate the performance of the proposed estimator we use the data on fail-
ure times of 50 devices (Aarset data given in Aarset (1987)) arranged in order
of magnitude. Nair et al. (2012) fitted Govindarajulu distribution to this Aarset
data and the corresponding estimates of the parameters using L moments are
B = 2.0915 and & = 93.463 respectively. To test the adequacy of the model
we divide the data into 10 observations each by taking u; = é,i =1,2,..,5 the
corresponding x values were computed using (2.50) with the L moment esti-
mates given above. The observed frequencies are 11,8, 8,13 and 10 against the
expected frequency of 10 in each class. The chi-square value is obtained as 1.8
which does not reject the hypothesis that the given data follows Govindarajulu
distribution. Q — Q plot also gives the adequacy of the model which is repre-
sented in Figure 4.4. Figure 4.5 indicates that the value of the estimator (u)

increases for « = 5 and decreases for « = 0.5.
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Chapter 5

Quantile-based reliability aspects of cumula-

tive Tsallis entropy in past lifetime

5.1 Introduction

Shannon entropy (see Shannon (1948)) that plays an important role in measur-
ing the average uncertainty of a random variable. However, in certain situations
the Shannon entropy may not be suitable where some generalized versions are
of importance. Various generalized entropy measures are available in the lit-
erature, which possesses many important properties such as smoothness, large
dynamic range with respect to certain conditions, etc. that make them more
flexible in practice. One popular generalization is the Tsallis entropy of order «
given by Tsallis (1988), derived as a generalization of Boltzmann-Gibbs entropy,
as discussed in Chapter 4. In the study of statistical mechanics, Tsallis entropy
provides for a much broader view of how disorder arises in macroscopic sys-

tems.

OResults in this chapter have been published as entitled “Quantile-based reliability aspects
of cumulative Tsallis entropy in past lifetime” in “Metrika-International Journal for Theoretical
and Applied Statistics” (See Krishnan et al. (2019)).

107
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Recently, Rao et al. (2004) introduced an alternative measure to the differential
entropy known as the cumulative residual entropy (CRE), based on the sur-
vival function F(x) = P(X > x) instead of the probability density function f(x)
used in S(X). CRE is considered to be more stable as survival function is more
regular than the probability density function and possess more mathematical
properties. Further, the distribution function exists even if the probability den-
sity function does not exists. Motivated by these, Sati & Gupta (2015) introduced
a cumulative residual Tsallis entropy of order a and extended it to its dynamic
form based on the residual lifetime and studied its properties. Rajesh & Sunoj
(2016) introduced an alternative form of ¢,(X) and proved certain results use-
ful in reliability modelling. Kumar (2017) obtained some characterization results

based on the dynamic cumulative residual Tsallis entropy.

A wide variety of works on different entropy measures in context with past life-
time distributions have been studied extensively in the literature (see Di Crescenzo
& Longobardi (2002), Di Crescenzo & Longobardi (2004),Di Crescenzo & Longo-
bardi (2009), Sachlas & Papaioannou (2014), Di Crescenzo & Toomaj (2015), etc).
Further our work facilitates the extension of the domain of application of cu-
mulative Tsallis entropy in past lifetime to many flexible quantile functions that
serve as useful lifetime models, that possesses no tractable distribution function.
Accordingly, in the present Chapter, we further study on the cumulative Tsallis

entropy in past lifetime using quantile functions.

This chapter is organized as follows. In Section 5.2, we propose the cumulative



Quantile-based reliability aspects of cumulative Tsallis entropy in past lifetime 109

Tsallis entropy and its dynamic form using quantile function and obtain cer-
tain characterizations and bounds of it. In Section 5.3, we study the proposed
measures in the context of order statistics. In Section 5.4, we introduced a non-
parametric estimator for the quantile-based cumulative Tsallis entropy in the
past lifetime and carried out a simulation study to illustrate the performance
of the estimator. The usefulness of the estimator for the real data set is also

investigated.

5.2 Quantile-based cumulative Tsallis entropy in past

lifetime

Let tx = [t — X|X < t] be a random variable describes the past lifetime of a
system at age t. The two relevant ageing functions related to the past lifetime
random variable tx are the reversed hazard rate function and the mean past life-
time or mean inactivity time (Ebrahimi & Pellerey (1995)), defined respectively
as in (2.24) and (2.27). The quantile-based reversed hazard rate function (Nair
& Sankaran (2009)) defined in (2.35) and (2.37)

The cumulative Tsallis entropy can also be defined using the distribution func-

tion (Sati & Gupta (2015)) is given by,

a(X) = ocil (1—/()OOF“(x)dx),zx>O,u¢;£1. (5.1)
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TaBLE 5.1: Quantile function and the quantile-based cumulative Tsallis entropy
of some distributions.

Distribution Qu) T (X)
: Tog(1—
Exponential —M,)\ >0 e (1 B m)
Pareto II Y(1-w)? =1),9,¢>0 L (1-B(a+1,-1/c))

Rescaled Beta

R (17 (ku)#),c,R >0

2 (1-2B(a+1,1/c))

Generalized Pareto

Z[(l —u)"# —1],b>0,a> —1

L (1 — bBa+1, ﬁ))

Power ’Y”%z%ﬁ >0
Uniform a4+ (b—a)u, —co<a<b<oo ﬁ(lf (Z:lz)>
. A
Davies (ff”u;,\zfc >0;A1,A2 >0 =1 (1 — CAIB (a4 21,1 Ag) —cAaB(at A +1,-2)
Skew lambda out — (1—u)h,6,A >0 L (1-24 —AB(A,a+1))

atA

Generalized lambda

M+ W — (1 —uw)™), A, A, A €R A3 € ZF

M+ 5 (AsB(a+1,43) +1)

Govindarajulu

o((B+ 1)uf — ,Buﬁ“) ,0,6>0

1 oB(p+1)
a—T1 (1 - (v+ﬂ)(v+ﬁ+1)>

Following Sankaran & Sunoj (2017), the corresponding quantile-based cumula-

tive Tsallis entropy based on (5.1) becomes

T, (X)

- 1
Ca—1

<1 — /01 p“q(p)dp) ,oo > 0,0 # 1

(5.2)

Table 5.1 provides some important quantile functions of distributions and its

corresponding T, (X).

5.2.1 Quantile-based cumulative Tsallis entropy in past lifetime

(QCTEP)

The cumulative Tsallis entropy function for the past lifetime tx is given by,

(xil (1—/()t<1;((3;)))adx),a>0,a7é1.

Ta(X,t) = (53)
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TaBLE 5.2: Quantile function and the quantile-based cumulative Tsallis entropy
in past lifetime of some distributions.

Distribution Q(u) T (1)
Exponential _m;;(/#’)\ >0 i (1 - An“B,,errl,O))
— v =1
Pareto II (1 =u)F —=1),9,c>0 = (1 %B”(“,T“l )
1
Rescaled Beta R (1 —(1- u)%) ,6,R>0 L (1 — %B”((X,;]'?))
G : b - 1 b_Bu(1+a)
eneralized Pareto E[(l —u)"m1 —1],b>0,a > -1 et s ey
atl
Power 'yu%,"y,ﬁ>0 L 171;’“!314%)
Uniform a+(b—a)u,—0 <a<b<co 21— (hi‘a])”)
; X AiB., AoBu (et A1 +1,
D 0 i (1 B o)
Inverse Weibull (—logu)™,A>0 L (1— A (a"T(=A) + (—log(u)) *(—alog(u)) (T (—A, —alog(u)) — T(—1))))
Skew lambda st — (1—u)",6,A >0 (1 A Byt 1,/\)))
M B
Generalized lambda | A; + & (1 — (1 u)™), Ay, Ay, As € R, Az € Z* L (1 - T Tl

Then the corresponding quantile-based cumulative Tsallis entropy function in

the past lifetime using (5.3) is given by,

1 W pye
fau) = —— (1—/0 (2) q(p)dp),oc S0a#1,0<u<l.  (54)

Differentiating both sides of (5.4) with respect to u, we get
(14 _ !
g = % (1~ (2 = D)7(w) ~ (- D7 (w), 55

where T, (1) = A%, (u). Thus %,(u) uniquely determines the distribution func-
tion. Unlike 7, (X, t), distributions which have no explicit distribution function
can be easily modelled through the relationship (5.5). Table 5.2 provides the

quantile functions and the corresponding 7*(u) of some important distributions.
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In terms of reversed hazard quantile function, 7, (u) reduces to

oc—l( /” 1dp)'

Further, 7,(u) can be expressed in terms of the reversed mean residual quantile

T (u) =

function by,

T(u) = ( /p +pR’(p))dp>

zx—l
1 u
_ a—l( /p“ "Rip)dp - [ p“dR(p)). (5.6)

Applying integration by parts on the third term of (5.6), we get

f“(”)_(1;—1 ) u“/pa R(p

Remark 5.1. The quantile-based cumulative Tsallis entropy in past lifetime 7, (1)

is related to quantile-based cumulative Tsallis entropy 7,(X) and its residual

form 7, (u) (Sunoj et al. (2018)) as follows:

where T(X) = 7y (1= [y (1= p)*q(p)dp) and wa(u) = 11 (1= e Ju (1= p)*a(p)dp).

The following characterization theorem considers a probability model that does

not have a closed expression for its quantile function.
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FIGURE 5.1: Plot of T, (u) against u for different distributions.

a—1

Theorem 5.1. The relationship T, (u) = — (1 — EBu(a+6+1,-A-5+ 1)) ,0<
u < 1if and only if
g(u) = ku®(1 —u)~ 4% k > 0, (5.7)

where A and 6 are real constants.

Proof. The proof directly follows from (5.5). O

Remark 5.2. The plots of T,(u) for different members of the model (5.7) are

depicted in Figure 5.1.

It is often useful to identify a different class of probability models based on
the monotone behaviours of uncertainty measures. Accordingly, we define the

following non-parametric classes based on T, (u).
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Definition 5.2. X is said to have increasing (decreasing) quantile-based cumu-
lative Tsallis entropy in past lifetime (IQCTEP (DQCTEP)) if T,(u) is increasing

(decreasing) in u.

Theorem 5.3. If X is IQCTEP (DQCTEP), then for all u > 0,

T(u) < (>)—

_m(l—ﬁ(u)),a>1(0<zx<1),

which provides upper (lower) bounds to T,(u) with respect to IQCTEP (DQCTEP).

The next theorem proves the characterization of exponential distribution with

support (—oo,0) based on the constancy of T, (u).
Theorem 5.4. T,(u) = ¢, a constant if and only if X has exponential distribution with
negative support (see Block et al. (1998)).

Proof. Assume that T,(u) = c. Using (5.5), we obtain Q(u) = m logu =

1logu, where A = a(1 — c(a — 1)). Conversely, assume that X follows exponen-
tial distribution with support (—oo,0) having quantile function Q(u) = + log u.

Now from (5.4), we get T, (1) = ﬁ (1 — ﬁ), a constant. l
In the following theorem, we prove that the IQCTEP property is closed under
monotonic increasing convex transformation.

Theorem 5.5. If X is IQCTEP and if ¢(.) is non-negative, increasing and convex
function, then ¢(X) is also IQCTEP for 0 < a < 1.
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Proof. Let Y = ¢(X) be a non-negative, increasing and convex function. Then

. X -1
the pdf of Y = ¢(X) is gv(¥) = §10) = 10 = proxmi SO that
=Y _ 1 _i " o
L) = —— (1 s pqy(zﬂ)),
= (= L e xp)ax(p)d
= 77 MWOI“P x(p))qx(p)dp
— 1 1 “ 4 / -
= (1 [ @) - 1 gty )

o P =9 Qe
Since ¢(.) is a convex, ¢'(Qx(p)) < ¢'(Qx(u)),0 < p < u. Therefore

(1-¢'(Qx(w)))

=Y
T
a—1

o

~—~

) +¢'(Qx (1)) T (u),

v

which completes the proof. O

Example 5.1. Let X have Pareto II distribution with Qx () = [(1 —u)~/¢—1].
When Y = XF,8 > 0 the distribution of Y is Burr type XII distribution with
quantile function Qy(u) = vP[(1 — u)~1/¢ — 1]B. Using the above theorem, if X
is IQCTEP then Y is also IQCTEP for 0 < a < 1.

Theorem 5.6. Let X be a non-negative absolutely continuous random variable such

that Ty(u) = cR(u). Then

Q(u) S 2utck(a — 1) (1 + log ),

T 14c(a—1)

where ¢ > 0 is a constant.
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Proof. Assume that T,(u) = cR(u). Using (5.5), we get c(a — 1)R'(u) = —(A(u)) "1+

a(1— (« —1))7*(u) which on simplification resolve to

_ u 1\ —1—cka(a—1)
R(u) 1+c(a—1)a + (u—i—c(tx 1 ) '
Substituting it in (2.38) yields to Q(u) = Trea e H2u+ ck(a—1)"1exla=1)(1 4
log 1), the required form. O

In the next theorem, we show that the power function distribution can be char-

acterized using T, (u).

Theorem 5.7. Let X be a non-negative continuous random variable with quantile func-

tion Q(.) and reversed mean residual quantile function R(.). Then for a > 1,

fu(u) = = (1 - cR(w)) (5:8)

where ¢ > % if and only if X has power function distribution.

1
Proof. When X follows power function distribution with Q(u) = yu?,,v > 0,
1

we have R(u) = ﬁuﬁ and,

() = ocil (1_1—;)/&[3“%)

To prove the only part, assume that (5.8) holds. Then from (5.4), we obtain

1
a—1

(-1 [ o) = o vt
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equivalently

/0 " pq(p)dp = cuR(u). (5.9)
Differentiating (5.9) with respect to u,
u*q(u) =c (u“R’(u) + ocu"‘_lR(u)> : (5.10)
Using the relationships (2.25), (2.39) and (5.10), we have
1-c

A(u)R(u) = e k,

where k < 1, a constant. Now, taking the derivative with respect to u on both

sides we get

A (u)R(u) = —A(u)R' (1). (5.11)

From (2.39) and A(u)R(u) = k, we have

1—k

A(u)R (u) = ”

Then (5.11) becomes

AN (u)R(u) = : (5.12)
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Differentiating uq(u)A(u) = 1 with respect to u, we get

so that (5.12) reduces to,

On simplification we get

log q(u) = kylogu + logky,

where ky = 1_72" and k; is the constant of integration. Equivalently,

q(u) = kyu®?,

which is the quantile density function of power distribution. This completes the

proof. O

Now, we extend the Theorem 5.7 to a general case by taking c as a function of

u.

Theorem 5.8. If X is a continuous random variable such that

1

Ta(u) = —5 (1 —c(u)R(u)),
then
u (ac(p)—1)d
R(u) = L el i)

1—c(u)
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Proof. Assume that T, (1) = 17 (1 — c(u)R(u)) holds. It is equivalent to,

(1 [ ey = - cwr),

or

u
| rra(p)dp = cwRGu
Differentiating with respect to # we obtain

q(u) — %C(M)R(u) = c(u)R'(u) + R(u)c' (u),

using (2.39) we may write
R'(u)(u —uc(u)) + R(u)(1 — ac(u) — uc'(u)) =0,

which is a first-order differential equation in R(u), on solving we get the re-

quired form. This completes the proof. O

Various stochastic orders are generally used to compare two random variables.
We now consider the reversed hazard quantile function order (Nair et al. (2013))

to compare two random variables based on T,(u).

Theorem 5.9. If X <., Y then T (u) < (>)7) (u) fora > 1(0 < & < 1).

Proof. Assume that X <, Y, it implies Ax(u) < Ay(u). This is equivalent to,

7uoc—1 < (>) 7ulx—1

W_ _W,“>1(O<“<1)Then

a_l( Ax ) (= )ﬁ(l—%/oufj(_;)dp»oc>1(0<¢x<1).
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Thus £X(u) < (>)7) (u), « > 1(0 < & < 1). O

Example 5.2. Let X and Y be two random variables with quantile functions

Qx(u) = ﬁ and Qy(u) = 2u — u?, which has no closed form distribution

function. Qx(u) is a special case of power-Pareto distributions due to Hankin
& Lee (2006) and Qy(u) is a special case of Govindarajulu distribution (Govin-
darajulu (1977)). The reversed hazard quantile functions of X and Y are given

by Ax(u) = A=) and Ay(u) =

W= . Then,

1
2u(1-u)

A4 (Ax(w)) _ —(-pPG+3u0) _
du \ Ay(u) ) (1+u)? ’
which means 2 is 4 decreasing function of u. At u =0, Ax(w) _ 1, so that
Ay (u) Ay (u)

Ax(#) < 1 Thus X < Y. We also obtain
Ay (u) rhq

W = (- [ (R )

+ JBu(l +a,0) +

1 <1 u w (=1 +a—ux) a(a+1)B,(2+,0)
B 1

(u—1)>2 h us

2 () = <1—i/0up“(2—2p)dp):ail<1—%Bu(0¢+1,2)>.

ulx

From Figure 5.2, it is clear that TX(u) < (>)T)(u), fora >1 (0 <a < 1).

Definition 5.10. X is said to be smaller than Y in QCTEP (written as X <qcrep Y),

if TX(u) < 7Y (u) forall u € (0,1).

We use the following lemma by Nanda et al. (2014) to prove the next theorem.

).



Quantile-based reliability aspects of cumulative Tsallis entropy in past lifetime 121

0.5

L L
0.2 0.4

, , , , Loy
02— o 06 08_, T0
— Ty (u)

(@ a>1 b)0<a<1
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Lemma 5.11. Let f(u,x) : (0,00) x (0,00) — (0,00) and g : (0,00) — (0,00)
be any two functions. If [~ f(u,x)dx is increasing and g(u) is increasing in u, then

[7 f(u, x)g(x)dx is increasing in u, provided the integrals exist.

Theorem 5.12. Let X and Y be two random variables such that X <gctep Y. Then for

a non-negative convex function ¢(.), p(X) <gcrep ¢(Y).

Proof. It is enough to show that

[ ro@xpaxpiie > [ p9'QvipDav(p)ip. 519

Since X <gcrep Y, we have

which is equivalent to

/0 ' phax(p)dp > /0 ' r qy(p)dp. (5.14)
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Thus, qx(u) > qy(u). Since ¢(.) is increasing convex function, ¢'(Qx(u)) >
¢'(Qy(u)). Now applying Lemma 1 on ¢'(Qx(u)) > ¢'(Qy(u)) and (5.14), we
get ¢(X) < ¢(Y). O

Recently, Rajesh & Sunoj (2016) proposed an alternative measure of cumulative
residual Tsallis entropy as in (4.10) and (4.11). Sunoj et al. (2018) studied the
quantile versions of (4.10) and (4.11). Unlike the dynamic form of ¢,(X) due
to Sati & Gupta (2015), (X, t) is a function of mean residual life function and
hence more reliability properties were derived based on it. Motivated with
this, an analogous cumulative Tsallis entropy in the past lifetime was recently

proposed by Cali et al. (2017), defined by

Cas(X, 1) = ﬁ (r(t) - /Ot (ii’g)adx) o> 0,0 £ 1. (5.15)

Following (5.15), we define a quantile-based cumulative Tsallis entropy as an

alternative to (5.1) and (5.3), obtained as

Ga(X) = — - I (Pl - /01 P“q(P)drﬂ) : (5.16)

and for the past lifetime, (5.16) reduces to

— 1 (R(u) N p“q(p)dp) , 0<u<1. (5.17)
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Differentiating (5.17) with respect to u, we obtain

_ X _

(6 = )& (u) = R'(u) = g(u) = — (& = 1)Gu(u) — R(w)), (5.18)

(5.18) uniquely determines the quantile function. The following theorem pro-
vides the upper (lower) bounds for &, (u) in terms of R(u).

Theorem 5.13. Let X be a non-negative absolutely continuous random variable with

quantile function Q(.). Then &, (u) is increasing (decreasing), if and only if

Ga(u) < (Z)@,for all0<u<Tlanda>10<a <1).

Proof. Assume that &, (u) is increasing (decreasing) in u, or &, (u) > 0. Using

(5.18),
R'(u) = q(u) = = (&= 1)&(u) = R(w)) = ()0
Equivalently,
Ea(u) < (>) “11 (uR/(u)(X— ug(u) —|—R(u))
_ “il (uR’(u)—(REXu)—FuR’(u)) +R(u)>
_ Rw
o

proves the result. O

The next result will be useful for computing &, (u) when the functional form of

R(u) is known to us.
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Theorem 5.14. Let X be a non-negative absolutely continuous random variable with

quantile mean inactivity time R(u), then

Proof. We have

uR(u) = /0 " pa(p)dp. (5.19)

Differentiating both sides of (5.19) with respect to u we get,

2 R@) = = [ patpyip = uga),

Using (5.17) and (5.19) we obtain

G = g (R0 = [ ety
= (R [ R )
= %/0 p*~'R(p)dp
Hence the proof. O

Example 5.3. Let X and Y be non-negative absolutely continuous random vari-
ables with quantile functions Qx (1) and Qy (u) respectively. Then X and Y sat-

isfy proportional reversed hazards model (PRHM) when Qy (1) = Qx(u%), 6 >

0 or equivalently gy (u) = %u%’qu (ué). Then Ry (u) = 3 [y p%’qu (p$> dp.
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Assume that X follows Govindarajulu distribution with quantile function
QOx(u) =a+o ((,B+ 1)ubf — ,BuﬁH) ,a,0,8>0,0<u<1.

Then

Re(w) = oo [ pb (oB(B+Dp

it o
= op+1) (ﬁ+9_1+ﬁ+9)'

Now using Theorem 5.14, we have

g1
9

(1- P%)) dp,

Ew = o [ PRy

B+l
- ”ﬁ(5+1)9<<ﬁ+e>(ﬁ+ae>_(1+ﬁ+9><1+ﬁ+“")>'

Remark 5.3. If ¢,(u) = cR(u) then

Q(u) = expl— 2 (1+ a(e(a—1) — 1)u)

- % (logu +a(c(a —1) —1)).

Remark 5.4. If &, (1) = c(u)R(u) then R(u) = exp[f,’ “7’7(:/(’7);(7;;(“71)6(’7)dp].

Theorem 5.15. If X is decreasing reversed hazard (DRHR) then X is increasing (de-
creasing) quantile dynamic cumulative Tsallis entropy in past lifetime with respect to

Ex(u) for0 <a <1 (a>1).

Proof. DRHR = IRMR (see Nanda et al. (2003)), which is equivalent to in-
creasing R(u). Therefore ¢,(u) is increasing(decreasing) in u > 0 for 0 < a <

1(a > 1). 0
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Theorem 5.16. If R(u) = c, a constant then &, (1) is also a constant.

Proof. Let R(u) = c. Using Theorem 5.14 we obtain &, (u) = <.

o

Hence the proof. O
Theorem 5.17. If R(u) = a + bu, a linear function then &, (u) is also linear.

Proof. From Theorem 5.14, we have &, (1) = & [ p* 'R(p)dp = & [, p* Ha+

bp)dp = m + nu, where m = £ and n = %. Thus the proof.

5.3 Quantile-based cumulative Tsallis entropy of or-

der statistics in past lifetime

For past lifetime random variables, the reversed hazard rates are more important
than the usual hazard rates and to study the failure pattern of reliability systems,

it is more appropriate in studying the failure behaviour of parallel systems.

In analogy with (5.1), the cumulative Tsallis entropy of i’ order statistic is de-

fined as




Quantile-based reliability aspects of cumulative Tsallis entropy in past lifetime 127

Then the corresponding quantile-based measure of (5.20) becomes (see also

(5.2))

_ 1 1/By(i,n—i+1)\"
T(Xim) = —7 (1—/0 (Bp(i,n—i—l—l)) Q(P)dp>- (5.21)

For the sample minimum Xj.,,,

To(X1n) = “171 (1 - /01(—1)”‘(1 - p)””‘q(p)dp> ,

and for the sample maximum

1 1
To(Xpn) = ——= (1 — —1)*p"*q(p)dp | .
T(Xin) = —— ( /0 (=1)*p"q(p) p)
Since reversed hazard rates has an affinity to parallel system, we consider mainly
the cumulative Tsallis entropy of n'" order statistic. The reversed hazard quan-
tile function and reversed mean residual quantile function (quantile-based mean
inactivity time) for the n'" order statistic are Ay, (1) = nA(u) and Ry, (u) =

% fou p"q(p)dp respectively. Then
UR.,., (1) + nRyy(u) = (A(u)) ™ (5.22)

Hence the cumulative Tsallis entropy of i order statistic in past lifetime is given

by

_ B 1 LES (x)

. 1 t Bp(x)(i,n—i—i—l) :
N oc—1<1_/0 (Bp(t)(i,l’l—i—Fl) ax | - (5'23)
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In terms of quantile function, (5.23) becomes

e (1 - (=) q(p)dp) NI

For convenience, we may denote T, (1) = fi(11). Using (5.24), the cumula-

tive Tsallis entropy in past lifetime for series and parallel systems are obtained

respectively as

Xin(u) = . (1 - ﬁ /Ou(l — P)””‘q(rﬂ)dp> , (5.25)

a—1

and

1 1 qu
Koin(U) = —— (1 ~ /0 P””‘q(z?)dp) : (5.26)

Differentiating both sides of (5.26) with respect to u, we get

(& — 1)%(7@1%(”)) +q(u) = %X(l — (& — 1) Xun(u)). (5.27)

Thus (5.27) uniquely determines the quantile function for a parallel system. The

following example illustrate this.

Example 5.4. Let X be a the generalized lambda distribution with quantile

function

Q(u) =AM + Ai (u“ —(1— u)M) A, A, A € R A3 € ZT.
2
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F1GURE 5.3: Plot of {y.,(u#) against u.

Then the quantile-based cumulative Tsallis entropy in past lifetime for the par-

allel system is given by

na+Ag

1 . %4—)\4& (na+1,Ay)
a—1 Apu”e

and displayed in Figure 5.3.

The following theorem gives the bounds for X,., (1), which may be useful when

the computation of {n.,(u) is difficult.

Theorem 5.18. If Y% (u) is increasing then

Xn:n(u)S(Z)lxil <1—m),f01’0(>1(0<lx<1).

Theorem 5.19. Let X be a non-negative continuous random variable with quantile
function Q(.) and the quantile-based mean inactivity time for n'"* order statistic R,.,(.),

then

Xnn(u) = tX i 1 (1 = cRyn(u)) (5.28)
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if and only if X has power distribution.

Next remark can be used for finding the quantile-based cumulative past Tsallis

entropy of a parallel system using T3 (u).

Remark 5.5. Quantile-based cumulative Tsallis entropy in the past lifetime of

n'" order statistic can be obtained using the following relation:

Foen (1) = (”f__f) X (1). (5.29)

Definition 5.20. X;., is smaller than Y;,, in dispersive order, X, <gisp Yi.y if

-1 .. . .
Fy Fx,, (x) — x is increasing in x.

Since nginm(x) = F,'Fx(x) (see Barlow & Proschan (1975) ). We say that

Xiin Zaisp Yim if Qy(u) — Qx(u) is increasing in u.

Theorem 5.21. If X;., <gisp Yi.u then ax,(u) > (L)xk,(w), fora >1(0<a<

1).

Proof. Assume that X;.;, <gisp Yi.p- This implies that gy (u) > gx(u), from (5.26),

_X 1 1 ! no
RKown (1) = 1‘%/0 P ax(p)dp

a—1
1 1 .
1—W/0 p"qy(p)dp |, fora > 1.

>
I |

Hence the proof. For 0 < & < 1 the proof is similar by inverting the inequalities.

]

Theorem 5.22. X,.,(u) = C if and only X has an exponential distribution with sup-

port (—o0,0).
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Proof. Assume that X,.,(u) = C, a constant. This implies that

1 1" B
a—l(l_u”“/o p q(ﬁ)@)—C,

equivalently

u
/0 p"q(p)dp = Ku", (5.30)

where K = C(a — 1) + 1. Differentiating both sides (5.30), we get A(u) = K*,
a constant, thus exponential distribution with support (—oo,0) (see Sunoj et al.

(2013)). O

Theorem 5.23. If X is increasing quantile-based cumulative Tsallis entropy of nth order
statistics in past lifetime and ¢(.) is non-negative, increasing and convex function, then
¢(X) is also increasing quantile-based cumulative Tsallis entropy of nth order statistics

in past lifetime for 0 < a < 1.

Proof.

Since X is increasing quantile-based cumulative Tsallis entropy of nth order

statistics in past lifetime and ¢(.) is increasing, from (5.31) we can say that ¢(X)
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is also increasing quantile-based cumulative Tsallis entropy of n*/" order statistics

in past lifetime for 0 < a < 1. O

5.4 Estimation of quantile-based cumulative Tsallis

entropy in past lifetime

In this section, we present a non-parametric estimator for the quantile-based

cumulative Tsallis entropy in past lifetime. We define the integral estimate as,

2 = 5 (17 [ ), 532)

a—1

) — X(j—l)) for ]_Tl <u< % and j =1,2,..,n.

where §(u) = n(X;

5.4.1 Simulation study

To asses the performance of the proposed measure we perform a simulation
study of 1000 samples of sizes n = 100,500 from 2.50 with ¢ = 1,8 = 1 for

values of u = 0.2,0.4,0.6,0.8. We present the simulation results in Table 5.3.

5.4.2 Data Analysis

To illustrate the estimation procedure, we consider the data set of the first exter-
nal leakage of 32 centrifugal pumps. We fitted Govindarajulu distribution to this

data. For estimating the parameters we have used the method of L— moments



Quantile-based reliability aspects of cumulative Tsallis entropy in past lifetime 133

TaBLE 5.3: Bias, mean square error and the estimates of the empirical estimator
T(u) with a = 5.

A

u | T(u) | Bias | MSE

0.2 | 0.2499 | 0.0137 | 1.8678 x 10~ °
n=100 | 0.4 | 0.2497 | 0.0126 | 4.6801 x+10~°
0.6 | 0.2496 | 0.0239 | 5.7122 % 10~°
0.8 | 0.2495 | 0.0205 | 4.1889 x 10~°
0.2 | 0.2499 | 0.0137 | 3.7782 % 10~
0.4 | 0.2499 | 0.0218 | 9.4952 x 10~/
0.6 | 0.2498 | 0.0241 | 1.1649 x10~°
0.8 | 0.2498 | 0.0208 | 8.6345 % 10~/

n=500

by equating the first two L—moments of the distribution with the sample coun-
terparts. The first two sample L— moments are [; = 5024.72 and [, = 1644.68.

Using the equations
20

h:ﬁ+2
- 20p
2T (B+2)(B+3)

we obtain ¢ = 8692.16, 8 = 1.4598. To test the adequacy of the model %y(u), we
use the chi-square test of goodness of fit. Dividing the data into 4 groups of 8

observations each and taking

the corresponding x values were computed using (2.50) with the estimates given
above. The observed frequencies in the 4 classes were 6,13,8 and 5 against the
expected frequency of 8 in each class. Thus the chi-square value of 4.75 obtained

here does not reject the hypothesis that the data fits Govindarajulu distribution.
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Ficure 5.4: Q-Q plot for the first external leakage of 32 centrifugal pumps
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FIGURE 5.5: Plot of T(u) for real data
Figure 5.4 gives the Q — Q plot which also shows the adequacy of the model.

Figure 5.5 indicates that the estimates of quantile-based cumulative Tsallis en-
tropy in past lifetime show a decreasing trend for « = 5 and an increasing trend

for « = 0.5.









Chapter 6

Reliability properties of extropy for residual

and past lifetime random variable

6.1 Introduction

Extropy is a recent addition to the family of information measures proposed
by Ayres & Martinas (1995) as the complementary dual of the Shannon’s en-
tropy Hx = — Y1 ; pilog pi, in the case of discrete random variable X with p; =
P(X = x;). Lad et al. (2015) point out that as a measure of uncertainty extropy
is invariant under permutations and monotonic transformations, maximum ex-
tropy distribution is uniform and satisfy Shannon’s first and second axioms. As
X increases in such a way that )/ ; p; decreases to zero, } ;' ;(1 — p;) log(1 — p;)

is well approximated by

n

—Y (A—pi)(—p) =1- épf-

i=1

Also Alim . <%> = —3 [ f*(x)dx. In statistical analysis, the discrete approxi-
X—>

mation has been used much earlier as repeat rate of a distribution (Good (1979))

OResults in this chapter have been accepted for publication entitled “Some reliability prop-
erties of extropy for residual and past lifetime random variables” in “Journal of the Korean
Statistical Society”.

137



Reliability properties of extropy for residual and past lifetime random variable 138

and a Gini index of homogeneity is that widely used in database applications.

It is also an indicator of the degree of skewness of the data.

The role of information measures relating to the residual and past lifetime
in reliability modelling has been extensively investigated during the last two
decades, starting from the works of Muliere et al. (1993), Ebrahimi (1996) and
Di Crescenzo & Longobardi (2002) with reference to Shannon’s entropy. In the
meantime the variant approaches of employing the quantile version of vari-
ous entropies were also introduced with the objectives of providing alternative
methodology, new results and different methods of stochastic comparisons. For
details, we refer to Sunoj & Sankaran (2012), Yu & Wang (2013), Nanda et al.
(2014), Sunoj et al. (2017) and Qiu (2019).

The objective of the present work is to investigate some new aspects of residual
and past extropy functions using the distribution function and quantile function
approaches. It is observed that that the extropy being always negative, it is not
valid for the entire parameter space. Further, we need to examine whether the
two extropy functions determine the life distribution uniquely, a problem that
has not been addressed earlier. The quantile function approach, enables us to es-
tablish some results which are difficult to obtain using the definition of residual
and past extropies in terms of the distribution function of X. We also illustrate
certain quantile function models for which the distribution function approach
does not apply. Stochastic orders needed to compare the extropy functions of

two lifetimes in the quantile framework which turns out to be distinct from the
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orderings conceived in the traditional settings, are also discussed in our work.

The chapter is organized as follows. In Section 6.2, we discuss extropy in quan-
tile set up. Section 6.3 and Section 6.4 addresses the residual extropy function
in the distribution function and the quantile framework respectively. We obtain
their properties and some monotone properties and characterization results. In
Section 6.5 we discuss the extropy in past lifetime and the characteristics as-
sociated with it. Section 6.6 presents extropy of order statistics using quantile
function. We extended the measure based on survival function known as cu-
mulative residual extropy and study its properties in Section 6.7. In Section 6.8
we obtain a non-parametric estimator for quantile-based extropy function and

applying the method to a real data set.

6.2 Extropy

Let X be a non-negative random variable with absolutely continuous distribu-
tion function F(.) and probability density function f(.). Then the differential
extropy is defined as (Lad et al. (2015))

Jx=—5 [ fwix 61)

Qiu (2017) has obtained several results on the extropy of order statistics and
record values based on copies of X and also of coherent systems. Qiu & Jia
(2018a) have obtained two estimators of extropy using spacings. Qiu & Jia

(2018b) further studied the residual extropy of X, proved characterizations of
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exponential, Pareto and finite range distributions and discussed various proper-
ties of the order statistics. For more recent works on extropy, one can also refer
to Alizadeh Noughabi & Jarrahiferiz (2018), Yang et al. (2018), Jose & Sathar

(2019) and the references therein.

Now the quantile-based extropy based on (6.1) is given by

1

1) = =5 | Aer)ar)
= 1 [y
= —% 01(1—P)H(P)dp- (6.2)

J(X) provides a quantile version of the extropy, that measures the uncertainty

of X, using either quantile density function or hazard quantile function.

Example 6.1. Consider the quantile function (Midhu et al. (2013))

Qu) =—(c+pu)log(l—u) —2cu,u>0;—pu<c<uy,

corresponding to the linear MRLF (see Sankaran & Nair (2009))

Mu)=cu+u p>0 —p<c<pu 0<u<l (6.3)

Then J(X) for (6.3) is obtained as

| (—2c— (-+)log(— ) + (V+C>1°g<ﬂ+c)> |
4c
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TaBLE 6.1: Quantile function and the quantile-based extropy of some distribu-

tions.
Distribution : Q(l)i) J(X)
: Tog(1— —A
Exponential — B A >0 a
=1 2
Pareto II y(1—u)© —1),7,¢>0 s
Rescaled Beta R (l —(1- u)%) ,¢,R>0 72(2;:)1(
Generalized Pareto | 2[(1—u) #T —1],b > 0 1 (a+1)
eneralized Pareto E[( —u) = —1],b>0,a > — ~2(Gar2)
Power ’Y”%/’Yrﬁ >0 7%
Uniform a+ (b—a)u, —c0o <a<b<oco 2(%@
. B (12= A=A A0 +41- 22 ) T(2=A))T (A2 42)
Davies %,c > 0;A1,A2 >0 2 1( =M zz(c/\l)h) I (A2

J(X) is not useful for a system that has survived for some units of time .

6.3 Residual-extropy

Since [x is not applicable to a system that has survived for some units of time

Qiu & Jia (2018b) considered the residual extropy of X
Je(t) =~ [ Flx)dx 64)
7700 s ‘
and established the identity

Ji(t) = 5 (I2(1) + 4h(D)JE (1)), (65)

N~

where h(t) is the hazard rate function of X. A main limitation of residual ex-
tropy is that it is always negative so that it is not defined for certain regions of

the parametric space. For example when X has rescaled beta distribution with
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survival function
_ X\ C
F(x) = <1_E> L0<x<RR,c>0.

We have,

c2

4c—2)(R—1t)

]F(t) = _(

so that JF(t) is not defined for ¢ < 1. Similarly for the power distribution F(x) =

(g)“,o <x<B,ap>0,

(1) = .
e (1- ()

is valid only for « > 3. Thus the parameter values become a crucial aspect when
discussing properties of residual extropy. Qiu & Jia (2018a) (their Theorem 2.9)
proves the result for k > 1 by taking the distribution of X as F(x) = (1 —x),¢ >
1. One can consider a more flexible range for the parameter as seen from the next

theorem which modifies their result.

Theorem 6.1. The relationship Jp(t) = —kh(t) where k is a non-negative constant

holds for all t > 0O if and only if X has

(i) rescaled beta distribution F(x) = (1 —%)°,0<x <R,R>0,c > 3 ifk > }
(i) exponential law F(x) = e, x > 0;A > 0ifk = } and

(iii) Pareto II distribution F(x) = (1+ %)% x > 0;c,a > 0 ifk < 3.

Proof. When X has the given distribution Jr(t) = —m and h(t) = 5

1

provides Jp(t) = —kh(t),k = g=. Thus k > 7 when ¢ > 5. If X follows

A=
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the exponential distribution given in (ii), then Jp(f) = and h(t) = A pro-

vides the relation Jr(t) = —kh(t). When X follows Pareto II given in (iii),
Je(t) = —m and h(t) = ¢ provides the given relation between JF(t)
and h(t).

Conversely suppose that Jp(t) = —kh(t). Taking derivative on both sides and

using the relation (6.5), we obtain

W) 4k—1
2(t) 2k

By solving the above differential equation we get

1—4k

h(t) = (pt+d)~"p=—

,d>0

when k < 1, p is negative and hence F(x) = (1+ %t)_% which is rescaled beta

Withc:—%andR:—§>0. O

We now examine whether [r(t) determines F(x) uniquely. For this, we write

(6.5) as a quadratic in h(t),
W2(t) 4 4h ()] (t) — 2]k(t) = 0. (6.6)

It is seen that (6.6) has only one positive root when J(t) > 0 or when Ji(t) =0
and two positive roots when J.(t) < 0. In the first two cases, Jp(t) determines
h(t) and the distribution of X uniquely. However the last case the two roots can
be hazard rate function and hence, in general, Jr(t) does not characterize the

distribution if we adopt (6.6) as the basis of argument. To see this, from (6.6),
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when there are two roots, they are given by

N|—

B(t) = =2k (t) £ (43(1) +2J(t) . 6.7)

Example 6.2. Let X follow the power distribution F(x) = x?,0 < x < 1, then

3
Je(t) = —g%

and

_ 2
iy = -5 =

showing that both Jr(t) and Ji(t) are less than zero. After some algebra we get

16(1 — t)*(t +2)?
36(1 —t2)4

AJR(H) +2]5(t) =

2
(1-1)

Thus using (6.7) we have two solutions for h(t), given by hy(t) = and

2 LY
hy(t) = %. Writing h;(t) as
3 1 2

ha(t) = 20-1) 200+ T A+ 02

it is easy to see that h(t) > 0 and fol hy(t)dt diverges to oo proving it to be a
hazard rate. Also, h;(t) is the hazard rate of the power distribution mentioned

at the beginning of this example and h,(f) corresponds to
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However, Jr(t) can also characterize some distributions. For example, if X as-
sumes uniform distribution in [0, b], still there are two positive roots, but they
are equal to (b —t)~!. Hence the uniform distribution is characterized by its

residual extropy function.

The random variable X is said to have increasing (decreasing) residual extropy,
IRE (DRE) if J(t) is increasing (decreasing) for all + > 0. Thus the IRE (DRE)

class is defined by the property Jr(t) > (<) — @ for all t. From (6.6), the

equality Jp(t) = —@ holds for all + > 0 if and only if X is exponential. Since
rescaled beta is DRE and Pareto II is IRE the classes are not empty. There is a
clear distinction between monotonic entropy and extropy. While the monotonic-
ity of the hazard rate implies monotone residual entropy, the magnitude of the
hazard rate is the determining factor for residual extropy. The rescaled beta is

DRE where h(t) is increasing, power distribution is DRE where § < a < 1, h(t)

is bathtub shaped.

6.4 Quantile-based residual extropy

Within the framework of quantile functions, we can write the residual quantile

extropy as

Jolt) = Jr(QU)) =~ - [ il ©8)

Differentiation of (6.8) yields

q(u) = [2(1 —u)?Jq(u) —4(1 —u)Jo(u)] . (6.9)
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The utility of the representation (6.9) is two-fold. Firstly it shows that the distri-
bution of X is characterized in terms of Jo(u) and secondly it helps to generate

new quantile functions based on assumed functional forms of o (u). Also

H(u) = 2(1 — u)Jp(u) — 4Jo(u). (6.10)

Accordingly, Jo(u) determines H(u) and the distribution through Q(u). Equa-
tions (6.9) and (6.10) exhibit the advantage of quantile approach over the distri-
bution function counterpart in the sense the former gives a unique representa-
tion of the distribution where as it could not be accomplished in the latter as
was shown in the above example. The difference between (6.7) and (6.10) is that
the former gives scope for two values for h(t), the latter is only a linear function

providing unique value.

Example 6.3. Consider the linear mean residual quantile function family of

distribution (Midhu et al. (2013)) specified by
Qu)=—(c+pu)log(l—u) —2cu,u>0—pu<c<uy, (6.11)

which contains the exponential and uniform distributions and closely approxi-
mates several continuous distributions. It does not have a tractable distribution
to study the properties of Jp(f) using F. In this case, the quantile residual ex-

tropy is
_ 1 _ c+pu U+c
Jo) = 33—y ~ 8@ —up B u—cr 2

Note that the hazard quantile function of (6.11) is H(u) = (u — ¢ + 2cu) 1,
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TABLE 6.2: Quantile function and the quantile-based dynamic extropy of some

distributions.
Distribution Q(u) Jo(u)
Exponential —w, A>0 2
-1 21—u)t+?
Pareto II Y(1-u)T —1),7,¢>0 -

=) ((2c+1)7)

Rescaled Beta

R(lf(lfu)}>,c,R>O

Cz(lfu) 1/¢
2(2c—1)R

Generalized Pareto

Z[(l—u)’# —1b> 00> -1

(@1
2(3a+2)b

)

1
Power yub,v,>0 2(0—2B)7(1—u)2
Uniform a+(b—a)u, —c0o<a<b<oo *m
Davies e, >0. =

1- 1
(=) C((lf‘“)z*ﬁ)

Example 6.4. This example shows how to construct new quantile functions that

confirms to known functional forms of Jo(u). Let Jo(u) = —et™. Then from (6.8),

Tdp _ 2,b
qu—Z(l—u)e”,0<b<20r

which is a quantile density function.

Theorem 6.2. Let X be an absolutely continuous non-negative random variable. Then
Jo(u) is linear of the form Jo(u) = A+ Bu, A <0,A+ B < 0,B > 2A ifand only if

H(u) is linear.
Proof. Then from (6.10)

H(u) =2B—4A —6Bu=a+bu,a=2B—4A >0,b = —6B,
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which is a hazard quantile function whenever B > 2A. Conversely let H(u) =

a+bu,a>0,a+b>0, (see Midhu et al. (2014)). Then
a+bu=—4Jo(u) +2(1 —u)J5(u) (6.12)

which reduces to a linear differential equation

, 2]o(u) _ (a+bu)
lo) ~ 10 = 2t~ )

with integrating factor (1 — u)2. Thus

- = =Y

giving the general solution

—3a —b+2bu C
]Q(M) = 12 + (1—1/1)2.

It satisfies (6.12) only when C = 0. Thus

—3a—b+2bu
Jo(u) = B = (A + Bu).

]

Remark 6.1. Distribution with linear hazard quantile function has been dis-
cussed in Nair et al. (2013) and Midhu et al. (2013) where its properties and
applications are given. It subsumes the exponential, half-logistic, exponential-

geometric and Marshall-Olkin type distributions. Thus Theorem 6.2 provides a
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characterization of the linear hazard quantile function family in terms of linear

residual extropy quantile function.

With the aid of (6.10), we can derive some ageing properties of X by means of

Jo(u). Differentiating (6.10), we get

H(u) = ~6](u) +2(1 — ) [3(u).

Consequently, X is IFR if Jo(u) is increasing and concave, while X is DFR when
Jo(u) is decreasing and convex. Also, we have some stochastic orders connect-

ing two lifetimes X and Y with residual extropies Jo, (1)and Jo, (u).

Definition 6.3. We say that X has less residual quantile extropy than Y, denoted
by X SRQE Y if ]QX(M) < ]QY(M) forall 0 < u < 1.

Theorem 6.4.

X<poY=X<gorY

where <y is the hazard quantile function order.

Proof.
1
< >
X= Y ) = A= 0 W)
1 dp 1 dp 1 1 dp 1 1 dp
= Ju qax(p) = w(p) T 20-uw? Ju gx(p) < 20—ul Ju y(p) < X <pgE Y.

]

The implication of this theorem is that when X <p Y, the device with lifetime
X is less reliable than that with lifetime Y which also means that the information

content in the residual life distribution of X is smaller than the content in Y.
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Remark 6.2. Since X SHQ Y& X ZRHQ Y we have X ZRHQ Y& X SRQE Y.

It may be noted in this connection that the residual extropy (6.4) can also be
ordered. We say that X is less than Y in residual extropy, denoted by X <grg Y,
if Jr (t) < Jg,(t) for all t > 0. However, X <gg Y and X <pgg Y are not
identical. Also, it appears that implications of <grr with other stochastic orders

are difficult to find in contrast to <ggf .

Some comments about the above result seem to be in order. Since X <pg Y is
equivalent to the dispersive order X <g;s, Y all properties of the dispersive order
given in Shaked & Shanthikumar (2007), Section 3B holds good for the residual
quantile extropy order. Two important results in this connection are when X and
Y have zero as the lower endpoint of their supports, from Theorem 3.4 X <rof
Y=X>+Y < Qx(u) > Qy(u) for all u or Fx(x) < Fy(x) for all x. The other
result is X <gpop ¥ = V(X) < V(Y) where V stands for the variance. While
extropy accounts for the uncertainty due to the individual probabilities involved
in the distributions, variance speaks about the variation about the mean and
have apparently these two notions have conceptually no connection. The above
result brings an implication between the two. The converse of Theorem 6.4 may
not be true and therefore the additional requirements that ensure the converse

is stated in the next theorem.

Theorem 6.5. If }S;Y(((Z)) is increasing in u, then X <gop Y = X <pq Y.
Proof.
1 dp
u
;QY Eu; is increasing < ulq_yd(pp) is increasing.
Qx

u gx(p)
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Jay (u)

Jay (4)
0.35 -
Hx (u)
0.30 -

0.25 |-

0.20 |-

10l Hy (W)
0.15 -

5 0.10
0.05 -

O.‘Z 0.‘4 0.‘6 0.‘8 1.‘0 “ 0.‘2 0.‘4 0.‘6 0.‘8 1.0 “
(a) Plot of H(u) against u. (b) Plot pf ]QYE ; against u.
FIGURE 6.1
1 1 d
. / / p 720
gx(u) Ju qy( P ”)
1 dp

—

o1 L;qyd(p) >1e (1—u)gy > (1—u)gx
qax f _p
u gx(p)

= Hx(u) > Hy(u) =X SHQ Y.

SinceXSHQY<:>X§RHQYwealsohaveXgRHQYéXgRQE Y. O
Example 6.5. For the uniform distribution Qx(u) = u, Jo, (1) = —12; and
3
1 4 (1
for Qy(u) = u2, Jo,(u) = —5((1 u)) 0 < u < 1,so that X >rop Y. From

Figure 6.1(a) it is clear that X and Y are not in hazard hazard quantile order.

Figure 6.1(b) shows that ]QYE ; is decreasing in u. So that the condition given in

Theorem 6.5 can not be relaxed for satisfying the implication.

Theorem 6.6. Let X be a random variable with quantile function Q(u) and hazard
quantile function H(u) for all u € (0,1). The relationship Jo(u) = —kH(u), where k

is a non-negative constant holds for all u if and only if X has

(i) rescaled beta distribution Q(u) = R (1 - (1- uﬁ) ,0<u<1,R>0c>3if

1
k>1
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(ii) exponential law Q(u) = M,O <u<LA>0ifk=}and

(iii) Pareto II distribution Q(u) = y((1 — u)%1 ~1),0<u<Lca>0ifk<i.

Proof. Assume that Jo(u) = —kH (u). Differentiating both sides and using (6.9),

we get
H(u) = —2k(1 — u)H'(u) + 4kH (u),
implies,
H'(u)  4k—-1
H(u)  2k(1—u)
Now,
log H(u) = %(— log(1—u)) +logc,
equivalently,
2
H(u) = .
(1—u)'s

When k = 411' H(u) =1, a constant which characterizes exponential distribution.

1
c

For Pareto Il H(u) = %(1 —u)c and for rescaled beta H(u) = (1 — u)%l. So

that k < 411 characterizes Pareto Il and k > }1 characterizes rescaled beta.
O]

Theorem 6.7. Let X and Y be two non-negative random variables with quantile densi-
ties qx(.) and qy(.) respectively such that gx(0) < qy(0). If X <. Y, then Jo, (1) <
Joy (u).
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Proof. If X € IFR then H(u) is increasing in u. We have X <. Y, iff Zi((z)) is

increasing in 0 < u < 1. That is,

equivalently,

gx (1) < qy(u).

Thus

The following theorem provides the upper bound of extropy.

Theorem 6.8. If X is said to have an increasing failure rate (IFR (IFRA, NBU)) then

Jox (1) < Jo,(u), where Y has exponential distribution.

Proof. X € IFR(IFRA,NBU) if and only if X <, (<., <g)Y, where Y has the
exponential distribution with mean % (see Shaked & Shanthikumar (2007)).
Since Jo, (4) = =, we obtain the upper bound of extropy of IFR(IFRA, NBU)

classes by Theorem 6.7 O
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Theorem 6.9. Let X be a non-negative continuous random variable with quantile func-

tion Q(.) and mean residual quantile function M(.). Then
Jo(u)M(u) =c, (6.13)
where c € R if and only if X has exponential distribution.

Proof. Let X has exponential distribution with quantile function Q(1) = —} log(1—

u),A > 0. We have M(u) = }. Now,

Jo(u) = —

that is Jo(u)M(u) = ¢, a constant.
Let (6.13) holds. Taking derivative on both sides of (6.13) with respect to u we

get

Jo(u)M(u) + Jo(u) M (u). (6.14)

Using the relation (see Nair et al. (2013))

(6.14) becomes
(H(u)M(u))* + 6¢(H (1) M(u)) — 2¢ = 0.
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By solving the above differential equantion we get
H(u)M(u) =c,

which characterizes exponential distribution. O

6.5 Extropy of order statistics
Extropy of i order statistic based on (6.1) is given by
-1 oo >
=5 |, s, (615)

where fi.,(x) = mlfi_l(x)(l - P(x))”_if(x).

Within the framework of quantile functions we obtain the quantile-based ex-

tropy based on (6.15) as

10600 = 5[ (g - p ) ) o)

1l i1 =i 2

In system reliability, first-order statistic represents the lifetime of a series system
while the n'* order statistic measures the lifetime of a parallel system. For a

series system (i = 1),

) = 5 [ (e =) talp)) 617)

0
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For a parallel system (i = n),

) = 5 [ "2 a(p)) . ©619)

The following theorem provides some interesting properties of quantile-based
extropy of order statistics when the pdf of the underlying iid random variables

are symmetric.

Theorem 6.10. Let X1, Xy, ..., Xy, be iid samples whose distribution is symmetric about

mean . Then

(a) ](in) = ](Xn—i+1:n)

(b) A](Xi:n) = _A](Xn—i:n)/Vi = 1,2,..,n — 1 where A](Xi:n) = ](Xi+1:n) -
](Xi:n)-

(©) IfY = 22 then [(Yin) = a] (Xim)-

Proof. For a symmetric random variable X;., = —X,,_;.1, equivalently f;.,(u +

%) = fuis1n(t — x). That is

ui—l(l - u)n—i B u”_i(l o u)i—l

B(i,n—i+1) Bn—i+1,i)’

Therefore
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(a)

-1
](Xn—i—i—lzn) = 7

(b) We have, A](Xi:n) = ](XiJrl:n) - ](in)

Now, A](Xn—i:n) = ](Xn—H—l:n) - ](Xn—i : ”) = _A](Xi:n)'

(0 LetY = X4

Then

) = 01(’”Bi(_;fj_‘i”fl_;)z(”’Xi’”))_ldp

= a](Xi:n)-

Recently, Baratpour et al. (2007), Baratpour et al. (2008) showed that Shannon
entropy and Renyi entropy of the i*" order statistic can characterize the under-
lying distribution uniquely. Motivated by these we propose the quantile-based

residual extropy of it" order statistic as

_ —1 U ooi=1) g1 \2(n—i) 1
]QXi;n(u)_z(gu(i,n_i+1)z)/u P (1—p) (q(p))"dp.  (6.19)
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For series system (i = 1), the quantile-based residual extropy is given by

—n?

1
Jox,, (W) = 57—y [, (1= PP alp)) dp. (6:20

For a parallel system (i = n), the quantile-based residual extropy is given by

—n?

1
Jos,, ) = = [ P D(a(p)) ap. 621)

Here we consider series system. Differentiating (6.20) with respect to u, we get

2
Jo, (1) = g T, (),

equivalently

) =" (= w2l (1) =207, () (6.22)

(6.22) shows that the quantile-based residual extropy of the first-order statistic
can characterize the underlying distribution uniquely.

Theorem 6.11. Let X be a continuous random variable with quantile function Q(u)

and hazard quantile function H(u). If the quantile-based dynamic extropy of first-order

statistics is increasing (decreasing) in u, then ]QX“1 (u) > #(”).

Theorem 6.12. Let X be a random variable with hazard quantile function H(u). If
]QXl. (u) = —kH(u), forall u € (0,1)
i a rescaled beta distribution, if and only if k > § and ¢ > % ;

ii an exponential distribution if and only if k = ;
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TaBLE 6.3: Quantile function and the quantile-based extropy of first-order statis-
tic for some distributions.

Distribution Q(u) Jox,, (1)
Exponential —w, A>0 =rA
— ZVIZ —u 1/c
Pareto II Y(1=u)F —1),7,¢>0 %
Rescaled Beta R (1 - (1- u)%) ,6,R>0 - Cz;’;((lz;ﬁ‘,);/[
Generalized Pareto Z[(l —u)"# —1,b>0,a > —1 %%
Br®(1—u) 21!(1‘(2 5)11'(2 - Bu(Z—%,Zn—l))
Power ’)’“%r%ﬁ >0 — i BZ;I)
. ,12
Uniform a+(b—a)u, —co<a<b<oo *W
. n-(u—
Davies [ ~ aen-1)(1—u)
iii a Pareto distribution if and only if k < %
Proof. The proof is similar to Theorem 6.6. [

Theorem 6.13. The exponential distribution with quantile function Q(u) = _Tl log(1—

u) can be characterized by J(X;.,) = nJ(X).

The next theorem implicates the monotonic property of quantile-based extropy

of first-order statistic.

Theorem 6.14. If X has a decreasing density quantile function f(Q(.)) then Jo, (u)

is decreasing.

Jos,, (1) = 1_u1 /11—;91 TAQp)
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Thus the proof. O

The following counterexample shows that the above theorem is applicable for

tirst-order statistics only. The theorem violates for i > 1.

Example 6.6. Consider power-Pareto (¢ = Ay = Ay = 1) distribution with quantile

function Q(u) = % It is clear that the density quantile function f(Q(u)) =

(1 — u)? is decreasing in u. Now, we obtain

Foaln) = s [ P
_ ﬁ / 20— p)dp. (6.23)

From (6.23), we get Jx,,(3) = —0.068 and Jx,,(3) = —0.059. That is Jx,,(3) <

J Xy, (%), which is not decreasing in u.

6.6 Past extropy

It is reasonable to presume that in many realistic situations uncertainty is not
necessarily related to the future but can also refer to the past. The extropy of

past lifetime [X|X < t] is defined as

=2 [ (2 ax 624
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TABLE 6.4: Quantile function and the quantile-based extropy of some distribu-
tions.

Distribution F(x) A(t) Jr(t)

Uniform x,0<x<1 1 -

B . B B 1
Power ()P, 0<x<a;>0 £ —%;52;3
: : A A F2AET
Reciprocal exponential exp(—%) 4 vz —
Generalized exponential (1—e)¥,x>0;6,A>0 egfl —% <ﬁ - %)

. . 2 B, x>0; Z(1+t) 3 1+ (1+t
Lindely distribution g (14 x)e P00 TEp | s (Tﬁﬂ e t)z)
Reversed exponential e"("*b),O <x<byab>0 a 4

a+T
Reversed generalized Pareto (;’ﬁg) T ,a>—1,c>00<x<b C"L}t 7%,0 <x<b

The reversed hazard rate function related to the past lifetime random variable,

defined as A(t) = é(—t% By differentiation with respect to t, (6.24) becomes

(¢

A2(8) +4A (D) Je(t) +2]5(t) =0, (6.25)

as a relationship between reversed hazard rate A(f) and past extropy. Some
examples of A(t) and Jr(t) are given in Table 6.4. Since Jr(t) lies in (—oo,0), the
analysis of (6.25) depends on whether Ji.(t) is zero, positive or negative. When
Jr(t) > 0 there can be two roots and in the other cases there is only one positive

root for (6.25). The roots are given by

= (1) £ JAT2() — L),

— 1
212

A(t)

In the case of uniform distribution Ji(t) > 0, both the roots are identi-

cal. Hence Jp(t) —% characterizes the uniform law. All distributions with
decreasing past extropy are characterized by the form of J¢(t). But when JE(¢)
is increasing both the solutions of (6.25) can be reversed hazard rates. Thus in

general, Jr(t) does not determine F uniquely.



Reliability properties of extropy for residual and past lifetime random variable 162

Example 6.7. In Table 6.4, Jp(t) = —ﬁ;)t, B > 1 for the power distribution.

Substituting in (6.25) and solving

2R 2B(B-1)
MO =125 =2y £ ap 2t

B

Thus the two solutions are A;(t) = 7 giving the original power distribution and

Ap(t) = #fz)t giving another power distribution F(t) = ( >4ﬁ *,B > L Thus

Je(t) does not uniquely determine F.

Further, (6.25) reveals that Jr(t) is strictly increasing (decreasing) in ¢ according

as Jr(t) < (>) — %. Examples of increasing (decreasing) past extropy, IPE
(DPE) and some characterizations by relationships reversed hazard rates are

seen in the next two theorems.

Theorem 6.15. Let X be a non-negative random variable with support [0,b]. Then
the property Jp(t) = —kA(t) where k is some non-negative constant is satisfied by all

t € (0,b] if and only if X follows reversed generalized Pareto with

a+1

F(x) = (Z;iz) " a>—lc>0,x€ (0,0]. (6.26)

Proof. The necessary part follows from Table 6.4, where k = failz > 0. From the

given property Q;—((?) = % ‘ziﬁ and on integration A(t)(p + gt) ! with p > 0 and
qg= 1 2k Thus
n 1
_ Y _ [(PTqx)1 <
F(x) = exp| /x A(t)dt] (P —|—qb) ,0<x<b. (6.27)
By setting k = 575555, a = 4k — 1, ¢ = p(1 — 2k), (6.27) leads to (6.26). m
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Remark 6.3. As a — 0 in (6.26), we have
F(x) =explc ' (x —b)],0<x <b

the reversed exponential distribution. In this case k = § and Jr(t) = —4%. Two

other members of the family (6.26) are of the form
a+1

142\ ©
F(x) = ( C) ,a,c>0

b
1+ 2

12
F(x) = 1_;517 ,p,c>0,

c

and

obtained when k < 1 and k > 1 respectively.

Remark 6.4. X is IPE when a > 0, DPE when —1 < a < 0 and X has constant
Je(t) when a = 0. Thus Jr(t) can be increasing, decreasing or constant, the last

two cases holding only when zero is a point of discontinuity of F.
Theorem 6.16. If F(x) is absolutely continuous satisfying F(0) = 0 then Jp(t) =

—kA(t) for k > 0 and all t if and only if F(x) = (g)ﬁ,o <x<ap>1

Proof. The “if” part follows from Table 6.4. Further to prove the converse, pro-

ceeding as in the previous theorem we have

1
F(x) = (M>q,0§x§a.
qu+p

SinceF(0) = 0 we have p = 0 and taking ¢ = B!, we have the required F(x). [
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Much more general and powerful results can be found by considering the past

quantile extropy

Jo(w) = T(Q(W) = ~g7 [[ o, (625)

A major benefit of (6.28) is that unlike J¢(t) the past quantile extropy function

Jo(u) determines the distribution of X uniquely through the inversion formula

() = (~2(ufo(u) +12Tp(w)) . (6.29)

This enables construction of distributions based on past quantile extropy func-
tion. We demonstrate the utility of (6.29) in model building. Consider the

rational function

c 2
— — J— — <
]Q(u) = (a bu + ),a +4bc < 0.
By (6.29) we can write
qg(u) = (2¢ + 4au — 6buz)_1,a2 < min(—4bc, 3bc). (6.30)

Equation (6.30) defines a distribution with hazard quantile function

_ 2c+4au + 6bu?

H(u) T

When 2a —3b+c = 0,c # 0, H(u) = 6bu — 4a + 6b, giving a linear hazard quan-

tile distribution discussed earlier for X. When ¢ = 0,2a = 3b and |, Q(u) =bu—a,
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a linear function of u with a > b. Also when b = 0, we have Jo(u) as a homo-
graphic function with a2 > 0,c > 0. Finally b = ¢ = 0 leads to the exponential
model. Thus (6.30) comprises of a new class of distributions with exponential,

half-logistic, exponential-geometric etc., as special cases.

The residual and past extropies can be related to one another in the quantile
framework. Thus the knowledge of one of these is enough to determine the
other which saves the computational work involved in finding it from first prin-

ciples.

Theorem 6.17.
Jo(u) = (1=u)72 (Jo(1) = w?Jo(u))

and

Equating these expressions and integrating

(1= u)*Jo(u) = —u*Jo(u) +k.

Asu — 0,k = J(0) and as u — 1,k = Jo(1). The identities in the Theorem now

follow. ]
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With reference to reversed hazard quantile function, we find

Ao(u) = — (4}‘Q(u) +2u7g3(u)) . (6.31)

Hence for an absolutely continuous F, Ag(u) is decreasing whenever Jo(u) is
increasing and convex. As seen earlier Ag(u) can also be increasing or non-
monotone when X has support [0,5],b < oo and zero is a point of discontinuity.
It can also be concluded that Jo(u) determine Ag(u) uniquely. Since equation

(6.31) being a differential equation in Jo(u), it can be solved to find

To(u) = u2 (/—”Ag(”) +k),

where k is determined such that lim,_,; Jo(u) = Jx, the extropy of X. The last

equation shows that Jo(u) is completely specified by Ag(u). Comparison of
past extropies of two non-negative and absolutely continuous random variables

X and Y can be accomplished in terms of stochastic orderings.

Definition 6.18. (i) The random variable X is less than Y in past extropy de-
noted by X <ppx Y if jx(t) < f_y(t) for all t > 0.

(ii) We say that X is less than Y in past quantile extropy, X <pgopx Y if

Joy (1) < Jo, (u) forall u € (0,1).

The following are the some important properties of the two orderings <pgpx and

<PQEX-

(i) The stochastic order <pgx does not imply <poEx -
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Example 6.8. Let Fx(x) = x,0 < x < 1 and Fy(x) = 2,0 < x < 1. Then

Jx(t) = —% and Jy(t) = —2 so that X >ppx Y. However, Qx(u) = u and
Qy(u) = u? leads to Jog(u) = —4 and Jo,(u) = —-%. Now, Jo, (1) and
3u2

Joy (1) cross each other at u = 7 and hence not ordered.

(i) Also, <pggx does not imply <pgx .

Example 6.9. Let F(x;\) = e’%,x > 0; A > 0. Then Jx(t;A) = —%—ﬁuz, and
it is easy to see that [x(#;1) and Jx(¢;2) cross at t = 2. Hence Jx(t;1) and Jx(t;2)

are not ordered by <prx . On the other hand, Qx(u) = —A(logu)~! gives

Hence Jo(u;1) <pgex Jo(1;2).

(i) X <puo Y & X >no Y = X <pgpx Y. Conversely if ][;Y(EZ; is increasing
in u then X <porx Y = X <gugo Y = X >Hp . The proof is similar to that of

Theorem 4.3.

(iv) Although <ppx and <pgpx are not mutually implied, they can do so under
certain conditions. If Jy(t) be increasing and X <j, Y, then X <ppx Y =

X <pgex Y.

Proof. X <ppx Y < Jx(t) < Jy(t) & Jx(Qx(u)) < Jy(Qy(u)). Since ] is increas-
ing and X <;, Y = Qx(u) < Qy(u). The last inequality is Jo, (1) < Jo, (1) and

the result follows. O
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Remark 6.5. In the above result X <j, Y can be replaced by X <,;,, Y. Also one

can use X <y Y or X <gpq Y.

There are occasions where one has to compare the reliabilities of two devices,
e.g. those with the same specifications and use but produced by different man-
ufacturing processes. In such cases, we identify those with less residual uncer-
tainty as more reliable. Let X and Y be non-negative random variables with

zero as the left extremity of the support.

Definition 6.19. The random variable X is smaller than Y in decreasing residual

Qy()
X()
1 _dp

extropy, denoted by X <pgrg Y, if if is increasing in u € [0,1]. This is

7y (p)

dp
qx(ﬂ)

equivalent to saying that X <prp Y < —1+2" is increasing in u for all u € [0, 1].

Similarly X is smaller than decreasing past extropy if ISY—EZ; is increasing in u
X
u _dp
and is written as X <ppg Y. Obviously X <ppp Y is equivalent to fou Wd;’? ) is
0 ax(p
increasing in u. Thus
b
X <ppr Y & qd > 7x (1)
¢ Ap gy (u)
0 gx(p)
J H
o Jox() 5 Hy(u) (6:32)
Joy(u) — Hx(u)

In cases where it is difficult to establish the monotonicity of %, inequality

Qy
(6.32) gives a graphical procedure. When the graph of the ratio %X EZ;
Y

that of E}i%, we conclude that X <ppg Y. Likewise we have the bound for

lies below
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X <pgre Y as

Hx(u)
Hy(u)

Jox (1)
Joy (1)

X<pre Y & <

(6.33)

Inequalities (6.32) and (6.33) are necessary and sufficient conditions.

The two orders <pgrp and <ppg are also useful in defining the DREx and DPEx

classes. In fact we have
X <DPEx E < Xis DREx

and

X <ppEx E* & X is DPEx

where E is the exponential random variable and E* is the reversed exponential
random variable. From Theorem 6.17 we see that for two non-negative random

variables X and Y

gy (1) = Joy (1)) = (1 = )2 (Tou (1) = o, (1) = #2(Tgy () — To, () ).

In lifetime models for which Jo, (1) = Jo, (1), that is X and Y have the same

extropy measure [x = Jy, it is easy to see that

Jax(u) = Jo, (u) < Jox (1) < Jo, ()

or X > (<)DREx is equivalent to X < (>)DPEx. The condition Jx = Jy is not

a trivial case as can be seen in the next example.
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Example 6.10. Assume that Fx(x) = x%,0 < x <land Fy(x) =1—(1—x)%,0 <
1
2.

x < 1. Then Jx = Jy = —3. Notice that Qx (1) = u? and Qv(u) =1—(1—u)

3

3 3
We have Jo, (1) = =375 and Jo, (1) = =279 so that Jo, () > Jo, ().

3(1- 3(1—u)?
3
Also Jo, (1) = —ﬁ and Jo, (1) = —2((1_3"# so that Jo, (1) < Jo, (u).
Past extropy is defined as,
) 1t
JH(X) = _F(t)/O fo(x)dx. (6.34)

Theorem 6.20. Let X be a random variable having generalized-Pareto distribution with

quantile function Q(u) = & ((1 — )@ — 1) ,a > —1,b > 0if and only if

- Cl

Jow) = = (1 -w)(qu) " ~ ). (635)

Proof. Suppose that (6.35) holds. Then using (6.28), we have

-1

> [ @) N = 5 (1= w(g() 7 - c2). (6:36)

u2

Differentiating both sides of (6.36) with respect to u, we get

/ J—
q(u)(l_u)_ 2c;c 1'
1

Integrating both sides we get the g(u) of the generalized-Pareto distribution.
Thus the proof. O

Theorem 6.21. Jo(u1) = ¢, a constant if and only if X has exponential distribution

with negative support.



Reliability properties of extropy for residual and past lifetime random variable 171

Proof. Let Jo(u) = c. Using (6.29), we have A(u) = —4c, which characterizes
exponential distribution with negative support. Conversely suppose that X has
exponential distribution with support (—oo,0) having quantile function Q(u) =

1 log u. Using (6.28), we get Jo(u) = =, a constant. O

Theorem 6.22. Let X be a non-negative continuous random variable with quantile

function Q(.) and reversed mean residual quantile function R(.). Then
Jo(u)R(u) =c, (6.37)
where ¢ > 0 if and only if X has power function distribution.

1
Proof. Let X has power distribution with quantile function Q(u) = yuf,vy,p >

1
0. We have R(u) = #uﬁ. Now, using (6.28)

Jo(u) = m”ﬁ

_ P (R
BTN

Conversely suppose that (6.37) holds. Differentiating (6.37) with respect to u,

we get

Using the relationship (2.39) and (6.37), we have obtain

(A(u)R(u))? + 6¢A(u)R(u) —2¢ = 0. (6.38)



Reliability properties of extropy for residual and past lifetime random variable 172

The solution of (6.38) is obtained as A(u)R(u#) = ¢, a constant which character-

izes power distribution. This completes the proof. O

Remark 6.6. Quantile-based dynamic past extropy can be expressed in terms of

quantile-based dynamic extropy and quantile-based extropy as,

Tolw) = 23 (10X) + (1= 02 Jo(w)

6.7 Cumulative residual extropy

In this section, we introduce a cumulative residual extropy using distribution
function and quantile approaches. Cumulative extropy of a non-negative con-

tinuous random variable X can be defined by

CE(X) = —% O°° F2(x)dx. (6.39)

CE(X) is obtained by replacing the probability density function f(.) in (6.1) by
the survival function F(.). Unlike (6.1), CE(X) is more stable as the cumulative
distribution function F(.) or F(.) always exists. For the residual random variable

X, (6.39) modified to

CE(X;) = —% /t N (1;2(’“)> dx, (6.40)
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can be termed as cumulative residual extropy. Based on (6.39), the quantile-

based cumulative residual extropy can be defined as

1
O(X) = —5 [ (1= pPa(p)ap. (6:41)

The corresponding quantile-based cumulative residual extropy function using

(6.40) becomes

_ 1 /=pp
CI)Q(”) -2 ; <(1 — u)g) q(p)dp (6.42)
Differentiating both sides of (6.42) with respect to u, we get

a(u) = (%Qfl;‘) + 2c1>'Q(u)> . (6.43)

The identity (6.43) uniquely determines the quantile density function.

Equation (6.42) can be also expressed in terms of the hazard quantile function

by

®q (1) = —ﬁ /u 1 ((L?p‘?) dp. (6.44)

Using the interrelationship between hazard quantile function and mean residual

quantile function, given by (H(u))™! = M(u) — (1 — u)M'(u), (6.44) becomes

@) =~y [ (1= My + 5t [ 0= pPaM(p). 645)
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Applying integration by-parts on the second term of (6.45), yield

Po(u) = —ﬁ /ul(l — p)M(p)dp — Méu)- (6.46)

Equation (6.46) represents the quantile-based cumulative residual extropy in

terms of mean residual quantile function M (u).

Example 6.11. For proportional hazard quantile function model Qy(u) = Qx(1 —

(1—u)?),

1 1 1 1
@0, () = ~gger—ayz [, (1= ) hax(1 = (1= p)h)ap

Takingv =1— (1 — p)é, then

— 1 ! 20
Co () =~ A w2 /1_(1_u)§(1 —0)7qx(v)do.

Theorem 6.23. For a non-negative continuous random variable X with ®o(u) = c,
where ¢ > 0 is a constant. Then H(u) is a constant, which characterizes exponential
distribution.

Proof. The proof directly follows from (6.43). O

Definition 6.24. We say that X has less cumulative residual quantile extropy

than Y, denoted by X <crog Y if &g, (1) < Og, (1), forall 0 <u < 1.

Theorem 6.25. If X <o Y then X >croe Y.
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Proof. Let X <pq Y. So that qx(u) < qy(u) implies that

1 1
/u (1—p)*gx(p)dp < /u (1—p)*qv(p)dp,

equivalently
s [ pPaxpip >~ [ pPay ()
2(1—1/[)2 ; pP)qx\p)ap = 2(1_u)2 ; P)qy(p)ap

Thus CI)QX(M) 2 CDQY(u). O

Theorem 6.26. X <cror Y # X <pp Y.

The following counter example illustrates the above theorem.

Example 6.12. Let Qx(u) = u? and Qy(u) = 2u — u?, both does not have a

tractable distribution function. We have ®g, (u) = (3”%)2(”_1) and ®g, (1) =
—@ holds X SCRQE Y. But the hazard quantile functionsHx (1) = m

and Hy(u) = has the property Hx(u) > Hy(u) for u = 3 and Hx(u) <

( u)?
Hy(u) for u = % Thus X <crof Y does not imply X <pq Y.

Definition 6.27. X is said to have increasing (decreasing) cumulative residual

quantile extropy (ICRQE (DCRQE)) if ®(u) is increasing in u.

Theorem 6.28. If X is ICRQE (DCRQE) then ®(u) < (>)1 ((1 —u)M'(u) — M(u)).

For exponential distribution with Q(u) = —+log(1 — u), ®o(u) = —z;. The

exponential distribution is the boundary class of ICRQE and DCRQE classes.
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Theorem 6.29. Let X be a random variable with quantile function Q(u) and mean
residual quantile function M(u) for all u € (0,1). The relationship ®g(u) = cM(u),
where c is a non-negative constant holds for all u if and only if X is distributed as Pareto

I1, exponential or rescaled beta when c% zl;-
Proof. Assume that
Do (u) = cM(u), (6.47)
holds. Differentiating (6.47) with respect to u, we get
P (u) = cM(u),

and using (6.43), we obtain

4cM(u)

2eM'(u) = q(u) + ——=,

equivalently
M(u)  [4c—1 1
M(u)  \2c+1)\1—-u)’
d —4c+1\ d
JlogMOn) = (55 ) (- log(1-w),
implies M(u) = ¢1(1 — u)%lgi. O

Theorem 6.30. If Y = aX + b, witha > 0 and b > 0, then Og (u) = adg, (u).
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Proof. Let Y =aX + b, witha > 0 and b > 0. Then

Fly) = Pl <y] = Plax +b <] = Ex(1 ),

By setting Fx (ny1)> = u, we get Qy(u) = aQx(u) + b, we have

Do, (1) = —ﬁ /ul(l —p)’av(p)dp = —ﬁ /ul(l = p)*aqx(p)dp = a®q, (u).

]

Theorem 6.31. Let X be a random variable with quantile density function
g(u) = ku’(1 —u)~ A9 k> 0,A,6 €R, u € (0,1)

if and only if

Do (1) = (CD(X)+%BM(1+(5,3—5—A)>.

6.8 Application of quantile-based extropy

To apply the quantile-based extropy in real life situation, we need to develop a

non-parametric estimator
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6.8.1 Non-parametric estimation and simulation studies

To propose a non-parametric estimator for quantile-based extropy function, we
consider a random sample Xj, Xp, ..., X;;. We compute empirical distribution

function Fy.,. The empirical quantile function is given by (Parzen (1979))
Q(u) =n 1—u X1 +n u—j_—l X (6.48)

for ]_Tl <u< % and j = 1,..,n. The corresponding quantile density function
§(u) = Q'(u) is given by §(u) = n(Xjy — X(j-1) for ]_71 <u< % andj=1,..,n.

We consider estimator for quantile-based extropy given by,

. 1.
JX) == | (q(p))""dp,

A

where g(p) = n(X(;) — X(j_1)) is the empirical estimator of quantile density (see

Parzen (1979)). The estimator can be written in the form

J) =53 % (n(X(]-) - X(jl))>1 . (6.49)

To assess the efficiency of the estimator (6.49), we conduct a Monte Carlo sim-
ulation study with various sample sizes n = 20,100, 300, 600,900 and 1000. The
data are generated from Davies (power-Pareto) distribution given in Table 6.1
with parameters ¢ = 1,A; = 1 and A, = 7. The true value of J(X) for the Davies
distribution is —0.038. The bias and MSE are computed for each of these sam-
ple sizes and are given in Table 6.5. It is evident from Figure 6.2 that the MSE

decreases as sample size increases.
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TABLE 6.5
n 20 100 300 600 900 1000
Bias | 0.4782 | 0.4345 | 0.4393 | 0.4288 | 0.4008 | 0.3759
MSE | 0.3429 | 0.0426 | 0.0075 | 0.0066 | 0.0020 | 0.0008
J(X) | -0.5162 | -0.4725 | -0.4774 | -0.4668 | -0.4389 | -0.4139
0.10:» ]
0.08} ]
W 0.06 | 1
w [
E F
004 - ]
0.02} ]
0.00 F ]
0 200 400 600 800 1000

6.8.2 Data Analysis

n

FIGURE 6.2: Mean square error of the estimator

For establishing the usefulness of the proposed quantile-based extropy, we apply

the above empirical estimator to real-life data set. The data consists of the times

(in months) to first failure of 20 small electric carts (Zimmer et al. (1998)). Now,

we fit the data using Davies distribution. To estimate the parameters, we use

the method of L- moments, which are the competing alternatives to the conven-

tional moments (see Hosking (1992)). Since Davies distribution contains three

parameters, we take three sample L- moments which are given respectively by,
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3 E () () s e
s=36) B (03200 (12 o e

where X(;) is the i'" order statistic. The corresponding population L— moments

are given by

Li=u=cB(A1+1,1-A1y),

(M FA)

L, —
2T A A t2

B(A1+1,1—Ap),

and

L= C(/\% + )&% 4+ 4A A + Ay — )Ll)B(/\l +1,1— )Lz) .
()Ll —Ap +2)()\1 — Ay +3)
We equate sample L- moments to population L- moments given by,

l, =L, r=1,23. (6.50)

Solutions of set of equations (6.50) give the estimates of c, A} and A;. The esti-

mates using L- moments are
¢ = 18.6139, A7 = 1.12554, A, = 0.291096.

Thus the non-parametric estimate of extropy is —0.020254 and the parametric
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F1Gure 6.3: Q-Q plot for the data set

estimate of the extropy measure for the same family of distribution is —0.01735.
To check the goodness of fit, we use Q — Q plot which is represented in Figure:
6.3, shows the adequacy of the model since the number of observations is small

to accommodate the chi-square test.






Chapter 7

Summary and Future Work

Information theory provides a unification of known results and leads to natu-
ral generalizations and the derivation of new results. Recently, quantile-based
studies are of special interest among many researchers while it has some special
teatures which are not shared with the distribution function approach. Quantile
function exists for a few distributions which do not have a tractable distribution
function. Motivated by the special features of the quantile function, we stud-
ied some information measures within the framework of the quantile function.
Chapter 1 provides an introduction to the thesis which contains a brief outline
of the work we have carried out. In Chapter 2, we gave a brief review of the lit-
erature and basic concepts regarding quantile functions and some information
measures. We also conducted a quantile-based study for order statistics along
with redefined ageing concepts. The order relations can be used for the compar-
ison of the characteristics of two distributions. We studied the order relations of

order statistics in terms of quantile functions.

In Chapter 3, we have introduced entropy and residual entropy of order statis-
tics in terms of the quantile function. It has been shown that the quantile-
based residual entropy of order statistics determines the quantile density func-

tion uniquely using a simple relationship between quantile density function and

183
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quantile-based residual entropy of order statistics. We have derived some upper
bounds for the entropy of order statistics in quantile set up, which may be use-

ful when the quantile density has no closed form or the computation is difficult.

Chapter 4 derived a quantile version of the cumulative residual Tsallis entropy
due to Sati & Gupta (2015) and Rajesh & Sunoj (2016) respectively and studied
its different properties. We have illustrated the usefulness of these measures in
modelling certain distributions using quantile-based reliability functions. We
obtained certain bounds to these quantile-based cumulative residual Tsallis en-
tropy measures. We also extended these quantile measures in the context of

order statistics and studied its properties.

In Chapter 5, we have introduced quantile-based cumulative Tsallis entropy and
its dynamic version for past lifetime random variables. It is shown that the
quantile-based cumulative Tsallis entropy in past lifetime determines the distri-
bution uniquely through an explicit expression. Our approach gives an alter-
native method for finding the cumulative Tsallis entropy in past lifetime and
useful for the probability models which do not have a closed distribution func-
tion. We have also studied different properties of these quantile-based measures
in the context of order statistics. In particular, we have examined the properties

of quantile-based cumulative Tsallis entropy of nth order statistic.

Chapter 6 established some new monotone properties, characterizations, ageing

properties and orderings of residual and past lifetime extropy measures. We
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also studied these extropy functions using quantile functions and found that
the quantile function approach gives several new results that are not achieved
when the definition using distribution function is employed. We have discussed
the quantile-based extropy of order statistics and obtained some properties. We
derived the cumulative extropy and its residual form based on quantile func-
tion and obtained some characteristic results. Finally, we have proposed a
non-parametric empirical estimator for quantile-based extropy and illustrated

its performance using simulated and real data sets.

In the previous chapters, we have seen more results and findings in entropy and
extropy using quantile functions and order statistics. We identify the following

problems which require further investigation.

Chapter 3 devotes to entropy of order statistics. Analogues results for the

entropy of record values using quantile function is an open problem.

e The problem of estimating various information measures using quantile

functions is yet another problem to be examined.

e Only very little work seems to have been done on the extropy measure.

One can study the generalized extropy measures and its quantile approach.

¢ Another future work is the study on the divergence measure of extropy

using quantile functions.
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