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1. Introduction

Phenomena involving bivariate random variables are frequent in fields like en-
gineering, health, finance and insurance, among others. In fact, a well-known and
useful model using a bivariate random variable (X, N) is

Y =) X, (1.1
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assuming ¥ = 0 if N = 0, where N is a count random number and X;, ¢ =1, 2,
..., are copies of the random variable X . This model can have different interpreta-
tions, such as the accumulation of losses due to failures of machines or the total of
incomes coming from different sources. Furthermore, a bivariate random variable
= = (X,Y) may concern only count random variables X and Y. For instance,
when count random variables observed in different times are compared each other.
Also, continuous random variables may be discretized because of convenience or

because their observed values do not have enough decimal places.

In this paper, we focus on discrete bivariate random variables = = (X, Y"). We
start by presenting the following probability distribution (p.d.) that X and Y are
supposed to follow.

In a recent paper, Masjed-Jamei et al. [23] assume that the Taylor series ex-
pansion f(\) = S°°° / f(")(0)A" /n! converges for values A € A C (—o0,00).
If f(™M(0) > 0,¥n > 0and f(\) > 0, then the probability distribution (p.d.)
(pn(A; f),n > 0, € A) generated by f is given by

F(0) X

P(X(X; f) =n) =pa(\ f) = g=@n(>\;f))\”, n > 0.

Probability distributions of this type are called power series distributions (p.s.ds).
They were studied among others in [15, 28] (see also [25]). The probability gener-
ating function (p.g.f.) of X (\; f) is given by:

dx(n)(2) = EZX0) = AC2) AeA zhe A (1.2)

fFN)°
For the bivariate random variable =, we consider a generalization of discrete
p.d.s that are generated by bivariate power series. The earliest references to this
kind of p.d.s go back to Guldberg [12], Khatri [18], and Shoukri et al. [34]. The
marginal p.ds of = are p.s.ds, as shown below.

Furthermore, we are interested in p.d.s that can be computed from recursive
relations in order to provide them greater flexibility. In the univariate case, well-
known examples of these p.d.s are the Poisson, binomial and negative binomial
distributions, whose p.d.s satisfy the Panjer recursive relation, see [29]. These p.d.s
are p.s.ds. Extensions of this kind of relations in the univariate case have been given
in e.g. [24] and [23].

Under a bivariate setting, we propose Panjer-type recursive relations in order
to have more flexible p.d.s than those based on given models. The design of these
recursive relations is based on differential equations of the p.g.f. of Z. These equa-
tions use parametrized rational functions. Under this configuration, the bivariate
p.s.ds. are generalized, thus generating new discrete bivariate p.d.s.
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The previous procedure implies that the model for = is not explicit. In fact, what
is explicit is its p.g.f. Hence, the maximum likelihood method cannot be applied
for estimating the parameters of these new models. To circumvent this problem, we
propose to use the empirical probability generating function (e.p.g.f.) for estimating
such parameters. Recall that if &, = (z1,v1), ..., & = (x7,y7) is a sample of Z,
its e.p.g.f. is, for z, ¢ > 0,

~ 1 —
bz r(21) = - > (1.3)
=1

In a univariate setting, this is an unbiased estimator of the theoretical ¢z and has
the property, for all z > 0 where ¢=(x) < oo, almost surely ¢= ,(x) — ¢=(z) as
7 — o0. This convergence is uniform on closed and bounded intervals included in
(0, 1], see e.g. [30] and [9].

The idea is to minimize a distance between the p.g.f. and e.p.g.f. by varying the
parameters associated to =, i.e. those parameters incorporated in its p.g.f. This pro-
cedure has been used as an alternative to the maximum likelihood method because
the latter is sensitive to outliers, see e.g. [17, 26, 7, 35] for univariate p.d.s, and e.g.
[27, 13] for multivariate p.d.s. Also, the p.g.f. and e.p.g.f. have been used to test
fits for discrete distributions, see [19] and e.g. [31, 5]. To the best of our knowl-
edge, this couple of functions has not been used before for estimating parameters in
a bivariate setting when the expressions of the d.f.s are unknown.

The new models are applied to real data sets in order to present a diversity of
modeling alternatives and assess their performance.

The rest of the paper is organized as follows. In the next section, our discrete
bivariate p.s.ds are presented. Section 3 shows a method for estimating the parame-
ters of these p.ds. Section 4 provides an estimation method analysis via simulation.
Section 5 presents numerical results when our models and competitors are applied
to two real data sets. The last section gives concluding remarks.

2. New discrete bivariate models

We begin this section presenting the conditions to formulate our discrete bivari-
ate probability distributions.

2.1 A bivariate power series distribution

Let f be a bivariate continuously differentiable function. More conditions on f
are given later.
The general expression for the Taylor series in two variables for f(x,y) may be
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written as

2|1
fla+Nb+v) = f(a,b) +Z{ () s (a,b)x)\kunk}
— n! oFx0

o0

- 1 anf k. n—k
= Z 0 — k)1 9wt (a,b) x \°v
v Ok: n OFxon—Fry

1 6nf k., n—k
= Z (= k)1 9zt (a,b) x \°v
= kk n oFxdn—ry

1 gmtky ke m
= Kl Oz (a,b) x \*v™.

k=0n=~k

Hence, we have

fla+A\b+v) = Z _L oy (a,b) x A"v™.

Im! On o™
o Tim! onxd™y
For simplicity and without loss of generality we take a = b = 0, so that

fovr)y= > Loy (0,0) x A"™,

nlm! onxo™y

n,m>0

Now we assume that f(\,~) > 0 and
ontm f

onxdmy

Then, we can define the following bivariate discrete probability distribution, also
called the bivariate power series distribution.

(0,0) > 0.

2.2. Definition

The p.d. generated by f and associated to the bivariate random variable (r.v.)
E= (XA v; f), Y (A v f)) is given by,
Pom(Nvs f) = P(X(A\ v f) =nY(\v; f) =m)

1 1 9" f(0,0)
fA v)nlm! Onaxd™y

Anm

The joint p.g.f. of this p.d. is given by
f(Az,vt)

BzXODEO0D) = g2(e,t) = S0
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For further details, the reader is referred to among others [14]. For the marginals we
have

E(zx()\7l/;f)) _ ¢E<Z, 1) _ f()\Z7V>

B D) = gs(1,) =
Then, we deduce that the marginals of the p.d. py, (X, v; f) are univariate p.s.ds.

2.3. Remarks
1) Note that

o™ £(0,0)

lnpn,m()\ﬂ/;f) =In < onzomy

1
> —In f(\,v)+nIlnA+mInv+In <ﬁ) .
nlm!

Taking the derivative with respect to A, we find

1 0 n 1 0
mﬁpn,m<)\a v f) = X - f()\, l/) af()\, V)
2) Also note that
1 1 n+1+m
pn+l,m()\, 1) f) = 9 f(oa 0) )\n-i-l]/m

fv) (n+1)lm!  ontlzomy
A 8"+1+mf(0, O)/an+1x8my

pn,m( » Vs f) (n—i- 1) 8n+mf<070)/anxamy
2.4. Example
For the exponential function f(\,v) = exp(a\ + Bv), for some a, 3 > 0, we
find that 1
FAv) = Z Z ﬁanﬁm)\"ym,
"S0ms0
and
1
PumA Vi f) = ——a"BTAT e AR
nlm!

= P(X(a;A)=n)P(X(B;v) =m),

where X (a; \) and X (3; v) are independent Poisson random variables.
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2.5 Discrete bivariate probability distributions based on recursive relations

We consider (U, V), (U;,V;),i = 1,2,... iid. random vectors independent
from (N, M) = (X(\,v; f), Y (\ v; f)), and let ¢y (z,t) = EzYt". Consider
the random sums Sy = Ty = 0 and for n,m > 1,

(S, Tin) ZUZ,ZV
Jj=

Now, we study the vector of random sums (Sx, 7). Clearly, we have

o0

E (ZSNtTM) = Z E(ZS"tT"’)pn,m

n,m=0

= > Sy (@0 " (Opam

n=0m=n+1
+ Z Z (p?[f/',v) (27 t)¢TUL'_m(Z)pn,m + Z (b?U,V) (Zv t)pn,n-
m=0n=m+1 n=0

Hence, we have

E (ZSNtTM Z¢V Z o (UV) Z t)pn n+r

+ Z (f)?](Z) Z ¢7(7[1]7V)(z7 t)pm—l—s,m + Z ¢?U,V)(z> t)pn,n.
s=1 m=0 n=0

When the U and V' are independent, we have

o
E (ZSNtTM) = Z E(Z5tT)py m
n,m=0
o
= Y ECE))EE) " Pam
n,m=0
NEZYV vEtY
_ OB vEY) Q.1)
fxv)
Lazarova and Minkova [20] analyzed (2.1) assuming that U and V' follow geometric
distributions, i.e., E2V = (1 — py)z/(1 — pyz) and EtV = (1 — py)t/(1 — pyt).
Moreover, for various particular choices of f these authors determined detailed ex-
pressions for the p.d.f. of 2 = (S, Tr).
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Also, we set

P=(z,t) = Z Zpi,jzitj- (2.2)

i>0 j>0

If we assume that f(x,y) = exp(ax + Sy), we find that, by considering that U
and V' are independent,

E(25VtTM) = exp(a\(E2Y — 1) + u(EtY — 1))

¢=(z,t) = exp(ad(¢u(z) — 1) + Br(¢v (t) — 1)).

Taking derivatives with respect to z, we find that

d¢=

g, (#:1) = d=(2,1) x ardy(2), (2.3)
and, then, with respect to ¢,
O¢= (2,t) = ¢d=(2,t) x aAdy(2) x Brdl, (t) 2.4)
0zot "\ TEYT v VAL :

Now, we assume that for i € {U, V'}, we have

¢($) . A; + Bix
! - Ci—i-DiJZ-FEZwQ'

Note that ¢/ (x) is of the form

2
> ai(k)a®
$i(z) =2— 2.5)
> bi(k)x*
k=0
where the conditions bi7(0) # 0 and by (0) # 0, and by (4) # 0, by(4) # 0,
ay(2) # 0 and ay (2) # 0, are incorporated.
Special cases of ¢;(x) are as follows:

e Minkova [24] and Momeni [25] studied geometric random variables with

p.g.fs
(1-p)=

1—pz

du(z) =
e Masjed-Jamei et al. [23] used a modified power distribution as follows:

(1-a):(-5):
l—az 1—-Bz°

du(z) =
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e Gomez and Calderin-Ojeda [11] and Bakouch et al. [4] studied generating
functions of the form

(p)

e

1 —pz
e Sankaran [32] studied p.g.fs of the similar form with p = 1/(1 + 6).

2.5.1 Remark. The previous special cases show us that not all the parameters
A;, B;, C;, D; and E; in the p.g.fs associated to U and V' may be unknown. For
instance, if the p.d. of U is the geometric distribution, in a design as

Ay + Byx
Cy + Dyx + EUl‘z’

pu(z) =

it is convenient to fix Ay = 0, Cy = 1 and Ey = 0.

2.5.2 A recursion of Panjer type. The relations (2.4), (2.2) and (2.5) allow the
formulation of the following recursive relations. From these equations, we have

2 2
> ap(k)z* > ay ()t
=0

> ijpig T =) p et x ad R x frs (2.6)
k=0 =0
Then, it follows that
4 . .
Z bv(l)bU(k) Z ijpi7jzl+k_1tj+l_1
k,1=0 1,521
2 . .
= aMBv Y ap(k)av() DD pia T,
k,1=0 120 520
so that
4
SO bulk)by ) (n+ 1= k) (m+ 1= Dppat—pmy1—12"t"
k=0 n>k m>l

= aABy Z > > awk)av(po-km-12"t" @)

kl=0n>km>l
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The coefficients of z"t" for n, m > 4 are given by

4 4
Z ZbU m+1—=Fk)(m+1—1Dpnt1—km+i—i
k=0 1=0
2 2
:a/\BVZZCLU(/C) (DPn—k,m—1
k=0 1=0

It follows that

by (0)by (0)(n + 1)(m + Dpnt1mi1

:a)\ﬁVZZaU Dpn—km—1

k=0 (=0
4

- > bR+ 1=k (m+ 1= Dpa1kmirt
k,1>0,max(k,l)>0

Some straightforward calculations show that
bu (0)by (0)(n + 1)(m + 1)pnt1,m+1

2
= 3" (@Bray (k)ay (1) — by (k + )by (1 + 1) (n — k)(m — ))pa_tm—i
k,1=0

3
= b (0)by (14 D)0+ 1)(m — Dposs s
=0
3
=" bk + )by (0)(n — k)(m + Dpoc s
k=0

3
- Z by (k + 1)by (4)(n — k)(m — 3)pn—km—3

3
= b @by (L + 1)(n = 3)(m — )pn—3m—i
=0
=1-1n-1I—-1V-YV.

Now, we divide by by (0)by (0)(n + 1)(m + 1). For the result we denote the
terms on the right-hand side by I’,IT', . . ., V. Denoting

R g+t
é-ZJJC_bl(.]—i_l) (1 k‘+1>
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we find

r
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v

V/
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1 2 alfra [
Z( Bray (k)av (1)

TV —&u i, £V,l7m> DPrn—k,m—1
by (0)by k,l ) +1)(m+1) "

2y

§v3,m
W25Uknpn km—3

§usm
#Z£Vlmpn 3,m—I-

Hence, we have

(- alfray(0)ay (0)

50 (0)by (0) D0,0 if n =0and m = 0,

VI ifn=0andm > 1,
Pn+1,m+1 = VII ifn>1and m =0,

VIl —IX — X — XI ifl<n<4dorl <m <4,

-1 —1r—-1v' — if n,m >4,

(2.8)
where
min(m,2)
aifray (0

v - Prov) S g

VII

b (0)by (0)(m +1) &

min(m,4)—1

by (0)

min(n,2)
aABVaV (n.2)

by (0)by (0)(n —i— 1)

=0

min(n,4)—

Z gUk:npn k,1s

by (0)

EVimP1,m—1

Z CLU pn—k,O
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min(n,2) min(m,2)

apv
VIII = bU(O)bV(O)(nB+ DD 2 av (k)av (D)Pn—rk,m—1;
1 min(n,4)—1 min(m,4)—1
IX = b0 (0)bv (0) 2 ZZ:; §UknSVmPn—km—1»
1 min(m,4)—1
X = ) ; EV,l,mPn+1,m—1;
1 min(n,4)—1
XI = bU(O) Z €U,k,npn—k,m+1'

k=0

The Panjer-type relations given by (2.8) are those that we propose to make cal-
culations recursively. These results are collected in the following theorem.

Theorem 2.1. Let = = (U, V') be a bivariate r.v. Assume that the p.g.f. of E,
¢=, is differentiable and satisfies, for some z,t > 0,

o=
0z0t
where kK = a) and ky = Bv, where o, \, B,v > 0, and, for n € {U,V'},

(2,t) = kuky Qu(2)Qv (t)p=(z, 1), (2.9)

i ay (k)s"*
Quls) = *—,

> by (k)sk

k=0

(F)

with a,(0) # 0, ay(2) # 0, by(0) # 0, and b,(4) # 0. Then, the p.d.f. of
== (UV), pi; =PU =1,V =j), satisfies (2.8), given po o, pio fori > 1 and
po,j forj > 1.

2.5.3 Remarks.
1) The recursive relation (2.8) needs to have pg o as given, and also p; o for¢ > 1
and po ; for j > 1. This issue is circumvented in the following subsection.

2) For a fixed j > 0 or 7 > 0, we get univariate p.d.s from (2.8), by rescaling p; ;.

3) If the constraints b;(0) # 0 and by (0) # 0, and by(4) # 0, by(4) # 0,
ar(2) # 0 and ay(2) # 0, are not satisfied, (2.8) need to be adapted to the new
conditions.

4) Our results have the following two advantages with respect to the ones provided
by Vernic [37]. First, all of them are the same in some situations. For instance,
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when we have a7 (2) = ay(2) = by (3) = by(4) = by (3) = by (4) = 0. Second,
our results generalize the ones of Vernic when the previous equalities do not hold.

5) The relations where py, 41,41 18 determined by previous terms of the sequence
are of Panjer type. Indeed, the terms multiplying the probabilities are like (a; +
b1/n)(az 4+ ba/m), where we found two factors because the bivariate setting.

6) The assumption of having ¢;, i € {U, V'}, as rational functions leads evidently
to have ¢}, i € {U, V'}, as rational functions too. However, (2.8) is obtained from
(2.5). This fact implies that ¢;, i € {U, V'}, do not need to be rational functions.

2.5.4 An initialization of the previous Panjer-type relations. Following is the
description of a procedure to initialize the Panjer-type relations obtained in the pre-
vious subsection. This proposal allows overcoming the remarks presented in Sub-
section 2.5.3. In fact, by using this procedure, we go to prove that there is needed
no extra parameter.

Let us consider the case p; o for ¢ > 0. We aim to find Panjer-type relations
for these probabilities, but using the parameters involved in (2.8). Using (2.3) and
(2.5), we have

2
> ap(k)z*
Z zpwz’ - Z PijZ % a\ k40
1,520 1,520 Z ( )
Then, equating the coefficients for ¢ gives
2
> au (k)2
> ipior Tt = piort x ax P (2.10)
i>0 i>0 S by (k)2*
k=0

so that

4
ZbU(k)zk X Zipwz = al\ szoz X ZaU
k=0 i>0 i>0
It follows that

4 2
Z Z bU(k)ipi,osz_l = al Z Z aU(k)pLoZiJ’_k

k=0 >0 k=0 120
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i.e., we have

4 2
Z by (k) Z z'plgozi'%_1 = a) Z Z aU(k)p¢7ozi+k.

k=0 i>1 k=0 i>0
Equivalently, we need that

4

2
Z Z bu(k)(m +1—k)pmy1—k02" = a/\z ay (k)pm—k02"™.

k=0m>k k=0m>k
Equating the coefficients of 2 for m > 4, we find that

b (0)(m + 1)pm41,0

4 2

+ Z bu(k)(m 41— k)pmi1—ko = @A Z ay (k) pm—r.0-
k=1 k=0

From here, it follows that, by using the notation &; ; ;. introduced above,

2

1 aU(k) §u,3,m
m = A m m— — 7 =DPm—3,0-
Pm+1,0 b0 (0) kz:% (a 1 T SUk )p KO~ 0 (0) P30

Hence, we have

Pm+1,0 =
aray(0) e
by (0) P00 if m = 0,
2bU1(0) (aXay (0)po,o + (aray (0) — by (1))p1,0) ifm =1,

2 2
1 : _
560 (0) (04)\ kgo ay (k)pe—k,0 — kgl bu (k) (3 — ki)P3—k,0> ifm=2,

2 3
1 . B
4bU(0) <O(/\ kzzzo aU(k>p3—k:,0 - kzz:l bU(k’)(4 — k)p4_k70> ifm = 3,

2
1 ay (k) _ Eusm :
55 (0) > (O‘/\—Im 1t §U,k,m> Pm—k0 = §(0) P30 if m > 4.

k=0
(2.11)
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In a similar way, we get

Pom+1 =
%VO()O)WO if m =0,
Qb‘}(o) (Bray (0)po,o + (Bray (0) — by (1))po,1) ifm=1,

2 2
3bV1(O> <ﬁyl§0 ay ()po2—1 — l; by (1)(3 — l)PO,3—l> ifm=2,

2 3
ey (v X avman = X O - D) itm =3,

1 av () _ 5V,3,m . >

(2.12)
2.5.5 Remarks.

1) The recursive relations (2.11) and (2.12) are of Panjer type.

2) The recursive relations (2.11) and (2.12) depend on only pg o, assumed that the
parameters a; and b;, i € {U, V'}, are given. Next, pg o is computed from the natural
condition }, .~ pi,j = 1.

3. Method for parameter estimation

Let = = (U, V) be a discrete bivariate random vector with d.f. as defined via the
recursive relations in Subsections 2.2.1 and 2.2.2. Such definitions do not provide
the explicit d.f. of this r.v., but its p.g.fs involving parameters are known. In this
section, we aim to estimate such parameters.

For what follows, without loss of generality we assume that U and V' take non-
negative integer values. Let (u1,v1), ..., (ur,v;) be a sample of independent ob-
servations of (U, V).

Assuming the hypotheses given in the previous section, we have the equation
(2.4). Denoting Qu(z) = ¢y;(2) and Qv (t) = ¢,(t), all of them being rational
functions, this equation can be written as, for some constant x > 0,

O t) = Qu(z)Qv (t)p=(z,t
8zat(z’ ) = kukvQu(2)Qv (t)d=(2,1).

Consequently, a solution of this equation is

p=(z,t) = exp <— (KU /: Qu(s)ds + kv /tl QV(S)dS)> : (3.1
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We denote by ¢= g the function ¢= when considering the parameters 6. We obtain
Qu.e and Qv g correspondingly.

In order to estimate the parameters of the p.g.f. of = given the sample provided
above, we use the p.g.f. and e.p.g.f. of this variable, see ¢= . defined in (1.3).
The idea is to fit the e.p.g.f. of = by using its p.g.f., ¢= ¢ where 0 is the vector of
parameters associated to this p.g.f. To this aim, we adopt the Hellinger type distance
(h.t.d.) for two dimensions

wi0)= [ [ (9520~ 32,o0)" dza

proposed in [27]. Note that d,(6) = 0 if and only if ¢Z 4(z,t) = 5%77(2, t), for all
a > 0and z,t € [0,1]. Jiménez-Gamero and Batsidis [13] proposed variants for
this distance, by incorporating a function weight in the integral expression.

Let © be the set of parameters 6 associated to = through its p.g.f.

The minimum rational h.t.d. (m.r.h.t.d.) estimator of 0, 57 = mingeq d-(0),is
a strongly consistent estimator, as proved in [27]. This property of 8, is expressed
in the following adapted result.

Proposition 3.1 (Proposition 1 given in [27]). Fix 8, say 0g. Assume that the
parameter space §) is compact. Then, almost surely |¢%7T(2, t) — &2 g, (2 t)‘ -0

implies that almost surely ‘/B\T - 00‘ — 0as T — oo

An extra hypothesis included in Proposition 1 given in [27] is that ¢z g(2, 1) is
differentiable with respect to 6 under the integral sign. However, such an assump-
tion is obviously satisfied in our setting since ¢z g is based on rational functions.
Furthermore, we fix a = 1 / 2 in order to facilitate computations. In this case, §T
satisfies other nice asymptotic properties because o < 1, see e.g. [13]. Some of
them are reviewed below.

In order to find nice properties for the m.r.h.t.d. estimator, we assume the fol-
lowing:

Assumption. The m.r.h.t.d. has a unique minimum at 0., € ©.

Besides this assumption, Jiménez-Gamero and Batsidis [13] assumed two more.
One to guarantee continuity of the m.r.h.t.d. as a function of @, and another to guar-
antee twice continuously differentiability of ¢z g(z,t). Both of them are satisfied
by the m.rh.t.d. and ¢z g(2,t) because of their construction based on continuously
differentiable functions. Then, these authors proved that the m.r.h.t.d. estimator
satisfies the following result.

Theorem 3.1 (Theorem 1 in [13]). Suppose that Assumption holds and that
P(E=0) > 0, then almost surely 0 — 0, as T — <.
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Furthermore, the following result also proved by these authors presents the con-

vergence rate of the previous limit.

Theorem 3.2 (Theorem 2 in [13]). Suppose that Assumption holds, then
,\ 1 <«
07'_0* = = 14 ivivo* 1),
V7 ( ) ﬁ;«u vi),6.) +op(1)
where (((u,v),0) = D~Y(0)h((u,v),0),
1 /1t 1 /
== —— Vo= t)Veo= t)" dtd
2/0 /0 Py 00=z0(2,t)Voo= (2, t) dtdz

1 ¢1/2 (2,1) 1/2(2 9
/ / Vodz0(2,t)Vedz (2, t) dtdz

3/2 (1)
1 ¢1/2 ) ¢1/2( 1)
/ / = D2(50) - Voodzo(z,t) didz,
and
t
) / /0 ¢1/2 ¢T/2~Z( )t)veﬂba,e(z,t) dtdz.

4. Estimation method analysis via simulation

In this section, we assess the performance of the method proposed for estimating
parameters when the sample size varies and outliers are included in simulated data.
To this aim, we consider simulations of a r.v. = = (X3, X?) following the bivariate
Poisson distribution (BPD) given by X; = Ry + R;, i € {1,2}, where Ry, Ry, and
Ry are independent r.v.s following Poisson distributions with parameters py = 0.1,
p1 = 1.0, and ps = 1.0, respectively. Such simulations are performed using the
function rbyp of the package bzinb available in the environment programming R.
Since the model of = is known, its parameters are estimated by using the maximum
likelihood method implemented in the function bp also included in the package
indicated previously.

We analyze sample sizes from 50 to 500, increasing these sizes by 50 each time.
These data are also analyzed when 10 % of them are replaced by outliers. These
outliers are introducing by multiplying by 3 the last 10 % of data obtained randomly.
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Note that the p.g.f. associated with = does not allow a representation like (2.9).
In order to have ar.v. close to =, but allowing a representation like (2.9), we consider
= = (Rj, Ry). The distribution associated to =’ is denoted by BMj. For this
model, the following couple of one-parameter functions @)y and Qv are such that:

QU(x) = Qay and Qv(x) = Qay,

respectively. Furthermore, following the notations of Theorem 2.1, we find that
some constants of Qi and Qv are fixed. More precisely, we have

ky =1, ay(0) = ay, by(0) =1, ky =1, ay(0) = ay, by(0) = 1.

Also, because the introduction of outliers can lead to the fitting of models that are
different from the one associated to =, we consider the following two variants of our
bivariate models (BM). For the first model, BM, its corresponding two-parameter
functions QQyy and )y are:

1+ 0.5BUCC o 1+ 0.55\/.%
W and QV(.’L’) = CYVW, (41)

respectively. Note that QQy and Qv conform the conditions to generate the Panjer-
type relations like (2.8). However, clearly, the integrals of )y and @)y are not
rational functions. Furthermore, following the notations of Theorem 2.1, we find
that some constants of Qr7 and @)y are fixed. More precisely, we have

Qu(r) = ay

ku =1, ay(0) = ay, ay(1) = 0.5ay By, by (0) = 1, by (1) = 0, by(2) = — B,

and

ky =1, ay(0) = ay, ay (1) = 0.5ay By, by (0) = 1, by (1) = 0, by (2) = — 7.

For the second model, BMa, its corresponding two-parameter functions ;7 and Qv
are:

14+ Byx + (5\/1’)2
1-0.5(8yx)?

4.2)
respectively. In this case, Qy and Qy also conform the conditions to generate
the Panjer-type relations like (2.8). However, the integrals of @)y and )y are not
rational functions. With respect to the notations of Theorem 2.1, some constants of
Qu and Qv are fixed as follows. ky = 1, ay(0) = ay, ay(1) = ayfu, ay(2) =
OzUﬁ?], bU(O) = 1, bU(l) = O, bU(Q) = —B;}, and Ry = 1, av(O) = Qay, av(l) =
avBv,av(2) = ayBE, by(0) = 1,by(1) = 0,by(2) = —p}. For parameter
estimating of our models, we use suitable adaptations of the initial values given by
(2.11) and (2.12).

1+ Byx+ (,BU.T)Q

Quiw) = av——455 )

and Qy(x) =
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We study goodness-of-fits of all models of simulated data. To this aim, the
Akaike criterion information (AIC), see [2], and the Bayesian criterion information
(BIC), see [36], are used. If ¢ is the log-likelihood of a model given a sample size 7,
and q is the number of parameters estimated, these measures are defined by —2¢+2¢
and —2¢ + qIn 7, respectively.

As the 3-parameter Poisson distribution is the right distribution for data without
outliers, we divide the AIC and BIC values by the ones of this distribution, respec-
tively. In this way, all those results are comparable through the diverse sample sizes
taken into account. Note that, the AIC and BIC values increase when the sample
size increases. Figure 1 presents those outputs. As expected, all models perform
worse than the 3-parameter Poisson distribution. However, all of them except BM;
tend to reach the AIC and BIC values of the 3-parameter Poisson distribution when
the sample size increases and data do not contain outliers. Considering that the
data contain outliers, all models tend to perform worse each time the sample size
increases.

2.0
2.0

15
1.5

1.0

BIC / BIC of 3—parameter Poisson (no outlier)
1.0

AIC / AIC of 3-parameter Poisson (no outlier)

—&— 3-parameter Poisson (no outlier) —&— 3-parameter Poisson (no outlier)
-#@- 3-parameter Poisson (outliers) -#®&- 3-parameter Poisson (outliers)
—6— 2-parameter BMO (no outlier) —e— 2-parameter BMO (no outlier)
g - -©- 2-parameter BMO (outliers) g - -©- 2-parameter BMO (outliers)
—&—  4-parameter BM1 (no outlier) —A— 4-parameter BM1 (no outlier)
-4-  4-parameter BM1 (outliers) -#&- 4-parameter BM1 (outliers)
o —¥— 4-parameter BM2 (no outlier) o —— 4-parameter BM2 (no outlier)
S 7| -v- 4-parameter BM2 (outliers) S | -v- 4-parameter BM2 (outliers)
T T T T T T T T T T
100 200 300 400 500 100 200 300 400 500
Sample size Sample size

Figure 1: Goodness-of-fit of simulated data: AIC (left) and BIC (right)

In practice, where the presence of outliers is unknown, models giving better
goodness-of-fits would be favorite. Since in our simulation setting the model from
which simulated data are obtained is known, it would be still expected such a model
will be the favorite one. Considering data with outliers, Figure 2 shows results
of dividing the AIC and BIC values of the studied models by the ones of the 3-
parameter Poisson distribution, respectively. As expected again, the model from
which outliers come from is favorite. However, in this case, a different model may
be also favorite. It corresponds to the BMg, which shows a similar performance like
that of the 3-parameter Poisson distribution.
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25
25

2.0
2.0

|
|

BIC / BIC of 3-parameter Poisson (outlier)

AIC / AIC of 3—parameter Poisson (outlier)

o S\e— g—f—g—g—o—o—0 o | o~y 8 —8 89— —=2
= 7 —9 = ¥ —%
—&— 3-parameter Poisson (outliers) —&— 3-parameter Poisson (outliers)
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Figure 2: Goodness-of-fit of simulated data with outliers: AIC (left) and BIC (right)
5. Numerical illustrations

In this section, we present two applications of our models to real data sets. These
data sets have already been used by scholars to assess other models. Considering
those results, comparisons with competitors are shown.

As alternatives to models studied by other authors, we consider BM; and BM»
introduced in the previous section. For selecting models through all the models
taken into account, the AIC and BIC are used.

5.1 Number of motor vehicle accidents

Arbous and Kerrich [3] presented data on the number of accidents experienced by
122 shunters over two non-overlapping intervals of time, from 1937 to 1942 and
from 1943 to 1947, see also [1]. These data have attracted the attention of schol-
ars to assess new models. For instance, Famoye and Consul [10] proposed a six-
parameter correlated bivariate generalized Poisson distribution (BGPD) and Sellers
et al. [33] built the six-parameter bivariate ConwayMaxwellPoisson distribution
(BCOMPD). Bivariate Poisson distributions (BPD) have been also used for mod-
eling these data, for instance [3]. We take into account the three-parameter BPD
implemented in bivpois, which is a package used within the R statistical lan-
guage and environment. Details of this BPD are presented in e.g. [16]. Also, we
consider the results for the four-parameter bivariate negative binomial distribution
(BNBD) given in [33].

Estimates of the parameters of our models are presented in Table 1.

The maximum number of accidents observed were 6 during the first period and
7 during the second one. For presentation of results, we adopt the maximum of both
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Model oy Bu ay Bv
BM; 0.8580 0.4358 0.6456 0.4719
BM, 0.3415 0.8345 0.3786 0.6255

Table 1: Number of motor vehicle accidents: estimates for the parameters of the
models BM; and BMs.

as usually done through those authors. Table 2 presents expected values obtained
from the models BM; and BMy when the data about numbers of accidents are fitted.

n\m 0 1 2 3 4 5 6 T+ Total
0 Obs. 21.00 18.00 800 2.00 1.00 0.00 0.00 0.00 50.00
BM; 19.63 1685 9.06 471 229 110 052 026 5445
BMy; 19.70 1644 9.66 489 227 1.00 042 0.15 54.56
1 Obs. 13.00 14.00 10.00 1.00 4.00 1.00 0.00 0.00 43.00
BM; 12.67 1088 7.77 381 196 092 044 0.17 38.67
BM, 1232 1028 8.06 408 190 0.88 038 0.09 38.02
2 Obs. 4.00 500 400 200 1.00 0.00 1.00 0.00 17.00
BM; 558 360 258 144 0.73 036 0.17 0.10 14.60

BM, 6.18 387 3.03 1.71 081 036 0.16 0.06 16.21
3 Obs. 200 1.00 3.00 200 0.00 1.00 0.00 0.00 9.00
BM; 278 200 132 071 036 0.18 0.08 0.05 7.52
BM, 285 1.78 1.28 0.72 035 0.16 0.07 0.03 7.27
4 Obs. 0.00 000 1.00 1.00 0.00 0.00 0.00 0.00 2.00
BM; 1.28 083 054 030 0.15 0.07 0.03 0.03 3.27
BM; 125 082 057 031 0.15 0.07 0.03 0.01 3.24
5 Obs. 0.00 000 0.00 000 0.00 0.00 0.00 0.00 0.00
BM; 062 042 027 0.14 0.07 0.03 0.01 0.01 1.62
BM, 053 033 023 0.12 0.06 0.02 0.01 0.00 1.34
6 Obs. 0.00 000 0.00 0.00 0.00 0.00 0.00 0.00 0.00
BM; 029 018 011 006 0.03 0.01 0.00 0.00 0.73

BM, 022 014 009 005 0.02 0.01 0.00 0.00 0.55
7+ Obs. 0.00 1.00 0.00 0.00 0.00 0.00 0.00 0.00 1.00
BM; 045 038 0.15 007 0.03 0.01 0.00 0.00 1.12
BM, 029 027 011 005 0.02 0.00 0.00 0.00 0.76
Total Obs. 40.00 39.00 26.00 800 6.00 2.00 1.00 0.00 122.00
BM; 4334 3517 2183 11.27 5.67 272 129 0.66 122.00
BM, 4338 3396 23.07 1195 5.60 253 1.09 039 122.00

Table 2: Observed (Obs.) and expected, under the models BM; and BMs, numbers
of accidents among 122 shunters.

Now, we assess all models considered. We present in Table 3 both AIC and
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BIC values of all those models. The values of ¢ are included, which were taken
from [33] for the models BPD, BNBD, BGPD, and BCOMPD. Lower AIC and BIC
values, better fit models. The lowest AIC and BIC values are highlighted. Therefore,
the BNBD is favored when considering both the AIC and BIC. With respect to our
models, BM; performs better than BGPD and BCOMPD when considering the BIC,
and BM, performs better than BGPD, BCOMPD and BM; when considering the
BIC and also than BM; when considering the AIC.

Statistic BPD BNBD BGPD BCOMPD BM; BM,
AIC 697.2700  691.2200 695.0260  695.4080  700.0423  698.8119
BIC 705.6821  702.4361  711.8501  712.2321  711.2584  710.0280

14 —345.635 —341.610 —341.513 —341.704 —346.021 —345.406

Table 3: AIC and BIC: numbers of accidents among 122 shunters

5.2 Football scores

A number of authors have analyzed football scores by using statistical procedures,
see e.g. [22, 8, 6]. We consider the data set of the football scores between ACF
Fiorentina and Juventus from 1996 to 2011. These data were presented by Lee et
al. [21]. It consists of 26 matches, registering the goals scored by each team. In this
application, we aim to fit the scores of these matches by using our models BM; and
BMs. Additionally, we retake the BPD indicated in the previous application.

Estimates of the parameters of our models are presented in Table 4.

Model Qg ﬁU ay ﬁv
BM; 1.1806 —0.2443 1.8572 0.2545
BM, 1.0914 0.0251 1.7540 0.0000

Table 4: Football scores: estimates for the parameters of the models BM; and BMsy

The maximum number of accidents observed were 6 during the first period and
7 during the second one. For presentation of results, we adopt the maximum of both
maximum numbers of accidents observed as usually done through those authors.
Table 5 presents expected values obtained from the models BM; and BMy when the
data about numbers of accidents are fitted.

When all models considered are assessed, we find that BM; performs better than
BPD and BM, as for AIC as well for BIC, Table 6.
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n\m 0 1 2 3+  Total
0 Obs. 1.00 5.00 0.00 0.00 6.00
BM; 1.28 238 206 037 6.11

BM, 134 236 207 121 7.00

1 Obs. 1.00 800 6.00 1.00 16.00
BM; 1.51 281 383 046 8.63

BM, 147 258 364 212 9.82

2 Obs. 0.00 0.00 0.00 0.00 0.00
BM; 080 094 129 038 343

BM, 082 089 126 1.17 4.16

3+ Obs. 1.00 0.00 1.00 2.00 4.00
BM; 1.86 341 191 0.62 781

BM, 0.31 0.34 030 0.28 1.25

Total Obs. 3.00 13.00 7.00 3.00 26.00
BM; 546 957 9.10 1.85 26.00

BM, 3.95 6.19 729 481 26.00

Table 5: Observed (Obs.) and expected, under the models BM; and BMs, numbers
of goals among 26 matches

Statistic BPD BM; BM,
AIC 135.8319  135.5629 136.7675
BIC 141.6856  140.5953  141.7998

l —64.9159 —63.7814 —64.3837

Table 6: AIC and BIC: numbers of goals among 26 matches

6. Concluding Remarks

We developed a large family of discrete bivariate distributions whose probabil-
ity distribution functions satisfy relations of Panjer type. This family was built by
modeling differential equations of the probability generating functions (p.g.f.) of
their members. By incorporating parametrized rational functions in these differ-
ential equations, we facilitate the generation of a variety of bivariate distributions.
When these models are used to fit data sets, we propose the minimization of dis-
tances between p.g.fs and empirical p.g.f. for estimating parameters.

Two of these models were applied for modeling a couple of real data sets. These
results show that members of this new family of distributions may outperform com-
petitors.
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