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Abstract

We investigate different multivariate discrete distributions. In particular, we study the multi-
variate sums and shares model for multivariate count data proposed by Jones and Marchand.
One such model consists of Negative binomial sums and Polya shares. We address the param-
eter estimation problem for this model using the method of moments, maximum likelihood,
and a Bayesian approach. We also propose a general Bayesian setup for the estimation of
parameters of a Negative binomial distribution and a Polya distribution. Simulation studies
are conducted to compare the performances of different estimators. The methods developed
are implemented on real datasets. We also present an example of a proper Bayes point esti-
mator which is inadmissible. Other intriguing features are exhibited by the Bayes estimator,

one such feature is the constancy with respect to the large class of priors.
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Notations and Abbreviations

oo — — .
Jy~ #*'e *dz, Gamma function

{r € R:r >0}, set of non-negative real numbers

[0,1]

I'(a+m)
T'(a)

Pochhammer symbol
Expectation of a random variable X
Indicator function

{0,1,2,3,-- -}, set of non-negative integers
Variance of a random variable X

correlation between random variables X and Y
1
Beta function (f 61 (1 — G)b_1d6>
0
covariance between random variables X and Y
d-variate Normal distribution
random variable X has a distribution F(X)
cumulative distribution function

natural logarithm of x

Monte Carlo Morkov Chain



MLE
MoM

p.d.f.

s.d.

maximum likelihood estimator
method of moments
probability density function
probability mass function

standard deviation



Introduction

Problem and Motivation

Multivariate count data arises very often, for example, when one wants to analyze
the number of insurance claims falling in to different time periods, or the number of dengue
cases falling in to different locations. To model general dependencies among the counts in
such scenarios, multivariate discrete distributions are needed. There is a vast literature on
multivariate continuous distributions. It is because of the availability of natural generaliza-
tions of univariate continuous distributions to their multivariate counterparts which covers
full ranges of correlations. This natural generalization is not always possible for the discrete
distributions. There are some methods to construct multivariate discrete models. Johnson,
Kotz and Balkrishnan (2004) have provided a book-length treatment on discrete multivari-
ate distributions in [16] with the focus on strategies for the construction of multivariate
discrete distributions. Kocherlakota , S. and Kocherlakota, K. (1992) also provides a survey
of generating methods for bivariate discrete distributions in [18]. But most of them fail to
cater to all correlation structures in the data, even for bivariate cases. Unlike construction
of multivariate discrete distributions, the problem of parameter estimation for these models
has not been addressed thoroughly. The main reason is the complexity of the likelihood
functions which forbid the development of the estimation methods for such models. As the
computational facilities became available in the recent years, parameter estimation methods

can be addressed more effectively.

A recent manuscript of Jones and Marchand [17] introduces a simple and appealing
two-step strategy for decomposing or generating multivariate count data. The strategy is

highly appealing since for the bivariate cases, it covers the whole range of correlations. A



rich ensemble of distributions arise using this strategy. Several known distributions can
be recovered, including bivariate cases which are prominent in the literature, and several
extensions or novel distributions can also be obtained. One such model consists of Negative
Binomial (a, #) sums and Polya shares with parameters ¢, o, . . . , ag, with the corresponding

probability mass function (p.m.f.) for My, ..., M, reducing to :

d
p(ml, s ,md) = (a)m1+"'+md Hi:l (&)mz 004(1 . 9)m1+m2+---+md (1)

d
mllmQ! e md! ( Zi:l ai)m1+m2+~~+md

mi,...,mg € N. Several challenges related to the estimation of the parameters a, 6, aq, . .., aq
arise, as well as fitting the above p.m.f. to actual datasets, namely for the purposes of pre-
diction. The main goal of the thesis is to study the problem of parameter estimation for
Negative binomial sums and Polya shares model. We explore the implementation of estima-
tion based on the methods of moments, maximum likelihood, as well as Bayesian methods.
In particular, Bayesian methods are developed with a focus on interpretation and prior-
posterior analysis. This problem of parameter estimation is decomposed into two separate

sub-problems:

e Parameter estimation for a Negative Binomial distribution

e Parameter estimation for a Polya distribution

The two parameter Negative binomial distribution model has been studied in terms
of method of moments and maximum likelihood (for instance, Fisher (1941, [11]) , Drop-
kin (1959, [9]) , Savani, et al. (2006, [31])). It is well known that both methods may lead
to infeasible estimators. A Bayesian approach can be used to avoid such problems. But,
not much work is done from the Bayesian perspective. Due to the complexity of the like-
lihood function, the posterior distributions becomes intractable. Bradlow, et al. (2002), in
[7], suggest closed form approximations for the posterior moments of the parameters using
polynomial expansions. We provide a family of distributions for the parameters which is
semiconjugate for Negative binomial distribution. This allows us to use Gibbs sampler for
sampling from the posterior distributions. The comparison of the risk performances of the
available estimators is also of high interest. Besides, the methods are implemented on data

sets and compared.
The Polya distribution also leads to convoluted likelihood function which makes
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the parameter estimation for such model challenging. In this case, maximum likelihood
estimators (MLE) may not exist (Levin and Reeds (1977, [23] ) ). Whenever, they exist,
one needs to employ numerical methods to find the estimators. We propose the use of data
cloning method for the estimation of MLE. Lele, et al. (2010) proposed a method of data
cloning for MLE estimators in a random effect models in [22|. This method also provides
estimates for the standard errors related to MLE. We also provide a semiconjugate family
of priors for the Polya distribution and the use of the Gibbs sampler for sampling from
the posterior distributions which enables to approximate posterior densities and posterior

moments of the parameters.

While studying Bayesian inference for Negative binomial model, we found an interest-
ing example of proper Bayes estimator which is also inadmissible. Proper Bayes estimators
are generally admissible. There are very few constructive examples in the literature of in-
admissible proper Bayes estimators. We provide an occurrence of such instance in a very
natural setting. Other intriguing features are exhibited by this estimator, one such is the

constancy of the Bayes estimator with respect to the large class of priors.

Outline

In Chapter 1, we provide lists of notions used throughout this work. In Chapter 2, we
review different methods of generating or constructing multivariate discrete distributions.
Chapter 3 introduces the multivariate sums and shares model proposed by Jones and Marc-
hand [17]. Statistical properties such as moments and correlation structure of the model are
discussed in this chapter. This chapter also introduces the main aim of the thesis which is
the parameter estimation problem for the negative binomial sums and Polya shares model.
In Chapter 4, we provide the details of the different estimators for the two parameter un-
known negative binomial distribution. This involves the novel Bayesian setup for such model
which is an important outcome of the thesis. In Chapter 5, we study the parameter esti-
mation problem for the Polya distribution. This involves maximum likelihood estimators
and Bayesian estimators for the parameters of a Polya distribution. Later in Chapter 6,
we combine methods of parameter estimations obtained in previous chapters to address the
estimation problem for the Negative binomial sums and Polya shares model. In Chapter 7,

we present an example of proper Bayes but an inadmissible estimator. An article based on



this chapter is accepted for publication in The American Statistician.

Contributions

This thesis builds on the article of Jones and Marchand [17] which introduces sums and
shares model, but extends the material in several ways. The main contributions of the thesis

are as follows:

1. We provide a more general Bayesian setup for the Negative binomial distribution which

allows the use of Gibbs sampler for the sampling from the posterior distribution.

2. We propose a new class of priors which is semiconjugate for the negative binomial
distribution. This is a generalization of Gamma and Lindley distributions, which are

used frequently.

3. We propose the use of a data cloning method for the estimation of parameters of
a Polya distribution. This method of estimating MLE was proposed by Lele, et al.
(2010) for a random effect models.

4. We extend the work of Jones and Marchand on multivariate discrete distributions via
sums and shares in terms of the parameter estimation for the Negative binomial sums

and Polya shares model proposed by them.

5. We also provide an interesting example of proper Bayes estimator which is also inad-
missible. This estimator also has other interesting features as well. (Accepted for the

publication in The American Statistician.)



Chapter 1

Preliminaries

The following list summarizes basic definitions and notations used throughout this work.

The reader may skip this chapter and revisit when needed.

Definition 1.0.1. A multivariate discrete probability mass function on N is any

function f: N¢ — Rsq for some positive integer d, such that > f(x) =1. In case of d =1,
z€eNd
f s the usual univariate probability mass function.

Definition 1.0.2. Any function H : R — [0,1] is a distribution function if following
holds:

1) H(zx) is non-decreasing in x.

2) lim H(z)=0.
T——00
3) lim H(z)=1.
T——+00
4) H s right continuous i.e. lim H(x) = H(xo)

xlxo

Definition 1.0.3. A joint distribution function is a function F: R? — [0,1] such that
1) lim  F(zq, - ,2q) = 1.
T1,,Lqg—>+00

2) limg, oo Fx1, -+ ,24) =0, Vi€ {1,2,---,d}.
3)For any (z1,- -+ ,xq) and (y1,- - ,ya) € R? such that x; < y;, Vi € {1,2,--- ,d},

Z (_1)2?:1 I(yi,wi)F<w1’ e 7wd) Z 07 (11)

wi€{xs,y;}



where 1(y, w,) = v

1 otherwise.

Definition 1.0.4. The margins of a joint distribution function F are given by

Fi(x)= lm F(xy, -, 2, =2, ,x,).
2 —00;j#1

Definition 1.0.5. A discrete random variable X is said to have Potsson distribution with

mean A if p.m.f. is given as
e AN®

z!

p(z|\) = ., A>0, (1.2)

where © € N.

Definition 1.0.6. A continuous random variable X is said to have Gamma distribution
with shape parameter a > 0 and scale parameter b > 0, if probability density function is given

as
baxa—le—bx

DR x> 0. (1.3)

f(xla,b) =

Definition 1.0.7. A continuous random variable X is said to have Beta distribution with

parameters a,b > 0, if probability density function is given as

f(zla,b) = 11—t zel (1.4)

B(a,b)

Definition 1.0.8. A random variable U = (Uy,...,Uy), d > 2, is said to have Dirichlet

distribution with parameters aq, ..., aq > 0 if probability density function is given as

d
F(Z ;) H?:1 ug!

h(u, ... ug_ilag, ..., aq) = —= y , (1.5)

d
where u; € I such that > u; = 1.
i=1



Definition 1.0.9. A multivariate discrete random variable X = (Xy,...,Xq), d > 2, is
said to have Multinomaial distribution with parameters t € N and t,uq,...,uq > 0, if

probability mass function is given as

AT, wi! ’
flar o saaltun i) = =S w0 th Sui=t,  (16)
=1 =1

d
where u; € I such that > u; = 1.
i=1

Definition 1.0.10. The moment generating function for the random variable X with
c.d.fFx is defined as
My (s) = E(e*X). (1.7)

Definition 1.0.11. Any estimator 6(X) for a parameter 0 is said to be an unbiased esti-
mator if E(§(X)) = 6.

Bayesian Inference

Let # € © be parameter vector and Y be a random variable with p.d.f. (or p.m.f.) f(y|6).
We observe y, a realization of Y. Assume prior density g() for §. Then the joint probability
density function for # and y can be written as the product of the prior density g(f) and
f(y|0) as follows:

m(y,0) = g(0) f(y|0)

Bayes rule is used to obtain expressions for the posterior density of 6 (w(0|y)), the marginal

density of y (f(y)), and the posterior predictive density (f(y|y)) as follows:

o f(y) = [n(y,0)d0 = [ f(yl6)g(0)dob.

o}
@



Statistical Decision Theory

Consider a random variable X with p.d.f. (or p.m.f.) f(z|f), where § € ©. © is called as
parameter space. Now, consider the problem of estimating 6 based on the observations from
X. Let 2 be the set of all estimators (6(X)) of 6.

Definition 1.0.12. A loss function is any function L : © x 9 — Rx,.
Example 1. Quadratic loss function: L(0,6(X)) = (0 — 6(X))>.
Example 2. Absolute deviation loss function: L(0,5(X)) = |0 — §(X)|.

Definition 1.0.13. A Risk function R(0,5) with respect to a loss function L(0,6(X)) is

defined as function
R(0,9) =E(L(0,6(X))). (1.8)

Definition 1.0.14. A Bayes Risk r(§) with respect to a loss function L(6,6(X)) and prior
7(0) is defined as function

rﬂ(é):/QIE(L(Q,é(X)))W(H)dG. (1.9)

Definition 1.0.15. A Bayes estimator is any estimator 6(X) which minimizes Bayes risk

r(9).
Consider any two estimators d; and d, of 6.
Definition 1.0.16. We say, d; ts better than o, if
R(0,01) < R(0,62),V0 € ©, (1.10)

and 36y € © such that
R(Qo,(sl) < R(@O,(SQ). (111)

Definition 1.0.17. An estimator § is said to be admissible if there does not exist any other

estimator which is better than §.

10



Chapter 2

Models for Multivariate Count data

Various different models for multivariate count data are available in the literature (see, for
instance, Johnson, Kotz and Balkrishnan (2004) [16], Kocherlakota , S. and Kocherlakota, K
(1992) [18]). In the literature, the more focus is given on constructing models for multivari-
ate count data rather than parameter estimation problem due to computationally inefficient
methods. In this chapter, we review different methods of constructing probability distribu-

tion models for multivariate count data.

2.1 Multivariate Count Data

The multivariate count data can be defined as counts of samples belonging to the dif-
ferent categories sampled from a population which is grouped in those categories. Suppose
there are d categories. Each object in the population belongs to exactly one of the d cate-
gories. We are sampling from such populations and recording the counts in each category.

The data for n such samples can be visualized as follows:
d
(M, maz, - s myaity), i=1,2,---n, ;= Zmika
k=1

where m; represents the counts in the category i.

11



2.2 Construction pf multivariate discrete probability dis-

tributions

Johnson, Kotz and Balkrishnan (2004) have provided a book-length treatment on dis-
crete multivariate distributions in [16] with the focus on strategies for the construction of
multivariate discrete distributions. They also talk about parameter estimation problems for
such models superficially. Due to complexity of the likelihood functions, not much improve-
ment in terms of the estimation methods for such models has been noted in the literature.
Kocherlakota , S. and Kocherlakota, K (1992) also provides a survey of generating meth-
ods for bivariate discrete distributions in [18|. Here, we provide a survey of some of these

available methods of generating models for multivariate count data.

2.2.1 Mixing

If we have two or more multivariate discrete probability distributions with p.m.f. f;

and fs, the new distribution can be obtained by mixing as follows:

flxy, ... xq) =0f1(x1, ..., xq) + (1 = 0) fo(xq,...,24)

for some 0 < 6 < 1.

2.2.2 Compounding

Let Xy, ..., Xy be discrete univariate random variables with p.m.f. fi(z1(61), ..., fa(xal0a)

, respectively. Here, 6, ,... ,0; are parameters associated with the f;’s.

f(xl,...,a:d):/-- /fl(a:1|01)...fd(:cd\ed)g(el,... 0,)d0y -+ - db,

01,...,04

where g(0; ,...,0,) is the joint probability density of 0y ,... ,0,.
Example 3. Let X; be Poisson distributed random variables with means \;, fort=1,...,d

ie. flx;) = 6_;f\z . Suppose, g(A1,...,\q) is a joint probability density for the \;’s. Then,

12



we can define

=X A
f(a:i,...,xd):/-n/e i g, Ag) dAg L d ).

x;!

If the X\;’s are independent, then the X;’s are also independent. If \;’s are indepen-
dent and have gamma distribution, then the X;’s are also independent with a negative bino-
mial distribution. Aitchison, et al. (1989) considered a Poisson-log Normal model in which

g(A1, ..., Aa) is log-normal density in [2].

2.2.3 Trivariate Reduction

Let Uy,...,U,, be independent discrete univariate random variables. Then, we can

construct d — variate dependent discrete random variables as follows:
Xl :’7'1<U1, ey Um)
(2.1)
Xd :Td(Ula ceey Um)

where 7;’s are functions from N™ — N.

Example 4. Let Uy,U,,Us and Uy be independent Poisson random variables with means
A1, Ao, A3 and Ay, respectively. Suppose, X;’s are the linear combinations of U;’s are as

follows:

X1 :U1 + U2 + U4
X, =U, + Us + Uy (2.2)
X3 =U; + U+ Us

Then, (X1, X2, X3) has a multivariate discrete distribution with marginally distributed Pois-

son random variables with means i + Ao + Ay, A1 + A3 + Ay and Ay + Ay + A3, respectively.

13



The covariance matriz is

A+ A+ Ny AL+ Ay AL+ Az
A1+ Ao AL+ A3 AL+ A2+ A3

Note that all the correlations are positive.

Holgate (|13|) derived bivariate Poisson distribution using the method of trivariate reduc-
tion method of deriving bivariate distributions from three independent univariate discrete
distributions. Let Uy, Uy, Us be independent univariate discrete random variables. Consider

bivariate random variable (X,Y") obtained as follows:
(X,Y) = (U + Us, Uz + Us)

Hyunju Lee and Ji Hwan Cha ([20]) generalised this approach to generate two classes of

bivariate discrete probability models based on minimum and maximum operator as
(X,Y) = (min(Uy, Us), min(Us, Us))

and
(X,Y) = (max(Uy, Us), maz(Uy, Us)),

respectively.

2.2.4 Copula Method

Definition 2.2.1. A copula is a function C : I' — I such that

1. C(0, - ,usy - ,0)=0,Vu; € T
2. C(1, -+ ug, -+, 1) = u,Vu; € T

3. For any (uy,...,u,) and (vy,...,v,) € I' such that u; < v;,Vi € {1,2,...,n},

Z (_1)2?:1 I(Upwi)0<w1, R 7wn) > 07

Wi €U ,V;

14



where 1(y, w,) =
1 otherwise.

The following theorem by Sklar (1989) suggests the use of copula functions as links
between the marginals and the joint distributions [28]. This enables to construct multivariate
discrete distributions using univariate marginals and the copula function which provides a

particular dependence structure.

Theorem 2.2.1 (Sklar’s Theorem, 1959). Consider a joint distribution F with margins
Fy, ..., F,. Then there exist a copula C such that

F(zy,...,2,) = C(Fi(z1),..., Fu(x,)), Y(x1,...,2,) € R

If all the margins are continuous, then C' is unique. In other cases, C' is unique on Range(F})X
-+« X Range(F,).

Conversely, for any copula C' and distribution functions F;, i = 1,2,...,n, then F defined
as
F(zy,...,x,) = C(Fi(x1), ..., Fu(z,))

15 a joint distribution function with margins F;’s.
Example 5. Consider bivariate Frank’s copula function

C(u,v) = %log (1 i G 6(_1 ”_)(el_k—) ‘. U)) , VY(u,v) € P.

Then, a bivariate Negative binomial distribution with Frank’s copula is given by

I, (ap)g g L\ (ag) po
<1 7ktzo atl! t911(101)t> <1 *k'tzo "‘t2!t922(192)t>
1 _

(1—ek) ’

1
Fxy(z,y) = 7log

where (x,y) € N* and —oo < k < oco. This has marginal Negative binomial (a;,0;) distribu-
tions and a dependence parameter k. The marginal distributions are independent for k = 0.
Such models are considered by McHale, et al.in [27] used to model outcomes of the soccer

matches.

15



Copula functions can be used to model any general dependency structure. But, it is
well-known that all copula functions are bounded by Frechet bounds. In two-dimensions,
the Frechet upper and lower bounds are both copula functions and we have, for any copula

function C,
maz(u+v —1,0) < C(u,v) < min(u,v), V(u,v) € I? (2.3)

This also gives bounds on the dependence structure induced by a copula.

Summary

As we have seen, all of the models generated using the above methods have restrictive
covariance structure. Even for the bivariate cases, the whole range of correlation may not
be covered using these models. Hence, this motivates us to find new strategies to generate
multivariate discrete distributions. In Chapter 3, we study a novel strategy which, at least

for bivariate cases, leads to models with both positive and negative correlation structures.

16



Chapter 3

Multivariate Sums and Share Model

This thesis builts on the multivariate sums and shares model proposed by Jones and Marc-
hand. In the article [17], they introduce this model and provide various interesting statistical
properties of the model. They also mention the connections of this model with the models
available in the literature. In particular, they introduce a Negative binomial sums and Polya
shares model. In this chapter, we summarize the results obtained by Jones and Marchand.
This chapter also introduces the parameter estimation problem for the Negative binomial

sums and Polya shares model.

3.1 Introduction

In the article by Jones and Marchand [17], they propose a novel strategy to generate
or construct multivariate discrete distributions via sums and shares m%del. Consider M =
(M, ..., M) be d-variate discrete random variable. We denote 7' = Y M; be the sum of

i=1
the counts M;. The sums and shares strategy consists of the following two steps:

1. First, model the sum of the counts 7" by the distribution with p.m.f. py(¢|6©;) and con-
ditioning on T', model the distribution of counts M = (M, M, ..., My_;) in different
categories as M'|T' = t having the distribution with p.m.f. by (m1, ma, ..., mq_1|02).

So that, using the definition of the conditional distribution, the resulting distribution

17



has probability mass function

p(M = (mb e ,md)|@1, @2) = pT(t|@1)b[t] (ml, . ,md_1|@2)

(3.1)

Here, ©; and O, denotes the parameters involved in the probability mass functions pr

and by, respectively.

2. Then, averaging this mixing over the distributions of the parameters involved i.e.
©1,0,. Let F(01,02) be the joint distribution function for the parameters ©; and

©,. We get the final distribution as follows:

p(M = (myq,...,mq)) = /p(M = (my,...,mq)|01,02)dF (0, 0,)

(3.2)

With different choices for the distributions of total sums T, shares (M'|T) and parameters

(01, ©,), this strategy gives rise to many interesting models for the multivariate count data.

3.2 Construction of the Model

Natural choices the distribution of sums and shares of counts are a Poisson distribution

for the sum 7" and the multinomial distribution for the shares i.e.

—AAt
p(T:t|A):€t‘ . A>0
and "
— — ) m... md
b[t}(M = (ml,...,md_1)|t, Ul,...,Ud_1> = mllmgl...md!Ul ! Ud
wheret=m;+---+mgand U; >0, U;=1—-U; —---—Upyg_.

Then we get the p.m.f.,

e—AAm1+"'+md
'Uim . U:l”ddF(A, Uy, -+, Ug-1)

p( 1, ; d) ml!mg!"'md

d
AUZ mieiAUi
= /H%dF(A,UI, 7Ud—1)
i=1 v

18
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We obtain the following results related to marginal distributions of shares M; and expec-

tations of A and AU;’s conditioned on the observed value of M = (mq, - ,my) .

Proposition 3.2.1. The marginal distributions for M;’s are

p(m) = / AU e oA, Uhy U (3.6)

Proof. The marginal distribution of M; is given as

p(m;) = Z p(ma,...,mq)

my; i
d
AU my ,—AUp
= ¥ H%dF(A,Uh“' Usy)
myii#i Y k=1 !

d
A mp —AUk
- Z H %dlj(/\, Up,-+,Ug1) -+ (Fubini's theorem)
my:

my;j#i k=1
d
B (AUi)mie*AUi (AUk)mke*AU’v
= /T H Zm—k' dE(A, Uy, -+ Ugq)
k=1,k#i my
AUZ mg —AUZ'
= /%dp(/\’ Uy, -, Us_1).
m;.
O]
Proposition 3.2.2. The conditional expectations of A and AU; conditioned on (my, ..., my)
can be expressed recursively as follows:
i 1 y TNy g 17 Ty
EAU|m, . omg = it lpOmn-ee,mid ma) (3.7)
p(ma,...,mq)
and ;
% 1 s Tty g 17 T
E[A|ma,...,mg = (mi + Dplma, - i + ma) (3.8)

- pm, . ma)

Proof. Using Bayes rule, we get,

p(mla---amd|>\aul7"' ,U,d)dF()\,Ul,"' ,Ud)

p(my,...,mq)

f(Aauh'” aud|m1a"' 7md):
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where

d
B (g, )™k e~ Ak
p(mla"'7md|)‘7ul>"'7ud)_ Hm—k‘
k=1
Hence,
1
E[AUz’mL e 7md] = /)\ulp(ml> e 7md‘)\7 Uy 7ud)dF()\a Uy, 7ud)
p(ma, -+, ma)
d
1 A mg ,— AUk
= /AquMdF(A,Ul,,ud)
p(ma, -+, ma) o !
; 1 /\ imﬁ_l —Au; d )\ mg ,— AU
_ m; + /(u) 6' H %d}?()\,ul,‘”;ud)
p(ma, -, mg) (m; +1)! i my!
. (mz+1)p<m177m2+177md)
p(mlu'“ 7md) .
Summing over all ¢’s, we obtain the expression 3.8. O]

If we assume that A and U/s are distributed independently, i.e. the distributions L and
H of A and Uq,...,Uy_ 1 are independent. We get the resulting distribution as follows:

p(ml,mQ,"‘ ,m / / m1+m2+ +md) U{nl . '(Ud)mddH(Ul,"' 7Ud—1)

ml'mg -md!
0<U +++Ugq—1<1

7 e~ A+t
x / : dL(A) (3.9)

my+ -+ mg)!
0
By change of variables R; = AU;, we get

[ U, ] % 0 ...... o] [ R~ ]

U 0 % . : Ry

=1 0] (3.10)
Ui 0 ...... 1 0] [Raa
| A 1o 1| L Ra |
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Hence, the Jacobian of the transformation is (%)d_l. Thus, we have the joint density function

d ) d
Forure,ora) =[] — df | ... Tt dL(Zn). (3.11)

m;) d—1 :
SR 01 B P ) S
Now, moments of M; are given as
EM; = E(AU;) = E(AM)E(U;) (3.12)
V(M;) = E(A*)V(U;) + V(A)E(U))* + E(A)E(U;) (3.13)
Cov(M;, M;) = V(NE(U;U;) + (E(A))*Cov(U;, Uj) (3.14)

From (3.12) and (3.13), we can see that the model is inherently overdispersed i.e.
Using the Law of total covariance and Cov(M;, M;|Ry, ..., Rq) = 0, we get

COU(MZ‘,M]‘) = E[COU(Mi,Mj’Rl,"' ,Rd)]
+ COU(E[MARM ,Rd],E[Mj|R1,"' ,Rd]) (315)
= COU(RZ',RJ')

3.3 Negative Binomial sums and Polya shares model

3.3.1 Definition and Construction

Now, if we consider H to be Dirichlet(ay,...,aq) and L as Gamma(a,b) , where
ag,...,aq,a,b>01n (3.9), i.e., the probability density functions for A and U;’s are, respec-

tively,
he )\afl efb)\

((Na, b) = X0

(3.16)
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and

F(Oé)dH;‘izl u?¢—1’ (317)
[Tici T'(a)

h(uh s 7ud71) =

d
where oo = ) 7| .

We get the resulting distribution as:

d
Hi:l(al)mi (a)m1+"'+md p° (1 _ Q)m1+"'+md , (318)

p(m17 cee 7md) = (a)ml—‘rm—’—md m1! — md'

This is the p.m.f. for Negative Binomial sums and Polya shares distribution.

3.3.2 Moments

Moments of M]s for this model can be obtained using (3.12) as:

_ai _all =6

baw 0 a’

(3.19)

and defining C'ov(M) as the covariance matrix of (M, . .., M) with the entries Cov(M;, M;),
we obtain from (3.13), and (3.14):

a

where a = (g, ..., a4) and I is d X d identity matrix.
When d = 2,
(0765182
COU(Ml, Mg) = m(a - Cl),

and the correlation p(M;, My) between M; and M, is given as:

ajae(a — a)

p(My, M) =
Va2(l+a+b+ba)? + (o —a)lajag + a2(a —a)(1 + a+ b+ ba)
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or

afif2(a —a)
VA +a+b+ba)?+ (a—a)lfifs+ (a@—a)(l+a+b+ba)

where f; = <L and fo = 22.

p(MbM?) -

Hence,
1)ifa>a, p(My,My) >0 2)if « < a, p(My, My) < 0.
Hence, for bivariate cases, both positive and negative correlation are possible.

When d > 2, all correlations are either positive or negative.

3.3.3 Relations to other distributions

Many available distributions can be recovered as special cases of the Negative Binomial sums
and Polya shares model. Jones and Marchand has provided connections to the following well-

known discrete distributions:

Bivariate Bailey distribution

The expression (3.18) can be considered as the multivariate extension of bivariate Bailey

distribution defined by Laurent [19]. The p.m.f. for Bailey distribution is given as

(al)ﬂu (aZ)Wu (a)m1+m2 H* (1 _ Q)m1+m2 . (3.21)

Bailey(mi, mofon, a2, 0, a) = (a1 + a2)my4m, mMalmo!
mi+mso ! .

Schur Constant distribution

With oy = -+ = a4y =1, we get

(Dmatctma ga () _ gymietma (3.22)

p(my,...,mq) = @D
mi+-+myg

This is discrete Schur Constant distribution. Castaner, et al. 8] defined discrete Schur
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constant distributions as follows: A d — variate random variable X = (X3,..., X}), is said

to have discrete joint Schur Constant survival distribution if
PXy>mx,...,.Xg>2q) = S(x1+ -+ 24)

i.e., the survival function of the X depends on the argument (X, ..., Xy) only through the
sum Y0, X;.

Limiting model

Let ay,- -+, aq — oo such that ¢ — ¢;. Then we have,

d d d  my d
[Tii (@i)m, _ [[imy i (ai +m; — 1) N [[is; o _ H P
()mytotmy, - (@+mg+---+mg—1)  amt-tma el ’

and thus

m1!

d
A)mi++m mi | pa my+-+m
. mg) = Dy (m 1)0 A—opm (e
©o\i=1

The correlation for any two components M, and M; is given as

o b;
pIM:, M;) = (1 _9>\/(1 066 (1—0)p, 10 0.

Multivariate Discrete Liouville Distribution

Jones and Marchand also studied the following model in great detail. They obtain very

interesting results about marginal distributions and bounds on variances of the shares.

Assuming a general distribution pp(t) for T while M'|(T = t) is distributed as Dirichlet-
Multinomial as before, we get
(m 4+ ma)! T (00)m,

o mg) = o 3.24
p<m1 md) m1! . md! (a)m1+...+mde(m1 + + md) ( )
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which can be rewritten as

T (), (M + - +my)!

p(ma,...,mq) = pr(my + -+ my)

mql- - my! (a/)m1+~--+md
Hd_l (@) (3.25)
:;ﬁ(ml _|_ .. + md),
m1! cee md!
where 7 (t) = 5. App(t). This is the discrete analogue of the continuous multivariate discrete
Liouville distribution given by Lingappaiah [25].
As done in the previous section, considering oy = - - = ag = 1, we get the p.m.f. as:
(my + -+ +myg)! pr(mi+ -+ +mq)
p(ml, Ce 7md) = (d) pT(m1 + -t md) <m1+ +md+d71) (326)
mytemg do

with above p.m.f., the multivariate marginals are obtained as

pr(E (£ — (o, + 4 )4 d—k—1
pS(mil)"' 7mik) - Z (d)t < d—k—k]_

= (d=1)--@d=k) > pr()

thil ++mlk

(t—(my + - +my) +1)gx1
(t+ 1)1 '

Also, using the inclusion-exclusion principle, one obtains the following relationship:

d—1

—1 .
p(ms, .. ( . )ps<m1+---+md+j>,
:0

.

previously studied in the bivariate case (d = 2) by Aoudia, et al. [4]. For the total sum T,

pr(t) = (t+d_1>d1 ( . )ps(t+j)-

Besides, we also have the factorial moments given as follows:

={11(1)} - If{())} . 32

we have

“M

=1 d—1

This proof uses Gould’s identity which can be proved easily by a combinatorial argument
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(choosing ki + ks + 1 objects out of n+ 1 objects in a special way gives the Gould’s identity.)
Identity (3.27) gives

gy = B0 vary = BOED B (EO)
n 5
oo ) =54 (1) (7))} =24 (7)o { (V) - S -5
e Cov(M;, M;) = % (Var(M;) — {E(M;)}* — E(M;))
Also,

p(M;, Mj) = - {1 _EQ)” +E(Mi)} <

Since p(M;, M;) > —1, for the distribution with p.m.f. (3.26), we also obtain the inequal-
ity

V(M;) > ZE(M){E(M;) + 1}. (3.28)

Wl =

Johnson, et al. showed that for unimodal continuous distribution X, V(X) > (E(X))?

holds [14] . Inequality (3.28) is a discrete analogue of this result.

3.4 Parameter estimation problem

The main goal of the thesis is to provide methods to estimate the parameters for prob-
ability mass function (3.18), namely for negative binomial sums and Polya shares model

obtained in Section 3.3. The pmf is

d

plmas . ma) = Uizt (@ (@mieima ga (g gymatima (3.29)
(a)m1+-~~+md m1! N md!

Here the parameters to be determined are a,0ay, - ,aq. The p.m.f. (3.29) can be
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rewritten as

(m1 + -+ md)' H?:l(ai)mi (a)m1+-"+md
mil.ooma! (@) mytetmy (M1 + -+ myg)!

p(my, ..., mg) = 6% (1 — g)™* e (3.30)

Hence, alternatively, model (3.29) can be decomposed as:
M'|(T =t) ~ Polya(t, o, . .., oq)

and

T ~ NegativeBinomial(a,0).

Hence, we study the problem of the parameter estimation for the model in two steps:

1. Parameter estimation for the distribution of sums - Negative Binomial distribution.

2. Parameter estimation for shares - Polya distribution.

Then, we combine both to obtain set of estimators for the parameters involved in the p.m.f.
(3.29). In Chapter 4, we discuss the parameter estimation for the negative binomial distri-

bution. Later, in Chapter 5, we discuss the parameter estimation for the Polya distribution.
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Chapter 4

Parameter Estimation for the Negative

Binomial Distribution

In this chapter, we study the problem of parameter estimation for the negative binomial
distribution when both parameters are unknown. Here, we consider method of moments
estimators, maximum likelihood estimators and Bayes estimators. We propose a family
of distributions which is semiconjugate for the two-parameter unknown negative binomial
distribution. Simulation studies are performed to compare the performance of the different

estimators obtained.

4.1 Introduction

The negative binomial distribution is a well-known univariate discrete distribution. It
has been applied to model diverse count-data generating processes. We will refer to a Neg-
ative binomial distribution 7" with parameters a and 6, if the probability mass function is

given as

p(T = tla,0) = %ea (1—6) In(t) , (4.1)

where a > 0 and 0 < § < 1. We denote this as T'~ N B(a, ). The mean and variance of
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T are given as follows:

The moment generating function for the negative binomial distribution with p.m.f. (4.1)

is g
[1—(1—0)es)

Consider ty,ts,...,t, be n independent observations from Negative binomial N B(a, ).
In this chapter, we consider the problem of estimating both the parameters a and 6 based on
these n observations. In the section 4.3 and 4.4, we summarize some available results in the
literature related to method of moments and maximum likelihood estimators. There is not
much work done on Bayesian inference for such distribution. There are some studies in the
literature regarding Bayesian inference for negative binomial distribution. Bradlow, et al.
(2002) have suggested Bayesian inference for the Negative Binomial Distribution via Polyno-
mial Expansions |7]. Lio (2009) elaborates on Bayesian approach for parameters estimation
in case of Negative binomial distribution using MCMC techniques [26]. In this Chapter, we
provide a more general setup of Bayesian inference for the negative binomial distribution.
We suggest prior choices for the distribution of ¢ and 6 which forms semiconjugate family
of priors for the two parameter negative binomial distribution. We also derive some results
related to posterior distributions and predictive density distributions. Simulation studies are
conducted to compare the performances of the estimators under consideration. All the meth-
ods developed are illustrated using numerical examples. Applications to some real datasets

are also provided.

4.2 Unbiasedness of the Estimators

If the size parameter a is known, we get an unbiased estimator for #. But, when a
is unknown, no estimator for a is unbiased. These results are reported in the following

theorems:
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Theorem 4.2.1. Ifa > 1 is known, then the estimator

na — 1

O(ty, - b)) =
(- s tn) na+> ot —1

(4.3)

of 0 is an unbiased estimator of 0.

Proof. If a is known, T' = }"" | ¢; is sufficient statistics and is distributed as NB(na,?).

Now,
E L _ T (na)Tena(l . G)T
na+T —1 = na+1—1 T
(na)(1-1) yna
T>1 ’
(TZCL)T na T
= (1_9)ZT9 (1-10)
T>0

= 1-40.

Hence,

na — 1
E( ———— )= 0
(na + T — 1)
Theorem 4.2.2. (Wang [34]) There does not exist an unbiased estimator of a.

Proof. Suppose there exist an unbiased estimator of a, say d(T"), where T' = (t1, -+ ,t,).

Then we have,

> [H @] 0" (1 — )=t 6(T) =a ,Ya e (0,00) and V6 € (0,1) (4.4)
T Lo
Now, consider a =1 and 6 — 1, we get §(0,---,0) = 1. Also, fora =2 and 6 — 1, we

get §(0,---,0) = 2. Thus we get the contradiction. Hence, no estimator of a is unbiased. [J
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4.3 Method of moments estimators

Fisher (1941), in [11], has provided an elaborate discussion on the method of moments
estimators for Negative binomial distribution as well as their efficiencies. Dropkin (1959)
used method of moments to fit negative binomial model to data consisting of number of
accidents [9]. Savani,et al. (2006) have also discussed the method of moment estimators and

their asymptotic properties [31].

Z?:l i
n

Comparing first sample moment (ﬂl = ~

no 42
> and second sample moment (/j2 = _izlti)
with their theoretical counterparts, we get point estimates for a and 6 as follows:

~ 92 ~
A H1 A M1
a= 0= —

Y ~

o=t )
This estimators may lie outside of the parameter space. Note that these estimators are
valid only if the data is overdispersed i.e. sample variance is greater than sample mean
(fiy — 4ir® > fi1). This issue is explored by Nkingi and Vrbik (2016) [29]. They have talked
about the probability of the occurrence of under dispersed samples (sample variance <
sample mean) and constructed the confidence regions for the method of moments estimators.
According to the simulation study, when 6 is large the percentage of occurrence of under
dispersion is very high. But the trend is more evident (Refer Table 4.1 and Table 4.2 ) with
the following parametrizations used by Nkingi and Vrbik [29]:
a(l—0) 1

_ A=Y P—-_1.
a g 9

NPT 01 03 1 10
0.1]069 060 041 0.12
0.3]055 042 027 0.16
11045 028 0.08 0.04
10 | 0.42 026 0.04 0.00

Table 4.1: Fraction of samples with under dispersion, sample size N = 20 and number of
samples 10000.
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pN\P] 01 03 1 10
01046 027 0.12 0.5
0.3[0.31 0.10 0.03 0.01
1029 0.06 0.02 0.01
10 | 0.27 0.04 0.01 0.01

Table 4.2: Fraction of samples with under dispersion, sample size N = 100 and number of
samples 10000.

4.4 Maximum likelihood estimators

The log-likelihood function is given by
n n ti—1 n

logL(a,0|t) = nalog(0) + Ztilog(l —0) + Z (Z log(a —l—j)) — Z log(t;))  (4.6)
i=1 i=1 \;j=0 i=1

Johnson, et al. (2005) have discussed the method of maximum likelihood estimators for Neg-
ative Binomial distribution with both parameters unknown (page 216 of [15]). A closed form
expression of the MLE is not easy to obtain. But, MLE’s of a and 6 are given as a solution
to the following system of equations:

Z?:l 2 o 0

d: A:A ~
n 1-9 "1_4

X max{t;} 1 max{t;}
logh = — Z it Z is
7=0 i=j+1

where f; is the observed frequency of 7. We can use numerical root finding methods such
as the secant method or bisection method to find a solution for the above system. Another

way is to use gradient accent algorithm for the log-likelihood function.

It is seen that MLE estimator for a may not be exist as the likelihood function may be
increasing as @ — oo. Anscombe (1950) commented on the existence of MLE in [3]. He
has argued that in case of overdispersion, you have at least one finite root to the above
mentioned system of equations. Proof for the argument of having at least one root when
sample is overdispersed is given by Willson, et al. [35], Levin and Reeds [23] and Aragon,
et al. |5]. Willson, et al.(1986) have also shown that the order statistic is minimal sufficient

statistic but not complete for negative binomial distribution when the sample size is greater
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than three [35] . Aragon, et al. (1992) have shown that MLE exists iff sample is overdispersed.
Simonsen has also proved the same theorem in [32]. We report this result in the following

theorem and provide a proof by Aragaon, et al. [5] :

Theorem 4.4.1. Mazimum likelihood estimator for a and 0 exists if and only if the sample

18 overdispersed.

Proof. The maximum likelihood estimator of a is a root of the score function

max{t;} 1 max{t;} Iu
a) = — ;—log 1+ !
0= 3 g 3 A1)
7=0 i=j+1
and that of § is § = >%=. Defining the survival functions as Fj = Zmax{tj} fi , we get,
max{t;} 1 M
= —F; =1 1 !
=Y E o (142

Note that a.g(a) — Fy as a — 0. Using change of variable, z = I, we get,
max{t;}

G(z)=g (é) = Z mﬂ- —log (1 + zj1y)

J=1

As noted earlier, @ — Fy > 0as z — oo.

On differentiation, we get,

maz{t;} max{t;}

/ 1 z2(j—1) fia
G(z)= ——F; — , F; — -
jzl 1+ -1z~ ]Zl 1+G-1)2)2"7 142t
and
max{t;} . max{t;} R
z (- 1) 1)2 i
G(z)=-2 > : F +2 E Fi +
j=1 1+ - D237 (14 zfn)?
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Note that G(0) = G'(0) = 0 and

max{t;}

G'(0)==2 > (j—DF+if = jn— (i — fir?)

j=1

If the sample is overdispersed i.e. (gy — fiy?) > fiy, G' (0) < 0. Hence, G will have the

solution. u

Moreover, we have the following result by Levis and Reeds [23]:

Theorem 4.4.2. (Levis and Reeds [23]) If mazimum likelihood estimator of a and 0 exists,

then it 1s unique.

4.5 Bayesian inference

In Section 4.3 and Section 4.4, we noted that there are limitations of method of mo-
ment estimators and maximum likelihood estimators in case of underdispersed data. We
have developed Bayesian setup to overcome this parameter estimation problem. Bradlow, et
al. (2002) have suggested Bayesian inference for the Negative Binomial Distribution via Poly-
nomial Expansions [7]. They have used polynomial approximations for ratios of gamma func-
tions appearing in the posterior distribution. With beta prime prior for success probability
0 and Pearson Type VI prior for size parameter a, they provided closed from approxima-
tions to the posterior moments of a and 6. Lio (2009) elaborates on Bayesian approach for

parameters estimation in case of Negative binomial distribution [26].

Besides, in the literature, we can find Bayesian model for negative binomial distribution
in case of single unknown parameter (f) using beta prior which is conjugate prior. We
propose a Bayesian model when both the parameters are unknown. Also, the prior choice is

shown to be semiconjugate.
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4.6 Priors for a and 0

We consider the prior of the form 7 (a, ) = f(a)g(0), where f(a) is Gammapoly density

defined as follows:

4.6.1 Gammapoly density

Gamma distribution is widely studied and has been used to model continuous data in
the literature. We propose a new density function for a of the following form which we call

Gammapoly density function with shape parameter ~:

f(a) < B(a)exp(—ay),

where ®(a) is a polynomial in a, say, ®(a) = ¢y + c1a + - -+ + cqa? for some non-negative

integer d. Note that this is a proper density function. We have

I
fla)= =) c¢a'e ™, (4.7)
o

where C' = Z?:o CZI;EZ:[I) The Gammapoly density can be considered as finite mixture of

Gamma distributions ( Gamma(i +1,7v),i = 1,...,d) with weights w; = CCFV(ZLD

When ®(a) = 1, f(a) reduces to an exponential distribution. For ®(a) = ¢;a’ for some i,
f(a) gives a Gamma distribution. We also note that this can be considered as a generalization
of Lindley distribution given by Lindley (1958) [24]. The Lindley distribution is a mixture

of Gamma and exponential distribution with probability density function,
2

flahy) =

(1+a)e ™.

The Lindley distribution is special case of Gammapoly with ®(a) = 1+a. The large number
of parameters in Gammapoly provides flexibility to cover large class of distributions which

was not available with Lindley distribution due to single parameter.
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We also note that, if ®(a) = a®* (a+ )%, ¢ >0, a,d € N, we get

a® a4+ c)lee
a®(a+ c)e da

B a®Y(a + c)lee

- T(a)e*t U (a,d + a + 1, ¢y)

fla) =
/ (4.8)

where U(x,y, z) is confluent hypergeometric function of second kind, defined as follows,

1 o0
Ula,y,z) = —F(a) /o N L) te = dt

Equation (4.8) is the density function of Kummer distribution of type 2 given by Hamza and
Vallois (2016) in [12].

Moment Generating Function

Proposition 4.6.1. The moment generating function for a random wvariable X with the

density function
1 ,
flx) = = Z cixte” ™ (4.9)

18

Proposition 4.6.2. The r'" moments of a random variable with the density (4.9) are given

as
d cl(i+1) z—i-r)
E(X") = —M =1,2,...
( ) At X t:[) CZ l+1 "}/ ) r ) 4y
In particular,
d ‘ ‘
1 cl(i+1)i+1
E(X)=— A
( ) C’; 72—}—1 ~
and .
E(X?) = 1Zcz-r(z'+1) (i+1)—|—(i+1)2'

C s it ~2



With Gammapoly prior for a, we consider Beta prior for 6, i.e.

L(B1 + 52) ph—1

9(6’517ﬁ2> (ﬁl) (ﬁQ)

(1—6)%21 Loy(0), with known By, B2 > 0. (4.10)

Hence the joint prior density for a and 6 is

Zcz S = o (4.11)

where C' = 320 Clv,ﬁl), >0, € (0,1).

With these choices of priors for a and 6, the c.d.f. of the mean p = @ is given as

/ / #(a)g(6) db da.

In particular, if a ~ Gamma(a, ), we get the following result for the distribution of p.

follows:

Proposition 4.6.3. Suppose a is distributed as Gamma(a,7y) and 0 is distributed as Beta(B1, 32).

Then, the probability density function for u = a(16—9) 15 given by
v
p(p) = WU(O&JFBDQ—@JFLWL)' (4.12)
Proof. Since = M or 6 , the c.d.f of p is

/ f(a)m(0) db da

/ ’)/ a” e —na F(ﬁl —Fﬁg) 951_1
(@) T(B)T(52)

_ / /a+u y “a*~ 16 e F( 1 +ﬁ2) eﬂl 1( 9)62_1 df da
,ya

(1—6)2"'df da

I'(a)  T(B)I(B)
_ _/ @ le—a Beta(Hu,ﬁl,ﬁg)
- 0 [(c) Beta(pi, Ba)

38

da,



where Beta(z, 1, 52) is the incomplete beta function defined as
Beta(z, B1, B2) = / 01 (1 — )27 dg
0

Then the p.d.f of u is

B ® Naga—le=ra %Beta(ﬁ,ﬁl,ﬁz)
p(p) = _/0 I'(o) Beta (B, B2) e

00 y a® 16 Yya a+p61—1 q
= a
/0 F(O&)B@t&(ﬁl, ﬁQ) (CL + /JJ)51+62

_ T T (e + B)
- Beta(ﬁl,ﬂg)F(a)U(a + 617 o — 62 + 177,“’)7

where we have used the fact that

d
- Betala, B, f) = 271 (1 = 2)°.
zZ

L]
4.6.2 Posterior Density Distribution
Let t1,ts,...,t, be n independent observations from Negative Binomial given in (4.1).
We will use ¢ to denote (¢, t,...,t,). The likelihood function is given as
(a,0[t) = ﬁ (@): ~ligna(] — g)Ximt (4.13)
0 . .
=1
We consider the prior
- B + )
Z ale A € ) o (4.14)

AT (B2)

=0
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With respect to this prior, the marginal density for ¢ is

://L(a,e\t)w(a,e)d@dG

((514‘52)) //H i \Wti pnatpi— 1 9)2?—175#52—1;ciaiemp(—ay) da df
I( )

C1( 2)

Bi+Bo) T L ti+ B2) [ 1ini(a) Z?:O c;a’
) ( t! (na + ﬁl)Z?:l ti+ B2

and the joint posterior density of a and 6 is

(o) - LA 0

exp(—av) da,

_ H?=l<a)ti ch'l:o Ciaie_memﬂrﬁl_l(l — 9)2?:1 titf2—1 (4.15)
F(Z?:l ti+ B2) K ’
where
h= /H i Ocza e da.
na + 61 >ty titBe
The posterior marginal densities of a and 6 are :
1
7(alt) = / w(a,0|t) do
. (4.16)
_ [Ti=i(a),I'(na + ) ZZ o Ciate e
F(na + B+ Zizl t; + 52) ’
and
m(0]t) —/ (a,0[t) da
0
foI-1(1 — )T ti+ba-1 (4.17)
= / H C aie—a(v—nloge) da
N2 + Ba) K

Semiconjugate priors are defined for more than one dimensional parameter space. It is
a family of probability distributions on parameter space such that for each member of that

family, the full posterior marginals belong to the same family.
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Proposition 4.6.4. The family of distributions with density

d
_ z e~ 51 + 52) B1—1 Ba—1
= Z; NENES (52)0 (1-6)>"", a>0,0€e(0,1) (4.18)

is semiconjugate for Negative binomial distribution (4.1).

Proof. From (4.15), the full marginal posterior distribution for a is

m(alb,t) H Z ciale~(ynlogda, (4.19)
i=1

which is again Gammapoly distribution with polynomial part [/, (a),, S0, c;a’ and shape

parameter v — nlog6.
Also, the full marginal distribution of  is Beta(na + 51, > ., ti + (2) as

(na—i_ﬂl_'_zz lt +52) enaJrﬁl 1
L(na+ p) T ti + B2)

7(0la,t) = (1 — @) ximtithat, (4.20)

O

4.6.3 Predictive Density Analysis

Let Y be a new observation from N B(a, ) in (4.1). Then, predictive probability mass

function for Y given tq,1s,...,1, is given as

q(y|t) = // (yla, 0)m(a,0|t) d da

z 1t ”‘52) / ( )y Hz 1( )ZZZ Oczale"w da (4'21>
y K ((n+Da+B) (g 11 80+y)

Proposition 4.6.5. When 5, = 1, the expected value of Y given t is independent of the

choice of prior for a.

Before proceeding further with the proof, we will recall some properties of ascending

factorials which follows from the properties of Gamma function.

41



Lemma 4.6.6. For a,t,r > 0 and a > r,we have,

1. (a—=7r)re = (a)e(a = 7)r

2. In particular, for r =1, we get (a —1)(a); = (a — 1)441

Proof. (Proposition 4.6.5) We have, from the definition of conditional expectations,

Ey [Y[t] =Exai {@}

// (a,0|t) da do

St +5z / [T (0, Sy ciie

a.
K (na+ B1 — 1) t48241)

Using property (2) of Lemma 4.6.6 in the denominator, we get, when 3 = 1,

E,[Y]t] = —2?21: Al (4.22)

which is independent of the ¢;’s and ~.

Moreover, we get a general result as follows:

Proposition 4.6.7. For any (1,52 > 0,

— )It} = Xn:ti + B2 (4.23)

1
Eﬂ(a,9|t) (TLCL + ﬁl - 1)( 0

When B = 1, equation (4.23) reduces to (4.22). Note that, uniform prior choice for 6 leads
to

S ti+1
E,[Y|t] = == (4.24)

Proposition 4.6.8. For any 1,02 > 0, ,mg > my >0

1 — gy TS 4, + By +m

(na + B = 1)y (n FAED hit ﬁz) g (i b+ 52)

ma—mi
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4.7 Computational aspects

The implementation of the above-mentioned method of Bayesian analysis of negative
binomial distributed data requires sample generating methods from Gammapoly distribution
(4.7) and posterior density distribution (4.15). In this section, we provide such methods

which will enable us the employment of the new method of inference.

4.7.1 Generating samples from Gammapoly distribution

The characterization of Gammapoly distribution as a finite mixture of Gamma distribu-
tions, given in Section 4.6, is useful in sampling from Gammapoly distribution. To generate

samples from the density function (4.7),

1. Compute the weights w; = Cg,glﬂ), i=0,1,...,d;

2. Choose i € {0,1,...,d} with probability w; ;

3. Generate sample from Gamma(i + 1,7) .

4.7.2 Generating samples from posterior density distribution

Further, Gibbs sampler can be used to draw samples from posterior density (4.15) as we

can sample from full marginal densities given in (4.19) and (4.20) as follows:

1. Choose prior distributions for a and @, i.e. to fix values for coefficients cy,...,cq in

®(a) , v, f1 and Bs ;

2. Compute polynomial part in full marginal posterior density of a, which is necessary to

compute weights to sample a from (4.19);
3. Start with an arbitrary value for 6;
4. Using this value of 6, sample @y, from (4.19);

5. Sample a new value for 6 from Beta(nane, + 81, . ti + B2);
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6. Repeat steps 4 and 5 till convergence of Gibbs sampler;

7. Throw away first few samples, also called as burn-in period of Gibbs sampler to get

independent samples a; and 6;,i = 1,2,..., N from (4.15).

The above mentioned algorithm can be computationally inefficient in some cases, for
example, large number of samples (n), large values of the observations, etc. But, this can
be improved upon by avoiding computations of weights via long polynomial computations
in step 2 by considering ratios of consecutive coefficients and normalizing them with respect
to particular coefficient, set to be unity. In step 4, note that, the coefficients of a’,i =
0,1,---,n —mng+ 6 — 1, (where ¢ is the lowest non-zero degree in ®(a)) are all zero and
the remaining coefficients are non-zero which further facilitates the sampling from the target

distribution by the method described with improvement.

4.7.3 Estimators of ¢ and ¢

With respect to quadratic loss function, Bayes estimators for a and 6 are posterior
means of a and 6. These can be computed using posterior averages of samples generated

using method presented in the previous section.

a =

N N '
We can also use the generated samples to estimate the median or quantiles of the posterior

distributions. The median of a and # are the Bayes estimators with respect to absolute error

loss.

4.7.4 Empirical estimators of predictive density

To get empirical estimates for predictive probability density function (4.21) and expected
value of new observation given t i.e. E,[Y |t], for each sampled pair of a; and §; sampled using

M , and then take

k3

Gibbs sampler, we compute %Qfl(l —0;)Y for y =0,1,2,... and

averages.
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S, G0 (1 - 0,)

i=1 gl

N

q(y|t) = v uyu=0,1,2,... (4.26)

and

ZN a;(1—6;)
=1 g

EY|t] = ¥

(4.27)

4.8 Numerical examples

4.8.1 Application to a tiny dataset

We consider a dataset t; = 0,ty = 1,13 = 4 of three independent observations from
N B(a, ) for some a and 6. For this particular example, we explicitly derived the expressions
for marginal posterior densities of a and 6 as well as joint posterior density , predictive
density and expected predictive value for following prior values and compare the results of
simulations with the analytically obtained expressions. Considering prior values as ®(a) = 1
, ¥ =2, B1 = By = 1, which corresponds to the prior 7(a,) = 2e72* we get the joint

posterior density

a*(a+1)(a+2)(a+ 3)e 2263 (1 — 6)°
0.013215

7(a,0[t) = -+« from (4.15).

The marginal posterior densities are

(alt) 1008.97 / 2 e 2@ 14 e 2¢ n 40 e 2@ 25 2@
i et R _ — N _
9 813a+1 813a+2 8l13a+4 8l13a+5)’
and
(0]t) = (1-— 95) 120 n 144 n 66 n 12
T - 12 (24 3In(0)) (24 3In(0))> (24 3In(0)*  (2+ 3In(0))?

Figure (4.1) shows the comparison of analytic expressions and the results obtained via sim-
ulations using Gibbs sampler. With respect to quadratic loss, Bayes estimates for unknown
parameters are

(Bayes = 0.7404,  Opayes = 0.3353
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The predictive density is given as

_ T6+y) [ (a)ye*(a+1)(a+2)(at3)e™
10l = 0'013215y!/ (datD).. (dat6iy @

Table 4.3 provides few values of predictive density.

y 0 1 2 3 1 5 6
q(y[t) | 0.5004 [ 0.1817 | 0.1014 | 0.0621 | 0.0402 | 0.0271 | 0.0189

Table 4.3: Predictive density for a tiny dataset

Comparison of empirical estimates of predictive density with the values in Table 4.3 is
shown in Figure 4.9. We can see that the empirical means, obtained using (4.26) and (4.27)

matches well with the analytically derived values in Table 4.3.

4.8.2 Application to Fisher’s data of the number of ticks on sheep

Consider the dataset (Table A.3) representing a sample of sheep classified according to

the number of ticks found on each, as given by Fisher in [11].

Let prior be as follows:
a ~ Gamma(3,1), 6 ~ Beta(1,1)

The posterior distributions for a and 6 are given in Figure 4.3. Predictive density estimates

are obtained (Figure 4.9).

MoM MLE | Bayes Estimates(Posterior Means)
a | 4.10859 | 3.75254 3.625036
6 | 0.558339 | 0.535902 0.514822

Table 4.4: Comparison of different estimators for a and 6
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4.9 Risk comparison of estimators

We conducted a simulation study to compare Bayes estimate under quadratic loss with
method of moments estimators and maximum likelihood estimators under different choices
for a and #. The values chosen for a and 6 are 1,2,3 and 0.25,0.50, 0.75, respectively. For
each pair, N = 1000 samples of size n = 50 are generated and estimates for a and 6 are
computed. Method of moments (MoM) estimators are calculated using (4.5). The following
prior is considered : 7(a, theta) = %e’%“ , hence the prior mean of a is 2 and 6 is 0.5. Figures
(4.5), (4.6) and (4.7) shows boxplots for |d—a| and |0 — 6| where @ and 6 denote the estimates
for a and 6 (namely, MoM estimators and posterior expectations of a and 6) , respectively.
We have considered samples which are overdispersed as we know that for underdispersed
samples, MoM and MLE estimators either lie outside the parameter space or do not exist.

All the computations are done using R.

From the simulation study, we can see that, in almost all the cases studied, Bayes estima-
tors performs better than or equal to other estimates, when absolute deviation from the true
values of parameters is considered. The variability in Bayes estimators is less as compared

to other estimates.

Risk functions with respect to quadratic loss functions are plotted (4.9) for a and @ for
(a,0) € (0,10) x (0,1). The samples of size 5 are considered for this simulation study. It can
be seen that, except for the extreme values of €, the frequentist risk with respect to quadratic
loss function of Bayes estimator is better than that of the MoM estimator, whenever they

exists.
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Chapter 5

Parameter Estimation for the Polya

Distribution

In this Chapter, we consider the problem of the parameter estimation for the Polya dis-
tribution. We propose the use of a data cloning method to obtain MLE for such model.
A Bayesian approach is also suggested. All methods developed are illustrated using real

dataset.

5.1 Polya Distribution

Let X = (Xy,...,X4) be a random vector where X; € {0,1,...,t} and 30, X; = t.

The probability mass function for a Polya(t; aq, ..., aq) distribution is

t! Q5 )z,
p(z1, ... xdar, ... aqt) = @H%» (5.1)
t = e

where, @« = > a;, t = > x;. Let (x15,...,24),7 = 1,2,...,n be n independent obser-

vations from Polya(t;;aq, ..., aq) distribution, j = 1,2,...,n, respectively. The likelihood

function is given as
n

L(aq,...,aq) :H

j=1

n
(a>tj

15 52
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Here, we consider the problem of estimating «;’s.

5.2 Maximum likelihood estimation

Maximum likelihood estimators for «;’s are the solutions for the following score equations:

n il 1 n t;j—1 1 |
;;aﬁl:;;m, i=1,2,...,d (5.3)

Levin and Reeds (1977) showed that the MLE may not exist for Polya distribution in [23].
No closed form solutions can be obtained for the MLE. Numerical methods are needed to
be implemented to obtain solutions for the system of equations (5.3). Here we provide an

alternative method to obtain MLE using data cloning.

5.2.1 Data Cloning

A well known result in asymptotic Bayes theory that under certain regularity conditions,
the posterior distribution 7(6|x1,. .., x,) asymptotically approaches to Nd(éMLE, [‘1(éMLE))
as n — 0o, where éMLE is MLE of the parameter 6 and () is the information matrix based
on n observations xy,...,z,. A rigorous proof of such result is provided by Walker (1969)

in [33]. Here is the version of the result for a multidimensional parameter spaces:

Theorem 5.2.1. Let 8 = (0,...,0;) € © be d — dimensional parameter vector. Let

Xi,..., Xy have density ] f(z;|0). Assume that following regularity conditions are sat-
i=1

1sfied:

1. S=A{z: f(x|0)} does not depend on 6.
2. Identification : The distributions corresponding to two distinct values of 0 are different.

3. Consider z € S and @' € ©. Then there exist § > 0 such that Y0 with |8 —0'| < &, we

have,

log(f((6)) — log(f(x]6))| < Hs(x,6)
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and

(151_I>I[1)H5(x 6)=0

Also, for any 6, € O,
ti | Hie.6) (2160)du = 0.

In the below conditions, let 8y be any interior point in ©.

4. For unbounded © and any 0y € O,
log(f(x]0)) —log(f(x|00)) < Ka(z,00), VO such that |[|0]] > A,

where

Jim /KA 2, 00)f(2100)dp < oo.

5. Logf(x|0) is a twice differentiable function of @ near 6.

6. The d x d information matriz I(0y) should be finite and positive definite. Here,

o [0 (%50)_ (252)_ o
—6, J 6=0y

7. The prior density w(0) is continuous at 8y and w(6y) > 0.

Then, the posterior distribution w(0|x1, ..., x,) converges in distribution to Nd(éMLEm, %I‘l(éMLE,n)),

where éMLE’n 1s MLE based on the sample x+, ..., x,.

Using this result, Lele, et al. (2010) proposed method of data cloning to obtain MLE in

case of random effect models [22|. The idea of the data cloning is as follows :

n
Suppose we have n observations i, ...,x, with the density [] f(z;|@). For any prior

7(0), the posterior density for 0 is

n

w(@|xy, ..., T,) X H f(z;10)m(0)

=1
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Now the cloned data is obtained by considering k£ copies of the observed data. Then the

likelihood function for the cloned data is

= (H f(xi\9)>

Here, note that the MLE’s based on the observed data and the cloned data are same. The

posterior distribution based on the cloned data is

(0| (z1,. .., T, (Hfme) m(0).

Invoking above theorem 5.2.1 for the cloned data, we get, the posterior distribution 7 (6|(x1, . ..

converges in distribution to Nd(éMLEm, ﬁ[‘l(éMLEm)). Hence, for fixed n, if we let k& — oo,
the variance matrix will shrink to 0 and the samples from the posterior density based on
the cloned data can be used as as estimator for 0 MLEn- Further, we can use this normal

approximation to construct confidence intervals for the estimate of ] MLEn-

5.2.2 Using Data Cloning for estimating the MLE for a Polya Dis-

tribution

Let (z1j,...,24))j = 1,2,...,n be n independent observations from Polya distribution
(5.1). The likelihood function is given in (5.2).

Levin and Reeds (1977) showed that the MLE may not be finite for some samples [23].
They proved that the MLE is finite if and only if

(i =t = (5.4)
1

=1

n d

Xy

=

Assuming that the MLE exists for a given data, here is an algorithm to estimate the MLE

using a data cloning approach:
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1. We consider independent priors for «;’s.
(o, ... aq) =m(ay) - m(ag).
2. Fix k. Then, the posterior distribution of a;’s is
m(an,. ..ol (21, . 2g)) o< (Lla, . .., ) 7(ar) - - mag). (5.5)

3. Then, we have the full posterior marginal distributions for «;’s as follows:

m(vloyz, (15, - - - ,xdj)k) o (o) (H ((O‘CZ))?J> _

4. Use Gibbs sampler to sample (ay, ..., aq) from the joint posterior density (5.5).
5. Repeat steps 2, 3 and 4 with increasing values for £ till samples start to converge.

6. The mean of the samples converges to the MLE for «;’s.

In cases where finite MLE solutions does not exist for a;’s, it is observed that ¢* converges
for large k. If ay,...,aq — oo such that ¢ — ¢; , the probability mass function for this

limiting case of Polya distribution is
<x177$d’¢177¢d):d' ﬂxz (56)

Then, the data cloning method can also be used to estimate ¢;’s by considering <* for the

samples generated using large values of k.

5.2.3 Examples

Here, we present examples of cases where
1) the MLE solution exists and
2) the MLE solution does not exist.
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Shunter’s Accident Data

Conditional on the sum T, we fit a Polya disribution(7’; a1, a3) to the bivariate Shunter
Accidents data. This dataset does not admit finite MLE solution. As expected, the «;’s
don’t converge for any k£ (Fig. 5.1). But, if we consider ¢;’s as defined in earlier section, it

can be seen that ¢;’s converge (Fig. 5.2). Table 5.1 shows estimates for ¢;’s with standard

EITors.
k ¢1MLE ¢2MLE
100 | 0.434212(8.95 x 10°) | 0.565788(8.95 x 10-°)
1000 | 0.4340187(1.48 x 1075) | 0.5659813(1.48 x 10~)

Table 5.1: MLEs of ¢;’s for Shunter’s accident bivariate data in Table A.1 using data cloning
for different values of k. The bracketed quantities denote the standard error.

Aitchison’s Trivariate Bacterial Data Count

Conditional on the sum T, we fit a Polya disribution(¢; aq, g, a3) to the trivariate bacterial
data given in Table A.2. This dataset does admit finite MLE solution. Fig. 5.3 shows
sample iterates obtained for aq, as, ag from the posterior density using Gibbs sampler for
cloned Aitchison’s trivariate data with £ = 100, 1000 and 10000. Table 5.2 shows estimates
for MLE of «;’s with standard errors. We can see that, as k becomes large, the standard

error decreases which is suggested by Theorem 5.2.1.

k 021 dg 023

100
1000
10000

2.0881(0.0461)
2.0839(0.0133)
2.0781(0.0072)

2.8949(0.0602)
2.8334(0.0194)
2.8248(0.0101)

2.6497(0.0560)
2.6471(0.0183)
2.6402(0.0101)

Table 5.2: MLE of «;’s for Aitchison’s trivariate data using data cloning for different values
of k. The bracketed quantities denote the standard error.
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Figure 5.1: Iterates obtained for ay, as from the posterior density using Gibbs sampler for
cloned Shunter’s accident data with & = 100, 1000
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Figure 5.2: Plots for ¢; = <1, ¢y = =L from samples generated using Gibbs sampler for

cloned Shunter’s accident data with & = 100, 1000
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Figure 5.3: Iterates obtained for oy, as, a3 from the posterior density using Gibbs sampler
for cloned Aitchison’s trivariate data with & = 100, 1000, 10000
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5.3 Bayesian Inference

We consider the following priors for the «;’s :

Pi(al) —Ba;
Qi(%‘)e 7

(o) o

i=1,2,....d, (5.7)

where P;(«;) and Q;(«;) are polynomials in a;’s and § is any positive real number.

Proposition 5.3.1. The class of priors given in (5.7) is semiconjugate prior for the Polya(t; aq, . . .

distribution.

Proof. The joint posterior density of the a;’s is

n
(o, aal(my, - wg)ioy) o) | [ =

Now, the full posterior marginal density of «; is

maala, @i Qi (2 2g)i) o w(a) (H <<037>
X Pi(ai)efﬁai - (O‘i)%
s (%)

j=1
X n
Qi) [T(a)y,

j=1

Hence, we have,
n Pi/ (al) —Ba
m(oglan, a1, g, s (T, - W) joy) O Q;(Ozi)e Poi (5.8)
where P/ (o;) = Pi(c;) [ (ci)s,, and Q;(ci) = Qi(cv) I (), are polynomials in a. O
j=1 j=1

We can use Gibbs sampling scheme to sample from the joint posterior density of the a;’s.
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The samples generated, then, can be used to estimate functions of «;’s such as posterior
moments of a;’s i.e. E(af|(z1),...,24)}—;). We can thus obtain Bayes point estimators for

)

Q;'S.

5.3.1 Illustration

We apply the Bayesian methodology suggested above to the Shunter’s Accident data to

obtain posterior means of «;’s as Bayes point estimators.

We consider 7(a;) = Gamma(3,1),i =1,2,...,d. The samples from the joint posterior
density are generated using Gibbs sampler. Fig. 5.4 shows the marginal posterior densities

for a; and ay. Table 5.3 gives posterior expectations of a; and as.

a (&%)
Posterior mean | 4.0546 | 5.2617
Posterior s.d. | 1.1891 | 1.5226

Table 5.3: Estimates of «;’s for Shunter’s Accident data

04

03
|

02

Marginal Posterior density

01

00
|

Figure 5.4: Marginal Posterior densities for a;, as for Shunter’s Accident bivariate data
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Chapter 6

Parameter estimation for the Negative

Binomial Sums and Polya Shares Model

This chapter addresses the main goal of the thesis. Based on the estimators obtained in
Chapter 4 and Chapter 5, here we provide the estimators for the parameters in Negative
binomial sums and Polya shares model 3.18. The limiting distribution obtained in 3.23 is

also considered. We also provide applications of the model to real datasets.

6.1 Introduction

We return to the original problem of the parameter estimation for the Negative binomial

sums and Polya shares model with the probability mass function

H?:l(ai)mi (a)m1+"'+md a mi+--+mgqg
p(m17m27"'amd) = ] ] '0 (1_9) (6]‘)
() gty Malmal -+ - myg!
where o = Z?:l a;. We also consider the limiting distribution obtained as aq,...,aqy — o

such that <& — ¢; with the probability mass function

d
Q) 4ot mi | pa -
p(ml,mg,...,md):()ﬁ<n¢i 1)9 (1—g)mrm (6.2)
©o\i=l

m1!-
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Let (my1,- - ,ma1), -+, (Min, -+ ,May) be n independent observations from 6.1. We de-

n
note these observations as M = {(mi1,...,ma1), -+, (Min, ..., Man)}. Let m; = % > mij,
i=1
1 n d
= kz (mzk — mz)(mjk — mj_) and tj = Zlij

6.2 Method of Moments estimators

There are many challenges in obtaining method of moments estimators for the model
(6.1) due to large number of parameters. Besides, as seen in Section 4.3, the method of
moments estimators may not give a feasible solution for Negative binomial distribution. As
mentioned by Jones and Marchand in [17], here we provide estimators when d = 2. Let
(mq1,m21), -+, (Min, Ma,) be n independent observations from bivariate discrete distribu-

tions with probability mass function

(al)ﬂ”u(a?) ( ) ga( _9)15’

t= 6.3
(a1 + a2); myimy)! mi + ma (6.3)

p(mla m2) -

We denote t; = my; +mg;, j=1,2,--- ,n. Let iy = Z%lti and iy = 2% From (4.5),

n

we have L R
a= %a 0= Au—lAg (6.4)
M2 — 1 — 1 M2 — M
Comparing theoretical (refer to eq. 3.19 and eq. 3.20) and sample moments of m;’s ,

~ ~ A~

a(l —60)a . a a(l —0) a e a(l — 6)?
S LG 2 7 B € Sl 0 L Sk (D A
6 « Q 0 « Q 02621 + &)
we get
. amy, . amg . a*(1- é)QmLmz + 512(92/1%
Q] = ~ ) Qg = ~ ) a = N ~ Ao A
Ha f1 a(1 —0)2mymsy — s1202/13

Note that @ > 0 if and only if a(1 — 0)2my.ms. > 12022

We can’t generalize this method for higher dimensions as there are less number of param-

eters than the moments equations to compare. For instance, when d = 3, one can estimate
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a and 6 in a similar way. But, to estimates a, as, a3, we have six independent terms in the
covariance matrix. It is not known which equations should be preferred for the estimation

purpose.

For the limiting distribution (6.2), the method of moments estimators are

6.3 Maximum Likelihood Estimators

The log-likelihood function based on n independent observations from the Negative

binomial sums and Polya shares distribution is given as

n n tjf].
logL(a,0, a1, ,aq|M) = nalog() + Z tilog(1 —0) + Z (Z log(a + k:))
j=1

j=1 \ k=0
n mij—l n ti—1
+Z (Zlog(ai—i-k) Z(Zloga—i—k) ZZlogm”' (6.6)
i=1 j=1 \ k=0 j=1 \k=0 i=1 j=1
Note that the terms involving a,f and «;,--- , a4 are separated in the log-likelihood

equation. Hence, the score functions are independent. As seen in the Chapter 4 and Chapter
5, MLE for a as well as «;’s may not exist. Whenever the solutions exist, methods developed
in the Chapter 4 and Chapter 5 can be used.

6.4 Bayesian Inference

Here, we suggest a general setup for the Bayesian inference for the negative binomial

sums and shares model. We consider the priors for the parameters as follows:

1. Polya parameter a is distributed as a Gammapoly distribution introduced in (4.7) i.e.,
m(a) x ®(a)e " ;

2. 0 ~ Beta(py, fa) i.e. m(0) = 07711 — 0)2" 1) (0) ;

(ﬂl ,B2)
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Pi(ai) —Boy
Qi(an) ©

3. m(ay) o , 1=1,2,...,d.

Using the algorithms proposed in previous chapters, we can obtain estimates for the posterior

distribution of the parameters.

Bayesian Inference in case of the limiting distribution 6.2:

We consider the following priors:

1. m(a) x ®(a)e 7,

2. 0~ B@td(ﬁl,ﬁg) 1.€. 7T(9) = m@ﬁl_l(l — 0)62_1]1(071)(0) )

3. 1, , Qa ~ Dirichlet(dy,0q,- - ,0q4) i.e.

T(6) [T, ¢ "

TOn 00 = TG

where ¢ = Zle i -

Then the joint posterior density is

n

d
7r(a,, 9, ¢17 ¢27 T >¢d|M) X Hp(mlj, R ,mdj)(b(a)@_’yaeﬁl_l<1 _ 9)/32—1 H ¢Z>i—1
=1

j=1
- > migtBa1 1o
mij+H2— n g6
x [ (@), ®(a)egmm=1 (1 — g™ T o
7=l i=1
and thus
- Doy mig+6i—1
7T(¢17¢2;"' 7¢d|M) o H¢z j=1MigHoi—
i=1
Hence,
(blv ¢27 T 7¢d|M ~ Dirichlet (Z mi; + 51, cey Zmdj + 5d> . (67)
J=1 j=1
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6.5 Shunter’s Accident Data

We fit the limiting model 6.2 to bivariate Shunters’ accident data (Table A.1). Here are the

Bayes estimators withh respect to the following prior:

a~ Gamma(3,1), 60~ Beta(1,1), ¢1,¢p2 ~ Dirichlet(1,1).

’ Parameters \ Posterior means \ Posterior s.d. \ 95% HPD intervals ‘

a 3.5539 1.0876 | (19161, 6.2798)
0 0.6004 0.0712 | (0.4591 , 0.7380)
b1 0.4652 0.4329 | (0.0822 , 0.8847)

Table 6.1: Fit of limiting distribution to Shunters’ accident data using Bayes estimators.

mi\mg | 0 1 2 3 4 5 6 T+

0 1990 15.12 735 291 1.02 0.33 0.10 0.03
13.15 1280 7.59 3.55 1.43 0.52 0.18 0.06
5.57 6.61 4.63 249 1.14 046 0.17 0.06
1.92 268 217 132 0.67 0.30 0.13 0.05
058 094 086 0.59 033 0.16 0.07 0.03
0.16 030 0.31 0.23 0.14 0.08 0.04 0.02
0.04 0.09 0.10 0.08 0.06 0.03 0.02 0.01
T+ 0.01 0.02 0.03 0.03 0.02 0.01 0.01 0.00

UL W N~

Table 6.2: Expected counts under fitting of limiting model to Shunters’ accident data

6.6 Aitchison’s Trivariate Bacterial Count Data

We fit the Negative binomial sums and Polya shres model (6.1) to the trivariate bacterial
dataset (Table A.2). Here are the estimators for the parameters obtained using maximum

likelihood estimation and Bayes inference:

For Bayesian inference, we consider following priors:

a ~ Gamma(5,1), 60~ Beta(1,1), «a; ~Gamma(3,1), =1,2,3.
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Parameters ‘ MLE ‘
a 16.0029

0 0.4734

ap | 2.0781(0.0072)

ag | 2.8248(0.0101)

az | 2.6402(0.0101)

Table 6.3: Fit Negative Binomial Sums and Polya Shares model to Aitchison’s trivariate
data using MLE. The bracketed quantities denote the standard error.

Parameters \ Posterior means \ Posterior s.d. \ 95% HPD intervals ‘

a 9.3426 1.9677 | (6.0445 , 13.6789)
0 0.3409 0.0479 (0.2501 , 0.4384)
o 2.2195 0.4329 (1.4617 , 3.1715)
% 2.9945 0.5813 (2.0141 , 4.2269)
Qs 2.8104 0.5602 (1.8638 , 4.0865)

Table 6.4: Fit Negative binomial Sums and Polya shares model to Aitchison’s trivariate data
using Bayes estimators.
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Chapter 7

On a proper Bayes, but inadmissible

estimator

We present an example of a proper Bayes point estimator which is inadmissible. It occurs for a
negative binomial model with shape parameter a, probability parameter p, prior densities of the
form 7(a,p) = Bg(a) (1 —p)’~t, and for estimating the population mean pu = a(l — p)/p under
squared error loss. Other intriguing features are exhibited, one such feature is the constancy of the

Bayes estimator with respect to the choice of g, including degenerate or known a cases.

7.1 Introduction

Bayesian methods are intimately linked to statistical decision theory, they possess desirable
theoretical properties, such as coherence and, in general, good frequentist risk properties. However,
proper Bayes estimators need not be admissible. So much and more is known (see for instance
Berger, 1985 [6]; Lehmann, 1983 [21]; and the discussion following Theorem 7.2.1 below). Nonethe-
less, such examples remain surprising and instructive, especially when they occur in simple situations
that are also relevant in practice. We report and comment on such a situation that occurred re-
cently in studying Bayesian posterior analysis for a negative binomial model. Moreover, the example
which we present exhibits other intriguing features, one such feature is the constancy of a Bayes

point estimator with respect to a large and dispersed class of priors.

As implied by the following well-known result (e.g., Ferguson, 1968 [10]; Lehmann, 1983 [21]),
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the inadmissibility of a proper Bayes estimator can only occur when the Bayes risk is infinite.

Lemma 7.1.1. Consider model X ~ py, 0 € O, and the problem of estimating 7(6) under loss
L(6,6). Let 5,(X) be a unique ' Bayes estimator for a proper prior density ©. Then, the estimator
0(X) is admissible when () < oo, with () the Bayes risk of § given by

ra(8) = /eEL(G,é(a:)) (60)df.

We point out that Lemma 1.1 holds more generally, in particular for cases where 7 is a probability

mass function.

Proof. Suppose d;(X) is not admissible and dominated by another estimator 4, (X). Hence, we

have
ra(65) < rr(0) = / EL (9,5(9;)’) 7(0)do < / EL (8,5 (x)) 7(0)d = rr(5:) (7.1)
(C] (C]
But, Bayes estimator is unique. Hence, d,(X) is admissible. O

7.2 The example

Let X1,...,Xp, n > 2, be independently distributed N B(a,p), a > 0,p € (0,1), with common

marginal probability mass function

a .
P(X;=t) = (t')tp“(l—p)t]IN(t),z:1,...,n, (7.2)
with ascending factorial (a); = H;;B(a +j) for t > 1, (a)g = 1. We take both a and p to be
unknown. The negative binomial model is one of the better known and appealing models for count

data, in particular for over-dispersed data, with mean lower than the variance, as

1-— 1—p

p?

E(X)) =p=a—2L <o = V(X)) = a

for all a > 0,p € (0,1). An alternative and appealing representation of (2.1), expressed in terms of

the mean p and the overdispersion parameter k = a, with o = p(1 + u/k), is given by

1Up to an equivalence
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() It

w+k” Cp+k

Now, consider estimating p under squared error loss (6 — u)? with Bayesian estimators given
by E(p|z1,...,2,) as long as E(u?|z1,...,2,) < oo for all 1,...,2,. Our main example is the
following and relates to a joint prior for (a,p) which factorizes into independent components a ~ g
and p ~ Beta(1, f3).

Theorem 7.2.1. Consider X1,..., Xy, ~ NB(a,p) as in (7.2) with prior density

mg(a,p) = Bg(a)(1—p)" I 1)(p),

with 8 > 0 and g being a density (or a probability mass function) such that floo g(a)da = 1 (or
Z?il g(j) = 1). Then, the Bayes estimator of u = a (1 —p)/p for loss (6§ — p)?, and with respect

E?:l T+ ﬁ
n

to prior my(a,p) is given by O, (21,...,T,) = , irrespective of g. Furthermore, o s

_ Z?:1 T

inadmissible and dominated by the unbiased estimator do(z1,...,2,) = ==

Proof. In terms of frequentist risk R((a,p),d) = Eap{6(X1,...,X,) — u}? of an estimator
d(X1,...,Xn), we have

R((a,p),80) = V(%) = o*/n
R((a,p),0r,) = V(do)+ (Bias of 6ﬂg)2 = o?/n + %/n?, (7.3)

which shows indeed that 9 dominates dr,.

Now, for evaluating dr,, we have the likelihood

p(1,. .. pla,p) = {H (Z)f} P (1 —p)=i® H In(i) ,

i

yielding the posterior density

(ap)lar, - n o [[(@)a; 9(a) p"*(1 = p)= " ia > 1,0 <p < 1.
i

Hereafter, we pursue for g being a density. The discrete case (i.e., g is a probability mass function)
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can be studied analogously. From the above posterior density, we obtain

1—
E(a P ml,...,xn)

p

(

Ji~ aTli(a)z g(a) glpna Y1 - p)Xi®itPdpdu(a)
S i(a)z; 9(a fo na (1 — p)2 @i tA=1dp dv(a)

00 na) T; 1
S a TIi(0)a, 9(a) <(n3+%x,$‘itf dv(a)

Plna+1) I3, zi4B)
f1 @)z, g ) (na+2 xz—i-ﬁ-i-l) dv(a)

E (p|z1,...,20)

na+1

(7.4)
fl z xl a’) T'(na+>, z;+6+1)

Zi$i+,8

n

as stated.

For the above, an application of Stirling’s formula, i.e., I'(z + 1) ~ 2T1/2e=%/27 , with a(z) ~

b(z) meaning lim,_,~, a(2)/b(z) = 1, implies that the integrals converge. Indeed, we have

I'(na+1) (i)t na natt+1/2 e B
F(na+1+ 84>, ) na’ \na+t+ na+t+pB)

with ¢ = Y, 2;. With [],(a)s, ~ a', we obtain

I'(na+1) e na nati+l/2 e :
o vy srse ~ @ (rirs) (evs)

(2

Since the above is bounded for large a, in fact converging to 0 as a — oo, we infer the (2.3) is well

defined.

To conclude the proof, we require the posterior variance V(p|z1, .. ., 2,) to exist, i.e., E(u?|z1, ..., 2,) <

oo, and we show that this to be the case under the given conditions on ¢g. Indeed, proceeding with
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a decomposition as above, we have

1— 2
E(M2|3§'1,...,$n) = E(QQ(P;»hjla“wxn)
floo a’ J(a)z; g(a) 01 pre(1 — P)Zi i tB+1dp da
[ Ti(a)z; 9(a) fol pra(1 — p)Xi@ith-1dp da

00 2 1_[ ( ) ( ) I'(na—1) da
= Z x; + B) Z ri+p+1 f (na-(irn%+i»’;+5+1) ’
fl [1:(a)a; 9(0) trarss 2 v7m da

Finally, another use of Stirling’s formula as above establishes that the integrals above converge.

This proves that E(u?|z1,...,7,) < co and completes the proof. O]

Remark 7.2.1. As implied by the above Theorem and Lemma 1.1., the Bayes risk of 64 must be

equal to +00. Indeed, we have for the continuous case and using risk expression (2.2):

o) = [T [ (U2 B gta) -

= n2+§</1 ag(a )da) /()lﬂ;f)ﬂdp

= —o00.

Theorem 7.2.1 exhibits the motivating purpose and the main feature of this note. It adds to a
small collection of known examples where a proper Bayes estimator is inadmissible. Earlier examples
appear in Lehmann (1983, page 270) with a Gamma model and inverse-Gamma prior, as well as in
Berger (1985) (see Robert, 2001, Section 8.2, who reports on both of these examples). In the latter
case, one takes X|0 ~ N(6,1), prior § ~ N(0,1) and weighted squared-error loss 30%/4 (6 — 6)? for
estimating 6. Calculations yield the Bayes estimator d,(X) = ]E(e392/4 9|X)/E(€392/4 |X) = 2X.

Clearly, with larger bias in absolute value and larger variance than the unbiased estimator dg(X) =

X, the frequentist risk of 0, (X) is quite poor, as represented by the ratio of risks R((gfs )) = (4+6?).

Theorem 7.2.1 does exhibit other surprises though. Although both the posterior distribution
and variance of 1 = a(1 —p)/p do depend on the choice of g for the prior (a,p) ~ Bg(a)(1—p)?~1,
the posterior expectation obtained is independent of g, and whether or not the prior is discrete
or continuous for instance. Moreover, it has to be the case for degenerate a, in other words cases
where a is known and p ~ Beta(1, ). Indeed, this can be verified directly by deriving the posterior
plz1,...,zn ~ Beta(na+1,) ", x;+ /), from which one obtains E(a(1—p)/p|z1,...,2,) = W

Despite its greater simplicity, to our knowledge, this known a case result has not been reported on

before. The Bayes estimator here is still inadmissible and dominated by X as an estimate of
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u = a(1 — p)/p. Furthermore, the unbiased estimator X is itself inadmissible under squared error

loss and dominated by %5 X (Ferguson, 1967, [10], problem 12, page 86).

Remark 7.2.2. If one happens to derive the result of Theorem 7.2.1 for the known a > 1 case, one

then can see that Theorem 7.2.1°s expression for the Bayes estimator will hold since

1—
E(M|X177Xn) :EG|X17M’X7L |:E <a(p)‘X1>-">Xnaa>:|
p

_RelX1, . Xn [W}

n

:ZiXi+/6

n

7.3 Concluding Remarks

We have provided an original example of a proper Bayes estimator which is inadmissible and
which arises for both a two-parameter and one-parameter negative binomial model. More specifi-
cally, we came about the finding in an ongoing work aiming to provide Bayesian inference results
for the NB(a,p) model. Although, the negative binomial model arises in many applications, our
ongoing work originates with recent work of Jones and Marchand (2019) who introduce a Sums-
and-Shares model for multivariate discrete data, consisting for instance of a negative binomial
distributed sum T € N, and then randomly allocated shares M, ..., My into d categories such that
Z?:l M; = T [17]. In such a case, as well as for the earlier known examples in the literature, the
Bayes estimators are obtained in a coherent manner from a proper prior and by making trustworthy
inferences from the posterior distribution. As described by Berger (1985, Section 4.8.1) [6], such an
unsettling or paradoxical situation, which can only possibly happen when the Bayes risk is infinite
(Lemma 7.1.1), is alleviated with the use of a bounded loss function for which the Bayes risk cannot

be infinite.

Still, the surprise persists given the deep connections in statistical decision theory between
complete classes of estimators and Bayes estimators. In the other direction, it has long been known
that the collection of proper Bayes estimators is not large enough to generally contain all admissible
estimators and, typically, one requires the inclusion of some generalized Bayes estimators. A well
known example arises for the multivariate normal model with X for X ~ N,(0,1,) and squared
error loss ||d — 0| for estimating §. Here, X is generalized Bayes for the improper prior density
m(0) = 1, admissible for p = 1,2, but inadmissible for p > 3. There exist many deep findings related
to the admissibility of generalized Bayes estimators (e.g., Rukhin, 1995 [30], as well as the references

below, among others).
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Chapter 8

Conclusion

This thesis addresses an important problem, namely the parameter estimation for the Negative
binomial sums and Polya shares model. This model has a wide range of applications, for instance,
analysis of insurance data, accidents’ count data, joint species distribution models in community
ecology, etc. The methods developed in this work can facilitate the use of the model in such

situations for the estimation purpose.

Besides the development of the methods of parameter estimation for Negative binomial sums
and Polya shares , the work has led to many intriguing outcomes. In Chapter 4, we constructed
a more general Bayesian setup for a two-parameter Negative binomial distribution. There is not
much literature available on this problem. As we have seen, the method of moments and maximum
likelihood estimaton may lead to infeasible estimators. Bayesian inference for Negative binomial is a
challenging problem due to the complexity of the likelihood function and hence the intractability of
the posterior densities. A Bayesian approach proposed in this work uses a Gibbs sampler algorithm
to sample from the joint posterior density. Our methodology can be used to provide closed-form
expressions for full marginal densities. This also enables us to estimate predictive densities, which
is itself an interesting problem. Besides, as seen in an illustrative example consisting of a tiny
dataset, interesting probability density functions emerge in the form of marginal posterior densities.
For instance, marginal distribution of @ in (4.8.1) is a mixture of densities with the normalization
constants as exponential integrals. In Chapter 5, for the Polya distribution, we suggest the use of
a data cloning method to obtain MLE when they exist. Interestingly, even when the MLE solution
is not finite, outcomes of the data cloning method can be used to estimate MLE solution for the

limiting distribution.
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We only consider a Negative binomial sums and Polya shares model obtained using sums and
share strategy. The results are very promising for the application of the model. There are many
other constructions possible using the strategy. For instance, if we consider distribution L in (3.9)
to be Gammapoly distribution, we get the mixture of Negative binomial sums and Polya shares
model. This approach provides more flexible way to model multivariate count data. The work

presented in the thesis can be extended to explore the properties of this mixture model.

In Chapter 7, an original example of a proper Bayes estimator which is inadmissible is provided.
It arises for both a two-parameter and one-parameter negative binomial model. This adds to the
small list of such instances. Also, Bayes estimators have deep connections to the complete classes

of estimators in statistical decision theory.
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Appendix A

Datasets

Here are the details of the datasets used in the thesis:

Shunters’ Accident Data

This is a bivariate data set given by Adelstein (1952) in Table 11A in [1|. There are n = 122
observations of (mj, mg), where m; and mgy denote the number of accidents for shunters on South
African Railways during 1937 — 1942 and 1943 — 1947, respectively.

mi\my | 0 1 2 3 4 5 6 7+
0 [21 18 8 2 1.0 0 0
1 |13 14 10 1 41 0 0
2 4 5 4 2101 0
3 2 1 3 2010 0
4 00 1 1000 0
5 00 0 0000 O
6 00 0 00O0O0 O
7~ |0 1 0 0000 0

Table A.1: Shunters’ accident data
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Aitchison’s Trivariate Bacterial Count Data

The triplet of bacterial colony counts in three air samplers located in each of 50 different sterile
rooms is obtained. This dataset can be found in Aitchison, et al. (1989, Table 4 in [2]).

1 2 11} 8 6 02 13 5] 2 8 1
5 6 oS54 1 7|3 9 2| 7 6 8
3 4 12,1 9 7|3 6 6|3 9 14
4 2 2,9 7 3|5 4 8| 4 4 7
T3 2,1 14 6|2 13 0,14 9 5
3 8 21 1 30(4 5 15| 7 6 3
§ 10 4 3 2 10{6 8 5| 2 3 10
17 3} 2 9 127 10 5| 2 2 8
3 15 3|1 8 2|4 6 0] 8 7 3
6 6 6| 4 14 7|3 3 14| 6 8 3

22 9 6] 5 2 412 0 6] 2 1 1
4 6 414 9 28 4 6| 3 10 6
4 7 10} 2 4 6

Table A.2: Aitchison’s trivariate bacterial count data

Fisher’s Data

This is an univariate count dataset (Table A.3) representing a sample of sheeps classified according
to the number of ticks found on each, as given by Fisher in [11]. The total number of observations
is n = 60.

Number of ticks |0 1[2] 3 4|56 |7[8[9]10
Number of sheeps | 7|9 |8 [ 13 |8 |5 (4 (30| 1] 2

Table A.3: Classification of sheeps based on number of ticks
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