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Abstract: In this work, we first consider the discrete version of Fisher information measure and then
propose Jensen-Fisher information, to develop some associated results. Next, we consider Fisher
information and Bayes-Fisher information measures for mixing parameter vector of a finite mixture
probability mass function and establish some results. We provide some connections between these
measures with some known informational measures such as chi-square divergence, Shannon entropy,
Kullback-Leibler, Jeffreys and Jensen-Shannon divergences.
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1. Introduction

Over the last seven decades, several different criteria have been introduced in the
literature for measuring uncertainty in a probabilistic model. Shannon entropy and Fisher
information are the most important information measures that have been used rather
extensively. Information theory started with Shannon entropy, introduced in the pioneering
work of Shannon [1], based on a study of systems described by probability density (or
mass) functions. About two decades earlier, Fisher [2] had proposed another information
measure, describing the interior properties of a probabilistic model, that plays an important
role in likelihood-based inferential methods. Fisher information and Shannon entropy are
fundamental criteria in statistical inference, physics, thermodynamics and information
theory. Complex systems can be described by means of their behavior (Shannon) and their
architecture (Fisher) information. For more discussions, see Zegers [3] and Balakrishnan
and Stepanov [4].

Let X be a discrete random variable with probability mass function (PMF)
P = (p1,...,pn)- Then, the Shannon entropy of random variable X is defined as

H(X) = H(P) = =) _ pilogpj,
i=1

where “log” denotes the natural logarithm. For more details, see Shannon [1]. Following
the work of Shannon [1], considerable attention has been paid to providing some extensions
of Shannon entropy. Jensen-Shannon (JS) divergence is one such important extension of
Shannon entropy that has been widely used; see Lin [5]. The Jensen-Shannon divergence
between two probability mass functions P = (p1, p2,...,pn) and Q = (41,492, --,qn), for
0 < a <1,is defined as

JS(P,Q;a) = H(aP + (1 —a)Q) —aH(P) — (1 -a)H(Q).

Entropy 2021, 23, 363. https:/ /doi.org/10.3390/¢23030363

https://www.mdpi.com/journal/entropy


https://www.mdpi.com/journal/entropy
https://www.mdpi.com
https://orcid.org/0000-0001-5842-8892
https://doi.org/10.3390/e23030363
https://doi.org/10.3390/e23030363
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.3390/e23030363
https://www.mdpi.com/journal/entropy
https://www.mdpi.com/article/10.3390/e23030363?type=check_update&version=2

Entropy 2021, 23, 363

20f 10

The JS divergence is a smoothed and symmetric version of the most important di-
vergence measure of information theory, namely, Kullback-Leibler divergence. Recently,
Jensen-Fisher (JF) and Jensen—Gini (JG) divergence measures have been introduced by
Sénchez-Moreno et al. [6] and Mehrali et al. [7], respectively.

In the present paper, motivated by the idea of JS divergence, we consider discrete
versions of Fisher information (DFI) and Fisher information distance (DFID), and then
develop a new information measure associated with DFI measure. In addition, we provide
some results for the Fisher information of a finite mixture probability mass function through
a Bayesian perspective. The discrete Fisher information of a random variable X with PMF
P = (p1,p2,.-.,Pn) is defined as

n —
Z P1+1 Pz ) )

i=1

with p,+1 = 0.

The Fisher information in (1) has been made use of in the processing of complex and
stationary signals. For example, the discrete version of Fisher information has been used in
detecting epileptic seizures in EEG signals recorded in humans and turtles, in detecting
dynamical changes in many non-linear models such as logistic map and Lorenz model, and
also in the analysis of geoelectrical signals; see Martin et al. [8], Ramirez-Pacheco et al. [9]
and Ramirez-Pacheco et al. [10] for pertinent details.

The discrete Fisher information distance (DFID) between two probability mass func-

tions P = (p1,p2,...,Pn) and Q = (41,92, - - -,qn) is defined as

n . . 2
D(p,Q) = (Bt -2 )y, @
i—1\ Pi i

where, as above, p, 11 = qy+1 = 0. For some of its properties, one may refer to Ramirez-
Pacheco et al. [10] and Johnson [11].

With regard to informational properties of finite mixture models, one may refer to
Contreras-Reyes and Cortés [12] and Abid et al. [13]. These authors have provided upper
and lower bounds for Shannon and Rényi entropies of non-gaussian finite mixtures, skew-
normal and skew-t distributions, respectively. Kolchinsky and Tracey [14] have studied
the upper and lower bounds for the entropy of Gaussian mixture distributions using the
Bhattacharyya and Kullback-Leibler divergences.

The first purpose of this paper is to propose Jensen—Fisher information for discrete
random variables Xj, ..., X;;, with probability mass functions Pj, ..., Py, respectively. For
this purpose, we first define discrete version of Jensen—Fisher information for two PMFs P
and Q, and then provide some results concerning this new information measure. Then,
this idea is extended to the general case of PMFs Py, ..., P,.

The second purpose of this work is to study Fisher and Bayes—Fisher information
measures for the mixing parameter of a finite mixture probability mass function. Let
Py, ..., P, ben probability mass functions, where pP; = ( Pits---s pjk). Then, a finite mixture
probability mass function with mixing parameter vector 8 = (6y,...,6,_1), forn > 2,1is
givenby Py = (p}, ..., pk), where

. 1 n—1 2
Po= 3 Z@mﬁ( )pnf'j—l""'k' ©)
i=1

0<6;<1,i=1,...,n—land 2/ '6; <1

Let X and Y be two discrete random variables with PMFs P = (py,...,pn) and
Q = (491,---.,qn), respectively. Then, the Kullback-Leibler (KL) distance between X and Y
(or P and Q) is defined as
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n .
a1 = k10701 = S (),
i=1 !
The Kullback-Leibler discrimination between Y and X can be defined similarly. For more
details, see Kullback and Leibler [15]. The chi-square divergence between PMFs P and Q
is defined by

n

2 S (pi—9)
X(P,Q)—i;ipi :

For pertinent details, see Broniatowski [16] and Cover and Thomas [17].

The rest of this paper is organized as follows. In Section 2, we first consider discrete
version of Fisher information and then propose the discrete Jensen-Fisher information
(DJFI) measure. We show that DJFI measure can be represented based on the mixture of
discrete Fisher information distance measures. In Section 3, we consider a finite mixture
probability mass function and establish some results for the Fisher information measure of
the mixing parameter vector. We show that the Fisher information of the mixing parameter
vector is connected to chi-square divergence. Next, in Section 4, we discuss the Bayes—
Fisher information for the mixing parameter vector of probability mass functions under
some prior distributions for the mixing parameter. We then show that this measure is
connected to Shannon entropy, Jensen-Shannon entropy, Kullback-Leibler and Jeffreys
divergence measures. Finally, we present some concluding remarks in Section 5.

2. Discrete Version of Jensen-Fisher Information

In this section, we first give a result for the DFI measure based on the log-convex
and log-concave property of the probability mass function. Then, we define the discrete
Jensen-Fisher information measure, and establish some interesting properties of it.

Theorem 1. Let P = (py, p2, ..., pn) be a probability mass function.

(i) If P is log-concave, then Z(P) < p;
(ii) If P is log-convex, then Z(P) > p;.

Proof. P is log-convex (log-concave) if p? > (<)p;_1pit1 Vi. So, from the definition of DFI
in (1), we have

(P - ;W><<>m.

O

2.1. Discrete Jensen—Fisher Information Based on Two Probability Mass Functions P and Q

We first define a symmetric version of DFID measure in (2), and then propose the
discrete Jensen—Fisher information measure involving two probability mass functions.

Definition 1. Let P and Q be two probability mass functions given by P = (p1, p2, - .., pn) and
Q = (91,92, ---,qn). Then, a symmetric version of discrete Fisher information distance in (2) is
defined as

SD(P,Q) = ;D( ,PJ;Q>+;D( P+2Q)
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Definition 2. Let P and Q be two probability mass functions given by P = (p1, p2, - .., pn) and
Q = (91,92, ---,qn)- Then, the discrete Jensen—Fisher information is defined as

Z(P)+1Z(Q) P-I—Q).

JFI(P,Q) = 5 —I( .

4)

In the following theorem, we show that the discrete Jensen-Fisher information mea-
sure can be obtained based on mixtures of Fisher information distances.

Theorem 2. Let P and Q be two probability mass functions given by P = (p1, p2, ..., pn) and
Q= (q91,92,---,9n)- Then,
_ 1 P+Q\ 1 P+Q
JFI(P,Q) = ZD(P, : ) + 2D<Q' ' >
= SD(P,Q).

Proof. From the definition of DFID in (2), we get

P+ Q) 2 <P1+1 pis1 + qm)z
D| P, = — .
( 2 Z pi pi+4i pi
<Pi+1 1) (Pm + qiv1 1) }2 4
1) _ (Pt i 7
pi pi +4i
2 n
Pit1 Pit1 Pis1 + it )
- 1) g2y (P ) (PELTA ),
il< pi ) pi 1;( pi )( pi +qi Pi
n . ) 2
Yy (p1+1 +4qit1 1) n

i=1 pi +4gi
L(pi—pi) (Pit1+qiv1 — (pi +q1))
i:zl pi i:zl(pl+1 pz) pi + qi
2
N i (Piv1 + i1 — (pi+ai)”
i—1 (pi + ‘11)2 l
In a similar way, we get
P+ Q) = (Giv1 — (pit1 + qi1 — (pi +4i))
A = —_— =2 i —Yi
(Q ; ql ,Eq“ ) pi+a;
L (pis1 +gie1 — (pi +49i)*
* ; (pi +4:)? "

Upon adding the above two expressions, we obtain

n n _
D<P,P+Q)+D<Q,P+Q> y (piv1—pi)* . (qi1 — )
2 2 i=1 Pi i=1 qi

. i Pi+1 +ql+1 B (Pl +q1)>
i— pi +gi

i=1
_ I(P)+I(Q)—ZI<P+2Q>
= ZJ.FI(P,Q),

as required. O
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Example 1. Let
X = { 1, with probability p,
0, with probability 1 — p,
and
y — { 1, with probability q,
0, with probability 1 — q.

The corresponding PMFs of variables X and Y are given by P = (p,1 — p) and
Q = (9,1 —q), respectively. From Theorem 2, we then have

P+q(1—P 1—q)2
JFI(P, = - )
(P, Q) > ’ .

A 3D-plot of this J FZ(P, Q) is presented in Figure 1.

101.0

Figure 1. 3D-plot of the DJFI divergence between the PMFs P = (p,1 — p) and Q = (9,1 — 9).

2.2. Discrete Jensen—Fisher Information Based on n Probability Mass Functions Py, . .., P,

Let Py,..., P, be n probability mass functions, where P; = (pj1,...,pi). In the
following definition, we extend the discrete Jensen—Fisher information measure in (4) to
the case of n probability mass functions.

Definition 3. Let Py, ..., P, be n probability mass functions given by P; = (pi1, Pio, - - -, Pik)»
i =1,2,...,n, with Z}‘:l pii = 1, and aq,...,&, be non-negative real numbers such that
Y1 «; = 1. Then, the discrete Jensen—Fisher information (DJFI) based on the n probability mass
functions is defined as

j]:I(Pl,...,Pn;g) = Z?_laiI(Pi)—I<):?_laiPi>

2 n n 2
_ n k (Pijr1—pij) ko (O aipijr— X aipi)
= AP T Y P A R EAR— )
Th o Dby Bomiepl gk | Easiry B )

©)

where & = (aq,...,04).
Theorem 3. Let Py, ..., P, be n probability mass functions given by P; = (pa, P, -- -, Pik).

i=1,2,...,n,and Z}‘:l pij = 1. Then, the DJFI measure can be expressed as a mixture of DFID
measures in (2) as follows:

n
j.FI(Pl,...,Pn,Q) = Z(XZ'D(PZ',PT),
i=1

where Pt = Y!' ;| «;P; is the weighted PMF.
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Proof. From the definition in (5), we get
p a;p ?
ij+1 1 1 ij+1
;) Pii
1 l] 1< Pij Yity %ipij ) v

Wy

I
M:

n
Y a;D(P;, Pr)
i=1

I
[\1:

k

k[ pij Yois1 AiPij+1 2
“=\5w 1) Pi

—1 U Pij Yio1 "‘zpl]

k

i=1
Z p1]+1 P1] 1 1 %iPij+1 — 217‘1—1 ‘Xipij)z

= Lwk -2 ): —

-1 j= Pij Yo iPij

n i i1 XiPijt1 — i “ipij)

j=1 Lity %ipij

ey Pl (B - B )

== Pij = Lity %ipij

n n
= ZaiI(Pi) _I(Zaipi>
i=1 i=1
- ij(Pll-H/Pn/Z)/
as required. O

3. Fisher Information of a Finite Mixture Probability Mass Function

In this section, we discuss Fisher information for parameter 6 of a finite mixture

probability mass function.

Theorem 4. The Fisher information of PMF in (3) about parameter 0;,i = 1,. ..,

1 .
I(6,) = ————5x*(Po ,Po), i=1,...,n—1,

(91‘ — (n — 1))

where Py . = (p},_i,...,plé ),

n—1

i n-2 1 1 = ,
Pe,i:n_lpi]'—’_n_l 2 91P1j+n_1 1_};#61 pl’lj/]:
=1171

t=1tAi

and 9_1' = (91,.. .,9,‘,1,9141,. ..,Qn_l).

Proof. From the definition of Fisher information in (1) and fori =1, ...,

n —1, is given by

(6)

1,...,k

n — 1, we have

@)

2
z@) - £ |2ER]
_ 1 o (pi—pe)
B N ()
_ 1 - (P’e,ifr?]e)z
(91-—(?{—2))2 =
- mxz(Peq,Pg), i=1,...,.n—1,

where the third equation follows from the fact that, fori =1,...,n —1,
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n—1 ' '
Pij = Pnj = m(% - Pé,i)'

O

4. Bayes-Fisher Information of a Finite Mixture Probability Mass Function

In this section, we discuss Bayes—Fisher information for the mixing parameter vector
0 of the finite mixture probability mass function in (3) under some prior distributions
for the mixing parameter vector. We now introduce two notations that will be used in
the sequel. Consider the parameter vector 8 = (64,...,6,_1), and then define (0;,0) =
(91, .. .,91‘,1,0,91‘+1,‘ . .,Qn_l) and (11', 6) = (91,. . .,91‘,1, 1,91‘+1, .. ~/9n—1)-

Theorem 5. The Bayes—Fisher information for parameter 0;, i = 1,...,n — 1, of the finite mixture
PMEF in (3), under the uniform prior on [0, 1], is given by

Z(6;) = KL(P(,6), P,0) +KL(P(,0), Pa,p)
= J(P(,0) P1,0)),
where Py, g) = (p%ll_,e), . "p?li,ﬂ))’ with

j 1 1l 1 n—1
Pa,e) = 1?’1] -1 Y. 6+ (1—_1<1~|—1 ) i&))pnj, 8)

I=T i

and P g, g) = (p%oi’e), ey p?O,',B))’ with

n—1

i 1
oo =1 & ot (155 5 @) ©)

1 1441 =140

and | corresponds to Jeffreys’ divergence.

Proof. By definition and from (7), fori =1,...,n — 1, we have

2
10) = EZO)]=—=Jy { Y 7(;71-]'—];7"/-) }d(%
( 71) Po

= sl (pii— Pnj){ Jo 2 :"’ d6; } (10)

= 3 (pij — pw) { log (ph) |0}
On the other hand, we have

1

PO ~ P00) = 7—7 (Pij = Pnj)- (11)

Hence, upon substituting (11) into (10), we obtain

X j

‘G

5 . )
) = =1 L (P pw) 10g{ i >}
j=1 Voo
k y
= Z (P(l,-,e) - P(o,-,e)) IOg{ ](1, ,0) }
» Po,0)

= KL(P(1,6), P(0,0)) + KL(P(0,0), P(1,0))
= J(P(0,0), P(1,0))
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as required. O

Theorem 6. For the mixture model with PMF in (3), we have the following:

(i)  The Bayes—Fisher information for 6;,i = 1,...,n — 1, under Beta(2,1) prior with PMF
m(6;) = 26;,0; € [0,1], is

Z(6;) = 2KL(P(o, ), Pa1,0)) i=1,...,n—1;

(i)  The Bayes-Fisher information for parameter 0;,i = 1,...,n — 1, under Beta(1,2) prior with
PMF 71’(91‘) = 2(1 - 9,’), 0; € [0, 1], is

Z(0;) = 2KL(P(y,¢), Po,0)i=1...,n—1.

Proof. By definition, and from (7), fori =1,...,n — 1, we have

1(6) = s )

1(6;) = E[Z(©)]= (71_1)2/0 {]g ]pé]}ﬂ((?i)d&'
. 2 k L 1 0; Pij — Pnj )
- 1’1—1]; (pll p”]) /0 n—1 p]ﬂ dez}

k. p]
_— ] (Oi/e)
= 2 Z P(0,0) log { ' }
j=1
= 2KL(P(,0) P(1,0)).
as required for Part (i). Part (ii) can be proved in an analogous manner.

Let us now consider the following general triangular prior for the parameter

Gi,izl,...,n—lz
20;
= 0<0,<a
T (0;) =< &4 = 12
«(6;) {2(11_9’), p<0 <1, (12)

—u

forsomew € (0,1). O

Theorem 7. The Bayes—Fisher information for parameter 0;,i = 1,...,n — 1, with the general
triangular prior with density 11, (6;) in (12), is given by

1) = “(1206){ocKL(P(lire),P,x)+(1—oc)KL(P(0i,9),P,1)}

2
a0/ S Poor Paeya),
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where Py = (pl, ..., p~) is a finite mixture PMF, with

n—1

i 4
ph = 1Pt _1 Z Orpij + ( 1(“+ZZ 91))%;

1=1,1#i 1,1#i

and Py, g) and P, ¢ are as defined in (8) and (9), respectively.
Proof. From the assumptions made, fori =1,...,n — 1, we have

7(6) = Hﬂ&ﬂz/ mw+/' 6;) 7.

k

_ “ 0 Pij— Pnj
o n—locg’p” Pj) [/ n—1 j d@}
j=1 Po

—_

2 £ 11— 6, (pij — Puj)
—|-(n_1)(_w)z<pij_79nj)[/a — ]] ]dG]

j=1 Po

i “ Pl
= — Pz] pn] / (1_ 7 )dei
( 1 = 0 Po

as required. O

5. Concluding Remarks

In this paper, we have introduced the discrete version of Jensen—Fisher information
measure, and have shown that this information measure can be expressed as a mixture
of discrete Fisher information distance measures. Further, we have considered a finite
mixture probability mass function and have derived Fisher information and Bayes-Fisher
information for the mixing parameter vector. We have shown that the Fisher information
for the mixing parameter is connected to chi-square divergence. We have also studied
the Bayes—Fisher information for the mixing parameter of a finite mixture model under
some prior distributions. These results have provided connections between the Bayes—
Fisher information and some known informational measures such as Shannon entropy,
Kullback-Leibler, Jeffreys and Jensen—Shannon divergence measures.
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