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Foreword

Branching processes were proposed as a mathematical model for the survival
of family names as well as the evolution of species over time (generations).
Historically speaking, Francis Galton is credited with proposing the basic model
for the survival of British peerage names in the 1870s. He posed it as a problem for
solution in a London journal. It was solved, albeit incorrectly, by the Rev. Henry
Watson, using generating functions of offspring distributions and their iterates.
The correct surname extinction risk was found only 50 years later. Australian
probabilists Eugene Seneta and Christopher Heyde, however, discovered that the
French mathematician I.J. Bienaymé had derived the correct extinction probability
almost 50 years before Galton formulated the problem and suggested that the basic
model be named after all three, Bienaymé, Galton, and Watson.

The subject had major contributions from the Russian school of A.N. Kol-
mogorov and his many students in the 1940s, 1950s, and 1960s, in particular
B.A. Sevastyanov. In the United States, the work and book of T.E. Harris led to
a major growth of the field. Not only discrete time, single-type processes were
considered but many extensions so as to include continuous-time and multiple types
of individuals that were introduced. Also, in the early 1970s, Japanese and Canadian
mathematicians introduced branching processes with movement over space as well.
From the mid-1960s onwards, the subject exploded with important contributions
from many parts of the world. New books were written and results appeared on both
theory and applications.

Typically when a mathematical model for real-world phenomena is proposed and
a theory is developed, it flourishes for a while and slowly fades away. This is not the
case with branching processes. Over the last years, fundamental new contributions
have continued to appear. Several international conferences have been held, in Asia,
the United States, and in Europe, especially in Spain and Bulgaria.

Thus, the team of Dr. Inés M. del Puerto and her colleagues arranged a conference
in 2009, 2012, and again in April 2015 at the University of Extremadura in Badajoz,
Spain.
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This volume presents papers from the latter event. As can be seen from the
contents, the subject stays alive and well and open to fresh ideas. Participants came
from all over the world.

Many thanks to the Extremadura team for arranging this conference and for their
hospitality to the participants.

Bangalore, India Krishna B. Athreya
Melbourne, Australia Peter Jagers
January 2016



Preface

The Workshop on Branching Processes and their Applications (WBPA) was held
during 7-10 April 2015 in Badajoz, Spain. This conference gave continuity to such
important previous meetings organized with the aim to facilitate the exchange of
research ideas in this field and related processes. The First World Congress on
Branching Processes was held in Varna (Bulgaria) in 1993 to celebrate the first 150
years of branching processes. In the last ten years, it is worth mentioning those took
place in Gothenburg (Sweden) in 2005, in Luminy (France) in 2007 and 2011, in
Beijing (China) in 2011, and in Pomorie (Bulgaria) in 2012 and 2014.

The meeting was the third in the series of WBPAs promoted and organized by the
Branching Processes Research Group belonging to the Department of Mathematics
of the University of Extremadura, Spain. It was attended by 36 invited participants
from 13 countries from all over the world. The papers presented at the workshop
maintained a healthy balance between the theoretical and practical aspects of
branching process theory, showing it to be an area of active and interesting research.
The program and abstracts are available on the conference website (http://branching.
unex.es/wbpal5S/index.htm).

The Proceedings consists of 19 papers. All of them have been thoroughly
reviewed. The topics covered by the workshop have been classified into the
following areas (articles are sorted in alphabetical order by author inside each
area):

. Coalescent branching processes

. Branching random walks

. Population growth models in varying and random environments
. Size-density-resource-dependent branching models
Age-dependent branching models

. Special branching models

. Applications in epidemiology

. Applications in biology and genetics

The first part deals with coalescent branching processes. K.B. Athreya studies,
for Galton-Watson branching trees, the exact distribution of the generation number

vii
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viii Preface

of the last common ancestor of two individuals randomly chosen in generation n
(provided there exist at least two individuals in this generation). He also studies
its asymptotic behavior when n goes to infinity. He considers four cases: explosive
(mean infinity), supercritical, critical, and subcritical. R.C. Griffiths discusses multi-
type A-coalescent processes which arise naturally from A-Fleming-Viot processes
as dual processes back in time. He considers that mutation and selection may be
modeled as happening at random in the population or in families at birth.

Branching random walks are studied in Part II. E. Antonenko and E. Yarovaya
consider a continuous-time branching random walk on a multidimensional lattice
with finite variance of jumps and a finite set of the particle generation centers, i.e.,
branching sources. They focus on the study of the evolutionary operator for the mean
number of particles both at an arbitrary point and on the entire lattice. W. Hong
and H. Wang survey branching structures within random walks. As an example of
application, the stationary distribution of a birth-and-death process with bounded
jumps is calculated.

Part III is devoted to population growth models in varying and random environ-
ments. M. Ispany analyzes strongly critical branching processes with immigration in
varying environment, obtaining a diffusion approximation when either the offspring
or the immigration variances are strictly positive, and a fluctuation limit theorem
in the case of asymptotically vanishing offspring variances. V. Vatutin presents
a survey of some recent results on the asymptotics of the survival probability,
limit theorems conditioned on survival or attaining a high level of single-type
subcritical branching processes in independent and identically distributed random
environments.

Part IV deals with size-density-resource-dependent branching models. E.T. Bruss
uses resource-dependent branching processes to model the evolution of societies.
He analyzes the implications of his (and Duerinckx) Theorem of Envelopment of
Societies, which displays that every human population (modeled by this kind of
process) will be bound, in the long run, to fluctuate between extreme society forms,
for whatever way it distributes resources in different generations. He also attracts
interest to resource-dependent branching processes as a way to model complicated
growth processes. P. Jagers and F.C. Klebaner consider a general branching process
where, at any moment, the individual birth-and-death intensities as well as the
splitting distribution can be influenced by the size and composition of the whole
population. They present special cases of this process as models for populations
evolving in habitats with finite carrying capacity and, in the multitype case, for two-
sex populations.

Part V is devoted to age-dependent branching models. O. Hyrien et al. deal
with a Sevastyanov age-dependent branching process with immigration at times
given by a time-nonhomogeneous Poisson process. This model can be used to
describe the dynamics of cell populations arising from differentiating stem cells.
They provide results on the asymptotic behavior of these processes for various
classes of immigration rates in the supercritical case. P. Trayanov uses the Crump-
Mode-Jagers branching process to model the evolution of a population. He presents
a numerical approach for projecting a population age structure and solving the
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corresponding renewal equations that give us the expected future size of the
population.

Part VI deals with Special Branching Processes. M. Gonzélez et al. focus their
attention on controlled branching processes. They develop the inferential theory
for these models from a Bayesian outlook, considering a nonparametric setting
for the offspring law and a parametric one for the control distributions. They use
Markov chain Monte Carlo methods when dealing with incomplete data schemes. G.
Kersting studies criteria for the recurrence and transience of a general multivariate
stochastic process fulfilling a nonlinear stochastic difference equation similar to
the one verified by near-critical branching processes. U. Roesler gives an overview
of research on the weighted branching process. This model has many applications
in genetics, computer science, and algorithms and includes as particular cases, for
example, Biggins branching random walks, Mandelbrot cascades, and the Quicksort
process. S. Sagitov and A. Lindo consider Galton-Watson branching processes
whose reproduction laws are an extension of the two-parameter linear-fractional
family to a four-parameter family. They study this especial class of branching
processes showing that in some explosive cases the time to explosion can be
approximated by the Gumbel distribution.

Part VII comprises some applications of the branching processes theory in
epidemiology. F. Ball et al. are concerned with the use of vaccination schemes
to control an epidemic in terms of the total number of infected individuals.
They establish monotonicity and continuity properties of total progeny of Crump-
Mode-Jagers branching processes depending on vaccination level and derive, from
them, optimal vaccination polices based on the mean and quantiles of the total
number of infected individuals. F. Ball and L. Shaw consider the problem of
estimating the within-household infection rate for a Markov susceptible-infective-
recovered epidemic among a population that is partitioned into households, from
observation of the early, exponentially growing phase of an epidemic. They use the
asymptotic theory of continuous-time Markov branching processes to approach this
problem and show, by simulations, that the proposed method is feasible for realistic
population sizes.

Part VIII focuses on applications in biology and genetics. M. Gonzdlez et al.
introduce a multitype two-sex branching process for describing the evolution of the
number of carries of the two alleles—recessive and dominant—of a gene linked to
X-chromosome. They consider recessive pernicious alleles (responsible for a dis-
order) and study their fate in the population. Moreover, they investigate conditions
for the fixation of the dominant alleles as well as for the coexistence of both types
of alleles. M. Molina et al. deal with the extinction/survival of populations modeled
by two-sex branching processes where mating and reproduction are affected by the
number of females and males in the population. M. Slavtchova-Bojkova considers
the problem of modeling the dynamics of the number of different types of cells,
which due to a small reproductive ratio are fated to become extinct but can mutate
during the reproduction process and become a new type of cells that may escape
extinction. This problem is usual in the cancer setting. She uses a continuous-time
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age-dependent branching process to model this situation and derives the numbers of
mutant cells of the escape type and their moments.

The organizers greatly appreciate the major response from the participants to
submit contributions to the Proceedings. We also like to acknowledge the reviewers
who helped improve the papers. They would also like to thank all the people
who actively participated in organizing the workshop and those entities which
provided financial and scientific support. The main funding came from the Junta
de Extremadura, Spanish Ministry of Economy and Competitiveness (Ministerio
de Economia y Competitividad), the University of Extremadura itself, and the
local administration. The Sociedad de Estadistica e Investigacion Operativa (SEIO)
and the Instituto de Computacién Cientifica Avanzada de Extremadura (ICCAEX)
supported the meeting scientifically.

Also, our very special thanks go to Professors Krishna B. Athreya and Peter
Jagers for accepting the task of writing the foreword of this book. Finally, many
thanks to the editorial office of Springer Verlag for making it possible for this project
to see the light.

Badajoz, Spain Inés M. del Puerto
January 2016 On behalf of the Editors
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Part I
Coalescent Branching Processes



Chapter 1
Coalescence in Branching Processes

Krishna B. Athreya

Mathematics Subject Classification (2000): 60J80, 60F10

1.1 Introduction: The Problem of Coalescence in Trees

Let 7 be a rooted tree. Let {v,1, V2, ..., Unz, } be the set of vertices at the nth level.
Pick two of the v,;’s by SRSWOR (simple random sampling without replacement)
(assuming Z, > 2) and trace their lines of descent back in time till they meet for the
first time. Call that generation X,,.

The problems are:

a) Find the distribution of X,,.
b) Study its limit as n — co.

X,, i1s called the coalescence time.

¢) Do the same with choosing k vertices out of Z,.
d) Do the same with choosing all Z, vertices out of Z,.

Clearly, the answers depend on how 7™ is generated.

K.B. Athreya (B<)
Towa state University, Ames, IA 50011, USA
e-mail: kbathreya@gmail.com

© Springer International Publishing Switzerland 2016 3
LM. del Puerto et al. (eds.), Branching Processes and Their Applications, Lecture
Notes in Statistics 219, DOI 10.1007/978-3-319-31641-3_1
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4 K.B. Athreya
1.2 The Binary Tree Case

Consider a binary tree 7 starting with one vertex. The tree looks like

At level n, there are 2" vertices, n = 0, 1,2, .. .. Pick two vertices at level n by
SRSWOR. Trace their lines back till they meet. Call that generation X,,. Then, for
k=1,2,...,n, the probability that X, < k is,

(gk)zn—kzn—k _ 2k(2k _ 1)2n—k2n—k _ 1— 2—k

(y  2er-1  1-27

PX, <k)=

So, lim P(X, <k)=1-— 27% k=1,2,.... Thus, X, converges in distribution
n—o0

to geometric distribution with parameter % Similar result is true for any regular
b—nary tree, b > 2. This suggests that a similar result must be true for a growing
Galton—Watson tree.

1.3 Galton—Watson Trees

1.3.1 Definition and the Problem

Let { p;}j>0 be a probability distribution on N* = {0,1,2,...}, {§,;: i > 1,n > 0}
be i.i.d. with common probability distribution {p;};>0, Zo be a positive integer, and
forn > 0,

Zn

Y b nz0ifZ,>0,
i=1

0 ifZ, = 0.

Zyt1 =
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Then {Z,},>0 is called a Galton-Watson branching process with initial population
Zy and offspring distribution {p;};>0, and &,; is the number of offspring of the ith
individual of the nth generation.

Now, every individual in the nth generation, n > 1, can be identified by a finite
string

uy = (io, i1, 02, ..., 1n)

meaning that this individual is the i,th offspring of the u,—; = (iy, i1, ..., {,—1) and
uy = ip is the number associated with the iyth member of the Oth generation.
LetA,, = {Z, > 2} and B, = {Z, > 1} be events defined on the space of family
trees.
Consider the following questions:

3.1 a) Conditioned on 4, », pick two individuals in the nth generation by SRSWOR
and trace their lines back till they meet. Call that generation X, ».
What is the distribution of X, ,?
What happens to it as n — co?
3.1 b) Do the same thing with k choices (2 < k < 0o) by SRSWOR from the nth
generation. Call the coalescence time X, ;. Ask the same questions.
3.1¢) Do the same thing for the whole population. Call the coalescence time Y.
Ask the same questions.

Note that there are two sources of randomness here: one, that of the tree 7~ being
random and two, the sampling of vertices at the nth stage.

1.3.2 Basic Results for Galton-Watson Trees

We now state some known results on branching processes.

o0
Theorem 1.1 (Supercritical Case) Letpy=0,1 <m = Z Jpj < oo. Then
j=1

a) P(Z, > o0 |Zy>0)=1.
Z,

b) {W,= —':l :n > 0¢ is a nonnegative martingale and hence
m

lim W, = W exists wp.1.

n—>oo

o0
c) Y (jlogjlpj < oo implies E(W|Zy=1)=1.
Jj=1
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Further, in this case W has an absolutely continuous distribution on (0, 00)
with a positive density. Also Z;il(jlogj)pj = oo impliesP(W =012y =1) =
1.
d) There always exists a sequence {C,}n>1 such that

C Z
"—H—>m and —"—)Ww.p.], asn — 0o,

Cy o

and P(0 < W < 00) = 1.
For proofs of a) to d) above see Athreya and Ney [7].
Theorem 1.2 (Critical Case) Letm = 1, pj # 1 foranyj > 1 and 0 < o’ =
Z;iljzpj — 1 < 00. Then
a) P(Z,—>0]|Zy>0)=1.
2

b) nP(Zn>0)—>% asn — Q.

Zy
c) Pl —>x
n

d) For1 <k <n, let

2
Z,,>O)—>e X asn— 00, 0 <x < o0.

(k)

Z7, .
Vi = {"—]‘]’;I(Z,(lk_)ki>0):1§z'§zk
. :

on the event {Z;, > 0}, where {Zl(lf) . j = 0} is the Galton—Watson process
initiated by the ith individual in the kth generation. Let k — oo, n — 00
such that f — u, 0 < u < 1. Then the sequence of point processes {Vyi}n>1
conditioned on {Z, > 1} converges weakly to the point process

VE{ndjzl,z,...,Nu},

where {n;}j>1 are i.i.d. exp(2/0?), N, is Geom(u), i.e., P(N, = k) = (1—u)ut~1,
k > 1 and {n;};>1 and N, are independent.
For proofs of a), b) and c¢) above see Athreya and Ney [7]. For d) see Athreya [4].
Theorem 1.3 (Subcritical Case) Let 0 < m < 1. Then
o0 o0
a) Forj > 1, nlgloloP(Zn =j|Z, > 0) = b; exists, ij = 1 and B(s) = X;bjﬂ,
=

J=1
0 < s < 1, is the unique solution of the functional equation

B(f(s)) =mB(s) + (1-5) .0=s=<1,
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o0

where f(s) = Z pjsj, in the class of all probability generating functions
j=0

vanishing at 0.

b) Y jbj<oc iff Y (jlogj)p; < oe.

j=1 j=1

. P(Z,>0]|Z=1) 1
c) lim ==
n—>oo mn .
>_Jbj
=1

Let Zy be a random variable. Then

d) IfEZy < oo, then
lim P(Z,=j|Z,>0)=b; ,j>1
n—>oQo
o0
and if, in addition, Z(jlogj)pj < 00 then
j=1

P(Z,>0) EZ
m =

e’} ) .
> Jjb;
Jj=1

n—o00 mn

o
> jbj<oo and i
j=1

For proofs of a) to d) above see Athreya and Ney [7].

1.4 Coalescence Results for Galton-Watson Trees

We now present some results on coalescence for Galton-Watson trees.

Theorem 1.4 (Supercritical Case) Let po = 0, 1 < m < oco. Then, for almost all
trees T,

i) foralll <k < oo,
lim P(X,,» <k |T)=mo(T) exists
n—>oo

and mp2(7) 1 1ask 1 oo.
ii) forallj > 2 and forallV1 <k < oo,

lim P(X,,; <k |T)=m;i(T) exists
n—>oQo

and mj(T) 1 1ask 1 oo.
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iti) Let py > 0. Then, for almost all trees T,
Yy = N(T)
where N(7') = max{j > 1 : Z; = 1}. Also,

lim P(Y, = k) = (1 —p)p} ,k>0.
n—o0

o0

Theorem 1.5 (Critical Case) Letm = 1, p; < 1 and 0% = ijpj —1 < o0,
j=1

Then, for0 <u < 1,

X
i) lim P(—'2 <u ‘ Z, > 2) = H,(u) exists and for 0 < u < 1,
n

n—>oQ
Hy(u) =1 —E@(N,)
where N, is a geometric random variable with distribution
PN, =k)y=(1—-wu" k>1,

and forj > 1,

M\,
=
P Y

—_

() =E

.
MAN.
=

g
[\ ]

—_

where {n;}i>1 are i.i.d. exponential r.v. with En; = 1.
Further, Hy(-) is absolutely continuous on [0,1], H»(0+) = 0, and
H)(1-) = 1.
ii) ForO<u<1,1<k< oo,

. Xnk
Iim P — <u

n—00 n

Z, > k) = H;(u) exists

and Hy(+) is absolutely continuous function with H,(0+) = 0 and H(1-) = 1.

Y,
iii) For0 <u <1, 1imP(—”<u Z,> 1) =u

n—00 n
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Theorem 1.6 (Subcritical Case) Let 0 <m < 1. Then

_ Eg(Y)
Eyi(Y)

i) Fork>1, lim Ph—X, >k |Z,>?2) = 71y, say, where
n—>oo

Jj
Z Zk,il Zk,i2

o () =E jiﬁéiz:l j ! (sz,i . 1)
(Xz) (X Zi—1) =
i=1 i=1

and
J
(i) = P(sz,,- > 2)
i=1
where {Z,; :r>0},i=1,2,..., arei.id. copies of a Galton-Watson branching

process {Z, : r > 0} with Zy = 1 and the given offspring distribution {p;}j>o
and Y is a random variable with distribution {b;};>, where

bj= lim P(Z,=j|Z,> 0,Zy = 1) which exists.
n—>o00

Further, if Z;’:ljlogjpj < 00, then l%m 7 = 0 and hence n — X,, conditioned
: ’ ktoo

on Z, > 2 converges to a proper distribution on {1,2, .. .}.
ii) Fork>1, lim Pmn—Y, > k| Z, > 1) = 7y exists and equals
n—>oQ

E(l ;/:]/f) _E(Yﬁlk_l;lk— CIk))

where Y is a random variable with distribution

P(Y=j)=bj= lim P(Z,=j|Z, > 0.2 = 1)
n—>o00

anqu = P(Zk =0 | Z() = 1)
Further, if Zfil Jjlogjp; < oo, then klim 7 = 0. That is, n — Y, conditioned

—>00
on {Z, > 0} converges in distribution as n — oo to a proper distribution on

(1,2,...%

For proofs of Theorems 1.4-1.6 see Athreya [3, 4]. In what follows i) means
convergence in distribution.
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Theorem 1.7 (Explosive Case) Letpy = 0, m = oo, and for some 0 < a < 1, and
a function L : (1, 00) — (0, 00) slowly varying at oo, i.e., for all 0 < ¢ < 00,

L(cx)
—1 asx — oo.
L(x)
Let
2P
j>x
-1 asx— o0
x*L(x)
Then
i) a"logZ, - n wp.l and P(O < n < o0) = 1 and n has a continuous
distribution.

ii) Let {Z,(ll)},,zl and {Z,(,Z)}nzl be two i.i.d. copies of a Galton—Watson branching
process with {p;};>1 satisfying the above hypotheses. Then, w.p.1

£ 0 with prob. %
72 oo with prob.
iii) For almost all trees T andk =1,2,..., asn — 0o,

PX,2 <k|T)—0
and
P(n—X,2 < k) — m(k) exists

and my(k) T 1 as k 1 oo.
iv) Foranyl <j<ooandk=1,2,...

PX,j<k|T)—=0 asn— o0

and P(n — X,,j < k) — mj(k) exists and mj(k) T 1 as k 1 oo.
v) YnL)N(T) =max{j:Z =1} < coand

P(Y, =k — (1 —p)py”" k=1

The proof of Theorem 1.7 needs the following results.
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Proposition 1.1 Let {Z,},>0 be a Galton—Watson branching process with offspring
distribution {p;}j>0 € D(a), (domain of attraction of a stable law of order ), 0 <
o <1,and Zy = 1. Then,

Ziy € D(a¥)  forall 1 <k < oco.

Proposition 1.2 Let {X;}i> be i.i.d. random variables such that P(0 < X; < 00) =
land X, € D(a), 0 < a < 1. Then

a)

2
Xi
1 d

— Y,
(£)
i=1

where Yy, is a continuous r.v. with P(0 < Y, < 1) = 1.
b) EY,?lasa | 0.
c) Foranyj=2,3,..,

-

and EYy; 1 lasa | 0.

For proofs of the results in Theorem 1.7 and Propositions 1.1 and 1.2, see Athreya
[3, 4]. Here is the basic calculation:

7®

)
)

Z
> 2,522 = 1)

=1
(%Z(w )(ZZ"‘) B )
i=1 "
a) l <m< oo

Fix k, by Seneta—Heyde, there exists a sequence {C,},>0 of constants such
that

PX, 2 k|T) ="
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and P(0 < W;; < o0) = 1. So,

7y
> Wi
PX,>k|T) —> —=!

(§w)

and this can be shown to converge to 0 as k — oo (see [3]).
b) m = oo, {p;} € D(a),0 < < 1.

w.p.1

Pn—X,<k)=PX,>n—k)
Zn—k
52 - )

Zn(Zn - 1)

K.B. Athreya

This can be shown to converge to 7 (k) and (k) 1 1 as k 1 oo (see [3]).
c) Similar argument form = 1 and 0 < m < 1 (need point process result for m = 1

and Theorem 1.3, a) for0 < m < 1).
Summary:

a) 1 <m<oo:

X2 AN a proper distribution on N
b) m = 00, {pj}j=0 € D(@),0 < o < I:

d . . .
n — X, , —> a proper distribution on N*
c) m=1,0? < oo:

Xn,2

d
i) ) Z, = 2 —— absolutely continuous distribution on [0, 1]
n

Y, . e
i) — ) Z, > 1 L uniform distribution on [0, 1]
n
d 0<m<1:

(n—Xn2) ) Z, >?2 SN, proper distribution on {1,2, ...}
ie.,

a) 1 < m < oo: coalescence is near the beginning of the tree.

b) m = 00, {p;}j>0 € D(«), 0 < o < 1: coalescence is near the present.
c) m=1,0% < oo: X2 18 of order n.

d) 0 <m < 1: X, is near the present.
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1.5 Application of Coalescence Results to Branching
Random Walks

Let 7~ be a Galton-Watson tree with Zy = 1 and offspring distribution {p;};>o.
Impose on this tree 7 the following movement structure:

If an individual is at x in R and has k children then these & children move to
x4+ X j=1,2,...,k where Xy = (Xi1, Xk 2, ..., Xkx) has a joint distribution
(-) on Rk,

Also, assume that the random vector X; is stochastically independent of the
history up to that generation as well as the movement of the other individuals of
that generation.

Let Z, be the number of individuals in the nth generation and {, = {x,,; : 1 <
i < Z,} be the positions of the Z, individuals of the nth generation.

A problem of interest is what happens to the point process ¢, as n — oco.

In what follows, let Z,(x) be the number of X,,; less than or equal to x, for 1 <
i< Zyie, Zy(x) = Y0 1(X, < x).

1.5.1 Supercritical Case

Theorem 1.8 (Athreya [2]) Let po = 0, 1 < m < oo and 7y be such that {X;,; :
i=1,2,...,k}s>1 are identically distributed.

a) Let EX;; = 0 and EX,i1 = 0% < o00. Then, forally € R,

@ — ®(y) (the standard N(0, 1) cdf)

in mean square.
b) If Xx1 € D(@), 0 < o < 2, then there exist sequences {an}n>1 and {b,}p,>1 such
that

Z,(an + byy)

~ — G4 (y) in mean square,
n

where G (+) is a standard stable law cdf (of order o).
c) Ina), if Y, is the position of a randomly chosen individual from the nth generation
with uniform distribution, then, for all y € R,

P(Y, = /noy) — @(y)

and similarly for b).
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The proof depends on the fact when pg = 0 and 1 < m < oo, the coalescence
time X,, is way back in time and so the positions of two randomly chosen
individuals in the nth generation are essentially independent and have the marginal
distribution of a random walk at step n. For full proof see Athreya [2].

1.5.2 Explosive Case

Theorem 1.9 Let m = oo, {p;}j>0 € D(t), 0 < o < 1. Let {Xi; 1 | <i < k}y>1 be
identically distributed. Let EX; = 0 and EX,i1 = 0% < 00. Then, for each fixed y
inR,

Zy(V/noy) 4

— 4,

Z y

where 8, is Bernoulli(®(y)), i.e.

5 — 1, with prob. @(y)
Y1 0, with prob. 1 — ®(y)

The proof is based on the fact that

E(Zn(«/ﬁay)

k
) — @(y) fork=1,2.

n
This, in turn, is due to the fact that X, 5, the coalescence time for any two individuals
chosen at random from the nth generation is such that n — X,, ; converges to a proper
distribution (Theorem 1.7) and hence their positions differ only by an amount that
converges in distribution.

This can be strengthened to joint convergence of the finite dimensional distribu-
tion of

i=1,2,...,k,—0co<y<oo;.

{ Zy(/nay)
Z,

Theorem 1.10 Under the hypothesis of Theorem 1.9,

a) forany —oo <y} <y; < 00,

(Zn(ﬁayl) Z,(v/noys)

Z ’ Z,

) T (51(@0)). 82D (1)))

which takes values (0,0), (0, 1) and (1, 1) with probabilities 1 — @(y,), ®(y2) —
D (y1) and D(y1), respectively.
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b) forany —0o <y; <y) <... <y < 090,

(Zn(\/ﬁo-yi)

~ :1§i§k)L>(81,...,8k)

where each §; is 0 or 1 and further §; = 1 = §; = 1 forj > iand

P(6, :0,82:()’___,51._1 :O’Si: I,....,.60=1)
= P(Sj_l = 0,8/ = 1) = ¢(yj)_®(yj—1)‘

For proofs of Theorems 1.9 and 1.10, see Athreya and Hong [5].

Theorem 1.11 If Y, is the position of a randomly chosen individual in the nth
generation, then in all cases (as long as po = 0), given the tree T, for all y € R,

P(Y, < oy | T) ——s 8, ~ Bernoulli(®(y))
This is so since

Z,(y/noy)

P(Ynf\/ﬁdle)Z 7

and this in turn implies, for all y € R,

P(Y, = /noy) — @(y).

Remark 1.1 Theorem 1.8 holds under the following weaker assumption about
7k, the distribution of (Xi1,X:2,...,Xk), that does not require {X; 1}r>1 to be
identically distributed. It suffices to assume:

i) For k > 1, (Xg1,Xx2,-..,Xex) has a distribution that is invariant under
permutation.
i) If {pi}i>1 is the offspring distribution with

oo o0
Y pEXE <oo. l<m=) kp<oo, po=0.
k=1 k=1

o0
Now let 4 = ZpkEXk,l < 00,0 = Z;fill’kEX/%J — u
k=1
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Theorem 1.12 Let {, = {x,1,Xn2,....%nz,} be as in Theorem 1.8. Under the
above assumptions, the following holds: fory € R,

Zy

Z, 1
WJZF—”M =7 ;I(xn,,- < np + yo /n)

— @(y) in mean square.

1.5.3 Application to Energy Cascades

Consider a particle that under goes fission. Assume each particle spits into a random
number of new particles with distribution {pi}r>i. Assume that the energy x of
the parent is split to {xY} 1,xYs2, ...,xYsx} for each of the offspring particle if the
parent splits into k offspring particles. Then the energy e, ;, of a particle I, in the
nth generation can be represented as
)C()YMIY,,,2 e Yu,,

where u,,, u,—1,. .., u; are the addresses of the individual 7, and its ancestors and x
is the energy of the ancestor 1.

Assume Y,,’s are independent. Clearly, the distribution of Y,, depends on the
number of offspring of individual u#;—; and

{log en1,, I, € nth generation }

is a branching random walk.
So, from Theorem 1.12, one gets the following.

Theorem 1.13 Let {Xi; = logYi; : 1 < i < k=1 and {pi}i>1 satisfy the
conditions of Theorem 1.12. Then, fory € R, as n — oo,

Z,(np + yo /n)
Zy

V4
1 n
A ZI(IOg eni < np + yo/n)
=1

— @(y) in mean square.



1 Coalescence in Branching Processes 17

1.6 Scaling Limits of Bellman-Harris Processes with Age
Dependent Markov Motion: Supercritical and Critical
Cases

Suppose we are given:

i) an offspring distribution {p;};>; on N,
ii) a lifetime distribution G(-) on (0, co) and non-lattice,
iii) a real-valued Markov process 7(-) on [0, c0) with 1(0) = 0.

First, generate a Bellman-Harris tree 7~ with offspring distribution {p;};>0 and
lifetime distribution G(-) and an initial population at ¢ = 0 of size Z;.

Now, suppose that the initial population is located at xo;, i = 1,2,...,Z and
with agesap;, i = 1,2,...,%Z.

Assume each individual moves during its lifetime of length L according to
Markov process {x + n(f) : 0 <t < L}.

That is, if an individual is born at time t and at location x and has lifetime L, then
its movement

X(:r<t<t+L}
is distributed as
x+nt—1) it <t<t+L}

where {n(-)} is a real-valued Markov process on [0, co) with 1(0) = 0.

Assume that, for each individual, the lifetime L, the number of offspring & and
the movement process 7(-) are independent and the triplets (L, £, 1) over all the
individuals in the tree are i.i.d.

Let Z, be the population size at time ¢ and

C = {(anx):1<i<Z}

be the age and position configuration of all the individuals alive at time .
The object of study is the point process {C; : t > 0}.

Theorem 1.14 (Supercritical Case (Athreya et al. [8])) Letpo =0, 1 <m < oo.
Let En(0) = 0, v(t) = En*(t) < oo, sup v(s) < oo and

0<s<t

Yo = / e v (s)dG(s) < o0
[0,00)
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where 0 < o < o0 is the Malthusian parameter defined by

m/ e “dG(s) = 1.
[0.00)

Let (a;, X;) be the age and position of a randomly chosen individual at time t.
Then

a)

X, d
(a,, 7t) — (U,V)

where U and V are independent and U has pdf proportional to e_‘“(l - G(x))

o0
on (0,00) and V is N(O, E) where jLg = m/ xe_‘”(l - G(x))dx.
M 0
b) Let ¢

Z
1 i
LA B) =53 Loalas %’t)
i=1

be the scaled empirical measure of C; = {(a,,,-,x,,,-) 1 <i< Z,}.
Then, Y; L> (U, V), where U and V are as in a).
The proof of this depends on the following results of independent interest.

Proposition 1.3 Let M, be the generation number of a randomly chosen individual
from Z, (those alive at time t). Let {L,; : 1 <t < M,} be the lifetimes of the ancestors
of this individual. Then

a) ast — oo,

b) for any h : [0,00) — R Borel measurable and / [h(x)|e " dG(x) < oo,
[0.00)

0<a<oo,

1 &
P(‘ﬁ S AL — cuh)

>e)—>0 ast — oo.
i=1

where ¢, (h) = m / h(x)e™**dG(x).
[0,00)
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Both these results depend on a size-biasing estimate of a large deviation result,
namely,

Proposition 1.4 Let {N(t) : t > 0} be a renewal process generated by G. Let
1 < m < oo and o be the Malthusian parameter, i.e., m/ e *dG(x) = 1.

[0,00)
Then, for Ve > 0,

e)) =0

e_mE(mN(’)I (‘N—(I) — L >
t

o0
where L, = m / xe " dG(x).
0
Note that since

N(t) 1
— > —  wp.l
t M

where © = / xdG(x), the event
[0,00)

N(1) 1

t e

is an event of large deviation.

o0

Theorem 1.15 (Critical Case) Let m = 1, ijpj <oo, En(t) = 0, v(r) =
j=1

En’(t) < oo, sup v(s) < oo, Vt, and

0<s<t

Y= v(5)dG(s) < oo.
[0.00)

Let A; = {Z; > 0}. Then, conditioned on A;, the random vector

ag, —
t
for a randomly chosen individual converges as t — oo in distribution to (U, V)

1
where U and V are independent with U having a pdf —(1 — G()) on (0, 00) and
I
~ v
V ~ N(0, M).
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Theorem 1.16 Assume the hypothesis of Theorem 1.15. Then, conditioned on A; =
{Z, > 0}, the empirical measure

converges as t — oo in distribution to a random measure v characterized by its
moment sequence

mi(¢) = E((v, 9))"

where ¢ € C;f (RT x R).

The my(¢) can be expressed in terms of the coalescence times of k randomly
chosen individuals alive at time ¢.
The proof depends on the following results.

o0
Proposition 1.5 Let m = 1, Z jzpj < 00, G(:) non-lattice. Then
j=1

i) Ve>0
(M, 1
Pl|———|>¢
ru

ii) the coalescence time t,; of two randomly chosen individuals from time t
(conditioned on Z; > 0) satisfies

Z,>O)—>O ast — oo.

T
lim P(ﬁ <x|Z > O) = H(x) exists
t—>00 t

forall0 <x < 1.
iii) A similar result for the convergence of coalescence of k individuals.

1.7 Some Extensions and Open Problems

The results in Sect. 1.4 are for the coalescence problem for discrete time single type
Galton-Watson processes. Some extension of these have been obtained by J-I Hong.
For the discrete time multitype branching processes, the coalescence problem has
been addressed in J-1 Hong’s Ph.D. thesis in the mathematics department, Iowa State
University. Some of these results appear in Athreya and Hong [6] and Hong [11].
Some open problems are as follows.
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Problem 1 The problem is fully open in the multitype case when the means
of offspring in one generation are not finite. In particular, the explosive case
results of Athreya (Theorem 1.7) for the single type case need to be formulated
and established for the multitype case. First one has to establish an analog of
Theorem 1.7 i) and ii).

Problem 2 The problem of extending the results of Sect. 1.4 to the age dependent
supercritical and subcritical cases (i.e. Bellman-Harris-Sevastyanov processes) has
been addressed in the papers by Hong [10] and [12]. The critical and explosive cases
are open.

Problem 3 The problems of extending the results for branching random walks in
Athreya and Hong [5] to the multitype discrete time explosive case as well as single
type Bellman-Harris explosive case are open.

Problem 4 Athreya and Hong [5] have established the finite dimensional conver-
gence of the normalized position process in the discrete type single type both in the
supercritical and explosive cases. The week convergence in the Skorokhod space is
open. Only tightness needs to be established.

Problem 5 The corresponding problem (as in Problem 4) for the multitype and
Bellman-Harris explosive cases are also open.

Problem 6 Athreyaetal. [8,9], and Hong [12] have established some results for the
normalized position process for branching Markov processes for supercritical and
critical Bellman-Harris cases using same idea from coalescence. The corresponding
problem for the explosive case is fully open.

Some more open problems may be found in Lambert [14] and Legall [15]. Also
see the works presented at the workshop by Professors Abrahms and Delmas [1],
and Kersting (see http://branching.unex.es/wbpal5/index.htm) [13].
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Chapter 2
A Multi-Type A-Coalescent

Robert C. Griffiths

Mathematics Subject Classification (2000): 60J80, 60J75, 92D15

2.1 Introduction

The A-coalescent is a random tree back in time which has multiple merger rates for
a specific 2 < k < n edges coalescing while n edges in the tree of

2, @2.1)

1
)tnszo )/‘(l—x)"_k%,k>

where A is a non-negative measure on [0, 1]. After coalescence there are n — k + 1
edges in the tree. The form of the rates (2.1) is necessary for a consistency condition
that a subtree of m individuals chosen at random from a larger sample of individuals
is distributed as a A-coalescent tree with the same rates (2.1). The process is often
regarded as having a state space on the set of partitions 1, of the positive integers.
The leaves of an infinite-leaf A-coalescent tree at time ¢+ = 0 are labelled with
singleton sets {1}, {2}, ... and edges at time ¢ are labelled by sets in [T (#). The
number of blocks at time ¢ is the number of sets in the partition I7,(¢), denoted by
[T ()|, which is the same as the number of edges in the tree at time ¢. If there are
n edges at time f, and k merge at ¢+, then a new partition is formed by taking the
union of the k partition blocks in the merger for the parent block at t. This occurs
at rate A,x. The A-coalescent is said to come down from infinity if for all t > 0,
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P(|l1so(t)] < o00) = 1, which is equivalent to an infinite-leaf A-coalescent tree
at t+ = 0 having a finite number of edges at any time ¢ > 0 back with probability
1. The A-coalescent process was introduced in [5, 9, 11] and has been extensively
studied [1, 10]. Bertoin and Le Gall [2] showed that the A-coalescent comes down
from infinity under the same condition that the continuous state branching process
becomes extinct in finite time, that is when

= dg_
/1 v

where the Laplace exponent

1
v(g) = /0 (e — 1+ qy)y 2 A(dy).

The coalescent process is a moment dual to the A-Fleming-Viot process. See for
example [6]. There is a distinction between an untyped coalescent process and a
typed process such as in [7].

The simplest form of a d-dimensional generator equation of a A-Fleming-Viot
process {X(#)}:>0 is

A(dy)
y2

Lagx) = /[0 |21 =)+ 9e) (0] 22)

i€ld]

where [d] = {1,2,...,d} and g € C*([0, 1]). X(¢) is a vector of relative frequencies
of the d types at time ¢ in a population. If A has no atom at zero then the process is
a jump process where, reading from the generator equation, an individual of type i
gives birth with probability x;, and has y offspring at rate A(dy)/y*. The total jump
rate f[o,l] A(dy)/y* may be finite or infinite. The frequencies are then rescaled to add
to 1. A general reference is [3]. If A has an atom of a at zero then {X(f)};>0 has a
Wright-Fisher diffusive component with part of the generator

2 A 0x;0x;

ijeld] J

Griffiths [8] shows the following representation for the generator (2.2). Let A = F
be a probability measure, V be a uniform random variable on [0, 1], U a random
variable on [0, 1] with density 2u, 0 < u < 1 and W = YU, where Y has distribution
F and V, U, Y are independent. Denote the first and second partial derivatives of a
function g(x) in C*(A), A = {x : x; > 0,x; + -+ + x4 = 1}, by gi(x) and g;(x),
i,j € [d]. Then

d
Lrg@) = 3 3 (6 —)E[ (1 = W) + W)

ij=1
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where expectation E is taken over V, W. The probabilistic connection with a Wright-
Fisher process is not clear. Mutation may be considered to occur at random in the
population. If mutation is parent independent with rates 6; to type i, i € [d], then
a generator equation for the process is (2.2) with an additional term ¢, (6; —
|6 |x;)gi(x) added. If mutation occurs within families on reproduction then a multi-
type process arises with different reproduction measures depending on the parents’
type. These measures are multi-type, instead of the single type measures in (2.2).
There are two different ways to approach adding selection as well, either within the
population independently of reproduction, or in families on reproduction.

This paper is a review paper containing a selection of material from [4, 7]
explaining multi-type Lambda—Fleming—Viot processes and their dual coalescent
processes with mutation and selection without detail of proofs.

2.2 Duality

The simplest duality between the Fleming—Viot process with generator £, and
the A-coalescent occurs considering the genealogy back in time of a sample of £
individuals of the same type. Duality in a typed sample is more complex because
in a model with no mutation coalescence can only occur between individuals of the
same type. The duality is weak duality via a generator equation. To see how this

works consider £ 4 acting on x?.

LA)C%

[ (ot 0o - ) 4
[0,1] y

E B A(d
:A;]Z;G)fﬂ—yf%ﬁk“—@—wl—wf—@a_yfAﬁf if)
= L*xé;,

where L* is a generator acting on functions of £ € Z of a process {£(¢)},>0 back
in time which has rates

£\« s—kA(d)’)
qts— :/ YV(1—y)f "t —— k=2,...,¢
£.E—k+1 o1l (k 7

%f=—/ (1= (1= y)f — gy(1 — i) A1)
[0.1]
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These are the same rates as (2.1). The duality equation is
E [Xi()f] = B[],

with X;(0) = x;, £(0) = £ and where expectation on the left is with respect to X (¢)
and on the right with respect to £(7).

2.2.1 Duality with a Stationary Measure

If there is a stationary measure for a process then a particular technique can be used
to find a typed dual process. Let {X(f)},;>0 be a d-dimensional Markov process with
generator L such that E[Lf (X (t))] = 0, under a stationary measure, for all suitable
functions f in the domain of the generator. Let f; (x) be test functions that will be
used to construct a dual. For example

fi) =T g ezl
Jj€ld]

Scale by taking

_ _f®

where expectation is taken in the stationary distribution of X. Rearrange the
generator equation as

Lg:() =Y q&. 1) (g, x) — g: () (2.4)
X

so that g(§,x) > 0, x # & Set q(x,x) = —>_, 2 9(§. x), then Q is a rate
matrix of a dual process {§(?)}>0. The scaling (2.3) is critical in allowing the

construction (2.4). The dual equation is

E.[g: (X()] = Eg[gs( ()]

with expectation taken on the left forward in time with respect to X(¢), with X(0) =
x and on the right backward in time with respect to & (), with £(0) = &.
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For example consider the generator (2.2) with the addition of parent independent
mutation occurring independently from reproduction in the population. The gener-
ator is then specified by

(dy)

Lot) = / 3 i (g1 — ) + yer) — g(x)
le[d]

ad
+ D (0 = 0x) g (x),

i€ld]

where 6 = Zie[d] 0;. A stationary measure exists although its form is unknown.

Denote x¢ = ]_[ie[d] x?. The sampling distribution in a stationary population will be

denoted by
()]

Test functions for the dual process are

8e(x) = =

Then

Lef = / in(<xi(1—y)+y)ff<1—y)ﬁ'—ffxé—eff_xé) ey
[0.1] ied] y

+ ) (6 — Ox)Ext

i€ld]
2/ ZZ(%) _ )t zF(dy) X0 4§ e
0.1 jejq) 122 ield]
o X R R e e - A P
017 jefa) »?

2.5)



28 R.C. Griffiths

The dual system {& (r) },>0 is read off from (2.5) as a multi-type death process with
rates for [ > 2 of

oy st €1 4y e~ Fdy)
96§ — et~ 1) |§|+1—l/[0.1]<1)y(1 D=

M —e—1)
mME

8.6 e = o5 | e, .6

Mutations occur at random on coalescent lines in the dual process.
Models with selection are more involved and lead to coalescing branching dual
processes back in time.

2.3 Multi-type Moran Model with Viability Selection

Sample path duality is easier to see in a Moran model where there is an explicit
construction. There is a fixed population of N individuals with a type space of
[d]. Reproduction events occur at rate A. On reproduction a juvenile offspring are
produced with probability distribution {r,}sen—1].

The distribution of the numbers of types B which survive to maturity from a
juvenile offspring of a type i parent is {Q;,(B)}. The probability that a type i parent
produces B mature offspring is then

N—1

piB) = > rQu(B). 2.7)

a=|B|

|B| individuals are chosen to be killed, excluding the parent. This is viability
selection and mutation where offspring are thinned according to Q;,(+).

Two possible biological models which incorporate mutation and selection are the
following:

1. Mutation occurs independently to juvenile offspring according to a d x d type
transition matrix U. Mutation is followed by viability selection to form the
mature offspring B.

2. Selection occurs at the parental level, reducing the a juvenile offspring to b < a.
Mutation then occurs according to a type transition matrix U to form the mature
offspring B, with |B| = b.

An emphasis is given to the first model in this paper. The Moran model does not
know the internal mechanism of reproduction. It only sees multi-type reproduction
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described by p;(B), so while viability selection is used as a mechanism here, other
mechanisms, such as fecundity selection, may give the same probabilities p;(B). The
hypergeometric distribution of a sample y, with |p| fixed, taken at random without
replacement from a population configuration z, will be denoted by

nje[d] (;;)
(51

The generator of the process {Z()};>o acting on a function f(z),z € Z% , |z| = N is

Hy |z) =

i BYH(y |2 — ) (fz + B —) —f()),

Lo=r Yy =

R(i.B.y)
with summation over the region
R(i,B,y) ={i€[d.B € Ay_1.y € Ay_1.|y| = B},

where the notation A, = {§ € Z‘j_, |E| <k}, k € Z4, is used.

2.3.1 Dual Process in the Moran Model

Real and virtual births have to be taken into consideration to obtain a proper dual
process back in time. In a reproduction event:

. . . B mature offspring: real births
a juvenile offspring —
a — |B| juveniles killed: virtual births.

There is a rule for adding virtual lineages corresponding to branching in the
genealogy that a parental line should be added if the parent has no real offspring,
but at least one virtual offspring placed in ancestral lines. An example is shown in
Fig.2.1.

There are two types in the diagram represented by A and *. Time runs down
the diagram. The dual process genealogy of a sample of 5 A and 2 * individuals
is followed back in time. Black lines of A type and dashed black lines of * type
belong to the genealogy of the sample. Gray lines are not part of the genealogy of the
sample. Black arrows represent births of A type, and dashed black arrows represent
births of * type. Virtual births are represented by dotted arrows. The first event
back in time is a birth event from a A parent which has a * birth not affecting the
sample genealogy, and a virtual birth which attempts to replace an individual in the
sample genealogy. The parent lineage then must be added to the sample genealogy.
The next event is a birth event from a * parent which has two births of type *,
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A A * A Ei=4 6 =1
|
AT e
A - | T*—_,_i____
| |
| |
o T E=6 =2
| |
| |
| |
L
| |
A A A * *x A A §=5§6&E=2

& (¢) is the number of ancestral lines of the d types at time ¢ back.
Fig. 2.1 A dual A-branching-coalescing graph back in time

A A * A A

Fig. 2.2 Branching-coalescing graph

two births of type A and a virtual birth. Following which lines are replaced there
is a coalescence of three * lines and two A lines. Finally there are four type A and
one type * ancestors of the sample. A branching-coalescing graph back in time is
extracted from the ancestral lines, shown in Fig.2.2.

Let Z(f) be the number of individuals of the d types at time ¢ > 0 in the Moran
model with viability selection. The dual process counting lineages of different types
is {&(¢)}s>0. Assume a stationary distribution exists for Z(¢). This occurs if there is
recurrent mutation between types. Let H (&) be the stationary sampling distribution

w(s):E[%]

where expectation is over Z.
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Theorem 2.1 (Birkner et al. [4]) {Z(1)};>0 is dual to the process {&(t)}>0 in Ay
with non-zero multi-type coalescence rates q(&€,& + e; — ) and branching rates

q(§.& +ei).

The transition & — & + e; — I occurs when forward in time a type i parent has /
real offspring in the ancestral lines. The parent can be inside or outside the ancestral
lines. The transition & — & +e; occurs when at least one virtual, but no real offspring
are in the ancestral lineages. The transition rates are combinatorial but simplify in a
limit model. The rates in Theorem 2.1 are

(\&I)( N—|g] )
gEE+ei—D=A| > piBYH(I| B + e;)~ 1B+

BEAN— (|Bﬁr1)

LHGE=D

HE)
A « _ HGE)
96§ +e) = GOV =8P g

where 0 <l <§&,lFe;, |l| > 1.

Bl |
H@, &) = T 1W($ +e)

denotes the probability that the parent chosen in a reproduction event is of type
i and a sample of size || from the remaining individuals in the population has
configuration &. The dual equation is based on falling factorial moments. Denote
Zm = 2(z—1)---(z—n 4+ 1) and take

d
g (Z) _ nj=l Zi[fi]
= o1t
E[ [Tz Ziga]

The duality equation is

Ezo)| 810 (2()) ] = Exo [ 820 (2(0) |.

where the expectation on the left is with respect to the distribution of Z(f) and on
the right is with respect to the distribution of &(7). The probability that a type i
parent has no real, but at least one virtual offspring in & ancestral lines is p?ie E These
probabilities depend on the details of viability selection. Let

N—1—[¢] N—1—|&|
plTEHB\ = Z Tk Vik|B| { ( (I\Llill) ) - ( (Nil) )} ;

ke[N—1] |B| k
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the probability that there are |B| offspring, of which no real offspring replace
individuals in ancestral lineages; then

N—1
* *
Pig) = Z Pig s>
|B|=0

where

Vik|B| = Z Qi (B)

{BeAn—,|B]| fixed}

is the probability, irrespective of offspring types, that k juvenile offspring from a
type i parent survive to |B| mature offspring. Then

pi(IBD =Y novus.

ke[N—1]

An identity is

N-1-g|
e T omosums-50)

|Ble[N—1] |B|

Rates in the dual process contain Bayes’ factors

E—>E—T+e:;HGE-D/HE)
E—>&+e:HIE/HE)

because of typed lines and time progressing backward. The duality in Theorem 2.1
is a weak duality because it is argued by rearranging the generator acting on
factorial moments, however if virtual births are included in a forward model then
the duality is a strong duality in that given a path of {&(z)} the path of {Z(¢r)}
can be reconstructed as a line diagram up to permutations of the lines. The rates
in Theorem 2.1 can then be argued in a probabilistic way. Virtual births must be
included in the forward sample paths so there is a unique dual sample path back
in time for each forward sample path. The rate g(&,& + e; — I) is A times the
probability that given a sample configuration &, that it arose through a reproduction
— mutation — selection event that left a configuration of B mature offspring and
a total configuration of / from the parent and B mature offspring are in the sample.
Multiple mergers occur because a parent produces multiple offspring types. The
rate (&, & + e;) reflecting selection is A times the conditional probability, given a
sample with configuration &, that a type i parent was chosen, the parent lies outside
the sample, and at least one non-viable arrow head but no viable arrow head fell
within the sample. The parental line is then added as a virtual lineage.
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2.4 Multi-type A-Fleming—Viot Process with Mutation and
Selection

An analogy to the multi-type Moran model is a A—Fleming—Viot process where an
individual of type i is chosen to reproduce with probability x; and has a proportion of
multi-type offspring y with rate G;(dy)/|y|*, where G; are sub-stochastic measures.
The model includes mutation and selection in the measures G;. The generator is
described for g € C?(A%) by

Gi(dy)
Iyl

Loug) = /A Y a1 = [y + ) — g6 (28)

i€ld]

where AY = {y € RY:|y| < 1}, A = {x e R |x| = 1}. [, Gi(dy)/|y| < o0
is required for the generator to be well defined. A stationary distribution exists if
the multi-type offspring distribution is recurrent. An analogy to a viability structure
in the Moran model is to assume that there exists a probability measure F on [0, 1]
and sub-stochastic viability measures V;(w, -) supported on {y : y € A% |y| < |w|}
such that

G:(d F(d
D[ viwanT 9)
|yl Iyl<lwl<1 [wl
It is also assumed that
F(dy) — G;(d
Ki(dy) = Fy) - Gidy) (2.10)

|yl

defines a finite signed measure on A“. The interpretation of (2.9) is that multi-type
juvenile offspring from a type i individual are produced at rate F(dw)/|w|?, not
depending on the type of the parent, then thinned by viability selection according
to V;(w,dy). The model with generator (2.8) is valid as it stands, and also can be
obtained as a limit from the Moran model where it is assumed that

G;(d
A e — [ T

2
Bern |yl

where f € C?(A9) is such that | f(y)|/|y|? is bounded as | y| — 0. F and V;(x, -) are
analogous to r, and Q;,(+) in (2.7). In a Wright-Fisher diffusion process the strength
of selection is controlled by the selection parameters {o;} and the frequencies change
according to a term

0
ij((fj - Z kak)a_xj (2.11)

Jj€ld] ke[d]
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in the generator. The measures {K;} are analogous to the parameters {o;} however
their effect is much stronger on the sample paths than occurs with the deterministic
change governed by (2.11).

In [7] a A-Fleming—Viot process with viability selection has a generator equation

lt(dy)

Laglo) = /[0 Tl =)+ ve) gt
i€[d]

where G; are one-dimensional sub-stochastic measures, and g € C>([0, 1]). This
is a particular case of (2.8) where the measures G; have mass concentrated on y;,
with Gy;(dy) = Gi(e;dy). Parents of type i give rise to type i offspring in this model.
There is a similar definition for the one-dimensional measures K; as in (2.10). If

Ki(-) = —0;6(-) then as € — 0 the corresponding sequence of generators converges
to
F (dy)
Laglo) = / S0 (g1 —3) + yes
IE[d]
+ xo— Y okxk)—g(x>
Jjeld] keld]

If there is no selection in the models (2.8) or (2.9) then G; = F and K; are null
measures, i € [d].

Example 2.1 1f there is no selection and mutation is parent independent with a
mutation rate of ¢;, Z#I €; < 1,j € [d] the generator equation (2.8) becomes

zzm,g(x>=/ le< (1= [y]) + 11— lel + €)e + 1] 3 e))

01} e J#i
F(d|y))
—8) - (2.12)
|yl
If |e| = 1 the outcome of a jump does not depend on the type of the reproducing

individual. Then the stationary distribution is the constant vector €.

Example 2.2 1If d = 2 in (2.12) then the generator for the frequency of the first type
is specified by

Lug@ = [ [+{elett =+ (1) —s9)

=051 —) + ey) - 9)| "2,
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Example 2.3 A two-type model with Beta measures and no mutation. The generator
for X; acting on g(x) is

/[g((l—y)x+y) g(x )]M

+(1—x)/ [2((1 = y)x) — g(x )]M

This model arises naturally from a continuous time Schweinsberg differential rates
fecundity birth model or from a model with viability selection for the two types.
The parameters yy, y» € (0, 1). The measures G;(dy) = By, ,,(dy), i = 1,2. Take
F = Gy, so then there is no thinning of type 1 individuals. A classical thinning
identity is to take ¥; ~ G;,i = 1,2 and U ~ B>, ,, independent of Y; such that
for y» > y1, Yo =2 Y U. Let f(y> | y1) be the density of Y5 | Y| = yy, then

|
By, o (dy2) = | f2 | y1)dy2Ba—y, 5 (dy1)

y2

This example also shows that the same process can be obtained by either fecundity
selection, or viability selection.

There is a similar dual process to that of Theorem 2.1 in the Moran model, with
a simpler form for the rates. The dual process {&(f)};>0 is again a branching
coalescing graph back in time following the genealogy of a sample of individuals
back in time. It is assumed that there is a stationary distribution for {X () },>0 with
sampling distribution M(£). The probability that a parent chosen in a reproduction
event is of type i, and a sample configuration of an additional |»| individuals has
configuration » is

ni +
Il +1

M(i.n) = L M@ + e, nezs.

Theorem 2.2 ([4]) The multi-type Fleming—Viot process with generator (2.8) is
dual to the system of branching and coalescing lineages {& (1) } >0 which takes values
in Z‘i and for which the transition rates are, for 0 <1 < &, 1 # e, |I| > 1.

s -tve) = [ (';’)(';')_l‘[yﬁ”x(l—|y|)'5—" o

J€ld]
M3, & -1
X —5
M(§)

(d
61(£,£+e,-)=/[01] (1_(1_|y|)E)K(|y||Y|)
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« M(i, §)
M(E)
d
q(§.§) = —[/Ad (1 —(1—- |y|)\s|) F(|y||§|)
1 Gi(dy)
- vi(1 — &1
ie%éy( [yD) T }

The duality equation is

&) 0 {0]
Exo, (50X (0O By (F0hX (0
M(£(0)) M(&(0)
where the expectation on the left hand side is with respect to the distribution of the

Sforwards in time Fleming—Viot process {X (t) }>0 and that on the right is with respect
to the backwards in time dual process {& (1) }i>o.

Example 2.4 In the model of Example 2.2 the dual rates (2.6) for0 <1 < &,1 # e;,
i=1,2,|l] > 1 become

~ _(IV(VEN i [ g - F@)
q&.E—1l+e) = (l)(lll)(l €)'e /[O,I]y 1=y y2

 Mag-D
M(E)

B NN ey el Fdy)
q(§.§ l+ez)—(l)(|l|)€1(1 €1) /[O.l]y I-y 7

M2.§-D
ME)

Mutation occurs in families in this example, in contrast to mutation occurring at
random along lines in the dual process with rates (2.6).

2.5 Conclusion

This paper discusses multi-type A-coalescent processes which arise naturally from
A-Fleming-Viot processes as dual processes back in time. A general problem is
to see if there is an analogue of these population-coalescent pairs of processes in
branching processes theory.
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Part 11
Branching Random Walks



Chapter 3
On the Number of Positive Eigenvalues of the
Evolutionary Operator of Branching Random

Walk

Ekaterina Antonenko and Elena Yarovaya

Mathematics Subject Classification (2000): 60J80, 60J25, 34G10, 47B39

3.1 Introduction

Let Z¢, called in what follows the d-dimensional integer lattice, be a set of vectors
(n1,mn, ..., ng) with the integer coordinates n;. Continuous-time branching random
walks (BRWs) on Z¢ have been widely discussed in a series see, for example, [1, 2,
9-12, 14].

Until recently, BRWs with one branching source, i.e. the source of reproduction
and death of particles, have been the main object of interest in investigations of
such models. Various methods have been applied for analyses of this case, and
an approach based on representation of the evolutionary equations for moments of
numbers of particles as equations in Banach spaces [1, 2, 12, 14] has found to be
rather productive.

The BRW with one branching source was investigated in [3, 12], where the
conditions for exponential growth of the numbers of particles were obtained for
an arbitrary point as well as for the entire lattice. Such a character of growth of the
number of particles is determined by the existence of an isolated positive eigenvalue
in the spectrum of the operator of the mean number of particles. In this model,
the evolutionary operator can be represented as the sum of a bounded self-adjoint
operator and a completely continuous one, which gives opportunity to obtain the
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necessary and sufficient conditions for existence of an isolated positive eigenvalue
in the spectrum of the evolutionary operator.

We consider the model of continuous-time BRW on Z¢ with the finite number N
of the branching sources located at some lattice points xy, X2, ..., xy. It is assumed
that the particles evolve independently of each other and of the prehistory. Each
particle walks on the lattice until it reaches a branching source where its behavior
changes. We assume that death and reproduction of a particle happen without
breaking the symmetry of the underlying random walk. In this case the behaviour of
the mean number of particles can be described in terms of the evolutionary operator
of a special type [15], which is a perturbation of the generator </ of a symmetric
random walk. In the case of equal intensities of sources this operator has the form

N
My = +BY 8,8L. xel 3.1)

i=1

where &7 : IP(Z%) — IP(Z%), p € [1,00], is a symmetric operator and §, = &,(-)
denotes a column vector on the lattice taking the value one at the point x and zero
otherwise. General analysis of this operator was first done in [15].

In [16] it is shown how the operators of type (3.1) appear in BRW models
and is demonstrated that the structure of its spectrum determines the asymptotic
behaviour of the numbers of particles. For the analysis of the evolutionary equations
for the mean number of particles, in [16] there was used the technique of differential
equations in Banach spaces. In [15] it is shown that .73 is a linear bounded operator
in every space IP(Z%), p € [1,00]. All points of its spectrum outside the circle
C={zeC:l|z—a(0)| < |a(0)|} with a(0) = §] .75y may be only eigenvalues of
finite multiplicity. This statement allowed to propose a general method for obtaining
a finite set of equations defining conditions of the existence of isolated positive
eigenvalues in the spectrum of the operator 773 lying outside C. Corresponding
conditions for BRWs with two sources of branching were obtained in explicit form
in [15].

In [15] it is shown, in particular, that the perturbation of the form g Zf\;l 8)61.8;
of the operator .« may result in the emergence of positive eigenvalues of the
operator 3 and the multiplicity of each of them does not exceed N. However,
the number of arising eigenvalues of .73 in [15] was not found. In the present
paper we strengthen this result by showing in Theorem 3.3 that the maximum
eigenvalue of the operator .73 is of unit multiplicity, that is simple, and the general
multiplicity of all eigenvalues does not exceed N. This implies, in particular, that in
fact the multiplicity of each eigenvalue of the operator 53 does not exceed N — 1.
Example 3.1 demonstrates that the greatest possible multiplicity N — 1 of a positive
eigenvalue of the operator #3 can actually be reached when N > 1.

The structure of the present paper is as follows. In Sect. 3.2 a formal description
of BRW with N sources is reminded. In Sect. 3.3 the main results are formulated and
the example about influence of “symmetry” of the sources disposition on appearance
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of coinciding eigenvalues in the spectrum of operator (3.1) is given. Section 3.4
contains proofs of the formulated theorems.

3.2 BRW with Several Sources

The evolution of the system of particles in BRW on Z¢ is defined by the number of
particles j,(y) at moment 7 at each point y € Z¢ assuming that the system contains
only one particle disposed at some point x € Z% at t = 0, i.e. io(y) = 8,(y). Thus,
the total number of particles on Z¢ satisfies the equation p, = Zyezd 1(y). The
transition probability of the random walk in the BRW is denoted by p(t, x, y). Let
E, be the expectation of the total number of particles on the condition that u(-) =
8.(-). Then, the moments obey m,,(t, x,y) := E,u/(y) and m,(t,x) := E,u}, n € N.

Random walk is specified by a matrix A = (a(x, y)), yez« of transition intensities,
where a(x,y) = a(0,x—y) = a(x—y) for all x and y. Thus, the transition intensities
are spatially homogeneous and the matrix A is symmetric. The law of walk is
described in terms of the function a(z), z € Z¢, where a(0) < 0, a(z) > 0 when
z # 0and a(z) = a(—z). We assume that ) ;. a(z) = 0 and

> lzla(z) < oo, (3.2)

z€74d

where |z| is the Euclidian norm of the vector z. We also assume that the matrix A is
irreducible, i.e. for all z € Z there exists a set of vectors z1, 22, ...,z € Z% such

k
thatz =Y zanda(z) #O0fori=1,2,... k.
i=1
By p(t, x,y) we denote the transition probability of a random walk. This function
is implicitly determined by the transition intensities a(x,y) (see, for example, [6,
12]). Then, Green’s function of the operator .2/ can be represented as a Laplace

transform of the transition probability p(z, x, y):

o

Gi(x,y) = /e_)“p(t,x,y) d, X>0.
0

The analysis of BRWs essentially depends on whether the value Gy = Gy (0, 0)
is finite or not. If the condition (3.2) (finiteness of the variance of jumps) is satisfied
then Gy = oo whend = 1, 2, and Gy < oo when d > 3 (see, for example [12]).

We use the function b,, n > 0, where b,, > 0 forn # 1, b; < 0, and Zn b,=0,
to describe branching at a source. Branching occurs at a finite number of sources,
X1, ..., Xy, and is given by the infinitesimal generating function f(u) = > oo byu"
such that 8, = f)(1) < oo for all » € N. The quantity 8; = f’(1) characterizes the
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intensity of a source and is denoted further by . The sojourn time of a particle at
every source is distributed exponentially with the parameter —(a(0) + b;), see [13].

The analysis of the BRW model with one branching source in [2, 3, 12, 14]
showed that the asymptotic behaviour of the mean number of particles at arbitrary
point as well as on the entire lattice is determined by the structure of the spectrum
of the linear operator (3.1) when N = 1. Here the bounded self-adjoint operator
</ in Hilbert space [2(Z%) is a generator of random walk, and BA,, specifies
the mechanism of branching at the source x;. Let us note that the operator <7 is
generated by the matrix A of transition intensities. This model has been generalized
in [15], in particular to the case of N sources.

The transition probability p(z, -, y) is treated as a function p(f) in I>(Z?) depend-
ing on time ¢ and the parameter y. Then according to [12, 15] we can rewrite the
evolution equation as the following differential equation in space I?(Z9):

Here the operator &7 acts as

(Au)(z) := Z a(z—72)u(?).

e 7d

In the same way we can obtain the differential equation in space I*(Z%) for the
expectation m; (¢, -, y) which can be considered as a function m, () in I*(Z%):

% = pMmi, ml(O) = Sy. (33)
Formally, this equation holds for m;(f) = m(z,-) on the condition that m;(0) = 1
in space [°°(Z).

It follows from the general theory of linear differential equations in Banach
spaces (see, for example, [4]) that the investigation of behaviour of solutions of the
Eq. (3.3) can be reduced to the analysis of the spectrum of the linear operators in the
right-hand sides of the corresponding equations. Spectral analysis of the operator
3 of type (3.1) was done in [15].

3.3 Spatial Configuration of Sources of Branching

We denote by S, the value of intensity of sources uniquely defined by the condition
that the spectrum of the operator .73 contains positive eigenvalues if 8 > ..
Let us formulate the main results to be proved below.

Theorem 3.1 Ifd = 1 ord = 2, then B. = 0; ifd > 3, then B. = (Go)~! in the
case N =1, and 0 < B. < (Gy)~! in the case N > 2.
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Definition 3.1 If there exists &y > 0 such that the operator .73 has a simple positive
eigenvalue A(B) when B € (B., B + €o) and this eigenvalue satisfies a condition
A(B) — Oas B | B, then we call supercritical BRW weakly supercritical when
is close to B..

From the definition above, the question arises whether or not every supercritical
BRW is weakly supercritical. The following theorem gives the affirmative answer to
this question.

Theorem 3.2 Every supercritical BRW is weakly supercritical as B8 |, B..
This theorem follows from the following stronger statement.

Theorem 3.3 Let N > 2, then the operator 3 may have no more than N positive
eigenvalues A;(B) of finite multiplicity when B > B, and

Ao(B) > A(B) == Ay—1(B) > 0.

Here the principal eigenvalue Ao(B) has unit multiplicity. Besides there is a value
Be, such that for B € (Be, Be,) the operator Hp has a single positive eigenvalue,

Ao(B).

Corollary 3.1 Under the conditions of Theorem 3.3 the multiplicity of each of the
eigenvalues A1(B), ..., An—1(B) does not exceed N — 1.

We can use the following theorem, which was established in different terms in
[15, Theorem 6], for estimating the eigenvalues

Ao(B). A1 (B). ... An-1(B).

Theorem 3.4 The eigenvalue A belongs to the discrete spectrum of the operator
Jg in the only case when the system of linear equations

N
Vi—BY Gixi—x)V;=0, i=1....N (3.4)
j=1

in variables {V;}}_, has a non-trivial solution.

According to Theorem 3.3 the principal eigenvalue Ao () is always simple. Some
of the eigenvalues A;(B), ..., An—1(B) of the operator .73 may actually coincide
(i.e. they may have the multiplicity greater than one) and this situation is possible
even in the case of an arbitrary finite number of sources (of equal intensity). As is
shown in the following Example 3.1 this situation may occur if there is a certain
“symmetry” of the spatial configuration of the sources xi, x, ..., xy.

In Example 3.1 we assume that the function of transition probabilities is
symmetric that is its values do not change at any permutation of arguments. In
particular, a function of a vector variable z is symmetric if its values are the same
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at any permutation of coordinates of vector z. Let us present a statement to be use
further for “integrable” models, where critical values ., i > 2, and equations for
estimating A; from Theorem 3.3 can be found explicitly.

Theorem 3.5 [f the function of transition probabilities a(z) is symmetric, then the
function G (z) is also symmetric.

Example 3.1 Letxi,...,xy, when N > 2, be the vertices of a regular simplex (i.e.
lengths of the simplex edges are equal). For example,

x1={1,0,...,0}, x» ={0,1,...0}, ..., xy ={0,0,.... 1}

The existence of a non-trivial solution of the linear equation (3.4) for some f is
equivalent to the resolvability of the equation

det (r(/\) — %1) -0, (3.5)
where
I'(A) = [[;(A)] (3.6)

is the matrix with elements I3;(1) = G (x;, x;).
Since the random walk by assumption is symmetric and homogeneous then

G (xi,x1) = Gi(0,x; — x;) = G2(0,x; — x;) = Ga(x; — x).

From the definition of the function G;(u,v) = Gy (u — v) it follows that all the
values G, (x; —x;) coincide with each other when i # j and hence they coincide with
G, (x; — x2) = G, (z«) (for simplicity we denote z,« = x| — x2). So,

Gr(xj — x;)) = Gy (x1 — x2) = Gy(z+) forall i#j. (3.7
For the values G (x;, x;) we have
G).(xi,x;) = Gy(xi —x;) = G1(0) = Gy.
Thus we can rewrite Eq. (3.5) as

Gr =1 Gz
det Gi(zx) -+ Ga(z«)
Gr(z) - Gr—
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Using standard linear transforms we rewrite the last determinantal equation as

G, — % + (N =1)Gi(z4) -+ Gi(z4)

V!
(GA—GA(Z*)—E) det .0 0 —o.

This is equivalent to the equation

1 1 N—1
(GA + (N = 1)Ga(zx) — E) (Gk — Ga(zx) — E) =0.

From this last equation it is seen that 8. and 8., can be calculated explicitly:
Be = (Go+ (N=1Go) ™" Bey = (Go— Golzx)) ™. (3.8)

Remark 3.1 Under the conditions of Example 3.1 according to (3.7) and (3.8)
the quantity f., depends on the norm |z«| of the vector z. (i.e. on the distance
between the sources) and does not depend on the number of the sources N, that
is B, = PBc(Jz¢]) > 0. At the same time the quantity §. depends not only on
the distance between the sources but also on the number of the sources N, that is
Be = Bc(Jz«|, N), and in such a way that B.(|z«|,N) — 0 as N — oo when z4 is
fixed. Moreover, B.(|z«|, N) = 0 whend = 1 and d = 2.

3.4 Proofs of Theorems

To prove Theorems 3.1 and 3.2 we will use the following lemmas.
Lemma 3.1 The quantity A > 0 is an eigenvalue of the operator #} if and only if
at least one of the equations

yMBp=1, i=0,...,N—1, (3.9

holds, where y;(A) are eigenvalues of the matrix I" (L) given by the Eq. (3.6).

Proof The quantity A > 0 is an eigenvalue of the operator 53 = &7 + f8 Zf\;l L
if and only if the following equation holds for some vector i # 0:

N
Ah+ By 8,8Lh = Ah.

i=1
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Let R), = (& — AI)~! be the resolvent of the operator .. By applying R; to both
sides of the last equation we obtain

N
h+B Y Rib.8ih=0.
i=1
Since 8,8Th = 8,(8s, h), then

N
h+ B Y (B MRS, =0.

i=1

Let us scalar left-multiply the last equation by §,,:

Buh) + Y BBy W) (B R28:) =0, k=1.....n.

i=1

By denoting U = (8y,, h) we then obtain

U+ Y BUGy.RiS) =0, k=1,....n (3.10)

i=1

Thus, the initial equation has a nonzero solution # if and only if the determinant of
the matrix of the obtained linear system is equal to zero. Now we notice that

ei(@,y—x)

8y, Rabx) = —5— ——db,

’ @) Jimamp A — ¢ (6)

where ¢(0) = ) a(z)e’®d with @ € [—m, 7]¢ is the Fourier transform of the
function of transition probabilities a(z). The right-hand side of the equation can be
represented [12] in terms of Green’s function:

()= [ el = g

Gi(x,y ::/ e Mp(t,x,y)dt = —/ ——do. 3.11)
0 Q) Jimampe A — ¢ (0)

Hence (8y,R38¢) = —Gy(x,y). It implies that the condition of vanishing of the

determinant of the linear system (3.10) can be rewritten as det (81" (1) — 1) = 0,
which is equivalent to Eq. (3.5) when 8 # 0.

Recalling that the eigenvalues of the matrix I"(1) are denoted by y;(1), where
i=0,...,N— 1, we obtain that (3.5) holds for some 8 and A if and only if (3.9) is
true. The lemma is proved. O

Lemma 3.2 Each of the functions y;(A) is strictly decreasing when A > 0.
Moreover, the total number of solutions A{(B) of the equations y;(M) = 1,
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i = 0,...,N — 1, does not exceed N, that is the number of eigenvalues of the
operator (3.1) does not exceed N.

We need the following auxiliary statement to prove Lemma 3.2.

Lemma 3.3 Let Q = (g;) be a matrix with elements

1 .
= —— 0 1(9,x,'—x]-)d9,
% = 2y /[_M]d q(0)e

where x1,X,, .. .,Xy is a set of linearly independent vectors, and q(0) > g« > 0 is
an even function summable on [—m, w|¢. Then Q is a real, symmetric and positive-
definite matrix satisfying (Qz,2) > qx(z, 2).

Proof The matrix Q is real and symmetric since the function g(6) is even and then

1

CIIII'ZW

/ q(0) cos(0, x; — x;)d0.
[—m.m]d

Thus, we need to prove only that the matrix Q is positive-definite. By definition,
(Qz,2) = fo]: | iiZizj, where 7 = (21,22, ..., 2n). Then

(09 = (2 @n) Z /[—n A0z

ij=1

D ORISR

i=1 j=1

1 N N o o
N e

i=1 j=1

1 : ; 2
~ @ny /[ o q(0) |2y + - 4 O Wzy|" a6 > 0.

Since g(0) > g«, then

(Qz.2) =

[, 7)d

9% / 2 2 i(0.x;) —i(0.x))
= i+t oy + e zi) (e 7z:) | d6.
(27t)d [—7m,7)d 1 N %]: ( l) ( j)

The integral of the summands (ei(‘g”‘i)zi) (e_i(e’xf)zj) vanishes since x; # x; when
i # j. It implies that the integral in the right-hand side of the equation can be found
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explicitly and is equal to g«(z} + ... + 23). S0, (Qz.2) > g« (z,z). The lemma is
proved. O

Proof of Lemma 3.2 Let the eigenvalues y;(A) of the matrix (3.6) be arranged in
decreasing order:

0<ynv-1(A) <... < »(d) < p(d).
Let us consider a matrix
(A1, A2) :== I'(Ay) — I'(La).

Taking

we obtain for A > 0 that
q(0) = ! >0
A+s '

where s = maxge|_r ¢{—¢(0)} > 0. Hence, by Lemma 3.3 for each A > 0 the
matrix I"(A) defined by (3.6) and (3.11) is real, symmetric and positive-definite.

From (3.6) and (3.11) we obtain also that the elements of the matrix I"(A, A,)
are as follows

Iy A2) = (= Ap) e @
ij( 1,A2) = (A2 — I)W[—n,ﬂ]d (A1 = ¢(0))(A2 — ¢(0)) '

For the continuous function

1
(A1 —¢(0)) (A2 — ¢ (0))

q(0) =

we have the lower bound

1

Q(e) > Q*(Al, AZ) = m >0

Hence, again by Lemma 3.3 the matrix I"(4;, A;) is self-adjoint and positive-
definite when A, > A;. In this case the Lidskii theorem [8, Theorem 6.10] implies,
foralli =0,...,N — 1, the inequalities

Yi(Ad1) — vi(A2) = g«(A1, A2) > 0,
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since the minimal eigenvalue of the matrix I"(A;, A,) has the lower bound equal to
g«(A1,42). So, yi(A1) > yi(A;) when A, > Ay, that is the function y;(A) is strictly
decreasing with respect to A.

Since the functions y;(1) are strictly decreasing then each of the equations
yi(M)B = 1, where i = 0,...,N — 1, for each 8 has no more than one solution
(the eigenvalue of the operator Hg). So, the total amount of the eigenvalues of the
operator Hg does not exceed N. The lemma is proved. O

Proof of Theorem 3.1 In the integral representation (3.11), the function ¢ () satis-
fies c[|0]|> < |¢(#)| < C||0])> for some nonzero real constants ¢ and C [12]. Hence
the convergence of the integral in the integral representation of the Green’s function
G, (x,y) as A — 0 is equivalent [12] to the convergence of the integral

in a neighbourhood of 0. This last integral converges when d > 3 and diverges when
d=1landd =2.1f G)(x,y) - oo as A — O then ||[I"(1)|| — oo and the principal
eigenvalue of matrix I"(A) tends to infinity as A — 0, y9(A) — oo. Hence in this
case for all B > 0 the equation yy(A)8 = 1 has a solution (with respect to 1) and
by definition of 8. we have that 8, = 0.

Let now Gy(0,0) < oo, then Gy(x,y) < oo for all x and y. So, in this case
I (0)|| < oo and, moreover, I"'(1) — I'(0) as A — 0. Then there exists yx < 00
such that yp(A) < y« < oo for all A. In this case the equation y5(1)8 = 1 does not
have solutions (with respect to A) as 8 — 0. By Lemma 3.1 in this case the operator
#¢p does not have eigenvalues when f is small, i.e. 8. > 0.

Let us prove the upper bound for 8, when d > 3. Let B be an arbitrary value
of the parameter such that the operator J#3 has a positive eigenvalue A. Then by
Lemma 3.1 we have yo(1)B8 = 1, and hence

1
Yo(A)’
The Perron—Frobenius theorem [5] implies that the principal eigenvalue yy(1) of

the matrix I"(4) has a corresponding eigenvector x(1) with all positive coordinates.
The matrix I"(1) can be represented as

B (3.12)

I'(A) = G1(0,0)] + B(A),
where B(A) = I'(A) — G,(0, 0)1. All elements of the matrix B(A) are non-negative

while its off-diagonal elements are positive when N > 2. In this case by definition
of the eigenvector x(1) the following equalities hold:

0= I'(M)x(d) = yo(M)x(A) = (G1(0,0) — yo(1)x(1) + B(A)x(4).
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Hence, when A = 0,
0 = I"'(0)x(0) — y0(0)x(0) = (Go(0,0) — y0(0))x(0) + B(0)x(0).

The vector x(0) has positive coordinates and therefore the vector B(0)x(0) also has
positive coordinates. So, the last equation holds only if G(0, 0) —y,(0) < 0. Hence,
by (3.12) we have

Lot
¥0(0)  Go(0,0)  Go

Be =

For N = 1 the critical value 8, can be found from the equation §,Gp = 1 and

equals B, = GLO O

Proof of Theorem 3.3 By Lemma 3.1 the eigenvalues of the operator .73 satisty the
Eqgs. (3.9). The quantities y;(A) are the eigenvalues of the positive and symmetric
matrix I"(1), and (as is shown in [9] and also follows from Lemma 3.3) this matrix
is the Gramian matrix for some appropriate scalar product and hence is positive-
definite. In this case all eigenvalues y;(A) are real and non-negative (and can be
arranged in ascending order):

0<ynv-1(A) =... =y Q) < yo(R). (3.13)

From (3.11) it follows that elements of the matrix I"(A) tend to zero as A — oo and
so yi(A) > 0as A — ocoforalli =0,1,...,N—1. By Rellich theorem [8, Chap. 2,
Theorem 6.8] all functions y;(A) are piecewise smooth when A > 0.

Using the representation (3.11) we notice that elements of the matrix I"(A) are
strictly positive when A > 0 and then by the Perron—Frobenius theorem [5] we have
that the principal eigenvalue yy(A) of the matrix I"(1) has the unit multiplicity and
strictly exceeds other eigenvalues, i.e. the last of the inequalities (3.13) is strict:

0<ynv-1(A) =... =y Q) < yo(R). (3.14)

From the representations (3.11) it follows that the matrix I"(4) is continuous for
all values A > 0. Behaviour of this matrix can differ as A — 0 and further proof of
the theorem depends on this behaviour.

The matrix I" (1) may tend to some finite limit matrix I"(0) with strictly positive
elements as A — 0. In this case the eigenvalues y;(A) behave as it is shown on
Fig. 3.1 and the difference between the values y,(0) = /3% and y,(0) = i can be
estimated by, for example, the Hopf theorem [7, p. 592]. This is true for d > 3.

Another case is when at least one element of the matrix I"(A) has infinite limit
as A — 0. This is possible only when d = 1 or d = 2. In this case || ["(1)| — oo
as A — 0 and hence yp(1) — oo as A — 0. This happens only for §, = 0. We

can suppose that y;(A) — oo as A — 0, i.e. B, = 0. However, it follows from the
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Fig. 3.1 Plots of the 4
functions y;(1) when 1
lim y,(A) < 0o Be
A—00
1
Bcl \
\
AN
1 : N
B \

Fig. 3.2 Plots of the
functions y;(A) when

lim yp(A) = oo, but
A—00

lim y; () < oo
A—>00
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Theorem 2.1.1 from [12] that this situation is impossible and y; (1) always has finite
limit as A — 0, i.e. B, > 0. This situation is illustrated on Fig. 3.2.

By Lemma 3.1 the eigenvalues A; of the operator 73 are solutions of the
Eqgs. (3.9), see Fig. 3.1. However, since by Lemma 3.2 every function y;(A) is strictly
decreasing when A > 0, then the total number of the solutions A;(8) of these

equations does not exceed N.

From inequalities (3.14) it follows that if the operator .73 has positive eigenval-
ues for some fixed B, then the maximal of them is Ay = A¢(8) which is a solution

of the equation

1
Yo(Ao) = —,

p

(3.15)



54 E. Antonenko and E. Yarovaya

is simple and strictly exceeds others. The minimum value of the solution Ay of
Eq. (3.15)is Ag = 0. The corresponding value . of the parameter f is critical. Since
the function yy(1) is strictly decreasing then the eigenvalue Ag = A¢(8) increases
with the increase of parameter 8. The theorem is proved. O

Proof of Theorem 3.5 Let us recall that Green’s function G, (z) can be represented
[12] in the form (3.11), where ¢(0) is the Fourier transform of the function of
transition probabilities a(z) and is defined by ¢(0) = > o a(z)e®d, 0 e
[—m, ]¢. To prove the theorem it suffices to demonstrate that G;(z) = G;(Rz)
for every permutation matrix R (i.e. all rows and columns of this matrix have the
only one nonzero element equal to one). So,

¢)(R9) = Z a(Z)ei(RO,Z) — Z d(z)ei(Q*R*Z)

z€74 z€74
= Y a(®)')CD = I a@)e®) = ¢(8),
7/€zd 7€zd

where the equality a((R*)™'Z') = a(Z’) holds for all 7 € Z? since the function a(z)
is symmetric. Hence the function ¢ () is also symmetric. Further,

1 ei(G,Rz) 1 ei(R*@,Z)
G,(R)) = —— do = / ——db
Q) Jimampe A — ¢ (0) Q) Jimnmpe A —¢(0)
1 ei(@,z)

L e
@0 s T g1 = GO

for every permutation matrix R, where the equality ¢ (8) = ¢ ((R*)™'0) again holds
for all 6 € [, m]? since the function ¢ () is symmetric. Thus, the function G; (z)
is also symmetric. O
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Chapter 4
Branching Structures Within Random Walks
and Their Applications

Wenming Hong and Huaming Wang

Mathematics Subject Classification (2000): 60J80, 60G50

4.1 Introduction

In 1975, Kesten, Kozlov and Spitzer published the famous paper [18] in which they
proved a nice limit theorem for the nearest neighbor Random Walk in Random
Environment (RWRE hereafter). They observed that the nearest neighbor RWRE,
upon being properly centered and scaled, converges to the domain of attraction
of certain stable distribution. The theorem that they proved will be called stable
limit theorem throughout the paper. Its proof was based on the fact that there exists
some branching structure within the path of the random walk. Roughly speaking,
for the walk transient to the right, 1 = U,, U,—1,U,—, ... form a single-type
branching process with exactly one immigrant in each of the first n generations,
where for k < n — 1, U; counts the number of steps by the walk from & to k — 1
before it hits n. Then, by studying the limit behaviours of the single-type branching
process with immigration in random environment, the limit theorem of RWRE could
be studied. This approach was proved to be very useful for studying the nearest
neighbor random walk in random or non-random environment. We provide here
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some references. In Rogers [21] it is shown that, being properly scaled, the local
time of the nearest neighbor random walk converges to Brownian local time. In
[8], Gantert and Shi observed that, in transient case, the nearest neighbor RWRE
spends, with a positive probability, a linear proportion of time at a single site. In
[25], Zeitouni found the explicit density of the invariant equivalent measure related
to the so-called “environment viewed from particles”. Afanasyev strengthened in
[1] Ritter’s theorem to a functional setting and in the paper [2] he also proved a
conditional Ritter’s theorem. Note that all the results mentioned above highly rely
on the branching structure hidden in the path of the nearest neighbor random walk.

It is attractive to generalize these results to some more general settings, for
example, to random walks with bounded jumps. In this paper, the notation “(L,R)
random walk” always denotes random walk with bounded jumps which in each
step jumps at most a distance L to the left and at most a distance R to the
right. The notation “(L,R) RWRE” could be understood similarly. In [19], Key
studied the regeneration time for multitype branching process with immigration in
random environment. Key indicated that the general argument for finding limiting
distribution for X () (He meant to generalize the stable limit theorem in [18] to (L,1)
RWRE.) seems to go through, except now Z(¢) is multitype. Actually, it was true.
One could generalize the stable limit theorem in [18] to (L,1) RWRE by studying a
multitype branching process with immigration in random environment. However,
the first obstacle that one has to overcome is to reveal the multitype branching
process hidden in the path of (L,1) RWRE. For random walk with bounded jumps,
things are very different from the nearest neighbor setting. Indeed, in [19], the author
did not give the construction of the branching structure for (L,1) random walk.

In [11, 12, 14], we revealed the multitype branching process with immigration
which is hidden in the path of random walk with bounded jumps, so that we could set
up the connection between these two stochastic processes. The branching structure
for (L,R) random walk is also proved to be powerful in applications of studying the
limit behaviors for (L,R) random walk in random or non-random environment. We
refer the readers to [10, 13, 16, 17, 22, 24] for the details of these applications.

The remainder parts of the paper are organized as follows. We devote Sect. 4.2 to
a survey of the literatures related to the branching structure for (1,1) random walk.
Then in Sect. 4.3, we list our results about the branching structures for random walks
with bounded jumps set up in [11, 12]. After that, a birth-and-death process with
bounded jumps will be considered in Sect.4.4. Using the branching structure, we
calculate the stationary distribution of the birth-and-death process explicitly. Finally,
some concluding remarks will be given in Sect. 4.5.
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4.2 Branching Structure for (1,1) Random Walk

Let us consider firstly the nearest neighbor random walk on Z. Suppose that py, k €
Z, is a sequence of [0, 1]-valued numbers. Let {S,},>0 be a Markov chain with Sy =
0 and

PSps1 =k+ 1Sy =k) =pr =1 — P(Suq1 = k— 1|S, = k).

We call {S,} the “(1,1) random walk”. In the literatures that we are aware of, the
history of the branching structure for (1,1) random walk could date back to Harris
[9]. Harris found that there are some correspondences between random walks and
trees. Putting py = 1, he studied random walk on the lattice of the positive half-line.
He illustrated that an excursion of the walk between time 0 and the first return time
of the initial state corresponds to a tree. In [18], Kesten, Kozlov and Spitzer set up
the immigration structures for (1,1) RWRE. They revealed the single-type branching
process with immigration in random environment which is hidden in the path of
(1,1) RWRE. Then, by applying the branching structure, they proved a stable limit
theorem for (1,1) RWRE. In [7] the branching structure for (1,1) random walk with
homogeneous transition probabilities was studied, that is, for all k, py = p € (0, 1).
Fora > 0 let

N(a) := #{steps by the walk from a + 1 to a}.

Here and throughout, the notation “#{ }’ denotes the number of elements in set “{ }”.
Dwass proved that if 0 < p < %, N(0),N(1),... form a Galton—Watson process;
if % < p < 1, N(@),N(1),... evolve as a Galton—Watson process with certain
immigration. We refer the readers to [7] for more details.

Next we quote the branching structure set up in [18] which influences us a lot.
Suppose that lim sup,,_, ., S, = 0o. Forn > 1, define

T, = inf{k : S; = n},

which is the first hitting time of site n of the walk. Clearly 7,, < oo for all n > 0.
Let U} =0andfork <n—1 set

U} = #{ steps by the walk from k to k — 1 before 7, }.

The connection between the branching process with immigration and the (1,1)
random walk in [18] reads as follows:

Suppose that lim sup,_, oo S, = 00. Then U}, U, _,, U,_,, ... form a single type branching
process with exactly 1 immigrant in each of the first n generations and no immigration in
the remaining generations. The offspring distribution at k + 1 is

PU; =m|U; =1 = (1~p)"p,m=0.
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Furthermore,

T,=n+2) U .0

i<n

Note that in (4.1), the hitting time 7, is written as the functional of the branching
process {U}}x<n. In [18], the authors considered the (1,1) RWRE. In this case,
{U}}k<n forms a branching process with immigration in random environment. The
stable limit theorem of the (1,1) RWRE was proved by studying the limit behaviour
of {U}k<n- In [18] the authors explained why the above claims hold. The idea is
very clear, but it is tedious to present a rigorous mathematical proof. We refer the
readers to [11] for a rigorous proof in a more general setting.

4.3 Branching Structure for Random Walk
with Bounded Jumps

In this section we introduce the branching structure within the path of random
walk with bounded jumps. To define the model, let L,R > 1 and denote A =
{—L,...,R}\{0}.Fori € Z, let w; = (w;(l));c4 be a probability measure on i + A.
Set @ = {w;}iez, wWhich serves as the transition probabilities of the random walk.
Let {X,},>0 be a Markov chain with initial value X, = x and transition probabilities

PoXur1 =i+ j|X, = i) = wi(j), j € A.

{X,} is called the (L,R) random walk with non-homogeneous transition probabilities
((L,R) random walk). Throughout this section, we use P2, to denote the probability
distribution induced by the random walk {X,} and E}, the corresponding integration
operator. Except otherwise stated, we always assume that the walk {X,} starts at 0.
The notations P? and E? will be written as P,, and E,,, respectively, for simplicity.

In [12], we set up the branching structure for (2,2) random walk. For a general
(L,R) random walk, the idea is the same, but the notations are much heavier. The
branching structure for (L,1) random walk and (1,R) random walk were set up in
[11] and [14], respectively. Here we emphasize that the branching structure for
(L,1) random walk is almost as nice as that of (1,1) random walk in the sense that
the offspring distributions of the individuals at i depend only on the transitional
probabilities of the random walk at i (See (4.2) and (4.3) below). Therefore many
related results of (1,1) random walk in random or non-random environment could
be possibly generalized to the (L,1) setting.
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4.3.1 (L,1) Random Walk

Letting R = 1, we consider (L.,1) random walk {X,,}. For n > 0, define the hitting
time of site n by the walk by

T, = inflk > 0 : X; = n].

In general, it is hard to find the exact distribution of 7},. In Theorem 4.1 we will
see that T, could be expressed in terms of a multitype branching process with
immigration in varying environment.

For —oo <i<n, 1 <I<L,define

U =#0<k<Ty: Xo—1 >, X =i—1+1},
and set
Ul = (U2 Ul Uf):

Throughout the paper, for i > 1, e; denotes the row vector whose ith component
equals 1 and all other components equal 0.

Theorem 4.1 Suppose that limsup,_, ., X, = co. Then forn > 0,

(1) T, =n+ Y 12! Uk, wherexo = (2, 1,..., 1);
(2) the process {U!'}i<, evolves as an L-type branching process with immigration.
The immigration satisfies the following properties: with probability 1, a type-1
particle immigrates at k for 0 < k < n — 1, and there is no immigration at k
for k > nand k < 0. Furthermore, the offspring distributions of the multitype

branching process {U!'}i<, are as follows: for (ui,...,ur) € Zi,

Pw(Uin_l = (ul, ey uL)|U,” = el)

- Maﬁ(—n"l o(=Dto),  4.2)

il ug!

P, (U?—l =e_1+ (ug,..., uL)|Ui” = el)

|
= R (L), 2 < 1< L

M1! e
4.3)

We see from (4.2) and (4.3) that the offspring distributions of individuals at i
only depend on w;. This fact is very important for applications. Indeed, if {w;} is
an i.i.d. sequence under some probability measure P, then {U;},<, forms an L-type
branching process with immigration in i.i.d. random environment. Consequently, we
could use directly the limit theorems of the later one to study the limit behaviours
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of (L,1) RWRE. In [22], we studied the tail behaviours of the total progenies of a
multitype branching process with immigration in i.i.d. random environment before
the regenerating time, and proved a stable limit theorem for (L,1) RWRE, which
generalized the stable limit theorem for (1,1) RWRE derived in [18]. Here we
also introduce some other applications. In [10], Hong and Sun proved a renewal
theorem for (L,1) RWRE. In [16, 17] the stationary distributions of (L,1) random
walk and (1,R) random walk were studied respectively. Hong and Yang [13] showed
that the local time of (1,L) random walk converges to Brownian local time. All
these applications highly rely on the branching structure for (L,1) random walk.
In Sect.4.4, we will also discuss the stationary distribution for a birth-and-death
process with one-side bounded jumps in details to illustrate further application of
the branching structure for (L,1) random walk.

4.3.2 (2,2) Random Walk

Fixing L = R = 2, we consider the (2,2) random walk. Define
T) = inf[n > 0: X, > 0],

which is of special interest in the study of random walk with bounded jumps in
random environment.

In order to count exactly all the steps of the walk before 7', we define three types
of excursions.

Definition 4.1

a) We call excursions of the form {X; = i, X441 =i — 1, X442 <i—1,..., Xpqps <
i— 1, Xiqi41 > i} type-A excursions at i. We classify type-A excursions at i into
three sub-types A; 1, A;» and A, 3, corresponding to the possible three kinds of
last step of type-A excursions at i, say, {i—1 — i}, {i—2 — i} and {i—1 — i+1}.

b) We call excursions of the form {X; = i, Xj4+1 =i — 2, Xpq2 <i—1,...,. X441 <
i — 1, X141 > i} type-B excursions at i. We classify type-B excursions at i into
three sub-types B;;, B;, and B, 3, corresponding to the possible three kinds of
last step of type-B excursions at i, say, {i—1 — i}, {i—2 — i} and {i—1 — i+1}.

¢) We call excursions of the form {X; = i+ 1,X441 = i — 1, Xp42 < i —
L.... Xkt < i — 1,Xp4441 > i} type-C excursions at i. We classify type-
C excursions at i into three sub-types C; 1, C;2 and C;3, corresponding to the
possible three kinds of last step of type-C excursions at i, say, {i — 1 — i},

{i—2—i}and{i— 1 — i+ 1} (Fig.4.1).
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Ai1Aiz Az Bi1Bi2 Bis Cii1Cia Cis
o / [ /
Z. \ \ \\
LT T T

1—2 <

1—3

Fig. 4.1 The figure illustrates type A, B and C excursions at i. We only draw the first step and the
last step. All other steps below i — 1 are omitted

Fori <0andj = 1,2, 3, define

A;j = #{A;j excursions before T} },
B;j = #{8,;; excursions before T},

Ci; = #{C;; excursions before T }.
To count all the steps of the walk before T, let
Ui = (Ai1,Ai2,Ai3,Bi1,Bi2,Bi3, Ci1,Ciz, Ci3) (4.4)

denote the total numbers of different excursions at i before time 7. Then, we have
the following fact.

Theorem 4.2 Suppose that lim sup,_, ., X, = co. Then

Ti=1+) Ui(2.2,1,1,1,0,2,2,1)" (4.5)

i<0

Remark 4.1 Since the (2,2) random walk is non-nearest neighbor, one can not
provide the exact distribution of 7; in general; but the process {U;}i<o defined
in (4.4) will be proved to be a non-homogeneous multitype branching process. This
fact together with (4.5) enables us to study 7 by the properties of the branching
process.

In order to prove that {U;};<o forms a multitype branching process, we need to
formulate an ancestor. Note that the walk starts from 0, but before T, there is no
step downward from some site above O to 0. Therefore we can assume that there is
a step of the walk from 1 to 0 before it starts from 0 (We can also assume that this
step is from 2 to 0, but it makes no difference.), that is, set X_; = 1. Adding such an
imaginary step, the path {X_; = 1,Xy = 0,X;, ..., Xy, } forms a type-A excursion



64 W. Hong and H. Wang

at 1 such that with probability 1,
Al +Ap+A3=1

Then U could be defined as in (4.4). But since thereisno 8y ;and Cy;, j = 1,2, 3,
excursion, U; has only three possible values, thatis, U; = e;, U; = e; or U; = e3.

We can treat U; as some particle which immigrates into the system and call it
immigration. To reveal the immigration law, for k < iandj € {i + 1,i + 2}, we
define the escaping probabilities

fi(Q, ) = PIL‘U (the walk hits (i, 0o) at}),

which could be explicitly calculated by some standard procedure. In [12], we
showed that

wo(1)

0 = —
Pw(Ul =ey) = 1 —wo(—1)f=1(—1,0) — wo(—2)f—2(—1,0) ’ 4.6)
0 = — 61)0(2)
Pw(Ul =e) = 1 —wo(—1)f=1(—1,0) — wo(=2)f—2(—1,0) ’ 4.7)
PO (U =e) = 1 —wo(1) — wp(2) — wo(—1)f=1(—1,0) — wp(—2)f=2(—1,0)

I —wo(—=1)f=1(=1,0) — wo(—2)f~2(—1,0)
(4.8)

Theorem 4.3 Suppose that limsup,_, ., X, = o00. Then {U;}i<i forms a 9-type
non-homogeneous branching process whose immigration distributions are given
by (4.6), (4.7) and (4.8).

We did not present the exact offspring distributions of the multitype branching
process in Theorem 4.3 because they are very complicated. To formulate the
offspring distributions, we need to define an index for each one of the nine types of
excursions. These indices are functionals of the escaping probabilities. With the help
of these indices, the offspring distribution of each one of the nine types of excursions
could be formulated. We refer the readers to [12] for the proofs of Theorems 4.2
and 4.3.

The branching structure for (L,R) random walk is also proved to be useful. We
provide here some examples. We also look forward for some other applications.

(1) To formulate the explicit velocity for the law of large numbers of the random
walk with bounded jumps in random environment. For (L,1) RWRE, it’s always
possible to find the explicit velocity for the law of large numbers, see Brémont
[4]. However, for (L,R) RWRE, though Brémont also proved a law of large
numbers in [5], no explicit velocity is available any longer. In [12], by using
the branching structure for (L,R) random walk, we could formulate the explicit
invariant density for the measure of the so-called “environment viewed from
particles”, which is equivalent to the original measure of the environment.
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Consequently, we could prove the law of large number for (L,R) RWRE and
formulate its velocity explicitly. Similar method also applies to birth-and-death
process with bounded jumps in random environment. For details, see [24].

(ii) To provide the explicit stationary distribution for the random walk with
nonhomogeneous transition probabilities on the lattice of the positive half-line.
The idea is as follows. Consider an excursion of the walk between time 0 and
the first return time of site 0. Using the branching structure, the first return time
of site 0 and the occupation time at some location i of the walk could be written
as the functionals of a multitype branching process, consequently one could
calculate their means. The stationary distribution could be formulated taking
into account that the proportion of the mean occupation time at i with respect
to the mean of the first return time of site O is just the mass of the stationary
distribution at i.

4.4 Stationary Distribution for a Birth-and-Death Process
with One-Side Bounded Jumps

In this section, to illustrate the application of the branching structure for (R,1)
random walk introduced in Sect. 4.3.1, we formulate the stationary distribution for
a birth-and-death process with one-side bounded jumps. To introduce the model, fix
1 <R € Zand let (u;, A}, ..., AF);>( be a sequence of nonnegative R¥+!-valued
vectors, where j1op = 0. Let {N,},>0 be a continuous time Markov chain, with waiting
time at the state n exponentially distributed with parameter u, + Zf=1 Al Once it
leaves state n, it jumps to n + i with probability )Lil/(,u,, + Zf=1 A, i=1,....R
or to n — 1 with probability w,/(®, + Zf: 1 An). The process {N,};>¢ is called a
nonhomogeneous birth-and-death process with one-side bounded jumps.

The process {N;} defined above is the continuous time analogue of the so-called
(1,R) random walk which was studied in Hong and Zhou [14]. The stationary
distribution of the walk is also provided in the aforementioned paper.

First we present some sufficient conditions for recurrence and positive recur-
rence. Then, for the positive recurrent case, we formulate the explicit stationary
distribution of {N,}. The idea to formulate the stationary distribution is to look
only at the discontinuities of {N;} in order to get its embedded process {X,},
whose stationary distribution 7,k > 0 could be formulated by mean of the
branching structure introduced in Sect. 4.3.1. Since {7y / (pr + Zf:l Ap)}k=o0 defines
an invariant measure for the process {/V,}, the stationary distribution of the process
could be formulated. The following condition is needed.

(C) There are k > 0 and K < oo such that forall n > 0, k < w, < K and for
n>0 <Yk 1<k
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Remark 4.2 Let Q = (gjj)ij>0 be a matrix with

AL ifj=i+r,r=1,... R
W= i+ R 2. it =
0, else.

Then, from condition (C), it follows that the matrix Q is a conservative Q-
matrix bounded from above. Hence the process {N;} exists (see Anderson [3,
Proposition 2.9, Chap. 2].). Some weaker condition can also imply its existence (see
Wang [23]).

R 1
For each i > 1, define a* = %, k=1,....R,

al af=1 aR
1 0 O

M; = . ,
0 1 0

and
P.(i,j) = P(N; = jINo = i).

The following theorem is the main result of this section.
Theorem 4.4 Under condition (C), the following statements hold.

(a) Iflim, oo € MM, ---M,_ €| =0, then {N,} is recurrent.
(b) If > 02, ielMle---Mn_le’l < 00, then {N,} is positive recurrent and the
limits

A~

'lp'() = 1lm Pr(i, 0) == ) (4'9)
=00 R AT+ 32, telMle Ry MY
. . #CIMIMZ'“M/(_ICII
i i P = -
7o Qo= A+ 22 meMiMy - M€
(4.10)

define a stationary distribution for {N,} in the sense that for all t > 0,

Wk = ZWnPT(nvk)v k > 0.

n=0
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Remark 4.3 Previously to the proof of the theorem, recall the meaning of recurrence
and positive recurrence of a continuous time Markov chain {N,}. Let t = inf{r >
0 : N; # Ny} and define n = inf{r > t : N, = Ny}. By definition, 7 is the time when
{N;} leaves the starting state and 7 is the time when {N,} returns to the starting state
for the first time after having left it. If P(n < co) = 1, we say that {N,} is recurrent;
if En < oo, we say that {N,} is positive recurrent.

Proof Note that under condition (C), {N,} exists. Let 7p = 0 and define recursively
forn>1,

T, = inf{t > 7,1 : N, # Ny, }.

with the convention that inf¢p = co. For n > 0, set X, = N,. Then, {X,},>0 is
a discrete time Markov chain on the lattice of the positive half-line with transition
probabilities

Mi P
—— i=i-1
ui+Zf=1)»f J
A . .
rj=y ———,j=i+kk=1,.,R
it M J
0, else.

The process {X,} is also known as the embedded process of {N;}.
Denote by

T:inf{k>02Xk:X0}
the time when {X,,} returns to X, for the first time, and by
n = inf{t > 1) : N, = No}
the time when {N,} returns to Ny for the first time after having left Np.

To prove part (a) of the theorem, it suffices to show that {X,} is recurrent
whenever lim,,—, o, MM, - - -Mn_le’1 = 0. For this purpose, define for 0 < a <
k<b,

Pi(a, b, +) := P(starting from k, {X,,} exits [a + 1, b — 1] from above).

From Markov properties it follows that

k !
2 jmat1 MM - - M€}

b t°
2j=at1 MMty - M€}

Pi(a,b,+) =
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where the empty product is the identity. Thus we have that for b > &,

e MMMy

Pr({X,} hits k — 1 before it hits [b,00)) = 1 — — .
L+ Y5 elMiM - My—i€]

Since lim,,—, oc €1MM> - - -Mn_le’l = 0, from the condition (C), it follows that
Pi({X,} hits k — 1 for some n > 0) = 1.

Thus, P(T < oo) = 1. Consequently, {X,} is recurrent and so is {N,}.
To prove part (b) of the theorem, suppose that Z;oz 1 telM 1M -- -Mn_le’1 < 00.
Since u;l ,n > 1 are uniformly bounded away from zero, we have that

lim elMlemM,,_lerl =0.
n—00

Consequently, it follows from part (a) of the theorem that both {X,} and {N,} are
recurrent. Therefore, P(n < co) = P(T < o0) = 1.

To show that {N,} is positive recurrent, it is sufficient to prove E(n) < oco. Since
{N} is recurrent, without loss of generality, we can assume that Ny = 0. Let U; =
ey, and for each i > 2, define

Uy =#0<k<T:X <iXp=i+r—1}, r=1,....R,
and let
Ui = U1, Uiz, , Uip).

It follows from Theorem 4.1 in Sect. 4.3.1 that (U,),>1 forms an R-type branching
process with offspring distributions

P(Ui+l = (ul,...,l/{R)|Ul- :el)

_ A A up)! Al m... Af : a
up! - ug! Mi+Zf=1)Lf Ni+Zf=lM’< “i+Zf=1M'( ’
(4.11)

and for2 <[ <R,
P(Uig1 = ey + (u1,....up)|U; = )

_ (M1+...+MR)! /\ll Ml.“ /\f " Mi
wluel \ g+ 25 28 wit Yo a ) N+ i k)
4.12)
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By some careful calculation, from (4.11) and (4.12), one has that
E(U;) = eA1Ay - Ai-y, (4.13)
where

bl ... bF b
1+b ... bf" bf

bl ... 1+bF bR

withbf = 2 r=1,....R.
Considering the occupation time of {X,} before T, one has that Z,{;(l) Ix,=0 =1
and fori > 1,
T—1

Ix,=i = U1 + Uip11, (4.14)
-0

>~

where here and throughout 1 := (e; + ... + eg)".
Considering the occupation time of {N,} before 1, one has fon 1y,=odt = &1 and
fori > 1,

Ui1+Uiy11

n
/ Iy=idt= Y & (4.15)
0 k=1

where &;¢,i > 0,k > 1 are mutually independent random variables, which are also
independent of U;, and such that P(§;x > t) = e"(“f+25=1 4Dt > 0. For the proof
of (4.14) and (4.15), we refer the reader to Wang [23].

By Ward’s equation (see Theorem 4.1.5, in Durrett [6]), from (4.13) and (4.15),
it follows that

00 7 00
E(n) = ZE(/ 1N,=ndf) = Efy1 + ZE(Un,l + Upp 1 DEE,
n=0 0 n=1
R
= (Z 16) + Z (elAlAz An_letl + eAjAy--- A1)
r=1 n=1 Hn + Zr l

R 1 00 1
= (ZAS) +Z—81A1A2"'An_11
r=1 n=1 e
R 1 o] 1
= (Zl(r)) + Z ’u—elMleu-Mn_le’l < 0Q.
r=1 n

n=1

Therefore, {N,} is positive recurrent.
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The existence of the limits ¥ in (4.9) and (4.10) follows from Theorem 1.6 of
Chap. 5 in Anderson [3]. In the same theorem, it is also proved that if (Y¥x)i>0 is @
probability distribution, then it is the unique probability distribution such that for all
t>0,

Y=Y YuPy(n.k). k= 0. (4.16)

n=0

On the other hand, in Theorem 3.5.1 of Norris [20], it is shown that (m)]po
satisfies (4.16), where (7x)x>0 is the stationary distribution of the embedded proce_ss
{X,,}. Next we calculate (7z)x>0. For the (1,R) random walk which could stay at its
site, (7x)r>0 Was studied in Hong and Zhou [14]. Since the calculation is not too
long and the notations here are a bit different from those in [14], we repeat the
calculation of (7x)g>0-

Note that by (4.13) and (4.14), E(Zk o lx;=0) = land forn > 1,

E(; 1Xk=n) =EU,1 + Up11)

=e(A1Ar---A,—1€] + A1A5---AL)

Mn+ D =

= L eA1Ay-- Ayl
n

— MQMIMZ M€,
n

One also has

oo
ET =1+ ) EUu + Upni1)

n=1
oo R
+ Y A
=14+ ZwelMle'”Mn—leﬁ-
n=1 Hon
Let mg = = 1 and for k > 1 let
I+Z,?°1We1M1M2 “My—1€}
R_ A"
Me MM, - My €,
T =

14+ 3%, melMle M,_é,
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Then, one has that (773 ) >0 defines a stationary distribution for {X,,} (see Durrett [6]).
Set vy = i/ (ur + Zle Ap), for k > 0. Then, (vi)iso satisfies (4.16). Normalizing
v by setting ¥ = v/ (X _p=, vk) one obtains (4.9) and (4.10). We conclude that
Y, k > 0, is the stationary distribution of {;} and hence the theorem is proved. O

4.5 Concluding Remarks

(a) We do not present the branching structure for (1,R) random walk constructed
in [14] in detail since it is a special case of (L,R) random walk. However, it is
important to mention that our construction of the branching structure for (L,R)
random walk was strongly influenced by [14]. Some more general model has
been considered as well. In [15], Hong and Zhang established the branching
structure for the nearest neighbor random walk on a strip.

(b) The branching structure for (L,1) random walk could be generalized to a class
of random walk with unbounded jumps, which could jump a distance of any
size downwards or a distance 1 upwards in each step. Precisely, for i € Z, let
(pi»qi1, gi2, . . .) be an infinite vector with p;, ¢;; > 0,j € Z and p; + Zf; qij =
1, and consider random walk {X,,} with X, = 0 and transition probabilities

pi, j=i+1
Giv, j=i—kk=12,....

P(Xn-H :]|Xn = l) =
LetT =inf{n > 0:X, = 1} and fori < 0, k > 1, define
Ur=#0<n<T: X1 > i, Xy =i—k+ 1}.
Let Uy = (1,0,0,...) and for i < 0, denote
U - (Uth .2 Ui,?ﬂ"‘)‘

Then, one has the following result:

Suppose that max,>oX, > 0. Then 7 = 1+ ), ,Ui(2,1,1,...)". Further-
more Uy, U_|, U_,, ... form a countable-type branching process whose off-
spring distributions are as follows: for (u1, uz,u3...) € ZY with > -22, u; <
o0,

_ . (w1 +uz + .
P(Ui—y = (w1, uz,u3 .. )|U; = €1) = W qup
(ul +M2+ u
PUi-1 = e—1 + (ur,up,u3 .. )| Ui = &) = ———————— 1_[6],] k=2.

upluplus! -
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The proof of this result is similar to that of Theorem 4.1 (we refer the reader to

(11]).
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Population Growth Models in Varying
and Random Environments



Chapter 5

Some Asymptotic Results for Strongly Critical
Branching Processes with Immigration

in Varying Environment

Marton Ispany

Mathematics Subject Classification (2000): 60J80, 60F17

5.1 Introduction

In the paper, Z, N, R, and R denote the set of non-negative integers, positive
integers, real numbers, and non-negative real numbers, respectively. Every random
variable will be defined on a fixed probability space (§2, A, P).

Let {&, ex : k, j € N} be independent, non-negative, integer-valued random
variables such that {£;; : j € N} are identically distributed for each k € N. Define
recursively

Xk—1
Xe=) &j+e forkeN, X=0. (5.1)
j=1

We can interpret X; as the size of the kth generation of a population, where & ; is the
number of offsprings of the jth individual in the (k — 1)st generation and ¢ is the
number of immigrants contributing to the kth generation. We suppose that either the
reproduction, or the immigration mechanism, or both need not stay the same from
generation to generation. Assume that, for all k£ € N, the moments my; := E(&1),
Ak := E(ex), of := Var(§.1), and b} := Var(e;) are finite. The sequence (Xi)rez,,
is called a branching process with immigration in varying environment (BPIVE) or
a time-varying branching process with immigration.
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The theory of branching stochastic models is widely applied in different fields
of sciences, see, e.g., the survey Haccou et al. [5]. Most of the classical models
have been studied in varying environment as well. See, e.g., the papers by Fearn [2],
Jagers [8], Keiding and Nielsen [10] for the case of branching processes without
immigration. The case of branching processes with immigration was considered,
e.g., by Rahimov [12, Chap. III] and [13], Mitov and Omey [11].

For critical BPI in non-varying environment, i.e., when my; = 1, 1, = A, okz =
02 > 0, and b} = b* for all k € N, Wei and Winnicki [15] proved a functional

limit theorem X" i> X asn — oo, where X} := n_lXLn,J forr € Ry,n € N,
where | x| denotes the lower integer-part of x € R, and (X;),er, is a (nonnegative)
diffusion process with initial value Xy = 0 defined as the unique strong solution to
the stochastic differential equation (SDE)

dX, = Adt 4+ /02X, dW, , teRy, (5.2)

where (‘W))ier . is a standard Wiener process, and xT denotes the positive part of
x € R. If the offspring variance o equals to O then a fluctuation limit theorem

X i) bW as n — oo was proved, where X:’ = n_l/z(XLmJ — E(X|,))) for
t € Ry, n €N, and (W))er, is a standard Wiener process, see Ispany et al. [7,
Theorem 2.2] in a more general setup where sequences of nearly critical BPI’s were
considered.

This paper presents an attempt to generalize the above mentioned limit theorems
to varying environment when the parameters of the environment converge in
some sense. To cover the most important cases, e.g., the periodically varying
environment, we suppose that the parameters of BPIVE converge in the Cesaro
sense. In Theorem 5.1 it is proved that (X"),en converges weakly to a diffusion
process (5.3), which is similar to (5.2), where the diffusion coefﬁcient’js a linear
combination of state and time values. For the fluctuation process (X")nen the
invariance principle remains hold, see Theorem 5.2. Note that Rahimov [13]
derived various time changed Brownian motions as limit distributions in the case
of fixed critical offspring distribution and regularly varying immigration processes.
Finally, we recall that a branching process with immigration can be considered
as a particular case of controlled branching processes (CBP), see, e.g., Gonzilez
and del Puerto [3, Remark 3(2)]. In [3] diffusion approximation was proved for
an array of controlled branching processes under the conditions that the offspring
and control means tend to be critical. Controlled branching processes in varying
environment (CBPVE) were also investigated, see [3, Theorem 2], in the critical
case, and see Gonzdlez et al. [4], in the uniformly sub- and supercritical cases,
respectively. However, in these papers, only the offspring distribution may vary
from one generation to another while the control distribution is supposed to be fixed
in time. In present paper, time-varying immigration and thus time-varying control
distribution, see Remark 5.3, is also allowed.
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The paper is organized as follows. The main results together with the basic
assumptions are stated in Sect.5.2. Asymptotic formulas are derived for the first
two moments in Sect. 5.3. The two limit theorems are proved in Sect. 5.4.

5.2 Main Results

Throughout the paper, we consider environments which converge in the Cesaro
sense. Recall that a real sequence (Ax)ren converges in the Cesaro sense if there
exists A € R such that, for the averages Ap = n! Y =i A n € N, we have
A, — A asn — oo. We denote the Cesaro convergence by Ax ~> A. Clearly, the
convergence Ay — A implies the Cesaro convergence A; ~> A. A BPIVE is called
asymptotically critical if m, — 1 asn — oo. We suppose that the following stronger
assumption A holds:

o0
Z|mk—1|<+oo and Ap~>A as n— o00.
k=1

If a BPIVE satisfies the first part of this assumption, i.e., the convergence of
the time-varying offspring mean to 1 is fast enough, then it is called strongly
critical. Moreover, we introduce the following assumption B for the variances of
the offspring and immigration distributions:

02~ 02>0 and 2 bhP>0 as n— 0.

Plainly, by the Toeplitz theorem, if b> ~> b then n='b2 ~> 0 as n — oo.

Example 5.1 A BPIVE possesses periodically varying immigration if there exists a
period s € N such that Axs = A and b7, = b7 for all k € N. This clearly holds,
e.g., if L(ex+s) = L(gg) for all k € N, where L(¢) denotes the distribution of a
random variable €. Then, the second parts of assumptions A and B are fulfilled.

Example 5.2 Suppose that the offspring distributions follow a zero-modified geo-
metric law such that £ = n¢ where £(n) is a Bernoulli distribution with mean p and
L(¢) is a geometric distribution with parameter p, where p € (0, 1). Then, E(§) = 1
and Var(¢) = 2(1 —p)/p, i.e., the process is critical and if p varies from generation
to generation then the environment is varying. Such offspring distributions are
investigated in [10, 11].

Let {U} : k € I,,n € N} be a triangular system of random variables, where 7, is
an index set for each n € N. Recall that {U} : k € I, n € N} satisfies the Lindeberg
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condition if

ST E((U} — EWD) Lgu—ewpi-03) — 0
kel,

asn — oo forall 6 > 0.

A function f : Ry — R is called cadlag if it is right continuous with left limits.
Let D(R4, R) denote the space of all real-valued cadlag functions on R. Let Dy
denote the Borel o-field in D(R4, R) for the metric defined in (16.4) in Billingsley
[1] (with this metric D(R4+,R) is a complete and separable metric space). For
stochastic processes (Uy);er, and (U})er,, n € N, with cadlag paths we write

u" =N U if the distribution of U" on the space (D(R4,R), Do) converges
weakly to the distribution of U on the space (D(R4,R), Do) as n — oo.

The first main theorem of the paper is the following analogue of the result of Wei
and Winnicki.

Theorem 5.1 Let (Xi)rez, be a BPIVE. Suppose that assumptions A and B hold,
and the triangular systems {n"'&; : k,j = 1,...,n,n € N} and {n"'&; : k =
1,...,n,n € N} satisfy the Lindeberg condition. For each n € N, introduce the
random step function X! := n~'X Lne)> t € Ry, Then, weakly in the Skorokhod space
D(R-i- ’ R):

L
X=X as n— oo,

where (X;)ier, IS the unique strong solution to the SDE

dX, = A dt + /02X + b2tdW, , reRy, (5.3)

with initial value Xo = 0, where (W)).er,, is a standard Wiener process.

Remark 5.1 The SDE (5.3) has a unique strong solution (X7);er, for all initial
values X3 = x € R. Indeed, since |v/o2x + b2t — /o2y + b%t| < o /|x —y] for
all x,y,t € Ry, the coefficient functions R+ x R 3 (£,x) — A and Ry xR >
(¢, x) > ~/02xt + b2t satisfy conditions of part (ii) of Theorem 3.5 in Chap. IX in
Revuz and Yor [14] or the conditions of Proposition 5.2.13 in Karatzas and Shreve
[9]. Further, by the comparison theorem (see, e.g., Revuz and Yor [14, Theorem 3.7,
Chap. IX]), if the initial value Xj = x is non-negative, then X7 is nonnegative for all
t € R with probability one. Hence, X;} may be replaced by X, under the square
root in (5.3).

Remark 5.2 1In the case of 2 > 0 and b*> = 0 the SDE (5.3) is simplified to the
SDE (5.2) and the unique strong solution of the SDE (5.2) is known as a squared
Bessel process, a squared-root process, or a Cox-Ingersoll-Ross (CIR) process. In
the case of > = 0 and b?> > 0 the unique strong solution of the SDE (5.3) is given
by X, = At + fot \/%d(W‘Y, t € Ry. We remark that (X;),er is a continuous
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Gaussian process with independent (but not stationary) increments. Its mean and
covariance functions have the forms E(X;) = At, r € R4, and Cov(X,, X;) =
T(tAs), t,s € Ry, where T(¢) := 271 (b1), t € Ry

Remark 5.3 Define the random variables Z; := X —¢g, k € N, and ¢ ({) := £+ &y,
£ € Z4+, k € N. Then, the sequence (Z;)en satisfies the recursion

& (Zk)
Zit1 = ZEHW forke N, Z =0,
=1

and thus the stochastic process (Z;)ren is a CBP with random control functions
(dr)kens see, e.g., [3, 4]. If the first two moments of the immigration distributions
are time-homogeneous, i.e., Ay = A and b,% = b? for all k € N, then the process
(Zi)ken satisfies the assumptions of [3, Theorem 2] with the choicem = 1, ¢ = 0
and y = A. It is easy to see that the asymptotic behaviors of (Xi)ren and (Zy)ren
coincide, they converge (under the same normalization) to the same limit process
defined by (5.2). Hence, both Theorem 5.1 and [3, Theorem 2] hold equally for a
same wide class of branching processes, although the methods of their proofs are
different: a martingale limit theorem is applied in the proof of Theorem 5.1, while
an operator semigroup convergence theorem is used in [3]. However, [3, Theorem 2]
does not cover the case of time-varying control which occurs when a time-varying
immigration is involved to the model, while Theorem 5.1 of this paper is capable
to handle this case as well. The extension of the results of this paper to the case of
CBP with time-varying random control remains a task for the future.

If 0> = b*> = 0 in assumption B then the limit in Theorem 5.1 will be the
deterministic process X; = At, t € R4. In this case, let us introduce the following
assumption C for the variances of the offspring and immigration distributions:

noﬁvazzo and bﬁ«»bzzo as n— 00.

Clearly, this assumption implies assumption B with 02 = b> = 0. The second
main result of the paper, which is an extension of [7, Theorem 2.2] for varying
environment, is the following fluctuation limit theorem.

Theorem 5.2 Let (Xi)rez, be a BPIVE. Suppose that assumptions A and C hold,
and the triangular systems {n_l/zékd ckj=1,....,n,n € NYand {n "¢ 1 k =
1,....,n,n € N} satisfy the Lindeberg condmon For each n € N, introduce the
random step function X" =n"12 XLmJ, t € Ry, where X = X — E(Xy), k € Z+.
Then, weakly in the Skorokhod space D(R4, R),

X" i> ow as n— oo, (5.4)

where 62 := 02X + b% and (Wi)ier, is a standard Wiener process.
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In the proofs of the main theorems and propositions we often apply the associated
martingale differences and some basic regression equations. For k € Z, let F;
denote the o-algebra generated by Xy, Xj,...,X;. Then, by (5.1), we have the
conditional expectation

E(Xi | Fr—1) = mXp—1 + g, keN. (5.5)
Clearly,
My =X —EXi | Fr—1) = X —myXoem1 — Ak, keN, (5.6)

defines a martingale difference sequence (Mj)rey With respect to the filtration
(Fr)kez +- Moreover, we have the recursion (regression equation)

Xy = myX—1 + My + A, forke N, Xo=0. 6.7
For the centered process (’)\(/k)keN, by (5.5) and (5.7), we have the recursion

X, =mXe +M, forkeN, X,=0. (5.8)

5.3 Estimations of Moments

First, we need formulas for the martingale difference sequence (Mj)en-

Lemma 5.1 Forall k € N, the decomposition

Xk—1

M=) (Gj—m) + (e — ) = § + & (5.9)

Jj=1

holds which implies E(My | F1—1) = 0 and E(M,% | Fre1) = aksz_l + bi.

Proof By (5.1) and (5.6) we have (5.9). The second part of the lemma follows from
the fact that the random variables {£;; — my, &x — Ax : j € N} are independent of
each others, independent of ¥;_;, and have zero mean. O

In the next proposition we describe the asymptotic behavior of the first two
moments of the process (Xi)iez, . In the proof of the proposition we apply the
following simple lemma on Toeplitz summation. In the sequel, C denotes various
constants that depend on the context.

Lemma 5.2 Let {a,, : k = 1,...,n,n € N} be a real kernel such that
any — 0 asn — oo for each k € N, ZZ:lan,k —a € Rasn — oo, and
SUP,en O pe kl@n i1 — ani| < 400, where ay i1 := 0. Moreover, let (Ax)ken be a
real sequence such that Ay ~ A as k — oo. Then ZZ:I an Ak — ad as n — oo.



5 Strongly Critical Branching Processes with Immigration in Varying Environment 83

Proof Let A, := Y j_ A = nA,, neN. By summation by parts we have

n n—1 n
D anihi = dpnAn =Y (anirr — @) A = Y buihs
k=1 k=1 k=1

where b, := k(ans—ans+1),k=1,...,n—1,b,, := na,,,n € N. Since b, — 0
asn — oo foreachk € Nand ) j_, bux = > j—, nx — a asn — oo, the Toeplitz
theorem implies the statement of the lemma. O

Proposition 5.1 Let (Xi)iez, be a BPIVE and suppose that assumption A holds.
(i) Then n 'E(X,) — A as n — oo. (ii) Suppose, in addition, that assumption B
holds. Then n=>Var(X,) — (0?1 + b*)/2 as n — oo. (iii) Finally, if assumption C
holds also then n~'Var(X,) — 0?1 + b* as n — oo.

Proof

(i) Introduce the non-negative sequence x; := E(X}), k € Z4. Then, by (5.7),
we have the recursion x; = myx—; + Ay, k € N, with initial value xp =
0. Clearly, for the recursion y, = wi—1 + Ar, k& € N, with initial value
yo := 0, we obtain that =y, = n7'>7_, 4 — A asn — oo. On the
other hand, for the real sequence zz := xx — yx, k € Z4, the recursion
Zk = mzk—1 + (mg — 1)yr—1, k € N, can be derived with initial value zg = 0.
Hence, we have z; = Z;-(:l ]_[f:jJrl m;(m; — 1)yj—1, k € N. Since ]_[fzk m; <

exp {ZL,{ |m; — 1|} < exp{Y 2, Imi— 1]} < +ooforall 0 < k < { by

assumption A and {n~'y,},en is a bounded sequence, we have

n el <07t Y0 T milm =1y < C7' Y jim =11 >0 (5.10)
j=1i=j+1 j=1

asn — oo by Kronecker’s lemma. Thus, |[n~'x,—A| < [n7 'y, —A|+n"z,| —
0 as n — oo which proves (i).

(ii) Introduce the non-negative sequence X; := E(F)Z,%) = Var(Xy), k € Z4. Then,
by (5.8), we have the recursion X, = mx— + E(M?), k € N, with initial
value Xy = 0. Define the recursion 3 = y—1 + E(M?), k € N, with o :=
0. Consider the sequence ¥ := k~'E(M?), k € N. Then, by Lemma 5.1,
Vi = 07k 'E(Xk—1) + k~'b7. Assumption B and (i) of Proposition 5.1, by the
Toeplitz theorem, imply that ¥, ~ oA + b* as n — oo. The kernel {a, :
k =1,...,n,n € N} defined by a,; = n2k satisfies the assumptions of
Lemma 5.2 with ZZ:I anx — 1/2 as n — oco. Thus, by Lemma 5.2, we have

y B n n 1
l’l_zyn =n 2 ZE(M?) = Zaww] — E(Uzk + bz) (511)
j=1 j=1



84

(iii)

M. Ispany

as n — oo. For the sequence Z; := X — Yk, kK € Z4, we obtain the recursion
Zk = m2%—y + (m} — D¥—1, k € N, with Zy = 0. Thus, similarly to (5.10),

n n n
n 2zl <02 [ milm? =105 < 2P mP — 1] >0
j=1i=j+1 j=1

as n — oo by Kronecker’s lemma, since Y oo | [m? — 1] is finite by assumption
A. We have the assertion (ii) by |[n72%, — (62 + b?)/2| < |n7%9, — (621 +
b*)/2| +n7?|Z,] — 0asn — oo.

Consider the sequences (Xi)rez, . (Ji)kez, defined in the proof of (ii). By
Lemma 5.1 and the Toeplitz theorem we have

w5 =0 Y EMY) =07 (ko (KT 'E(X) + bY) — oA + b
k=1 k=1
(5.12)

as n — 0o, since {n_lkak2 :k=1,...,n,n € N}is aToeplitz kernel such that,
asn — oo, n” ! Y it kcr,? — o by assumption C. Then, (iii) can be proved
by similar arguments to the proofs of (i) and (ii).

O

Proposition 5.1 implies the following good bounds for the first two moments
of the process (Xi)rez, . Under assumption A we have E(X,) = O(n), under
assumptions A and B we have Var(X,) = O(n?), finally, under assumptions A

and

C we have Var(X,)) = O(n). In the following proposition, we prove that these

bounds hold uniformly as well.

Proposition 5.2 Let (Xi)iez, be a BPIVE. For all n € N, define V, :=
max|<i<, Xx and W, := max<i<,(Xx — E(X0))>. (i) If assumptions A and B hold
then E(V,)) = O(n) and E(W,) = O(n?). (ii) If assumptions A and C hold then
E(V,) = O(n) and E(W,) = O(n).

Proof

®

Define the random variables 71( = Zj];le, k € N. Then, (7k)keN is a
martingale with respect to the filtration (F)iez, . By Doob’s inequality we
have

- n 2 n

E(@zg Yﬁ) < 4E(Z M,-) =4 E(M) (5.13)
j=1 j=1

and (5.11) implies that E(max <<, Y2) = O(n?). Clearly, Ys = Yi—i + M;,

k € N, with initial value 70 = 0. Thus, for the random sequence 7k = ?k —7k,

k € N, by (5.8) we obtain the recursion 7k = mkfk_l + (my — 1)7/(—1, k e N,

with 70 = 0. Hence, similarly to (5.10), assumption A implies that, for all



5 Strongly Critical Branching Processes with Immigration in Varying Environment 85

k=1,...,n,

k&
Zel =D [T milmi— DY < C max |Yy| .
=1 i=jt1 k=

By inequality fi < 2(?% + Z%), we have E(max;<i<n fi) = O(n?) which is
the second statement of (i). Moreover, this implies E(max; <x<, |§k|) = O(n)
by Lyapunov’s inequality. Since E(V,) < max;<¢<, E(Xi) + E(max;<x<n |§k D,
by (i) of Proposition 5.1, we have the first statement of (i).
(i1) The proof is similar to part (i) bearing in mind that in inequality (5.13) we have
E(max<i<, Y2) = O(n) by (5.12).
O

5.4 Proofs of the Main Theorems

In the proofs of the main theorems we apply the following two lemmas of calculus
several times.

Lemma 5.3 Letf, : Ry — R, n € N, be a sequence of non-decreasing functions
converging pointwise to the continuous function f : Ry — R. Then, for all T > 0,

supyeo71 () —f()] = 0 as n — co.

Lemma 5.4 Let (ay)ien and (by)ren be two Cesaro convergent sequences of non-
negative real numbers. Then n2 ZZ=1 aby = 0asn — oo.

Proof of Theorem 5.1 We apply Theorem 5.3 (see Appendix) with the choice U}! :=
n'(Xy — Xi—1), k,n € N, Fii=F, k€ Zi,neNand B(t,x) == A, y(t,x) :=
(0%x + bzt)l/z, t,x € Ry. ThenU" = X", n € N, and U = X with U, = 0, where
(X1)ier,. is defined by (5.3). We have to prove for all 7 > 0 that

Lnt]

sup |3 E(U} | Fiet) — | —> 0, (5.14)
t€[0,7] k=1

|nt] '
sup ZVar(U,’j|ﬁ_1)—/ (02X" + %) ds| —> 0 (5.15)
t€0.7] | =1 0

as n — 0o, where —P> denotes convergence in probability, and (5.40) holds for the
pair (U/:l)kEN’ (ﬂ)k€Z+7 ne N
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Since E(U} | Fi-1) = n~ ' ((my — D) Xi—1 + Ai), k,n € N, in order to prove (5.14)
we have to show that

|nt] [nT]
sup 1Y A—ail >0, Y = X —> 0 (5.16)
1€[0.7] k=1 k=1

as n — oo. Clearly, the first statement of (5.16) follows from assumption A by
Lemma 5.3. One can see that it is enough to prove the second statement of (5.16)
for T = 1. By Markov’s inequality and (i) of Proposition 5.1, it is enough to see that

n! Z |mg — 1|E(Xx—;) < Cn™! Zk|mk —11—=0
k=1 k=1

as n — oo which follows by Kronecker’s lemma.
By Lemma 5.1 we obtain Var(U} | Fi—1) = n2E(M? | Fi—1) = n~2(0/Xx—1 +
b?), k,n € N. Moreover, fort € R4, n € N,

Lnt)
/ Xids=n 22Xk |+ n 2 (nt — [nt]) X ) -
0

k=1

Thus, in order to prove (5.15) it is enough to show that

Lnt] Lnt]
sup n2| Y 02Xk — 02 Y Xemi| — O, (5.17)
1€[0.7] =1 =1

P
n_2V|_nTJ — 0,

Ry -2 S0 (S8
t€l0,7]

as n — oo. Recall that for any real sequence (ai)reny With partial sum A, =
Y i=1 ax, n € N, we have, by summation by parts,

D aXior = AXy— Y AXi — Xi)
k=1 k=1

since Xo = 0. Using this formula for the sequences (crkz)keN and (1)ien, since
by (5.7)

Xi — X1 = (e — DXy + Ax + My, keN, (5.19)
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we have

< NdlXo + [Sul + D I = Uil Xt + ) il Ax
k=1 k=1

> (0F — oM Xy

k=1

where d, := Y ;_,02 —no*and S, := Y ;_, diMi, n € N. Hence, since it is
enough to prove (5.17) for T = 1, we have to show that, as n — oo,

A7 max |dilXe —> 0, 72 max |Si| —> 0, (5.20)
1<k=n 1<k<n
3 n P 3 n
w2 lm— |diXeer — 0. n72Y JdilA = 0. (5.21)
k=1 k=1

By assumption B there exists D € Ry such that |d,| < Dn for all n € N, and
for all € > O there exists N, € N such that |d,| < en if n > N,. Thus, by (i) of
Proposition 5.2, if n > N, then we have

lim E (n—2 max |dk|Xk) < lim (n'DE(Vy,) + en 'E(V,)) < Ce ,
1<k<n n—00

n—>o0

where C is a constant which does not depend on €. Then, letting ¢ — 0, we obtain
the first assertion of (5.20) by Markov’s inequality. In order to prove the second
assertion of (5.20) we apply the Doob inequality for the martingale (S,),en (With
respect to the filtration (F,),ez, ) and we have

E(max ) = 4E(Zn: dkMk)2 = 4Zn:d,§1~: (M?) .
k=1 k=1

1<k<n

Thus, by (5.11), if n > N, then we obtain

2 Ne 2 n
fim E(n~* max §?) < fim (% E(M?) + % SE(M})) = 26202 + 1)

(-
n—>o0 1<k=<n n—o00o
k=1 k=1

and letting ¢ — 0 we obtain the second assertion of (5.20) by Markov’s and
Lyapunov’s inequalities. The first assertion of (5.21) follows by Markov’s inequality
and (i) of Proposition 5.1 since

n 2 Jmy— 1| E(Xr) < Cn2 Y K |mi — 1] > 0
k=1 k=1
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as n — oo by the Kronecker lemma. Finally, the second assertion of (5.21) follows
by letting € — 0 in the inequality

Tim (n” Z|dk|/\k) < 11m< i/\wr%zn:xk) =k,
k=1 k=1

where we used assumption A. Clearly, the first assertion of (5.18) follows from (i)
of Proposition 5.2 by Markov’s inequality. Since, forall t € R,

|nt] th |nt]
n? Z 2 = > apuuk'bp = 27157
k=1
as n — oo, where the kernel {a,; : k = 1,...,n,n € N} is defined in the proof of

Proposition 5.1 (ii), by assumption B and the Toeplitz theorem, Lemma 5.3 implies
the second assertion of (5.18).

In order to prove (5.40) for the pair (U))ien, (Fi)kez,, n € N, we note that
(U9? < 3n72((m — 1)°X}E_, + A} + M}) by (5.19). Thus, it is enough to show that

[T [T
n23 = 12X, >0, n2Y 220, (5.22)
k=1
LT
) 2 P
n2 Y E(M;lqups0y | Fic1) — 0 forall 6 >0 (5.23)
k=1

as n — oo. Clearly, for (5.22), one can suppose that T = 1. By Markov’s inequality
we have the first statement of (5.22) since the Kronecker lemma implies

n 2y (me—1)’E(X7_,) < Cn 2 ) K — 1) >0
k=1 k=1

as n — oo, where we applied Proposition 5.1 and Y ;2 (m — 1)> < +oo0.
Lemma 5.4 implies the second statement of (5.22) from assumption A. In order
to prove (5.23) we note that

Lgvazi=0y < Lyyise/23 + Lyz150/23 (5.24)
for any pair of random variables Y and Z. Hence, it is enough to show that

[nT]

n? Z E(M} L me—1)x1|>0m} | Fiet) o0, (5.25)
k=1



5 Strongly Critical Branching Processes with Immigration in Varying Environment 89

[nT]

n’ Z E(M; L, 156 | Fie1) =50, (5.26)
k=1

[nT]

12y E(MP Ly j-ony | Fict) — 0 (5.27)
k=1

as n — oo for all 6§ > 0. Clearly, one can also suppose that 7 = 1, and let 6 > 0 be
fixed. Since, by Lemma 5.1,

E(Mlz]]‘{\(mk—l)xkflbon} iﬂ—l) = (9}1)_1|mk —1 (GEXI%—I + biXk—l)

in order to prove (5.25), by Markov’s inequality, it is enough to show that

3Z|mk—1| 2E (X2_,) + bIE(Xi—1)) < Cn~ lZ|mk—1|(Uk +k7B7) —
k=1

as n — 0o, where we applied (i) and (ii) of Proposition 5.1. This follows from
the Toeplitz theorem since {n~'0? : k = 1,...,n,n € N} and {(nk)~'b? : k =
1,...,n,n € N} are Toeplitz kernels by assumptlon Band |my— 1| > 0ask — oo
by assumption A. Similarly, in order to prove (5.26) it is enough to show that

n Zkk (U/?E(Xk_l) + bi) < Cn? Z Ak (sz + k_lbi) -0
=1 k=1

as n — oo which follows from assumptions A and B by Lemma 5.4. Finally, to
prove (5.27) we apply the decomposition (5.9) and the inequality (5.24). Thus, it is
enough to show that

L :=n"? ZE((;,()ZRMW} | Fie1) — O
k=1

as n — oo fori,j = 1,2, where ¢} is defined by (5.9). Define the random variables
Clgi =4 — (& —m),j = 1,..., X1, k € N. In the case of i = j = 1 we have
E(LM) < F, + G, + H,, n € N, where

Xi—1

Fy = n‘zzE D e = mulP Ly mgony |
k=1 j=1
Xik—1

_ZZE Z'sfw mil Lyl fmony | -
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n Xp—1 i—1
H,:=21"?)"E <|Sk|]l{\§]}|>9n}) CSe= )Y (B — i) (e — ) -
k=1 i=2 j=1

Since {&, : j € N} are identically distributed for each k € N, by (i) of
Proposition 5.1, we have

Fy < Cn™" Y B (|E — mil* Lo —mg>0n/2)) - (5.28)
k=1

where the right hand side tends to 0 since the Lindeberg condition holds for {n'& :
k,j=1,...,n,n € N}. Since & ; — m; and QJ are independent for all k,j € N, by
Proposition 5.1, assumption B and Lemma 5.4 we have

Xk—1
n? ZE D & — mul P4 0n) ()
k=1 j=1

=407 EXii(Xim1 — 1)) S Cn Y ol >0
k=1 k=1

as n — oo. Since E(57) = 2710} E(Xi—1(Xi—1 — 1)) and E((})?) = 0/E(Xk—1),
k € N, by the Cauchy-Schwarz and Markov inequalities and Proposition 5.1, we
have

Hy < 2072 (ESDP(E > 0m) " < cn® Y (BSDEE)?)
k=1

k=1

n n n 1/2
=Cn Y of (B(Xim1 (Xt — D)EXe1)'? < Cn™3/2 (Z o} Za,f) .

k=1 k=1 k=1

Here, the right hand side tends to 0 by assumption B and Lemma 5.4. In the case of
i = 1,j = 2 we have by the Markov inequality that

E((§£)21{|gg\>0n}|ﬂ—1) = 0{Xi—1P (|ex — M| > On) < ()07 Xs—1bj .

Thus, to prove Lrll*2 N 0 as n — oo, by Markov’s inequality and (i) of
Proposition 5.1, it is enough to see that

—4ZafbkE(Xk 1) < Cn” ZZok b7 — (5.29)
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as n — oo which follows from assumption B by Lemma 5.4. In the case of i = 2,
j =1 we have

E((C}%)zﬂ{k‘lben}‘ﬂ—l) < (n)’E ((§£§£)2|7:k—1) = (On) 07 Xi—1D} -

Hence, by (5.29), we have E(L2!) — 0 which implies 12! N 0asn — oo.
Finally, in the case of i = j = 2 we have

L? =n? ) E(lex — Ml Lys-ni-on) = 0
k=1

asn — oo because the Lindeberg condition holds for {n~'e; : k = 1,...,n,n € N}.
Thus, we finished the proof. O

Proof of Theorem 5.2 'We apply Theorem 5.3 (see Appendix) with the choice U} :=
n2X = Xi—1), kon € N, Fl' = Fi, k € Zy,n € N, and B(t,x) := 0, y(1,x) :=
0,t € Ry,x € R. (Clearly, (U})ken is not a sequence of martingale differences,
hence the standard martingale central limit theorem cannot be applied immediately.)
Then U" = X", n € N, and U = 6W, where (W))er, is a standard Wiener
process. We have to prove for all 7 > 0 that

L)
P
sup | E(U} | Fie )| — 0, (5.30)
t€[0,7] k=1
Lnt] b
sup ZVar(UZlﬂ_1>—62t 20 (5.31)
t€0.7] | =

as n — oo and (5.40) holds for the pair (U})ien, (Fi)rez,,n € N.
We have E(U} | Fi—1) = n_l/z(mk — 1)X;—1, k,n € N. In order to prove (5.30)
we can suppose that 7 = 1 and, by Markov’s inequality, it is enough to show that

n n
w2 e = HEX| < G2 kP m— 1] > 0
k=1 k=1

as n — oo which follows by Kronecker’s lemma. Note that we applied the Lyapunov
inequality E|X,| < (Var(X,))"/? = 0(n"/?) together with (iii) of Proposition 5.1.

By Lemma 5.1 we obtain Var(Uy | Fi—1) = n 'E(M? | Fi—1) = n~ ' (0} Xk—1 +
b,%), k,n € N. Thus, in order to prove (5.31) it is enough to show that

Lne]
~ P
sup n! E aksz_l — 0, (5.32)
t€[0,7] k=1
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Lnz]
sup |n7' > 0ZEXi—1) —0?At| > 0., (5.33)
t€[0,7] k=1

Lot
sup [n7' Y by — b >0 (5.34)
t€[0,7] k=1

as n — oo. To prove (5.32) we can also suppose that 7 = 1 and, by Lyapunov’s and
Markov’s inequalities together with (iii) of Proposition 5.1, it is enough to show that

n n n
n' Y REX| <n7t Y of (Var(Xe)' 2 < ety ok 2 -0
k=1 k=1 k=1

as n — oo. This follows from the Toeplitz theorem since {n~'ko}
k = 1,...,n,n € N} is a Toeplitz kernel by assumption C. Since
n 'y 0?E(Xk—1) — 0%A as n — oo by assumption C, (i) of Proposition 5.1,
and the Toeplitz theorem, Lemma 5.3 implies (5.33). Finally, Lemma 5.3 also
implies (5.34) by assumption C.

The conditional Lindeberg condition (5.40) for the pair (U})ren, (Fi)iez,,n €
N, can be proved similarly as in the proof of Theorem 5.1. Since X — Xy =
(my — 1)X3—1 + My, k € N, it is enough to prove, for all § > 0, that

Lo
Y m— 1’ =50, (5.35)
k=1

[nT]

_ P
n! ZE(M,%]I{KW_I@_IMWZ} | Fie1) — 0, (5.36)
k=1

[nT]

w3 E(M Ly gy | Fict) — 0 (5.37)
k=1

as n — oo. Clearly, it is again enough to consider the case when 7" = 1. Using (iii)
of Proposition 5.1 and ) ;o (my — 1)? < 400, the Kronecker lemma implies

n! Z(mk - I)ZE()?,%_I) <Cn™! Zk(mk -1 =0
k=1 k=1

as n — oo. Thus, by Markov’s inequality, we obtain (5.35). By Lemma 5.1 we have

E(M7 Ly 1%, joomr2y | Fimt) < 0702 mi = 1[Xomr |07 Xemr + B) -
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Moreover, E(|X,|X,) < (Var(X,)E(X2))"/2 = 0(n*?) and E|X,| < (Var(X,))"/> =
O(n'/?) by the Cauchy-Schwarz and Lyapunov inequalities and Proposition 5.1.
Thus, again by Markov’s inequality, to prove (5.36) it is enough to show that

n n
n_3/2 ZUkZ|mk — 1|E(|Xk_1|Xk_1) < C}’l_l Zkﬁilmk — 1| —0 s
k=1 k=1

n=3/2 Zbilmk — 1|E[X)—| < Cn™! Zb,ﬂmk -1 =0
k=1 k=1

as n — oo which follows from the Toeplitz theorem since {n_lkcrk2 ko=
l,...,n,n € N} and {n~'b? : k = 1,...,n,n € N} are Toeplitz kernels by
assumption C and |m;—1| — 0 as k — oo by assumption A. Finally, we prove (5.37)
similarly to the proof of (5.27). For each n € N, define Zj;f, i.,j=1,2,andF,, G, H,
similarly to Lﬁl\/ ,i,j = 1,2, and F,, G,, H,, by replacing the normalizing factor n2
with n~! and n with n'/? in the indicator functions, respectively. It remains to prove

T 25 0asn — oo fori,j = 1,2. Similarly to (5.28), we have
F, = CZE (I&,l - mk|2]1{|gk,1—mk\>9n1/2/2}) -0
k=1

as n — oo since the Lindeberg condition holds for {n~"/2&; 1 k,j = 1,...,n,n €
N}. Moreover, we have

Gy <4070 0B Koy — 1)) < Cn 2 (ko?)” — 0
k=1 k=1

as n — oo by Lemma 5.4 and assumption C. By the Cauchy-Schwarz inequality we
have

. ; R 1/2
H, < cn 2 Z 0£k3/2 < cn 2 (Z ko? Z (ko,f)z) ,
=1 k=1 k=1

where the right hand side tends to 0 as n — oo by assumption C and Lemma 5.4.

~ P .
Thus, we proved L' — 0 as n — oo. Since

E((6)* L2 gn/2y [Fie1) = 07 Xem1 Pl — Ael > on'?) < 67*n" ol X1 b}
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in order to prove the case i = 1, j = 2 it is enough to show that

n? Zo,?biE(xk_l) <Cn? Z(ko,f)bg -0 (5.38)
k=1 k=1

as n — oo which follows from assumption C by Lemma 5.4. In the case of i = 2,
j =1 we have

E((C/?)z]l{\gkl|>9,,1/2}|7'7c—1) <072 n7'E (587 |Fim1) = 670 o X1 by

Thus, Zﬁl N 0 as n — oo follows from (5.38) by Markov’s inequality. Finally,

n
Li’z = n_l ZE(lé‘k — /\k|2]]-{|£k—kk\>0n1/2}) —- 0
k=1

as n — oo since the Lindeberg condition holds for {n_l/zsk ck=1,...,n,n e N}.
O
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Appendix

In the proofs we need the following result about convergence of random step
processes towards a diffusion process, see Ispany and Pap [6, Corollary 2.2].

Theorem 5.3 Let f: Ry xR — Randy : Ry xR — R be continuous functions.
Assume that uniqueness in the sense of probability law holds for the SDE

dU, = B, U dt + y(t, U)dW,, teR,, (5.39)

with initial value Uy = ug for all ug € R, where (‘W;),er + is a standard Wiener
process. Let (Uy)er . be a solution of (5.39) with initial value Uy = 0.
For each n € N, let (U))ren be a sequence of random variables adapted to a

filtration (F" ez Let U} := Z,E";Jl Ui, t € Ry, n € N. Suppose E(|U,f|2) < 00
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forall n, k € N. Suppose that, for each T > 0,

Lnt]

t

sup |5 E(UL177) - [ Bl uuas| 0.
€0,7] 3=y 0

|nt] ¢ ) P
sup |> " Var(Uy | F,) — / (y(s,UM) ds| — 0,
t€l0,7] k=1 0
7] n|2 n P
Y E(UPLgupsey | Fil)) — 0 forall§ > 0. (5.40)
k=1

Then (I/I”i>(lzl as n — oo.
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Chapter 6
Subcritical Branching Processes in Random
Environment

Vladimir Vatutin

Mathematics Subject Classification (2000): 60J80, 60F17, 60K37

6.1 Introduction

For the first time the model of a branching process in random environment (BPRE)
was considered by Smith and Wilkinson [20] in 1969 who dealt with the case of
i.i.d. random environments. Then Athreya and Karlin [10, 11] in 1971 have studied
BPRE’s evolving in a more general environment. Since then a great number of
articles have been published investigating the behavior of branching processes in
random environment (see, for instance, surveys [13, 24, 25]). The present survey,
having certain intersections with [25] is devoted to a description of the most recent
results for subcritical branching processes in random environment obtained mainly
by the author in collaboration with other scientists.

There are two possibilities to study stochastic processes in random environment:
the quenched and annealed approaches. Under the quenched approach character-
istics of a BPRE such as the survival probability at moment »n or the distribution
of the number of particles at this moment are treated as random variables or
random measures where the source of randomness is due to uncertainty in possible
realizations of the environment. Under the annealed approach the aim is to
investigate the mean values of the mentioned characteristics using the averaging
over possible realizations of the environment.

Now we give the formal definition of the BPRE’s.
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Let 91 be the space of probability measures on Ny = {0, 1,2, ...}. Equipped with
the metric of total variation 91 becomes a Polish space. Let = be a random variable
taking values in 91. An infinite sequence I1 = (my, 7, ...) of i.i.d. copies of « is
said to form a random environment. A sequence of Ny-valued random variables
Zy,Zy, ... is called a branching process in the random environment I1, if Zj is
independent of [T and, given I1, the process Z = (Zy,Z,...) is a Markov chain
with

L(Z | Zpr =201, T =(m,72,...)) = LEu+-+ &) (6.1)

foreveryn > 1, z,—; € Ny and 1, 12, ... € M, where &1, &2, . . . are i.i.d. random
variables with distribution 7,. Thus,

Zn—)

Z, = Z Epi (6.2)
i=1

and, given the environment, Z is an ordinary inhomogeneous Galton-Watson
process. We will denote the corresponding probability measure and expectation on
the underlying probability space by P and E, respectively.

Let

f) =f(ris) =) ({k})s",
k=0

£ils) = fu (i) = Y m (k) b n=1,2,..

k=0
be a tuple of random probability generating functions. Denote
X = logf'(1), X, =logf/(1), n=1,2,...,

and introduce the so-called associated random walk (ARW) S = {S,,,n =10,1,...}
specified by the formulas

So=0,8=X1+--+X,,n>1.

Throughout we will denote the probability and expectation conditioned on the
environment by

PC) =P(|fi.fa,..), E[=E[]|A.f..].
Clearly,

&z, = 5.
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This representation leads to the following classification of branching processes
in random environment: a BPRE is called

1. supercritical if lim,— o, S, = +00 with probability 1;

2. subcritical if lim,,—, S, = —oo with probability 1;

3. non-degenerate critical if limsup,_,., S, = 400 and liminf, S, = —o0
both with probability 1;

4. degenerate critical if S, = O for all n.

This classification, due to [6], is based on the crucial fact that any random walk

with i.i.d. increments can be attributed to one of these four classes. Since

P(Z, > 0) = min P(Z >0) < min &[Z] = ™15
1<k=<n 1<k<n

it follows that the extinction probability of subcritical and non-degenerate critical
BPRE’s equals 1 a.s.

In many situations we may express the classification above in terms of the
moment generating function

o) =E [e’X] =E [(f’(n; 1))r] , t€(—o0,+00).
Clearly, ¢’ (0) = E [X] if both of the quantities exist. If this is the case we say that a

BPRE is

* supercritical if ¢’(0) = E[X] = E[logf’(1)] > 0,
« critical if ¢’(0) = E[X] = E[logf’(1)] = 0,
* subcritical if ¢’(0) = E[X] = E[logf’(1)] = —a < 0.

Subcritical BPRE’s admit an additional classification which is based on the
properties of ¢ (7). Namely, let

p+ =sup{t > 0:¢(f) < oo} and p— = inf{r: p(¢) < oo}
and let B be the point where ¢(¢) attains its minimal value on the interval

[0, 0+ A1] C [p—, p+].

Then a subcritical BPRE is called

» weakly subcritical if 8 € (0, p+ A 1),

* intermediately subcritical if 8 = p+ A1 > 0and ¢’(8—) = 0,
* strongly subcritical if 8 = py A 1 > p_ and ¢’'(8—) < 0,

* boundary subcritical if 8 = p— = p+ = 0.
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For these subcritical BPRE’s we give a survey of some recent results concerning
the following problems under the annealed approach:

* the asymptotic behavior of the survival probabilities P(Z, > 0) as n — oo;

* the form of the environments providing the survival, i.e. we list a number of
theorems for the conditional distributions IP(S,, € dx|Z, > 0), as n and m tend to
infinity in an appropriate way;

¢ conditional limit theorems of the form P(Z, € dx|Z, > 0) as n — o0;

¢ functional conditional limit theorems of the form P(Z,; € dx,0 <t < 1|Z, > 0)
asn — oo;

¢ conditional limit theorems of the form P(7; € dy|T, < o0) as x — o0, where
T, =min{k > 1:Z; > x}.

Setting
y = B[] (6.3)

and observing that E [eﬂs,,] = 9" we introduce the following auxiliary measure
P with expectation E. For any n € N and any measurable, bounded function ¥ :
A" x Ng‘“ — R, the measure P is given by

EY (71, i Zos- . Z)]) = Y E[Y (i, i Zos o Za)ePSH].

Notice that if E[X] = 0 then S is a recurrent random walk under P.

Condition 6.1 The distribution of X with respect to P is non-lattice, has zero mean
and belongs to the domain of attraction of a stable law with index a € (1,2].

Under Condition 6.1 there exists an increasing sequence of positive numbers a,
regularly varying at infinity

a, = n'%l(n) (6.4)

such that the scaled ARW 'S, P-weakly converges to a strictly stable Lévy
process L = (L(f), t > 0) with parameter «. Here and elsewhere in the expressions
like S, the index nt is understood as its integer part.

Denote

L, = min (Sy,...,S,).
One of the main ideas in finding the asymptotic behavior of the survival
probability of subcritical BPRE’s within the framework of the annealed approach

is to show that under natural conditions

P(Z,>0) ~ 6P(L, >0), n— oo, (6.5)
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where 8 > 0. This is done by splitting trajectories of the ARW at the point of global
minimum on the interval [0, n]. For the annealed approach the trajectory splitting
method was first used for the critical BPRE’s by Dyakonova et al. [16] and then
further developed by Afanasyev et al. [6].

6.1.1 Weakly Subcritical Case

Let £ = £(or) be the offspring number of a particle evolving in the environment 7.
By definition

E[s*] = E[f(s)].

To state the known results for the weakly subcritical case we need to impose
a higher moment assumption on the environment in terms of the standardized
truncated second moment of &

_ E [gzl{éza}] '

(@) = EE)? (6.6)

Condition 6.2 For some positive € and a
E[(In* ¢{())*™] < oo.

It was proved by Afanasyev et al. [8] for the weakly subcritical BPRE’s that
under Conditions 6.1 and 6.2 there exist numbers 0 < 6, 8" < oo such that

P(Z,>0) ~ OP(L,>0)~ /7,

nay

where y is from (6.3) and a,, are from (6.4). In addition, it was established under the
same assumptions that the conditional laws

L(ZZ, > 0),n = 1,

converge weakly to some probability law with the support on the set of positive
integers and the sequence E[Z” | Z, > 0] is bounded for any ©# < B. The last implies
convergence of the prelimiting moments of orders < S to the corresponding
moments of the limit distribution.

For integers 0 < r < n let

Xtr,n = Lrt+(n—nt " ¢ Srt—nr , tel0,1], (6.7)
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be the rescaled generation size process. It was shown in [8] that under Conditions 6.1
and 6.2, as n — 00

LX" 1€[0,1]| Z, > 0) = L(W;, 1 €[0,1]),

where the symbol = means weak convergence in the space D[0, 1] endowed with
Skorokhod topology, and ry, r,, ... are natural numbers such that r, < n/2 and
rm — 0o. Here W, = W as. forall t € [0,1] and P(0 < W < 00) = 1. Earlier
versions of these results can be found in [1, 17].

6.1.2 Intermediately Subcritical Case

Afanasyev et al. [9] proved that given 8 = 1 and Conditions 6.1, 6.2 there are a
constant 0 < # < oo and a sequence I(n), n = 1,2, ... slowly varying at infinity
such that

n
P(Z,>0) ~ 0y" P (S, <min(Sy,...,Sn1)) ~ ”1_—(1’/1) 1 — 00,
n o

and that the unscaled population size Z, conditioned on {Z, > 0} converges in
distribution, as n — oo to a proper random variable.

These results were first obtained by Vatutin in [21] under slightly different
assumptions.

Consider the «-stable Lévy process L on the interval 0 < 7 < 1 and let L =
(L°(#), 0 < t < 1) be the corresponding Lévy process conditioned on having its
minimum at time ¢t = 1. For the precise definition of such a process, we refer to
[9]. Let ey, e,, ... denote the excursion intervals of L¢ between consecutive local
minima and putj (f) = i for t € e;. It was shown in [9] that Conditions 6.1 and 6.2
implyforO<fi <ty <...<fp<landn— oo:

( Zntl ka )
; e . | Z, >0
eXp (Smy — Mink<un S) exp (Spy — MiNk<py; S)
d
- L (‘/j(tl)’ cees Vj(tk)) s (6.8)
where Vi, V5, ... are i.i.d. copes of some strictly positive random variable V. This

means that if #; and f; belong to one and the same excursion, then j (¢;,) and j ()
coincide, i.e. Vj(,) = Vj,) with probability 1. Notice that here

Jjt) Sjlt) < ... < jt).

For the fractional-linear case this result was earlier obtained by Afanasyev in [2].
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Define the process L” = (L'(¢), 0 <t < 1), which is the process L¢ reflected at
its current minimum and given by

L'(t) = L°() = min L(s) .

The next theorem, established in [14] refines the properties of the trajectories of
the intermediately subcritical process Z given its survival up to a distant moment 7:

Theorem 6.3 Under Conditions 6.1, 6.2, as n — oo

logZ,
L(Og ’,Oftfl|Zn>0):>£(L’(t),O§t§1).

an
Let
7 (nt) = min{i € [0,nf] : S; = min (0, L)}
be the left—-most point at which the ARW attains its minimal value on the time-

interval [0, nf]. It was demonstrated in [9] that at the times of consecutive ARW
minima the population sizes have discrete limit distributions

d
L((Zen. - Zewny) | Za>0) = LYy Vi) -
where Y;,Y>,... are i.i.d. copies of a random variable Y taking values in N.
This, combined with (6.8) shows that the population of the intermediate subcritical
process survived up to a distant moment n had passed through a number of
bottlenecks when the size of the population dropped down to a small number of

individuals while between the bottlenecks the population size has an exponential
order (with the parameter of exponentiality proportional to ./n).

6.1.3 Strongly Subcritical Case
6.1.3.1 The Case 8 =1

Guivarc’h and Liu in [18] have shown for strongly subcritical processes with § = 1
and satisfying

E [E In* 5] < 00 (6.9)
that for some ¢ € (0, 1]

P(Z, > 0)~c(E[E])", n — oo. (6.10)
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This asymptotic formula was originally established by D’Souza and Hambly in
[15] under an extra moment assumption. For the fractional-linear case (6.10) was
obtained in [1].

Geiger et al. [17] studied the strongly subcritical BPRE’s under condition (6.9)
and proved that

lim P(anz‘Zn>0):rz,z€N,

n—>oo

where

o o0
E rzzlandm,:E 71, < 00.
z=1 z=1

Let
m:fWD _EEE-D]
(' (1) (E[£])?

Afanasyev et al. [7] have introduced the following condition in the strongly
subcritical case.

6.11)

Condition 6.4 Suppose that
E[eXIn" 5] < co.

Since E [¢¥] < oo for the strongly subcritical case with = 1, Condition 6.4
holds, in particular, if the random offspring distribution 7 has a uniformly bounded
support. It also holds if 7 is a Poisson distribution with random mean, so thatn = 1
a.s., or if 7 is a geometric distribution on Ny where n = 2 a.s.

It was shown in [7] that given

0= in,O < in,l < l‘nqz <...< in,k < in,k+l =n

the following weak convergence holds

L( (Zj)os,'sm ’ (Zin.lﬂ)oggm v (Zin.k+/)05/5m ’ (Zn—/)oggm i Zy > 0)

5 L5 ((Dozian ) ® L (Wozian )™ ® Lo (Togizn ).

0<j<m 0<j<m

for every k,m € Ny as ming<j<g (inj+1 —iny) — oo and n — oo. Here,
L, ( (Yj)jZO) denotes the law of the Markov chain (Yf)jzo with initial distribution
M and transitional probabilities

_PE A+ =2)
B yE [¢]

ﬁyz , YV,.Z€ N,
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where &1, ..., §, are independent copies of the offspring number £. The stationary
distribution of (Y/)jzo is
. T
P, = 2, z€eN.
my

The process (?j) >0 s the time-reversed Markov chain with transition probabilities

rszy
Py, = —/—.
ry

6.1.3.2 The Case g =0

In this part of the survey we consider a subcritical branching process in random
environment such that

E[Xerx] =0
forany ¢ > 0.
To be more specific, we suppose that a = —E[X] > 0, E[Xz] < oo and, in
addition, as x — oo,
l
A(x)zIP’(X>x)~@, K> 2, (6.12)
xK'

where [(x) is a function slowly varying at infinity. Thus, the random variable X does
not satisfy the Cramer condition for ¢ > 0.
We also assume that A(x) meets the following (technical)

Assumption A1 for any fixed & > 0,
hkA
AGe+ By — A = — A8 (44 o1)) as x — oo, (6.13)
X
Let n = n(sr) be the same as in (6.11).

Assumption A2 (i) there exists § > 0 such that, as x — oo,

1
P(n>x)=o0 ;
X (logx X (loglogx)H'S)

(i) asn — oo,

LG =™ |X > an) > L), (6.14)

where v is a random variable which is less than 1 with a positive probability.
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Let £, (Zie7™") be the law of Z;e™*" under fixed 7 corresponding to f(r; s).
If EX < O then (6.14) is equivalent to the following assumption, concerning
convergence of random measures:

Ly (Zie X >x) = vé+ (1 —v)doo asn — 00, (6.15)

where §) and §~, are measures assigning unit masses to the corresponding points.
In what follows we assume that the distribution of X is nonlattice. The case when

the distribution of X is lattice needs natural changes in the respective statements.
Define

Jen (8) = filfirr (.. (a1 () ..), 0 <k <n—1, and f,,(s) =s. (6.16)

Theorem 6.5 Assume that a = —E[X] > 0 and conditions (6.12), (6.13) and
Assumptions Al and A2 are valid. Then the survival probability of the process {Z,}
has, as n — oo, the asymptotic representation

P(Z, > 0) ~ KP (X > na) (6.17)

where
K= ZE — fo; )] € (0, 00), (6.18)

and v is a random variable that has the same distribution as the v in Assump-
tion A2(ii) and is independent of the underlying environment I1 = {m,} (and
consequently of {fo;} foreachj =0,1,...).

It can be shown that if m; is either almost surely a Poisson distribution or almost
surely a geometric distribution, then v = 0 and the constant K = Zf:o P(Z; > 0).
In this case Theorem 6.5 has the following intuitive explanation. Let

U, = inf {j : X; > na} (6.19)

be the first time when the increment of the ARW exceeds na (the ARW has a big
jump). Then the event {Z, > 0} is asymptotically equivalent to

{Un <n, ZU,,—l > 0} = j<n{Zj—l > 0, Un :]}
Now for each fixedj > 1,

P(Zi-1 > 0, U, =) ~ P(Zi-1 > O)P(X; > na),
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and hence, not rigorously,
Pz, > 0) ~P(U, < n,Zy,—1 > 0)

o0
~ Z]P)(Zj_l > 0) - P(X; > na) = KP(X; > na).
j=1

In fact, one can show that the process {Z;,k = 1,2,...} survives up to a distant
moment n owing to one big jump of the ARW happened at the very beginning of the
evolution of the process; moreover, the big jump is accompanied by a population
explosion which leads to survival.

We now give an example taken from [23] of a BPRE where v is either positive
and less than 1 with probability 1, or random with support not concentrated at 1.
To this aim let v be a random variable with values in [0, 1 — §] C [0, 1] for some
8 € (0,1],and p and ¢,p + ¢ = 1,pg > 0, be random variables independent of v
such that the random variable

X:log(l—v)+logl—7
q

meets the conditions E[X] < 0 and (6.12). Define

fs)=v+>1A-v) q .
1 —ps
Thenf'(1) = (1 —v)p/q = ¥, and
pEfI=e = (- L

1
14 (1 —v)~" eXna

=v+(1—-v)

v+ e—(X—na) )

IA

Since E[X] < 0, we have for any ¢ € (0, 1),

Iim P([f(1—e ™) —v|>¢e|X>na) < lim P(X—na <—loge|X > na) =0.
n—oo n—oo
Therefore, as n — o0,

LE(1 = e ™)X > na) > L),
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Let 0 = Var(X). The following conditional functional limit theorem was proved
in [23]:

Theorem 6.6 Suppose that a = —E[X] > 0 and (6.12), (6.13) and Assumptions Al
and A2 are valid. Then for any j > 1,

lim P(U, = j|Z, > 0) = E(1 —fy;(v))/K.
n—>oo
Moreover,

L( Zinivu, 0<i<1
Zy, exp(Spivu, — Su,)

zn>0) — £(1,0<t<1), (6.20)

1
z ( 7 (0 G /20,) +n1a) 0 <1 < 1

Z, >O) = L(B;,0=<t=<1),
6.21)

and for any & > 0,

1
L (U_ﬁ (10g (Z1/ Zine)) + n(t — €)a) e <t < I‘Zn > 0)
= L(B,—B..e<t=<1),

where B, is a standard Brownian motion.

Therefore, after the population explosion at time U,, the population drops
exponentially at rate a, with a fluctuation of order exp(O(~/k)) with k the number
of generations elapsed after the explosion. Moreover, it follows from (6.20) and the
invariance principle that

L(10g (Zpivu,/Zv,) = Spavu, — Su,).0 <t < 1|2, > 0) = L(0,0 <1 < 1),

and, therefore, at the logarithmic level the fluctuations of the population are
completely described by the fluctuations of the associated random walk after the
big jump. Moreover, we see by (6.21) that given Z, > 0 the size of the population
is not necessarily bounded! This phenomenon has no analogues for other types of
subcritical BPRE’s.

6.1.3.3 The Case g € (0,1)

In the previous subsection the favorable trajectories leading to the survival of the
process up to moment n have one big jump exceeding na(l — ¢) = —n(1 — ¢)E [X].
For the case B € (0,1) the situation is more delicate. Namely, the trajectories
providing survival up to moment n have a big jump with values in the interval
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[bn —M.\/n,bn—M ﬁ] where b > 0 is some parameter (see below) and M is
sufficiently large.
Let us list the conditions which provide the appearance of this phenomenon.

Hypothesis A The distribution of X has density

lo(x) —Bx
px () = g

where lp(x) is a function slowly varying at infinity, x > 2, 8 € (0,1) and, in
addition,

¢'(B) = E[Xxef¥] < 0. (6.22)

To formulate one more basic condition we once again use nowadays classical
technique of studying subcritical branching processes in random environment used,
for instance, in [6-9, 17]. Denote by ¥, the oc—algebra generated by the tuple
(w1, 2y . 7T 20, 20 - . . Zy) and let P be the restriction of P to 7. Setting

y =9 (B) =E[M],
we introduce another probability measure P by the following change of measure
AP = yTPSgP™ p=1,2,... (6.23)

or, what is the same, for any random variable Y, measurable with respect to ¥, we
let

E[Y,] = y "E[Y,e’]. (6.24)
Note that by Jensen’s inequality and (6.22),

E [Xe¥]

=¢' (B)/e(B) =E[X] =—b <0.

Thus, under the new measure the BPRE is still subcritical and the ARW {S,,, n > 0}
tends to —oo as n — oo with a smaller rate.

Hypothesis B There exists a random function
g(A),A €]0,00),0 < g(A) < 1forall A > 0,

and

lim g(4) =0
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such that, forallk =0,1,2, ...

lim E[f* (m;e*?) |f (m;1) = y] = E[¢" V)] (6.25)

y—>00

The following result was established in [12]:
Theorem 6.7 If

E[-log (1 — 7 ({0}))] < oo, E|e ™) x({k})klogk | < oo (6.26)

k>1

and Hypotheses A and B are valid, then there exist positive constants Cy and C,
such that, as n — oo

lo(n)

n—1
P(Zn > O) ~ Coﬂy (bn)K+l

~ CiP(L, > 0). (6.27)

We stress that y = ¢(8) € (0, 1) in view of ¢(0) = 1 and (6.22).
In fact, one can show that

P (Z, > 0) ~ const x P(X| € [bn — M/n, bn + M\/n))

for n large enough. Thus, (6.27) once again confirms that in the subcritical regime
the survival event is, as a rule, associated with the event when the ARW is bounded
from below.

Note that to study the asymptotic behavior of the survival probability for the case
B = 0 implying P = P, the condition was imposed that

L(f(me ) f (1) >y) — L), y— oo,

where v is a random variable being independent of A > 0 and less than 1 with a
positive probability. In this case the random walk S generated by the environment
that provides survival up to a distant moment n should have a single big jump
exceeding (1 —¢)an for any ¢ > 0. In the case B € (0,1) the random walk
generated by the environment, viewing under the measure P and providing survival
up to a distant moment n should have a single big jump enveloped by bn—M /n and
bn+M ./n for a large constant M. This requires the validity of the conditions that are
based on local properties of the random variable f’(r; 1) and includes dependence
of the limiting function in (6.25) on A > 0.

Theorem 6.8 Under the conditions of Theorem 6.7,

lim E[s™|Z, > 0] = Q(s),

n—>o0
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where §2(s) is the probability generating function of a proper nondegenerate
distribution supported on Z .

We see that, contrary to the case B = p4 A1 = 0 this Yaglom-type limit theorem
has the same form as for the ordinary Galton-Watson subcritical processes.
For every pair n > j > 1, we define a tuple of random variables

_ 1=/ (0)

W, = (6.28)

eSS
and its limit

W= lim, W
which exists by monotonicity of W, ; in n. We also define a random function g; :

R4+ — [0, 1] such that

1. gjis a probabilistic copy of the function g specified by (6.25);
2. foj-1, g and (W,;, W, fy + k > j+ 1) are independent for each n > j (it is
always possible, the initial probability space being extended if required).

We set

o= [ E[1-fimgEwp]e

o0

and focus on the exceptional environment explaining the survival event by giving a
more explicit result. For any 6 € (0, 1), let

x(8) =inf{j > 1:X; > 8bn}.

Theorem 6.9 Under P, conditionally on Z, > 0, x(§) converges in distribution
to a proper random variable. Moreover, conditionally on {Z, > 0,X; > 8bn}, the
distribution law of (X, — bn)/(/n VarX) converges to a law p specified by

w(B) = C,»_IE [1(G € B)/_ (1 —fOJ—l(gj(e”Vl/j))) e‘ﬂ”dv}

for any Borel set B C R, where G is a centered gaussian random variable with
variance VarX, which is independent of (fo -1, gj)-

The following two examples taken from [12] meet the conditions of Theorem 6.7.

Example 6.1 Let (with a slight abuse of notation) § = £ () > 0 be an integer-
valued random variable with probability generating function f (;5) = &[s5™].
If E [logf'(r; 1)] < 0 and there exists a deterministic function g(1), A > 0, with
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g(A) < 1,2 > 0, and g(0) = 1, such that, for every ¢ > 0

y—>o0 0<A<oo

lim P (]T cosup |f(mie M) —gM)] > s‘f/ (m;1) = y) =0,

then Hypothesis B is satisfied for the respective subcritical branching process.

Example 6.2 If the support of the environment is concentrated on probability
measures 7 € N such that, for any ¢ > 0

§(m)

ey )

limP(n: > €

y—>00

(1) = y) =0 (6.29)

and the density p;(y) of the random variable f'(r; 1) is positive for all sufficiently
large y, then g(A) = e~*. Condition (6.29) is satisfied if, for instance,

lim P (n , Varg(m)

—_— > €&
y—>00 2

(f'(m: 1))

fm:l) = y) =0

for any ¢ > 0.

6.2 Subcritical BPRE Attaining a High Level

There are several papers in which the asymptotic behavior of the distribution of the
random variables

o0
sup Z,andY = ZZk

0<n<oo k=0
are investigated for subcritical BPRE’s. The following result was established by
Afanasyev in [3]. Assume that E[X] = E[logf’(sr; 1)] < 0 and there exists a positive
number « such that
IE[e"X] —1 (6.30)
and
E[|X|e¥logt X] < 0o, E[e*V¥Z; log(Z; + 1)] < o0 (6.31)

and, in addition, if ¥ > 1 then there exists a p > « such that

E[e*PXZ] < oo. (6.32)
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If the distribution of X is non-lattice then there exists a positive constant K; such
that, as x — oo

]P( sup Z, >x) ~ Kix7 .

0<n<oo

Under the same conditions and for the case of fractional-linear probability
generating functions f,,(s) and « € (0,2] it was shown in [19] that there exists a
positive constant K, such that, as x — oo

P(Y > x) ~ Kx™ .

An extension of the previous results to the multitype subcritical BPRE’s counted
by random characteristics was obtained in [22].

Afanasyev investigated in a number of papers properties of subcritical BPRE’s
assuming that 7, = min{n: Z, > x} and x is large. A summary of his results
presented in [4, 5] looks as follows.

Let 7T = min{n: Z, = 0} and

d=E[X™],  a=-E[X]

If the conditions (6.30)—(6.32) are valid then, as x — 400

T,
Inx
T
Inx

o’ =FE [Xze"x] —d* < 400

U=

P
T, < +oo) —
and

=+

Q=

1
d

P
T, < +oo) —

If, in addition,

then, as x - 400

(Tx’_”nx/d 0<t<1|T <+oo) = L(B,,0<1<1)
o'd_3/2\/m7 — — X Is — —
and, as y — 400
Zry/d_ty
L|—/———,0<rt<1|Ty <400 | = L(B;,,0<t<1).
o+/y/d
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Chapter 7
The Theorem of Envelopment and Directives
of Control in Resource Dependent Branching
Processes
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7.1 Introduction

For human populations certain features will probably never change. People want to
live and be protected by the society in which they live. They will care for the future
of their children. They will need food and resources and will have to think about
production, distribution and consumption of resources. And then, they always seem
to long for a higher standard of living.

Survival and increasing the standard of living may be the most natural and most
important objectives of any human society. Therefore we single them out as two
special hypotheses:

H1. Individuals of a human society would like to survive and see a future for their

children.

H2. Individuals of a human society typically prefer a higher standard of living to a lower
one.

The hypotheses H1 and H2 are frequently incompatible with each other. Therefore
we establish the following rule of priority:

Priority: If H1 and H2 are in conflict with each other then H1 is assumed to take priority
before H2.
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Is it possible to predict limiting society forms for possible developments of
human societies just out of these two assumptions?

Before we answer any question about the effect of these hypotheses we must first
clarify what exactly is meant by Hypothesis H1. Clearly, the survival probability
should be strictly positive, and as large as possible. We will argue in the following
sections that it is preferable not to quantify exactly with what probability the
population wants to survive. As it is often the case for branching processes (see
e.g. [11]), if the survival probability is strictly positive for an initial state of one
ancestor, then under reasonable conditions it converges to one when the population
grows. This will also be the case for most populations we will examine through our
models.

Also, we have not yet defined what should be the rules to determine whether
or not a given society respects the hypotheses H1 and H2. These rules will be
established below in what we call the society obligation principle.

7.1.1 Society Obligation Principle

Since possible events like fertility changes, climate changes, unpredictable short-
ages of resources, war, or other catastrophes cannot be excluded, the objective to
survive must be defined in terms of probability. Extinction is a tail event which
cannot be determined in terms of finitely many generations, of course. We must
therefore define first what we mean by saying that a society respects H1.

Definition 7.1 Society obligation principle:
A society is said to respect hypothesis H1, if it satisfies the following conditions:

(1) If the currently observed parameters were to hold forever, then the population would,
with strictly positive probability, survive forever,

(i) If (i) is not satisfied then the society must try to control immediately for survival,
that is, to take all steps in its power to obtain, as quickly as possible, a combination
of parameters which, if maintained forever, would yield under the same conditions a
positive survival probability.

It is thus the set of the currently observed parameters which we define here to be
the relevant measure for the change of rules (if necessary) since estimates for the
future are risky. This safety precaution is seen as an integral part of the obligation.

As announced before, the preceding definition does not specify a minimum
survival probability; it must just be strictly positive. Also, the definition contains no
rules concerning hypothesis H2 on its own. Hence we maintain some freedom with
respect to the average standard of living (which will be defined in Definition 7.4),
and more generally, in what way parameters should be corrected, if necessary. This
has the advantage that we do not have to suppose to know how much future societies
would risk just to increase the standard of living.
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7.1.2 Theorem of Envelopment and Related Results

Now let us return to the question whether it is possible to predict limiting society
forms for possible developments of human societies just out of the hypotheses H1
and H2.

Surprisingly, the answer is yes if human societies are modelled by sequences of
so-called resource dependent branching processes, in short RDBPs. In particular,
populations which are guided by the implications of H1 and H2 will live in the long
run in, what we call, an envelope.

This follows from the Theorem of Envelopment of Societies in Resource Depen-
dent Branching Processes [7] and from earlier results in [5, 8] surrounding this
theorem. Wajnberg [19] and others refer to these results, all taken together, as
the Bruss-Duerinckx Theorem. The combination of these results will show how
the survival criteria of the societies forming the mentioned envelope of possible
societies can be explicitly computed.

7.2 Main Definitions and Results

To streamline our discussion, we first recall the construction of RDBPs as well as
those results relating the envelopment theorem which will be needed.

A RDBP is a discrete time branching process modelling a population in which
individuals have to work in order to be able to live and to reproduce. It involves
production and consumption of resources, reproduction of individuals, decision
rules (policies) for distributing resources and a means of interaction between the
individuals and the society in which they live. The process counting the (remaining)
individuals is denoted by (I7,). We make the following assumptions:

e Al All individuals which are admitted to reproduce within the population do so
independently of each other according to the same law {py}¢2,. The variable D,(I},)
denotes the random number of descendants generated by I, individuals for generation
n + 1. The mean asexual reproduction per individual m = Z,fil kpy is supposed to be
finite.

e A2 Individuals present in the population inherit resources, claim and consume resources
from the preceding generation and create themselves resources for the next generation.
The net outcome of all these activities is summarized as individual production of
resources, and its finite mean is denoted by r.

* A3 All production (resources, goods, services) is thought of as being evaluated in terms
of money and to go into a common pool called resource space. The resource space
available in the nth generation is denoted by R, := R, (I},).

¢ A4 Each individual claims an attribution of resources for its own consumption, simply
called claim. All claims are supposed to be i.i.d random variables with an absolute
continuous distribution function F. Here X;, denotes the claim of the jth individual in
generation k. The mean claim p 1= .[;)OO xdF (x) is supposed to be finite.

* A5 A policy 7, is a rule to distribute resources among individuals of generation n as
long as the available resource space R, suffices. Formally it is a function defined of the
permutation group of the list of claims brought forward in generation n. The output of
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7, is a counting function Q™ with values in {0, 1,2,--+, D,(I},)} which depends also
on R, (I},) and the list of claims. Its value determines the number of current descendants
that will remain in the population until the next reproduction time.

With these assumptions we can now give the formal definition of a RDBP:

Definition 7.2 Under the Assumptions AI-AS5, let (I3,);2, be a discrete time
stochastic process defined by

In=1 (7.1)
and recursively,
iy = O™ (Dn(rn), (Xic:l,z,... ,Dn(ﬂz)) 7Rn(Fn)) ,n=0,1,-- (7.2)

Then (I7,)52,, is called a Resource Dependent Branching Process.

Definition 7.3 If we start (I,) with k € {1, 2, - - - } individuals at time 0, that is with
initial condition (7.1) being replaced by Iy := Iy(k) = k, then the resulting process
satisfying the corresponding recurrence relation (7.2) is denoted by (/7,(k)). Hence,
forn=0,1,---,

L1 (k) = O™ (Dy(Ly(k)), (X712 PO (R (,(K))) (7.3)

and (17,) = (I(1));2.
Definition 7.4 The random variable

Ry (I, (k))

7.4
) 74

is called the random average standard of living of the process (I5,(k))72, in
generationn + 1.

Interpretation: Individuals inherit and consume resources; they also create
resources, which they may consume and/or save for the next generation. They
have individual resource claims and an option of protest or non-cooperation, if
the current policy does not satisfy their claims. In the RDBP model of Bruss and
Duerinckx [7], an individual whose claim is not completely satisfied, leaves the
population before reproduction. Hence in their model emigration is seen in its strict
sense, and meant to be the interacting tool for individuals to express discontent with
the society.

Emigration can however be understood in a broader sense as a means of protest
against society. For instance, an individual can also be understood to emigrate if
it decides to make no net-contribution in production to the society and to have
deliberately no children.

The random claims of individuals are thought of as being the outcome of
individual desires and ambitions as well as individual strength to defend these
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desiderata against competition from the other descendants of the same generation.
We note that the actual average consumption is not the same as an average claim, and
that Definition 7.4 describes in (7.4) an average theoretical richness rather than what
consumers may see as an average standard of living. With (7.3) this is meaningful
also for smaller n if we suppose k to be large. If the limiting standard of living exits
as n — 00, it is typically the same for all initial values k.

7.3 Special Societies

In the following we single out two specific societies, and this for two reasons. Firstly,
they belong to a class of RDBPs for which, using a result of [8] on stopping times of
order statistics, we can determine the survival criteria. Secondly, these policies play
a particular role from an ideologic point of view, polarising weakest and strongest
individuals.

The first one, the so-called weakest-first society (wf-society) always serves the
smallest claims first, as long as resources suffice. This means that the wf-society is
the most conservative spender of resources and therefore, with all other parameters
kept constant, will allow for more individuals to stay than any other society. The
extinction probability should therefore be the smallest possible, and if it survives, it
should grow more quickly that any other society.

This intuition is correct as the following results show. For the notation recall the
Assumptions A1-AS.

Theorem 7.1 The wf-society has, for any initial state k > 0, a positive probability
of survival, if either

r>mi (7.5)

or, if (7.5) is not satisfied, if
mF(t) > 1, where / XdF(x) = = (1.6)
0 m

Remark 7.1 The condition r > myu in (7.5) says that the total expected production
of a randomly chosen individual, i.e. heritage plus creation minus consumption, is
larger than the expected sum of claims of its descendants. This implies, in the long
run, the existence of more than enough resources for everyone. This in contrast to
the typical economic principle of shortness of resources. Therefore we confine for
the remainder of our paper our interest to the case r < mpu.

For the same fixed parameters and initial values, let (W,)°2, be the wf-process,
and (13,)52, an arbitrary RDBP. Then we have (see [7]):
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Theorem 7.2
Foralln € {1,2,---}: P(I,, <W,) = 1. (1.7

The wf-society may moreover be seen as a safe-haven society with respect to the
risk of distinction, because it has also the following property:

Theorem 7.3 Let (W,)52, be a wf-process and let g, be its extinction probability
under the initial condition Wy = 1. Then for all k € {1,2,---}

lim P (W, = 0|Wo = k) = P ( lim W, = 0|W, = k) <d, (7.8)
n—>o0 n—>oo

Remark 7.2 The state 0 is absorbing for all (I7},), since there is no immigration in
RDBPs. This implies the equality lim P(-) = P(lim(-)) here as well as in some
other places in this paper. Also, we note that (7.8) implies, unless g, = 1, that
the probability of extinction goes very quickly to 0 as k increases, and, together
with (7.7), that there is no better way to escape extinction. This is why we call it the
safe-haven property.

7.3.1 Limits of Growth Parameters

An arbitrary RDBP need not have an asymptotic growth rate. As an example we may
think of an obscure society which chooses very different rules to distribute resources
according to the number of descendants in generation n being odd or even. However,
if it does have an asymptotic growth rate then the following relationship will hold:

Theorem 7.4 Let (I3,) be an arbitrary RDBP, and let (W,) be the wf-process.
Further let T be defined by (7.6). Then

— 00

W,
P ( lim W“ — mF(7) ‘ W, — oo) —1. (1.9)

Moreover, for any arbitrary RDBP (I7,)

I,
IfP(lim oy
n—oo [

n

I, — oo) = 1then £ < mF(7). (7.10)

Remark 7.3 Note that if the wf-policy allows for a positive survival probability 1 —
qywys then, according to (7.8), any society will most probably survive if it changes
(whenever necessary) into the direction of a wf-society. As said before, according
to (7.7) and (7.10) no other RDBP will do better with respect to survival.
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7.3.2 Strongest-First Society

Itis natural to expect that the sf-society which wastes resources more than any other
society and can thus retain less individuals would then always lag behind any other
society. Interestingly, this is wrong, and an explicit counterexample is given in [7],
Sect. 6.2. In other words, one cannot hope for similarly strong comparison results
for the sf-process as in (7.7) for the wf-process (W,). Under the additional condition
of bounded individual claims [7] proved however the following result:

Theorem 7.5 Let 0 be the unique solution (see Remark 7.1) of the equation

/ooxdF(x) - (7.11)
0 m

and let (S,)52, denote the number of individuals in the sf-society in generation n.
Then, for any distribution F with bounded support,

P ( lim Sg“ = m(1 — F(6))

—>00

S, — oo) = 1. (7.12)

Interpretation: Recall that the parameter mF(t) plays an important role in The-
orem 7.1, namely no society can survive unless mF(t) > 1. The parameter
m(1 —F(0)) defined through (7.11) plays also a distinguished role. If this parameter
exceeds 1 then the population, once it has reached a sufficient size, can afford to
select any society form it wants without risking extinction.

7.3.3 The Envelope of Human Societies

We mentioned subtleties concerning the sf-process in the sense that, although (7.12)
holds, it cannot serve as a uniform lower bound (taken over all possible societies)
for effectives of a RDBP. The more surprising is therefore the fact that, as Bruss
and Duerinckx [7] have shown, the essence of our intuition is correct after all.
The wf-society has the largest survival probability of all societies, and as soon
as populations have a sufficiently large size, the sf-society will have the smallest
survival probability of all. Here is the precise formulation:

Theorem 7.6 Let (W, (k)) be the wf-process, (S,(k)) be the sf-process, and (I,(k))
be a process with an arbitrarily chosen policy, all with the same initial value k. Then

P( lim S,(k) < lim T(k) < lim W,,(k)) 1, ask — oo. (7.13)
n—o00 n—>o0o n—>0o0

Moreover, the right-hand-side inequality holds almost surely for all k € {1,2,---}.
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We conclude that the wf-society, respectively the sf-society will, in the long run,
envelope (bound from above, respectively, from below) any arbitrary RDBP. This is
why Theorem 7.6 earns the name Theorem of envelopment.

7.4 Macro-Economic Interest Versus Tools

Theorem 7.6 displays interesting macro-economic facts. Bruss and Duerinck [7]
dare to call them fundamental because the theorem of envelopment spelled out
in (7.13) is true, although the intuition, why it should be true, is not only misleading
but in general false in one important direction. Having said this it is, as indicated
in the Introduction, not always clear in how far interesting facts can be turned into
interesting tools, that is, to produce concrete advice for societies following specified
objectives.

Now, there are indeed instances where this is the case, that is, where the implica-
tions of the envelopment theorem yield immediate directives. Two relatively recent
decisions (2013, respectively 2014) of the German grand-coalition government,
widely discussed in the media, were chosen in [6] to illustrate this. In the latter,
the application is almost straightforward, and the conclusion is that both decisions
of the German government should be reconsidered.

There is nothing special about the choice of Germany, except that two facts
coincide: firstly, Germany is a country with a particularly low natality rate, and
secondly, the mentioned legislations concern earlier retirement and a change in
the minimum wage policy. It is intuitive that reducing the age of retirement may
cause financial problems for a state. However, it may come as a surprise even to
specialists that such a step may speed up extinction, and this is true under very
general conditions.

We shall add more to these examples in Sect. 7.7.

Now, if we speak in the above examples of special coincidences which make
conclusions rather straightforward, it is natural to ask to what extent control advice
is at reach for more general circumstances. For instance, is it possible under certain
constraints to find a sufficiently large class of RDBPs (embeddable in our global
model) which allow for sub-envelopes of interest which can be computed and will
then lead to new directives of control? This question, for which Bruss and Duerinckx
have already partial answers (work in progress) should be the focus of interest for
whoever is interested in modelling human societies.

7.5 Local Models and Control

Since in reality many variables within a society depend on each other, a realistic
model for the evolution of a population process cannot be obtained through a single
RDBP unless one would allow for many more dependencies. This however would
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render RDBPs intractable. Moreover, this would not be skilful either because many
future developments and changes in parameters are unpredictable. Hence it would
not be convincing to fix, once and for good, a certain RDBP and to expect this
process to model the evolution of a population in a realistic way. The idea emerging
from these arguments is to consider evolution as a random sequence of locally
updated RDBPs.

But what should we suggest as the law of this sequence, that is, what should
determine the choice of the local model in each term of the sequence?

It is here that the society obligation principle assumes its role: We imagine that
the society looks at the current rates of natality, current rates of productivity, at the
way how claims of resources have developed, etc. Now, several parameters can be
influenced by the rules applied by society and updating will intervene. For instance,
society may encourage individuals to have more children, or consume less on the
average, or curtail larger claims, or, if possible, impose a higher productivity.

The guidelines of control are determined by what the society wants, and here the
basic hypothesis H1 (survival) stands out by definition. Increasing the standard of
living (H2) is desirable, but, exactly as the society obligation principle requires, H1
has first priority.

7.6 The Global Model

Our global model for the development of human society is therefore a sequence of
RDBPs which is in each generation (locally) compatible with the society obligation
principle. At each control time the society takes its decisions based on what would
happen if they went on as before. Here it is natural to think of generation time points
1,2,--- as being the typical times of control, but the choice of other times (shorter
periods, or times of census) are compatible with our model. Note that each local
model is now for a shorter period only. Assumptions A1-A5 are therefore easier to
justify.

In the global model we do not want to add further constraints to the society
obligation principle. For instance, if the society is satisfied with the currently
observed parameters, the update may not lead to a new model. Therefore we cannot
predict how a population will develop. However, it suffices to understand the local
RDBPs in order to find non-trivial bounds within which populations can develop.

Before we advertise the global model any further we look first in more detail into
the simplifying assumptions we made for the local models, i.e. into the assumptions
we made for the RDBPs.
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7.6.1 Bisexual and Asexual Reproduction

In the definition of a RDBP no reference is made to the reproduction mechanism,
although it seems necessary that the model be consistent with bisexual human repro-
duction. We explain here why we can confine our interest to asexual reproduction.

We see from the definition that RDBPs are Markov processes, although com-
plicated ones. Since O is, by definition, an absorbing state for all RDBPs, they
must either die out or explode. Hypothesis H1 has priority before an increase of
the standard of living, and thus the interesting RDBPs are only those which have a
positive survival probability.

The definition of a RDBP does not involve bisexual reproduction and hence
no mating functions. We simply speak of individuals and of their independent
reproduction defined by the law {p;}72, (see Al). For human populations it is
reasonable to assume the reproduction mean m to be finite, and, as usual, that
the conditions 0 < po < 1 and pp + p1 < 1 are always satisfied. It is
understood that this Galton-Watson process type reproduction is only assumed for
the reproduction times. Clearly, these processes themselves are submitted to heavy
internal dependencies and are in general hardly comparable with Galton-Watson
processes.

This simplification is justified by being allowed to confine interest to the limiting
behaviour of reproduction and also by the existence of the so-called average
reproduction rate per mating unit introduced in [5]. For a discrete time bisexual
population process counting mating units, (Z,)52, say, it is defined by

1
m= lim —E(Z,+1|Z, = k). (7.14)
k—oo k

This definition gave a useful answer to an interesting question put forward in [12].
See also [10]. Nowadays this limiting rate is usually called average reproduction
rate in the literature about bisexual population processes.

In [7], the existence of the limiting average reproduction rate is taken for granted
for human populations living under the same society form and under the same
conditions. Indeed, this can be justified for human populations for several obvious
reasons. Moreover, it was nice to see in the work presented at the workshop by
Prof. Mota (the slides of this talk, and all the following quoted in this paper can be
downloaded from http://branching.unex.es/wbpal5/index.htm, clicking on Abstract
menu) that assuming the existence of (7.14) finds support in many different forms,
and also for populations other than human populations.

7.6.2 RDBPs and @-Branching Processes

The presentation of Prof. G. Yanev was a good reminder that there is some connec-
tion between RDBPs and the so-called ¢-branching processes already introduced by
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Sevastyanov and Zukov in the early seventies. Indeed, the function Q™ defined in a
RDBP determines the number of individuals in the nth generation which are allowed
to reproduce. Interesting results by Yanev [21], as well as a generalisation of these
without independence assumptions by Bruss [4] may therefore catch interest in the
domain of RDBPs. However, it seems difficult to exploit this connection easily when
we pass from the local model of a RDBP to the global model defined as a sequence
of RDBPs. As far as the author feels, only a sequence of updated models has a
chance to model approximately the evolution of a human society.

In that respect, population size dependent branching processes are closer to
RDBPs, as we shall see below.

7.6.3 RDBPs and Population-Size Dependent Branching
Processes

The presentations of Prof. Jagers and of Prof. Klebaner showed that, for cer-
tain questions, RDBPs may directly profit from their results on population-size
dependent reproduction. This concerns in particular results about what Jagers and
Klebaner and others call the quasi-stationary phase.:

Let (Z,) be a (asexual) branching process with initial state Z, and reproduction
rates which are supercritical below a certain threshold K, and subcritical above K.
See [16]. Let the reproduction rate be m(k) if the current size is k and suppose
moreover that for some neighbourhood of K, V(K), say,

m(R)gx 1 and mE)yx 11, (7.15)

forall k € V(K). Let Zy/K = 1 and, for fixed 0 < € < 1, let
Z
oéK)zinf{tEO:'Et—l'>e} (7.16)

Then there exists positive constants c¢; (€) and c;(¢€) such that
E(0) > ci(e)e? 9k, (7.17)

Indeed, we see that the hypotheses H1 and H2 and the society obligation principle
play perfectly in the hands of the results of Jagers and Klebaner: If the effective
reproduction rate is greater than one, then the society is not afraid of the risk of
extinction and will, according to H2, increase its standard of living. The easiest way
to do this is to serve more bigger claims. This policy will reduce the number of those
individuals which will be able to stay, i.e., reduce the effective reproduction rate.
However, if the latter falls below one, then hypothesis H1 takes over. The society
obligation principle will force the society to increase its effective reproduction rate.
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We have argued already by the average reproduction rate defined in (7.14)
that bisexual reproduction makes no difference to asexual reproduction as far
as asymptotic phenomena are concerned. Now, in the population-size dependent
setting it is the law of reproduction which may fluctuate, whereas in a sequence of
RDBPs, it is the effective reproduction rate which may fluctuate through the control
of resource production and/or claims and/or natality rates. However, the reasons
why certain laws of reproduction are chosen in each generation should be irrelevant
because, like in the Jagers-Klebaner model, those individuals which do reproduce
in RDBPs, do so independently of each other.

Therefore, if in the global model the control is directly effective each time already
in the next generation, a result in the spirit of Theorem 7.1 must hold. Criticality
plays here a central role in the global model, and thus in RDBPs, because the
interplay of H1 and H2 makes near-criticality an attractive policy for societies. We
should mention that the results in [1] and in [2] should also merit interest for RDBPs
in that respect.

The author wonders about a question dressed in terms of a population size
dependent process and related to the above cited work of Jagers and Klebaner: Let
8 be a small positive real number, and let V(§) = [1 — 8,1 + §]. V is thought of
as being a target interval for the (effective) reproduction mean of a population size
dependent process.

Question: Suppose that the current state is K and that the current (effective) reproduction
mean equals p. Suppose further that the random number of generations necessary to bring
the reproduction mean back into V() has (waiting time) distribution W; ,(w). Under which
general conditions on W; ,(w) does

E (ov) > 1 (8)e> DK, (7.18)

hold for corresponding constants ¢;(§) and ¢, (6), where now oy s) denotes the total sojourn
time of the reproduction mean in V.

Remark 7.4 The author sees the interest for this question as being obvious for
RDBPs. The assumption (7.15) can be assumed to hold and may simplify the proof.
It is also realistic to suppose that the waiting time mean is uniformly bounded away
from 0.

7.7 Understanding Unexpected Implications

Bruss and Duerinckx [7] comment in Sects. 8.1-8.3 on classical society forms,
including Mercantilism, Marxism, Leninism and Capitalism. The following com-
ments are more specific and more applied in the sense that they allow, at least
in certain cases, to derive definite advice how control parameters of a society
having specific objectives. Bruss [6] examines two examples of recent legislation
in Germany. We take these examples as guidelines of our approach.
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It is obvious that any society considering a change of legislation concerning the
standard age of retirement must keep financial constraints in view. Values are created
by production, and if the total expected time of production of individuals change,
the expected output will change, although not necessarily in the same proportion.

In the language of RDBPs the expected output is the expected contribution
to the currently available common resource space R, say. We recall that we think
of all types of production as well as the total resource space as being measurable
in monetary units. If  will go up or down, R will do so accordingly. If a society
considers legislation allowing for an earlier retirement then it must consider the
consequences. If a smaller R should suffice to pay the same pension to the same
number of people working less than before then, as it seems, there should something
wrong.

Now, a priori, nothing need be wrong. There is the possibility that R is more
than sufficient, that is, that the previously paid pensions were not as high as they
could have been and leave a large reserve of funds. Viewing hypothesis H2 we
must conclude however, that this should rather be a short-time phenomenon because
typically people will vote for those politicians advertising and promising a higher
standard of living and who will thus spend the money. Finally these voters will
succeed in getting what is possible. But then, when there are no reserve funds,
there must be something wrong indeed. Decreasing the expected output r should
lead (with life expectancies going up rather than going down) to smaller pension
payments. Thus reducing the age of retirement is clearly a question of how to finance
1t.

7.7.1 Hidden Phenomena

It may come as a surprise that, apart from these financial problems, reducing the
age of retirement may accelerate a decrease of the effectives of a population and
thus increase the probability of extinction. For RDBPs at least, this is, as the next
theorem will show, the case if the natality rate is subcritical, that is if m < 1.

Theorem 7.7

(i) If the natality rate m of a RDBP (I3,) is smaller than 1 and the average
production r does not exceed my (where | is the average claim) then, for m
fixed, a reduction of the rate r implies an increase of the extinction probability
of (I).

(i) For a fixed average production r the extinction probability of an arbitrary
RDBP (I,,) decreases as m increases.

Proof

(i) Remember that, with respect to H1, the society obligation is intrinsic in the
definition. Let now 0 < m/r < u be fixed. Recall that F, the cumulative
distribution function of the random claims, was supposed to be absolutely
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continuous, and it is monotone increasing by definition. Hence there exists a
unique solution 7 := t[r, m] of the equation

7[r,m] r
/ xdF(x) = —. (7.19)
0 m

According to Theorem 7.1, (7.6), (I},) is bound to get extinct since mF(t) < 1.

Now let G(r,m) = mF(t[r,m]). Using again the continuity of F we see
from (7.19) that t[r, m] is by its definition differentiable in r. It follows that

daG(r,m) _ dF(z[r,m]) 0t[r,m] -

0, 7.20
or " dt[r, m] o ( )

because mdF(t)/dt on the right-hand side of (7.20) is clearly nonnegative, and the
factor dt/dr as well according to (7.19). Hence reducing r implies reducing the
growth rate mF (z[r, m]). This is the growth rate of the wf-society. The priority rule
of H1 before H2 together with the society obligation forces the society governing the
process (17,) however to try to realize this growth rate mF (t[r, m]) which, according
to (7.10) in Theorem 7.4, is best possible. Hence statement (i) of Theorem 7.7 is
proved.

(i1) Although this statement seems evident, the proof takes slightly more than
the proof of (i). We look again at the definition of t[r,m] in the integral
equation (7.19). Since the relevant parameter m is in the denominator on
the right-hand side, t[r,m] is now a decreasing function of m. As t[r,m] is
differentiable in m for all m > 0 we have dz(r,m)/dm < 0. Clearly

/TxdF(x) < /I ©dF (x) = tF (7). (7.21)
0 0
Hence from (7.19)

F(z[r,m]) > (7.22)

mt[r,m]’

The partial derivative of both sides of (7.19) with respect to m yields, on the
one hand,

el el m) M = 2 a.23)

m2’

where f denotes the corresponding density of random claims. On the other hand
we obtain

w = F(t[r,m]) + mf (z[r, m]) 8Tér, ] .
m m

(7.24)
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This implies, using (7.22) and (7.23) that the right-hand side of (7.24) is positive
so that dmF (t[r, m])/dm is also positive.

This proves (ii) and completes the proof of Theorem 7.7. O

Remark 7.5 One should note that Theorem 7 could be stated without knowing more
about F' and the parameters r and m. All we needed was that F' is an absolute
continuous distribution function, and for (i), that r < mpu.

If we let vary both parameters m and r at the same time then we need to know
more, of course, to make conclusions. Indeed, now we would have to know the
interplay between r and m, in other words, to know where the total differential

omF (t[r, m]) dr omF (t[r, m]) dm

Y, .(dr,dm) :=
m(dr dm) or om

(7.25)

will vanish if r varies with m and vice versa.

Example 7.1 (Earlier Retirement) In 2014 the German government passed a law
reducing the age of official retirement from 63 to 65 years. Some constraints do
apply so that the average working time of people is unlikely to decrease by the two
full years. However, it will definitely decrease, and thus with all other parameters
staying equal, the average production rate r will decrease. Since the current German
natality rate is only about m ~ 0.71 < 1 per individual (the lowest in Europe and
among the lowest in the world), case (i) of Theorem 7.7 applies. We conclude that
this legislation not only poses the problem of finding funds to finance the earlier
retirement but, more seriously, even accelerate the de-population of Germany.

Of course, it is the extremely low natality in Germany which is the main problem,
but natality is what it is for the moment, and no quick increase of the birth rate can
be expected. Therefore r is so important. For foreign media which usually do not
speak of the German natality problem but rather prefer to hint to productivity as a
good example for others, it may sound like a paradox that German productivity may
be a problem. But, as we have just seen, it is not a paradox. Reducing the age of
retirement is in contradiction to HI and to the society obligation principle. It should
be urgently re-considered.

Remark 7.6 Example 7.1 would of course apply similarly to any country with
natality rate m < 1. As far as the author could find out, there was (fortunately) no
other country in recent decades with m < 1 where the government would propose
a reduction of the retirement age. On the contrary, countries with a better natality,
as for instance Belgium, envisage increasing the legal age of retirement. Ironically,
some Belgian media hint to Germany to find public support for their project, saying
that Germany plans to lift the retirement age up to 67. This is confusing media
information. Indeed, certain groups of people in Germany will be able to work until
the age of 67 or possibly longer. As we all know, a truth being valid on a subset may
be very misleading on the whole set which counts.
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7.7.2 Discussion

One could argue that the conclusions in Example 7.1 are based only on asymptotic
results and may not be valid. Our answer would be that with such a low individual
reproduction rate of 0.71, the asymptotic truth will quickly coincide with the truth.

Furthermore one could argue that the parameters m and r could change into a
positive direction so that the problem of an accelerated extinction would disappear.
But then we must object that we cannot know this and thus society should follow
the rule as determined by the society obligation principle. The latter requires that
decisions must be based on the currently observed parameters.

Finally, one might object that it is not clear that the society obligation principle
must be imposed. Here our defense is bound to be somewhat weaker. We cannot
prove that the society obligation principle is compulsory in an adequate society
model because it has an axiomatic component. Indeed, if we have to decide what
it means that a society respects hypothesis HI and gives H1 priority before H2,
then we must create a contradiction-free framework which defines what exactly this
means. This is what we have done in our principle where the currently observed
parameters are defined as the relevant ones. From the point of reliability this is
arguably the best framework. However, clearly, a contradiction-free framework need
not be unique.

Example 7.2 (Minimum Wage) Minimum wage legislation has been on the agenda
of several governments in recent years. Does the introduction of a nationwide
minimum wage increase productivity, or does it rather reduce it? Further, if it is
true that a minimum wage policy will reduce the number of available jobs in the
working class, would it then also be true that overall natality would go up because
jobless people may have more time for other things?

There are plenty of discussions about this everywhere. The message RDBPs can
tell is that, once one believes to have understood the interaction of m and r then
any society which respects HI and H2 must study the behaviour of the equation
U, w(dr,dm) = 0. With f(x) = dF(x)/dx the left-hand side of this equation
becomes

at[r, m]
ar

at(r, m]
om

(f(r [r, m]) ) mdr + (F(r [r,m]) + mf (c[r, m]) ) dm (7.26)

so that we would have to know the exact form of the density of claims f.

Understanding the interplay of the two parameters m (natality) and » (produc-
tion), as well as f (linked with consumption) is important for any society respecting
H1 before H2 because the effective reproduction mean is essential. Moreover, if the
safe-haven rate mF(z[r, m]) approaches 1, then much may depend on the way it
approaches 1, as exemplified by results in [17] for size-dependent BPs.
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7.7.3 Immigration

In the definition of a RDBP emigration plays a fundamental role in the model
as a means of interaction between individuals and society. Immigration is not
incorporated however, at least not so far. This contrasts the numerous interesting
contributions concerning and/or including immigration for other BPs as we have
heard in the expositions in the workshop by Prof. Ispany Prof. Pap (see also [13, 14])
as well as Prof. Mota [18]. If one thinks of the increasing number of questions
immigration raises for human society, this is a weakness of RDBPs.

How could one overcome this weakness? One may be tempted to try to mimic
immigration by a temporarily increased reproduction rate. See in that context the
subsection Sequence of branching processes with immigration of the presentation of
Prof. Ispany as well as the earlier result in [20]. Indeed, recalling again the results
of [15] for population size dependent BPs we know that population size dependence
is quite a tractable setting.

However, there are at least two reasons why one has to be careful. Firstly, in the
terminology used by Prof. Braumann in his presentation at the workshop such a
replacement means a different type of stochasticity. Immigration from outside and
changes of parameters inside a population is not the same. See in particular [3] for a
more specific comparison, and e.g. [9] for a related problem of statistical inference.
Prof. Braumann’s presentation made it explicit that we usually have to pay a real
price for replacing one type of stochasticity by another one, and this seems to be the
case here as well.

This is one danger, but there is another one for RDBPs. If we model immigration
we should model at the same time stochasticity which stems from the origin of
immigrants. But then computability becomes a real problem.

To explain this, look again at the results of [7], and here specifically at
Theorems 7.1 and 7.4. If the number of immigrants in a population becomes
important then this may have a considerable impact on natality rates, and on
productivity. In our model m and r would change, and it is good to see that the global
model we proposed can cope with this. However, people with a different upbringing
and origins also typically have a different consumption behaviour, hence implying
in general a different claim distribution F. If we suppose that ' can be suitably
parametrised by m and r then (7.26) should now read

(r,m) (r,m)
omF"™ (t[r, m]) dr + amF'""™ (t[r, m]) dm

Y, .(dr,dm) :=
m{dr,dm) or om

However, it is in practice not clear at all, whether such a parametrisation is
meaningful. And then, why should F"(x) allow for a density? How should we
then compute t[r, m]?

We conclude that those politicians who say that they understand the good and
bad effects of immigration policies on social security and pensions must be creative
mathematicians. Even for RDBPs which are still relatively simple models for
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societies compared to what societies seem to be in real life, a rigorous study of
the influence of immigration is not evident at all.
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8.1 From Population Size Dependence to Age
Structure Effects

Classical branching processes, even the most general, share the property that
individuals are supposed to multiply independently of one another, at least given
some environment that in its turn is supposed to be unaffected by the population.
Only more recently have birth-and-death and branching processes been considered
which allow individual reproduction to be influenced by population size. The
first results, due to Klebaner [14], deal with Galton-Watson processes. Work on
general, age-structured processes and habitats with a threshold, a so called carrying
capacity, came only decades later, cf. [5, 11, 13, 15, 16, 21], inspired by deterministic
population dynamics [6-8, 22].
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The general formulation of population-size-dependence runs as follows. Any
individual of age a in a population of size z in a habitat of carrying capacity K
is characterised by three entities, which we refer to as population parameters:

* abirth intensity bX (a),

* adeath intensity h¥ (a), and

* a probability distribution for the number of children at death at age a, { pf (a, k),
k=0,1,2,...}

The birth intensity is supposed to catch the reproduction of higher animals and
plants, during life, whereas the number of children at death (splitting) reflects cell
division or particle split. Births during mother’s life are assumed to occur one by
one, and the distribution of the number of children at splitting should have bounded
mean mf (a) and variance. Further, the processes are supposed to be monotonous in
the sense that if we consider two classical branching process with the same starting
condition and fixed parameters pertaining to “sizes” z < 7/, the former population
should be larger than or equal to the latter, in distribution, at any time. At population
size K, i.e. for parameters b¥, h¥, etc. the population size-dependent process should
pass from super- to sub-criticality, for precise formulations cf. [13]. In this section,
we recapitulate results there and in [11, 12].

Let Z, denote the population size at time 7 > 0 and write T, := inf{t; Z, > aK},
where 0 < a < 1 and Zy = z is presumed (much) smaller than aK. Let Y; be the
(not population-size-dependent) process with parameters b¥,., hk,., etc, i.e. frozen at
population size akK, and Yy = z. Then, by the assumed monotonicity in parameters,
Z, > Y,on{T, >t} a.s.

Write T for the time to extinction, inf{z; Z, = 0}, so that the probability of early
extinction can be interpreted as the probability of never attaining ak,

P(T <T,) =P(supZ; < aK) <P(supY; < aK) =P(Y;, — 0) = g(aK)?,

if g(y) denotes the classical extinction probability of a process from one ancestor
with parameters frozen at population size y. However, by coupling our process to
the not-size-dependent branching process with parameters frozen at the initial size,
much as customary in epidemic spread process, [3, 4, 19], we should be able to do
better during an initial phase of length o(+/K) or even O(K*/?).

Informally, the coupling process can be described the following way, in the case
where the life span distribution is unaffected by population size, and there is no
splitting: Let 7(1), t(2),... be the successive birth moments in the process with
frozen parameters and denote the age of the mother in question at those times by
o1, 0s, . ... As before, write Zy = z. To recover the size-dependent population, then
retain the ith birth with probability min(1, bgm) (a;)/b%(e)), provided none of her
(grand)mothers has been deleted.

Also if the population escapes early extinction, it will satisfy Z, > Y, as long
as Z; < aK. Since Y, grows exponentially when not dying out, the Z process must
then attain the level aK within a time of order log K. Once up in a band around the
carrying capacity, the population size can be expected to remain there for a time of
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length O(e<), for some ¢ > 0 as K — oo, [13]. In special cases constants can be
calculated. Thus [11, 15], for binary Galton-Watson process with Michaelis-Menten
style reproduction, (i.e. the probability in the n 4 1th generation of two children
being = K/(K + Z,)), the subsistence time will be ~ ¢/ @K where

forany 0 <a < 1.

During the long sojourn around the carrying capacity, the age distribution
will settle around a stable McKendrick-von Foerster form [10, 11], known from
deterministic population dynamics. When ultimately the population embarks on its
journey to extinction, i.e. passes the level aK never to reach it again, its remaining
life will again be short, logarithmic in K, [11].

From size-dependence the step seems short, almost of notational character, to
age structure dependence, as done in [11]. Indeed, let A; denote the whole vector
of ages at time ¢t > 0, so that Z, = (1,A,) = |A;| and index parameters with these
vectors instead of with just population size, b4, hy etc., A = (ay,a;...a;). If the
process is still supercritical below the carrying capacity, strongly critical at it, i.e.
|A| = K = bX +hK(mX —1) = 0, and subcritical when large (and further technical
conditions, cf, [11]), results for size dependence continue to hold.

Alas, the generalisation is not as far-reaching, as it might first seem. It opens
up for dependence upon other population features, like volume or DNA mass
dependence, but it is difficult to see realistic dependencies upon the age distribution
per se. Still the situation is very much like that of population size dependence. It
becomes radically different in multi-type cases, like sexual reproduction where only
one type of individuals can reproduce, but in a manner that is heavily dependent
upon the prevalence of the other type, in fertile ages.

8.2 Process Structure

Hence, we take a further step and lay the foundations for mathematical analysis of
multi-type processes with population structure dependence. The individuals in the
population are now characterised by their types and ages, to be written sy, s, . .., 5,
where 5; = (ij,a;)) € S = T x R*, and z is the population size. The type space T
is finite, say consisting of k types, and the state of the process S is taken to be the
array si, 2, . . . , S; or equivalently the counting measure

S(B) =Y 8,(B).BCS. (8.1)

j=1
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For a test function f : S — R, hence,

(.5 = [ 1o = 3-r6s). 8.2)

i=1

Population evolution is given by a measure-valued process {S;; ¢ > 0}, reporting
the number of individuals, their ages, and their types at any time ¢ > 0. The
randomness comes through random events of birth and death. These are described,
as usual, by their intensities, which besides dependence on the individual’s own
age and type may be influenced by the whole population structure, i.e. by the other
individuals’ ages and types.

The process develops in a simple manner: while there are no deaths or births,
it changes only by ageing. When an individual dies, its point mass disappears and
an offspring number of point masses at zero age appears. Similarly, when she gives
birth during life a point mass appears at the origin. Type at birth is determined by
the type distribution, for example sex may be obtained by independent Bernoulli
trials with probability p for becoming female and ¢ = 1 — p for male. More
generally we write p = (p1,pa2, ..., pi) for the probabilities that a type variable
I takes the values 1,2...k. These are also allowed to depend on the mother’s age
and type, s, and the whole population structure S; we write pg(s). The reason to
include reproduction both at death (splitting) and during life time is to cover cases
corresponding to Galton-Watson as well as birth-and-death processes. To avoid
unnecessary technicalities we assume throughout that all quantities below (like
derivatives, expectations, etc.) exist and are well defined

Theorem 8.1 For any bounded C' function F on R" and functionf on S, which is
Cl in its last argument,

lim ES[F((f.5)) — F((F,5)] = GF((£. 9). 33)

where

GF((f.8)) = F'(f. (.5 + Z bs(s) [Epg(s) F(f(1.0) + (f.$)) = F((f. )]

J=1

z k
+ ) hs(HEFQ_f(LO)Y(s) + (f.S) —f(s) = F((f. ).
j=1 =1

Here, ' is the derivative in the second co-ordinate a, and Yé(i, a) is the number of
I-type offspring of an i-type individual dying at age a, the population composition
then being S.
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In what follows, mé(s) = EgY(s),1=1,2...,k, denotes the means and

r=on = BV 0rw),

the matrix of second moments of offspring at death distributions. G defines a
generator of a measure-valued multi-type branching process. This is Dynkin’s
formula:

Theorem 8.2 For any bounded C' function F on R and function f on S, which is
Cl in its last argument,

t
FUG-S) = F(F500) + [ 6P S+, (8.4)
0
where Mf‘f is a zero mean local martingale with predictable quadratic variation

(i mar) = | (6P ((F.50) 2P (£ SHGFULS))du. (85)

and variance
Es(M/!)? = Es (M, M), (8.6)

The derivation of the above is the same as in [12].
Taking the identity map, F*(u) = u, as F above, results in the linear operator Lg
obtained by GF™.

Theorem 8.3 For a function f on S, which is C" in its last argument,
t
(.50 = (750 + [ (L. Sdu+ . 8.7)
0

where (note that pé and mlS are functions on S)
k k
Lof =f = hsf + (3 f@.0Wk)bs + (D1 0y s, (8.8)
=1 =1

and M,f is a local square integrable martingale with the sharp bracket given by

k

t k k
), = [ (S0 s, + (30 3 £, 000 Oy s,
=1

h=1h=1

k
=23 (1, Oy hs, f + hs, %, S, ).
=1
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The special choice of f such that f(s) = 1 identically yields the equation for the
evolution in time ¢ of the total population size, whereas taking f to be &;(s) = 1 as
soon as the first coordinate of s is i and zero otherwise gives the evolution of the
subpopulation of type i individuals.

Thus, the equation for the total size Z, = (1, S;) reduces to

t
7, =Zy+ / (bs, + hs, (ms, — 1), S,)du + M}, (8.9)
0

where mg = Z§=1 ml; is the mean of the total number of offspring at death and

k k

(M7 M7), = / (b5, + (30D i s, — 2ms,hs, +hs,. $,)du. (8.10)

h=1hL=1

For the type i subpopulation Z! = (§;, S,),
Z,=7Zy+ / (=hs,8i + ps,bs, + ms hs,, S,)du + M;, (8.11)
0

t
(M"7Ml'>r = / (pgubgu =+ ]/,','hgu — 2mg“h3u8,' + hgu&', Su)du. (812)
0

8.3 Processes with Carrying Capacity

As mentioned, the idea of a carrying capacity K is that population parameters
should stabilise for large K in a manner that makes population size fluctuate around
it, if it ever came close to it, cf. [10, 11, 13] in the single-type case. This is
made precise in the assumptions about demographic smoothness to follow. We thus
study populations, which have a carrying capacity K, and superscript corresponding
entities with a K, thought of as large. Since we are interested in their behaviour
around this carrying capacity, we assume that they start close to it, and study their
type and age composition while they prevail there, proving a Law of Large Numbers
corresponding to the single-type case of [10].
Thus, consider measures of the form

- 1
SK = _gk, (8.13)
K

which are of course no longer counting measures on S but still have finite support.
In the limit as K — oo, the age distribution turns out absolutely continuous, whereas
the type distribution remains discrete on the given space with k elements.
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A population process will be said to be demographically smoothly density
dependent, or for short just demographically smooth, if:

C0O. The model parameters, bX, hX, mXs, and I'’*’s are uniformly bounded.

Cl. They are also normed uniformly Lipschitz in the following sense: there is a
C > O such that forallu € S = T x R™ and K, p(u, v) denoting the Levy-
Prokhorov distance between measures j and v on S (rather on corresponding
o-algebra),

K () — bE )| < Cp(u/K,v/K),
— |hf ) —hfw)| < Cp(u/K,v/K),
[mK ) —mK )| < Cp(u/K,v/K), 1 =1,2... .k
- K —p¥ ] < Co(u/K,v/K), 1= 1,2... k.

C2. If the measures uX on S are such that iX = uX/K converges weakly to
some i, as K — oo, then the limit lim bﬁK = bgo exists, the same applying

1,00
i -

to limits lim 2, = A%° and all lim mifﬁ = mjj” as well as lim pij; =p

C3. S‘(If = 3’80, and supg |S‘(I)<| < 00, i.e. the process stabilises initially.

Remark As an illustration, the dependence of parameters upon the type and age
composition could have the form of a dependence on S, e.g. on (8;¢, SX), where
¢ is a function of age only. For example, if ¢ (a) = I|4, 4,)(a), we would obtain the
density of i-individuals in an age interval like that of reproductive ages. For such
dependencies assumption C2 is satisfied, if bllf = by ixy —> by depends on its
suffix in a continuous fashion—similarly for other parameters.

The following result gives the stable type and stable age distributions S‘t°° It is
obtained from (8.7) by dividing through by K and taking limits by using the smooth
demography assumption. The martingale term vanishes (eg. by Doob’s inequality)
and we have the main result:

Theorem 8.4 Under the condition of demographical smoothness, the measure-
valued density process {%StK;t > 0} converges weakly, as K — 00, to a process
{S';X’; t > 0}, which solves the following equation

(f.5) = (f.S0) + /0 (Ls,f. S.)du (8.14)

for test functions f. Here Lg is given in (8.8), with parameters being the limiting
quantities in the smooth demographics.

Next, we make Eq. (8.14) explicit by using disintegration of measures S, (S‘;’o), cf.
[20], e.g. The resulting explicit form is helpful in, for example, the case of sexual
reproduction.

Since T is a discrete and indeed finite set, we can write

7' =S{i} x RT), Al(da) = %S({i} x da),
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provided 7’ is positive. In our context 7’ is the proportion of type i individuals
and A’ is the age distribution of type i (conditioned on the individual being of type
i). Hence, S‘t°° gives the limiting proportions of types and the age distribution of
each type. If 7' = 0, then A’ is not defined, which is of no consequence as it will
disappear from the integral below. For test functions f on S = T x R,

k . .
(f.5) = /S Fu)S(du) = ; i /R S @A da),

so that the limit equation (8.14) for S‘t°° can be written explicitly

ko A k 0 |
;ml /RJrf(i, a)Ay(da) = ;ﬂ(i) /;wf(i, a)Aé(da)—i-;/O 7! Aﬁ gs, (i, @)Al (da)du,

(8.15)
where

k
gsi.0) = Lsf(i,@) = £'(i.a) = hs(i,)f @) + ( Y £ 0Pk @) bs(i,a)

=1

k
+( 2o 0mlti, @) s, ), (8.16)

=1

omitting the superscript ‘co’ in the limiting quantities, as specified in C2. From
this, we can find equations both for the type distribution and for the age distribution
of every type. This is done in detail in the next section for the case of sexual
reproduction.

8.4 Sexual Reproduction

We specialise to the case of there being two types, females, and males; only females
reproducing, but with a fertility, that can be influenced by the availability of males.
The idea is that this will render the study of sexual reproduction possible also in age-
structured models, circumventing the notorious question of how to model couple
formation in structured populations.

In the unstructured Galton-Watson case, sexual reproduction has been exten-
sively studied for almost half a century, cf. relevant sections in [9] and the
sequel of papers from the Extremadura school, [17], and others. The success
hinges upon mating occurring in the one and only generation in existence at any
given moment, and more realistic population models, like general branching pro-
cesses, allowing co-existence of individuals from several generations, have resisted
attempts at generalisation to sexual reproduction. The same applies to age-structured
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deterministic population dynamics, which also remains asexual, cf. [7, 8], and even
to demographic theory, which is clonal in spite of it study object being human
populations (this probably warranted by the large number context of demography).
For a simple but elegant approach to reproduction with mating in the birth and death
case cf. [1, 2], generalised in [18].

We thus specialise the framework of the preceding section by choosing the
number of types k = 2, and write the type space T = {1,2}. Since only females
can give birth, we may simplify notation further by writing by as a function of age
alone for the female birth rate and similarly for the probability ps of the child being
female. The probability of a male child is gs = 1 — ps. Similarly, the mean number
of females born at death is m} and males m?, and the hazard rate for females is &
and for males hg, again functions of age, i.e. hg(a) = hg(i,a),i = 1,2. Omitting the
superscript oo in the limiting quantities as specified in C2, (see also the Remark) we
see that the operator Lg, in (8.8) and (8.16), takes the form

Lsf(1,a) = f'(1,a) — hg(@)f (1.a) + (f(l, 0)ps(a) +£(2. O)QS(a))bs(a)
+(F(1,0mi(@) + 1. 0@ )i @),
Lsf(2,a) = f'(2,a) — hi(a)f (2, a). (8.17)
If we introduce test functions of age, ¢ and ¥, and write first f(1,a) = ¢(a)

and f(2,a) = 0, and then f(1,a) = 0 and f(1,a) = V¥(a), the limit equa-
tion (8.14), (8.15) becomes as follows. Here it is easier to work with ! = 7/Al.

t
0

6.5 = @Sh+ [ (6= p + 9O pss, +mba).S)du (818)

t
W5 = (1. 5) + / (v = 13,0.52) + (v as,bs, + v (O3 b}, . 5}) |du.
0
By integration by parts and looking at the adjoint operators, one can show that
the densities s'(#, x) on (0, 00) of S' exist (i = 1, 2), and that these equations are the

weak form of the pde’s, [10].

s as! 1 1 * 1,1 1

- + — = —hs(s), s(0) = / (ps,bs, + mg,hg ) (y)s (2, y)dy, (8.19)
t ox 0

dIs? | 9s? 2 2 * 2,1 1

- + - = —hg,(s7), s7(t,0) = ; (gs,bs, + mg,hg ) (y)s (2, y)dy.

Analysis of these two-dimensional generalised McKendrick-von Foerster equa-
tions will be given elsewhere.
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Further, we derive equations for the types. If f = §!,

Lsf(1,a) = hi(a)(mg(a) — 1) + ps(a)bs(a), Lsf(2.a) =0,

and for f = §2,
Lsf(1,a) = gs(@)bs(a) + m(a)hs(a), Lsf(2,a) = —h5(a).

This implies the following equation for the limiting density of females X, = !,
and males Y, = n2,

X=X+ /O X, /R . [héu(a)(mé“(a)— 1)+ psu(a)bsu(a)]A;(da)du (8.20)
o= to+ [ [% ] s @bs@ -+ @n @it~ |1 @alda]dn

which can be written as coupled ordinary differential equations,

X, = X,(hl (ml, = 1) + p,bs,, A}). 8.21)
Y, = Xilqsbs, + m3 bl A} — V.13, AD).

This last form shows how parameters of the model combine to influence the
composition and evolution, and should be analysed for fixed points etc.. It can
be viewed as a sort of generalised Lotka-Volterra equation, most obviously so
in the particular case, where the demographic parameters are independent of the
individual’s age and depend upon S; only through the number of males and females
X;, Y;, or only Y.

8.5 Future Challenges

It may be suitable to factor female birth intensities into a probability of being
fertilised, ¢ (x, y), a function of the numbers x and y of females and males present
at each time point, whereas crowding effects are mirrored in population size
dependence of the reproduction intensity of fertile females B, and of the death
intensities 4,

be = ¢(Xt’ Yt)lBZt’mSt = (lb(Xt’ Yt)/“LZt’hSt = th‘

Clearly ¢ (x,0) ought to be taken as O for all x. The case where ¢ is an increasing
function of the number of males only, reflects promiscuity, whereas a situation
where it is a function of the sex ratio Y;/X; comes closer to mating proper. In any
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case, the probability of fertilisation should be taken as an increasing function of its
second argument, maybe satisfying ¢(x,1) > p for some p > 0 and all x > 1.
(This rules out the case of strict and complete monogamy.) In the case of a carrying
capacity K the parameters 85, X, and hX define supercritical populations for z < K
turning subcritical as z > K, in the sense discussed in [13].

We have outlined an approach to type and age structured population dynamics
with a possible application to sexual reproduction in general stochastic population
models. It raises many questions, some of which have been noted in the text. Others
concern extinction probabilities, growth rates, prevalence time, and sex ratios and
other compositional matters during prevalence, and of course about differences to
and similarities with clonally reproducing populations, as well as between different
fertilisation schemes. Investigations about Galton-Watson processes with mating
indicate that clear general assertions about the initial phase, survival chances and
a stage of exponential growth, may be hard cf. [17] or Alsmeyer’s sections in [9],
whereas the approach in [10-13] may give some hope for a description of the
lingering phase. We intend to pursue this in forthcoming more general work.
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Age-Dependent Branching Models



Chapter 9
Supercritical Sevastyanov Branching Processes
with Non-homogeneous Poisson Immigration

Ollivier Hyrien, Kosto V. Mitov, and Nikolay M. Yanev
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9.1 Introduction

Sevastyanov [26] introduced branching processes with immigration and studied
their properties in the Markov case when immigration occurs in accordance with
a time-homogeneous Poisson process. Extensions to the Bellman—Harris process
with time-homogeneous immigration were subsequently considered by Jagers
[14], Pakes [23], Radcliffe [25], Pakes and Kaplan [24], and Kaplan and Pakes
[16]. Mitov and Yanev [18-20] investigated Bellman—Harris processes with state-
dependent immigration (see also Chap. 3 in Ahsanullah and Yanev [1]).

The Sevastyanov process is an extension of the Bellman—Harris process, which
allows the lifespan and the offspring of the process to be dependent [27-29]. This
extension has been supported by analysis of cell kinetics data [4, 10-12].
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Comprehensive reviews of branching processes, including their applications to
biology, can be found in the following monographs: Harris [7], Sevastyanov [29],
Mode [22], Athreya and Ney [3], Jagers [15], Asmussen and Hering [2], Yakovlev
and Yanev [32], Kimmel and Axelrod [17], Haccou et al. [6] and Ahsanullah and
Yanev [1]. For specific discussions on applications of Markov and Bellman—Harris
branching processes with non-homogeneous Poisson immigration to modeling cell
kinetics, the reader is referred to Yakovlev and Yanev [33, 34] and Hyrien and Yanev
[8, 9]. See also Hyrien et al. [13] for an application of a two-type Bellman—Harris
process with immigration to study the dynamics of immature (BFU-E) and mature
(CFUE) erythroid progenitors following sublethal total body irradiation.

The model under consideration herein is developed based on Sevastyanov [27—
29] age-dependent branching process and, in addition, allows an immigration
component at times described by a time-nonhomogeneous Poisson process. In
fact the present paper offers a continuation of earlier investigations by Mitov and
Yanev [21] who focused on the critical case. Here, we study the supercritical case.
Note that this case was investigated by Yanev [30, 31] when immigration is time-
homogeneous.

The paper is organized as follows. Section 9.2 describes the biological back-
ground and motivation. This will provide the intuition used to construct the more
general model formulated in Sect. 9.3. The basic equations for the probability gen-
erating functions and the moments are also presented in Sect. 9.3. The asymptotic
behavior for the means, variances and covariances of the supercritical process with
immigration are investigated in Sect. 9.4 for several classes of immigration rates. In
Sect. 9.5 we prove two sets of limit results. The first one (Theorem 9.1) generalizes
classical results obtained by Sevastyanov [26], while the second one (Theorems 9.2
and 9.3) describes novel behaviors that arise from the non-homogeneity of the
immigration process. Theorem 9.2 can be interpreted as a LLN and Theorem 9.3
as a CLT.

9.2 Biological Motivation

The development and repair of tissues of the body is controlled by the processes
of cell division, cell death, and cell differentiation. Because the outcome of the
cell cycle is stochastic, age-dependent branching processes have been proposed to
describe the dynamics of cell populations. To date, the Bellman—Harris process
has remained the model of choice in such applications. It is flexible enough to
accommodate multiple cell types, and it allows the possibility for cells to immigrate
from an unobservable compartment via an immigration component [8, 33]. An
important assumption made by this model is that the duration of the lifespan and the
outcome of the cell cycle (that is, division, death, or differentiation) are independent.
In other words, the conditional offspring distribution (here, the probability that the
cell either divides, dies, or differentiates), given the lifespan of the cell, given the
lifespan duration, does not change during the lifespan.
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Several studies have shown that the duration of the cell lifespan and the outcome
of the cell cycle are stochastically dependent. For example, studies that investigated
the generation of oligodendrocytes from their cultured progenitor cells found that
these cells self-renewed and differentiated into oligodendrocytes dissimilarly over
time [4, 10, 11]. Other studies reported that lymphocytes were prone to cell death
about 1 h after birth but divided only after about 12 h on average [12]. These findings
are consistent with the assumptions of the Sevastyanov process.

A population in which cells divide, differentiate, die, or immigrate into the
population could be described as follows. The process begins at time zero with Ny
cells. When modeling the development of tissues from the earliest embryonic stages
it is reasonable to set Ny = 0. New cells (immigrants) arrive in the population in
accordance with a non-homogeneous Poisson process with instantaneous rate r(z).
These immigrants are assumed to be of age zero upon arrival in the population.
When completing its lifespan, every cell either divides into two new cells or it exits
the mitotic cycle to either differentiate or to die. Let p, denote the probability of
division, and put py = 1 — p, for the probability of exiting the mitotic cycle. The
duration of the lifespan of any cell (referring here to either the time to division or
the time to death/differentiation) is described by a non-negative random variable
7. Conditional on the cell dividing, r has cumulative distribution function (c.d.f.)
Gy(t) = P{t < t|§ = 2} that satisfies G5(0) = 0, whereas if it exits the mitotic
cycle to either die or differentiate, it has a c.d.f. Go(x) = P{r < x|§ = 0} that
satisfies G,(0) = 0. Cells are assumed to evolve independently of each other.

The unconditional c.d.f of the duration of the lifespan, G(t), is a mixture

G(1) = poGo(1) + p2Ga (1),
and the conditional distribution of £ given 7 is the posterior probability

px(l - Gx(t))

PE =T 20 = o — G

for x = 0 or 2, such that the process belongs to the class of Sevastyanov processes
when Gy # G,. This example motivated the investigation of a class of Sevastyanov
branching processes with non-homogeneous Poisson immigration defined in the
next section. We consider a more general process to extend the scope of our work.

9.3 The Process and Its Equations

We define a process that begins with the immigration of a first group of cells, all of
age zero, into the population at a random time S;. Additional groups of cells, also
of age zero, subsequently immigrate into the population at random time points Sy,
k=1,2---,orderedas 0 = Sy < S| < S, < ---. We assume that this sequence of
random times forms a non-homogeneous Poisson process I1(f) with instantaneous
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rate r(¢). The cumulative rate is R(¢) = fot r(u)du. Let U; = S; — Si—1,i =1,2---,
denote the inter-arrival times, such that S, = Zi;l U,k=1,2,.... Write I; for the
number of immigrants that enter the population at time Sy. We assume that {/;}72,
is a sequence of independent and identically distributed r.v. with a p.g.f. g(s) =

. d
E[s"] = Y2 gis', |s| < 1.Lety = E[I] = 8) |s=1 be the immigration mean
S
_ . d’g(s)
and introduce the second factorial moment y, = ———[,=1 = E[li(lx — 1)].

Upon arrival, every immigrant initiates an age-dependent branching process. This
process describes the lifespan of every cell by a non-negative random variable n with
c.d.f. G(t) = P{n < t},t > 0. Upon completion of its lifespan, every cell produces a
random number of offspring, say &, with conditional probability generating function
(p.g.f.) given on the cell is of age u

o
h(u,s) = Zpk(u)sk, h(u, 1) =1, |s| < 1.
k=0

We assume that every cell evolves independently of every other cell and that the
collection of trees initiated by the immigrants are mutually independent.

The evolution of the process is governed by the joint distribution of (1, §). They
need not be independent, in which case the above assumptions define a Sevastyanov
branching process with immigration. It reduces to a Bellman—Harris process if the
random variables 7 and & are independent; that is, if A(u, s) = h(s).

Let, for every t > 0, Z(f) denote the number of cells at time ¢ in the population
for the process without immigration and started from a single cell at time ¢t = 0.
Sevastyanov [27] showed that the associated p.g.f. F(t;s) = E[s*?|Z(0) = 1]
satisfies the non-linear integral equation

F(t,5) = s(1 —G()) + /th(u,F(z‘— u,s))dG(u) 9.1
0

with the initial condition F(0,s) = s and under mild regularity conditions this
equation admits a unique solution in the class of the p.g.f.
Define the moments of the offspring distribution:

_ 0h(u,s)
T Os

02h(u, s)
0s2

a(u) . b)) =

s=1

s=1

a:/O a(u)dG(u), and b:/O b(u)dG(u).
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o

and let u = E[n] = / xdG(x) denote the expected life-span of any cell. These

0
characteristics are assumed to be finite. The Malthusian parameter « is the solution
to the equation

/00 e “a(x)dG(x) = 1.
0

This paper is concerned with the supercritical case a > 1, where a always exists
and is strictly positive.
Define the moments
A(1) = E[Z(1)|Z(0) = 1], 1 = 0,
B(t,t) = E[Z(t)Z(t + ©)|Z(0) = 1], t =0, T >0,
B(1) = E[Z()(Z(1) — D|Z(0) = 1] = B(1.0) = A(1). 1 = 0,
V(t) = Var[Z(1)]Z(0) = 1] = B(r) + A(r) — A%(t) = B(1,0) — A(t)?, t > 0.
Throughout, we shall assume that G(¢) and G (1 = fot a(u)e™*"dG(u) are non-

lattice distributions. Then, A(7) satisfies the asymptotic approximation as t — oo
(291,

IS e (1 — G(r))dt

A() = A (1 +0(1)), A= . 9.2
0 = A1 +o()). 4= rn e 9.2)

If, additionally, fooo b(u)e™*"dG(u) < oo, then as t — 00,

A2 [ b(x)e 2 dG(x)
B(t,7) = Be*" (1 + o(1)), B = 9 : 9.3
(,7) = B0 o), B= {—ho et 0
Therefore, as t — oo, B(f) = Be**'(1 + o(1)),

V(t) = B(1,0) — A(1)> = Ve*(1 4+ o(1)), V =B—A% 9.4)

Let {Y(f),t > 0} denote the number of cells at time 7 as described by the process
with immigration. Unless G(¢) is an exponential distribution, this process is non-
Markov and can be studied by means of integral equations. It satisfies Y () = 0 as
long as I1(f) = 0, and, when I1(¢) > 0, it can be decomposed as

17([) I

Y@ =y Yz -5y,

k=1 I=1
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where Z®&0(#), 1 = 1,...,I; and k = 1,2---, are i.i.d. copies of {Z(f)};>o started
with a single ancestor cell at time Sy.

When {U;}2, are i.i.d. exponentially distributed r.v. with c.d.f. Go(x) = P{U; <
x}=1—e ™, x>0, [1(f) reduces to an ordinary Poisson process with cumulative
rate R(f) = rt, and Y () is an age-dependent branching process with homogeneous
Poisson immigration. This process was investigated by Yanev [31].

Introduce the p.g.f. ¥(t;s) = E[s"?|Y(0) = 0]. Yakovlev and Yanev ([34];
Theorem 1) proved that ¥ (z; s) admits the expression

t
w6 = exp |~ [ = = P ©3
0
where F'(u; s) satisfies the integral equation (9.1), and it satisfies the initial condition

¥ (0, s) = 1. Define the moments of the process with immigration

v (t;s)

M(@) = E[Y(]Y(0) = 0] = —~

s=1

. 02U (t;5)

Ma(o) = EY(O)(Y () = DIY(O) = 0] =

s=1

W (1) = Var[Y(#)|Y(0) = 0] = Ma(1) + M(1)(1 — M(1)).

We deduce from Eq. (9.5) that

M@) =y /Orr(t— u)A(u)du, (9.6)

M, (1) = y/o r(t — u)B(u)du

+ [y /Of r(t— u)A(u)du]2 + 2 /Ot r(t— u)Az(u)du,

t
W = [ - 0hVe + 0 + A wl ©.7)
0
To derive expressions for the covariances, define the joint p.g.f.

W(si,50:1,7) = E[s] 2T |y(0) = 0], 17> 0.
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Using the same line of arguments as Yakovlev and Yanev [34] to prove identity (9.5),
we find that

W(sy,s2:1,7) = exp{ — /tr(u)[l — g(F(s1,82;t—u,7))]du
0
t+t
—/ r(w)[1 —g(F(1,s2;t, 7 —v))]dvy, (9.8)

where F(s1,$2;t, 1) = E [sf(r)sg(rﬂ)] is well determine by Eq. (22) in Sevastyanov
[29], Chap. VIIL.8, as follows

+0
F(sy,s0:t,7) = / h(u; F(sy,80;t—u, 7))dG(u)
+740
+ 5 / h(u; F(s2,t + 7 — u))dG(u) + s152(1 — G(t + 1)).
t

+0

For the covariance

02log W (sy,52:1,T)
8s,-8sj

C(t, ) = Cov[Y(1),Y(t+ 7)] =

s1=s=1

we deduce from Eq. (9.8) that
C(t,t) = / r(w)[yB(t — u, t) + y2A(t —u)A(t + t — u)]du, 9.9
0

with the initial condition B(0, ) = B(7).

9.4 Asymptotic Expansions for the Moments

Lemma 9.1 Let a(t) and b(t) be nonnegative functions defined on [0, 00). Assume
that a(t) is bounded, lim a(t) = a < oo and fooo b(t)dt = b < oo. Then
—>00

t
lim / a(u)b(t — u)du = ab.
—>00 0
Proof We have, for every 0 < A < 1, that

t At t
/ a(u)b(t — u)du = / a()b(t — u)du + / a)b(t —u)du = 1,(t) + L(1).
0 0 1

A
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Note first that, for large enough ¢,

t

Ii(t) < max a(u) b(u)du — 0, t— oo.
O<u<At 1(1—A)

and, for every ¢ > 0:

1(1—A)

t(1—-A4)
(@—e) /0 budu < 1(1) < (a + ) /0 b(u)d,

which completes the proof.

Proposition 9.1 Define 7:(a) = fot r(u)e™*"du and assume that
lim 7 () = Fa) < co.
—>00

Then, as t — 00, we have that:

M(f) = Ayr(a)e* (1 + o(1)),
W(r) = ¥#Q2a) [yV + (v + y2)A%] (1 + o(1)),
C(t,7) = " 32a) [yB + 124%] (1 + o(1)).

Proof Manipulating Eq. (9.6) leads to

t
M(t) = ye‘”/ r(t — w)e A (u)e ™ du.
0

O. Hyrien et al.

(9.10)

©.11)
9.12)

(9.13)

Using Eqgs. (9.2) and (9.10) and applying Lemma 9.1 we obtain as t — oo

t
/ r(t — w)e A () e du — AF(er).
0

The above convergence obviously establishes (9.11).

To prove the asymptotic behavior of the variance W(¢), we use Egs. (9.2), (9.4)

and (9.7) to obtain

"rt—u u 2(u
W(t):ez‘”/o (e )|:yv()+(y+yz)A():|du.

o2 (t—u) 2o e2ou

Applying Lemma 9.1 again and using (9.10) leads to (9.12).
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Finally we deduce from Eq. (9.9) that

Cit,t) = /Ot r(u)[yB(t —u,t) + y2A(t — w)A(t + © — u)]du

_ et /t @ |: B(t—u,1) At—u)A(t+ 7 — u)i| .

et +2a(t—u) y2 et (t—u) e (t+1—u)

0 620114

Now Egs. (9.2), (9.3) and (9.10) and Lemma 9.1 lead to (9.13). O

Remark 9.1 Condition (9.10) is fulfilled if (1) = L(¢)# for some s.v.f. L(f) and
some constant 6 € R, or, more generally, if (r) = O(e”") for some constant p < .

Proposition 9.2 Assume that r(t) = re”, r > 0 and p > 0. Then, as t — 00,

(i) M(1) = yrA(p)e” (1 +o(1), ifp > o, A(p) = [° e P~ "A(u)e " du <
o0;
(ii) M(f) = yrAte® (1 + o(1)), if p = «;

(iii) M(1) = AL’peM(l +o(l)), ifp <a.

Proof In case (i), we deduce from Eq. (9.6) that

t
M(t) = )/re’”/ e P A (1) e du.
0

Since A(u)e ™" — A as u — oo (see Eq.(9.2)), and p — a > 0 the above integral
converges to the constant AA(,o) = fooo e~ P=UA (u)e~*du. This completes the
proof.

To prove the result stated in case (ii), we write

t
M) = )/re‘”/ A(u)e *"du.
0

Since A(u)e™" — A as u — oo, then [j A(u)e *"du ~ At ast — oo, which
completes the proof.
Case (iii) follows from (1.11) with 7(ex) = ﬁ. O

Proposition 9.3 Assume that r(t) = re”, r > 0 and p > 0. Then, as t — 00,

(i) W) = We' (1 + o(1)) if p > 2a,
W= r/ ) e lyVw) + (v + y2)A* (w)du;
0

(ii) W(t) =rlyV+(y + Vz)Azz]tezm(l +o(1) if p =20
(i) W) = r[VVJrZ(EV_Jr Y2)A ]eZar(l +o(1))

if p < 2a.
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Proof In case (i), we use Eq. (9.7) to write

W(t) = re” /Ote_(p_za)“[yV(u) + (y + y2)A%(w)]e™**"du. 9.14)
It follows from Egs. (9.2) and (9.4) that

[YV@W) + (v + A2 W)] & — [yV + (v + n2)A% ] u — <.

Since p > 2, the integral in Eq. (9.14) converges. This completes the proof of (i).
In case (ii), where p = 2, we have

W(t) = re®™ /T ey V(u) + (y + v2)A2(w)]du
0
~ rlyV + (y + y2)A%te* (1 + o(1))

as t — 00, and the result follows.
In case (iii), where p < 2, we have

YV + (v + y2)A%e* ™ du

Ly Ve —w) + (v 4 y2) AN — w)]
W = /0 TV (o %yt

o2 V= 10) + (v + ) AN~ w)]

= rlyV + (y + y2)A%e™™ / du.
AR ARC L BV O + yAZlem
0 1 V(t A%(t
Since [ e7*Vdr = TAdU Al ”3 2( ),] — las? — oo, the
0 20 —p  [yV+ (v + y2)A%e?
result follows by Lemma 9.1. O

Proposition 9.4 Assume that r(t) = re”, r > 0 and p > 0. Then, as t — 00,

(i) C(t,7) = Cre® ' (1 4+ 0(1)) ifp > 2a,

C= /°°e—<p_2a>u [yB(u,r) N A(u)A(c+u)} .
0

et +2au 2 e po(t+u)

(ii) t(t, 7) = r[yB + 1A% T2 (1 + o(1)) if p = 20

B A?
(i) C(t,7) = %emﬂma +o(l)) ifp <2

Proof We obtain from Eq. (9.9) that

Clt.7) = reat+2pt/te—(p—2a)u [y B(u, 1) n A(u) A(t + u)} di,

0 et 20w 2 e po(t+u)
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In case (i) as u — oo, we deduce from (9.2) and (9.3) that

B(u, 1) A(u) A(t + u) ,
[ et +20u + 1 et po(Ttu) — yB+ A (9.15)

Since p > 2«, C is finite which completes the proof.
In case (ii), we deduce from Eq. (9.15) that

/’ [ B(u, 1) n A(u) A(t + u)
0

et 20w 2 e po(t+u)

} du ~ [yB + A%,

as t — oo, which completes the proof of (ii).
In case (iii), we deduce from Eq. (9.9) that

' B(t—u,7) A(t—u) A(t + 1 —u)
_ ou S ot +20(t—u)
Cit,t) = /(; re [ et 2a(—w) V2 oo (i—u) e (T+i—u) i| e du

e te(p_wu B(t—u, ) At —u)A(T +1—u) du
- o et +20(t—u) y2 et (t—u) e (t+i—u) :

© 1 B(t, A A t
Since / P2 g = T and [y (¢.7) + 7 ()ﬂ} — [yB +
0 @ —p

eot+2at et ea(t+1)
y»A2], as t — oo then the result follows by Lemma 9.1. O

9.5 Limit Theorems

Theorem 9.1 Assume that 7(a) = lim,— o0 7 () < 00. Then, ast — o0,

£ = YW/M@) S ¢,
where { is a random variable with expectation E¢ = 1 and variance
Var(¢) = 72e) [yV + (v + r)A?] [Ayi(@)] .
Proof Note first that E[{ ()] = 1. Hence, it is sufficient to prove that
Alt,t) = E[L(t+ 1) — ()] — 0ast — oo,
uniformly for ¢ > 0. We have

A(t, ) = Var[l(t + ©)] + Var[¢(£)] — 2Cov[E(2), L (¢ + 7)] (9.16)
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where
W@ _ C(t, 1)
Var[¢ (1)] = 0 and Cov[{(?),l(t+ 7)] = M—(t)M(t et (9.17)
As t — 0o, we deduce from Eqgs. (9.11)—(9.13) that
_EQ2a) [yV + (v + y2)A?]
Varl¢ (1] = Ay i@ o (1+0(1))
= 720) [yV + (v + A’ [AyP@)] 7 (1 + o(1)).
_U52a) [yV 4 (v + 12)A?]
Var[((t+ 7)) = Ay o) 200 (14 0(1))
= 72a) [yV + (v + A’ [AyP@)] > (1 + o(1)),
_eTP(2a) [yB + y2A7]
Corle0:8(e+ D = — e e (1 0(1)
= 720) [yB + y2A2] [Ay#(@)] > (1 + o(1)).
The result stated in the theorem follows using the fact that V 4+ A> — B = 0. O

Theorem 9.2 Assume that r(t) = re” with p > o and r > 0. Then, as t — o0,

¢) = Y /M) 251 and ¢() 25 1.

Proof Assume first that p = «. Then p < 2«, and we deduce from Proposi-
tions 9.2.(ii), 9.3.(iii), and 9.4.(iii), as t — oo, that

M(f) = yrAte® (1 + o(1)), (9.18)

W) = 5 [PV + (r + 1A% (1 + o (1)), 9.19)
a—p

C(t.t) = r[yB + 1A*] e T2(1 4 o(1)). (9.20)

Note that E[¢(¢)] = 1. We deduce from Egs. (9.18)—(9.20), as t — oo, that
HyV + (v + y2)A e
(Qa = p)(yra)yPe™

YV + (v + y)A%)e? o
Qo — p)(yrA)* (1 + 1)%e2(+0)

Var[¢ (1)] = (1+o(1)) = 0(7),

Var[£(t + 7)] = (I+0(1)) = 0@,
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}’[)/B + )/2A2]ear+2at
Qo — p)(yrA)?1(t + t)eat 2

Cov[Z(n). Lt + )] = (1+0(1)) = 0.

Now the first relation follows from E[¢ ()] = 1 and Var[¢(f)] — 0 as t — oco. Next,
Egs. (9.16), (9.17) and the above three identities imply that

At 1) i= E[L (1 + 1) = L)) = 0(7),

uniformly on t > 0, as t — o0.

Hence, fooo A(t, t)dt < oo, and Theorem 21.1 in Harris [7] entails that ¢ (¢)
converges almost surely to 1.

The proofs of the remaining cases are similar. The result follows from the
asymptotic behavior of A(z, 7):

o(™?) ifp=«
O(e2@=P ifq < p < 2
o)  ifp=2«a
O(e™") if p > 2a.

At 1) =

O

Remark 9.2 Theorem 9.2 can be interpreted as a SLLN. Hence one can conjecture
a CLT.

Theorem 9.3 Assume that r(tf) = re” with p > a and r > 0.

Y(@t) —M(t

M —d>N(O,1)ast—> 0.
VW()

(ii) If p > 2a, then X(t) LN N(0,0%) ast — oo,

where 62 = 1 — yrA(p) {r/ooo e lyV(u) + (v + y2)A%(w))du

(i) Ifa < p <2« then X(t) =

-1

Proof Define the characteristic function ¢,(z) := E[¢™X®]. It follows from the
definition of X(¢) that

0(z) = e_iZM(T)/«/WlI/(t; eiz/\/W),

where ¥ (t; 5) := E[s"®|Y(0) = 0]. Next, we deduce from Eq. (9.5) that
t
log¢i(z) = —izM(t)/ v W(1) — / r(t—w)[1 — g(F(u; ¥V 0))du.
0

Note that, as s — 1,

1—g(s) ~ y(1 —9) —y2(1 —5)°/2,
1 —F(u;s) ~ Au)(1 — s) — B(u)(1 — 5)*/2.



164 O. Hyrien et al.

and, asx — 0, 1 — e“* ~ —cx. Therefore, as t — o0,

log (z) ~ —izM (1) / v W(1) (9.21)
- /t r(t — w){y[l — F(u; /YD) — o[l — F(u; &/ YVO1 1 22,
0

Ast — oo,
1 — F(u; e/VV0y ~ Au)(1 — /YY) — B(u)(1 — €7/VV D)2 /2
~ —izA(u)/ /W (t) + 22B(u)/ /W(1) /2.

Hence,

o) = [ =) {11 = Fla 0] a1 — Fus VSO 2 d
~ —izy /t r(t — wAu)du/ W (t) + (2/2)y /t r(t — u)B(u)du/W(t)
0 0

+ (12/2))/2/ r(t — w)A*(u)du/ W (r).
0
Now using (9.6) and (9.7) one has as t — oo,
D) ~ —izM (1) /W) + (Z/2)[1 = M(2)/ W(2)].
Hence one gets from (9.21)
log ¢:(z) ~ —(22/2)[1 — M(0)/ W(1)], t — oo. (9.22)

As t — oo, we deduce from the asymptotic of M(¢) and W(z) (see Sect.9.4) that

M()/W(t) - Owhen o < p < 2« and M(1)/W(t) — %(p) when p > 2a. Then
2 _ rA(p)

o-=1-— % ,
Therefore, returning to Eq. (9.22), we finally obtain that lim,—co ¢;( 2) = €7° /2

foro < p < 2« and lim,—o0 ¢;(2) = e20%/2 for p > 2« which are characteristic

functions of normal distributions. Assertions (i) and (ii) follow by applying the

continuity theorem [5]. O

Remark 9.3 Recall that the relation

X(1) = [Y(1) — M(1)]/ VW (@) - N(0,02) as 1 — oo

is often presented as Y(¢) € N(M(t),c>W(t)) and one can say that Y(¢) has asymp-
totic normality with a mean M () and a variance o> W(t). Then from Theorem 9.3
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using Propositions 9.2 and 9.3 one can obtain the following relations which give
more convenient interpretation for the rate of convergence:

(a) If p = « then Y(£)/te™ € N (yrA

* (2o p),z)

(b) Ifa < p < 20 then Y(1)/e” € N (yrA(p), mezm—p)t),

(c) If p =2 then Y(£)/e**' € N ()/rAA(Za), Kte_z""),
(d) If p > 2a then Y(£)/e” € N(yrA(p), o2 We "),
where K = r(y + (y + y2)A?) and W = r [~ e ™[y V(u) + (v + y2)A*(u)]du.

Note that these relations are also useful for constructing of asymptotically

confident intervals.
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Chapter 10
Crump-Mode-Jagers Branching Process:
A Numerical Approach

Plamen Trayanov
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10.1 Introduction

The Crump-Mode-Jagers branching process or also called General Branching
Process (GBP) describes a population in which each woman could have random
life length and random intervals of time between each birth (see Jagers [5]). All
individuals are assumed to have the same birth and death distributions regardless
of the time. The expected population count for such branching process satisfies a
specific renewal equation. Its theoretical solution is given by renewal theory. As
explained in Mitov and Omey [8] the solution is a convolution of two functions,
one of which is the renewal function, which is an infinite sum of convolutions
with increasing order. Calculating even one of the terms in this sum numerically
is computationally heavy and very time consuming. To make things worse, in order
to find the expected future age structure we need to solve a 100 renewal equations—
one for each age. It is preferable to use a more suitable numerical method for solving
the renewal equation in order to reduce computation time. Some examples of such
numerical methods can be found in [1, 4, 9, 13].

This paper presents a numerical approach for projecting the population age
structure based on the theory of General Branching Processes that consists only
of simple matrix multiplications and solves all the required renewal equations at the
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same time. A special case of this numerical method turns out to be the Leslie matrix
projection, widely used in demographics. The estimation error of the expected total
population count, calculated using Leslie matrix is proved to be of order O(%) and
the estimation error for each particular age interval—of order O(h?). The result
justifies the use of Leslie matrix in demographics. From another point of view
the Leslie matrix projection turns out to be a very effective numerical method for
solving renewal equations.

Section 10.2 reviews the definition of GBP and some of the results presented
in Jagers [5]. Section 10.3 reviews a GBP that is relevant for human population
and some theoretical results are derived. The Appendix reviews two examples. The
first example shows the application of the numerical method for projecting the
population of Bulgaria given the current age structure. The second example shows
the application of this numerical method for solving renewal equations.

10.2 Preliminary Results

For consistency, the notation used in this paper is the same as in Jagers [5].

Let I be the set of all n-tuples of non-negative integers for all n. This is an index
set for individuals in the population. The GBP presented in Jagers [5] assumes the
process starts from a single individual denoted by (0). The woman (0) is assumed
to have age 0 at time ¢ = 0. The n-th child of x € I is denoted by (x, n).

We denote by & a point process defined on RT and j(A) = E(£(A)), where A is
a Borel set in R™. The individual (x,n) € I exists if £,(c0) > n. The point process
models the births of a woman.

Let A, be a random variable that models the life length of the individual x and
&, be a point process of a woman x. For each x € I is defined a couple (4,, &) and
these couples are assumed to be independent and identically distributed. This means
the distributions of £ and A are time invariant.

Let t(k) = inf{t : &/(f) > k} be the age of birth of child (x,k). Let 0, =
©0(j1) + 7, (j2) + ... + TGi.uor) (), Where x = (i1, ..., jn) and g = 0.
Definition 10.1 The GBP is defined as z/ = Y_ z%(x), where z7(x) is an indicator

x€l
variable for the event that the individual x is alive and younger than a > O (or at age

a) at time ¢ > 0:

B 1, whent—a <o, <t<o,+ A,
7/ (x) = ,
0, otherwise.

At time ¢, the oldest individual is younger than #, so we can write z; = z{, when
a > t. Note that the above definition includes individuals which age is exactly a in
the branching process z/, as opposed to the definition presented in Jagers [5].
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Let u(f) = p([0,1]) for t > 0, F(s) = E(s5©), |s| < 1, L(t) = P(A, < t) and
S(f) = 1 — L(7). This latter denotes the survival probability function. It is known
(see Jagers [5]) that if F(s) < oo, |s| < 1, then m; = E(z,) < oo, for all ¢, moreover
m{ = [E(z7) satisfies

m¢ = ljq ({1 — L()} + /m,”_u 1 (du). (10.1)
0

When a = oo it is skipped in the notation.

The theoretical solution of Eq. (10.1) is provided by renewal theory (see Mitov
and Omey [8]). If we have an analytical expression for the functions S and p then
sometimes it is possible to find the theoretical solution of this equation but, in
general, this is not the case. In the case of human populations the functions S and
1 could be estimated from empirical data using smoothing splines and thus not
have a decent analytical expression. Moreover, in practice, the theoretical functions
that were researched as models of the mortality distribution in practice do not fit
the data well enough and have some fitting problems due to the large number of
parameters (a very impressive theoretical model of mortality can be found in Mode
[7]). But even if we assume some analytical expression for the functions S(7) and
(1), solving the renewal equation could be very difficult. Another problem arises
from the need to forecast not only the total population but the age structure too.
If we have 100 age intervals (0-1, 1-2, ..., 99-100), then in order to calculate the
age structure we need to solve 100 equations, substituting @ = 1,2,3,...,100 in

Eq. (10.1) and then taking the differences m*! —m¢.

10.3 Results

Let 5z, be a branching process started with a woman aged b at time ¢ = 0, & be the
point process, 1 be the expectation of the point process and ;S be the survivability
function. We have that ,u(r) = E(&(t + b) — &(b) | A > b),t > 0 is the expected
number of children that a woman has after age b if she has survived to that age and
»S(t) = P(A > b+t | A > b) is the probability she lives ¢ years after age b if she
has survived to age b. Let ,z{ be the number of individuals younger than a at time ¢,
that corresponds to a woman at aged b fort = 0. If a = oo and b = 0 we will skip
a and b in the notation.

Theorem 10.1 Let 1y, (t) be an indicator function such that 19,4 (t) = 1, if
tef0,a—>b], witha—b=>0,and ljp, () =0ifa—b<0ort>a—b.
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If F(s) < oo,|s| < 1, and S(b) > 0, then ym;, = E(pz;) < o0, for all t, and
the expected number of individuals who are younger than a at time t (or at age a),
started with a woman at age b at time zero, ym; = E(,27), satisfies

t

sy = pS()1j.a—p) (1) + / my_, piu(du), (10.2)
0

where ,S(t) = S(Sb(:)t) denotes the probability that a woman at age b to survive b + 1,

pi(t) = W is the expectation of that point process and m{_, is the solution
of the previous Eq. (10.1).

In addition if S(t) and u(t) are twice differentiable on t, then ,m{ is twice
differentiable both on t for t # a — b and on b for b # a. If a = oo then ym,

is twice differentiable for all t > 0.

Proof The proof is quite similar to the proof of Eq. (10.1) presented in Jagers [5] but
note that the life-length of the first woman (0) and the point process have different
distribution from the ones of her children. The first woman at age b at time 0 has

£o(f) children in the interval [0, 7]. Let 2"

—2(n) denotes the branching process of the

€o(1)
n-th child of this woman (0). Then we have that ,z¢ = ,z%(0) + zE"_]Z(n). This sum
n=1

is finite and if we use the linearity of expectation we obtain

&o(1)
hm? = EbZ? = P(bZ?(O) = 1) + E ZZI[‘VL]?(VL)
n=1

t

=P(z () =1) +E / % So(du)
0

t

= pS(O1j0.a—p) (1) + / my_, pit(du),
0

where pu(u) = E&§o(u) = E(§(u + ) —§(b) | A > D).

If S(r) is twice differentiable and b is such that S(b) > 0 then ,S(¢) = S(S’(t)b )
is correctly defined and twice differentiable both on # and on b. We have that
pi(t) = W, consequently, if wu(f) is twice differentiable then ,u(z) is
twice differentiable both on # and on b. We have that the convolution of two twice
differentiable functions is also twice differentiable, hence, m{ as a solution to the
renewal equation (10.1), is also twice differentiable on r when r # a. Due to
the term 1,4 (¢) in Eq. (10.2), we have that ,m{ is twice differentiable on ¢ for
t>0,t# a,t # a—b.If we set a = oo, then it is twice differentiable for all # > 0.
We also have that due to the term 1o .4 () in Eq. (10.2), ;m{ is twice differentiable

on b, when b # a. O
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Let w be the maximum age of the life table, i.e. P(A > w) = 0. In other words,
it is the maximum age that a person can live.

In order to introduce the age structure, it is needed to separate the population
by age groups using intervals with length 4. We can assume the maximum age
o is multiple of h. Let N;(bh; (b + 1)h] be the number of women in the age
interval (bh; (b + 1)h] at time ¢, i.e. the population age structure. For example, if

the branching process started with one woman of age O at time 0, then we have
w/h—1
= N,[0; h] + Z N,(bh; (b + 1)h] and N,(bh; (b + 1)h] = 2" — bk,

The followmgb theorem shows that the expected age structure at time ¢ + & can
be calculated from the expected age structure at time ¢. The theorem holds for
branching processes starting with one or finite number of individuals at different
ages (including random ages at time 0).

Theorem 10.2 Let the conditions of Theorem 10.1 hold. Let S(t) and j4(t) be twice
differentiable on R and j1(t) = 0 fort < 0. Let ,ju” (t) be a bounded function of t and
u and S (t) a bounded function of t. Then the following numerical approximation
holds for h — 0:

E (Nen((b + D (b + 2)h]) = E (N;(bh; (b + 1)) - [mS(h) + O],
w/h—1

E (Ni4a[0; 1)) = D ENi(bh; (b + D)) - ppe(h) + E (N [0; 0]) - O(R?),
b=0

where b is an integer, b > 0.
As alternative

w/h—1

E (Ni4a[0; 1)) = D [EWN,(bh; (b + DA]) - s (0)h] + E (N, [0; 0]) - O(K?).
b=0

The constant in the error terms O(h?) does not depend on the choice of b.

Proof Let u > 0. By substituting ¢ = h in Theorem 10.1 and using the rectangular
approximation of integrals, we can calculate the expected number of newborns and
the expected number of individuals at age u that will survive to age u + h:

h h
it = WS Lo png () + / mh (dv) = / —)
0 0
— o - () — i (0)) + OP) = wpa(h) + O().
h h
I = WS 1o () + / e (dv) — / o (dv) = LS(h).
0 0

(10.3)
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Note that ,m? = ,m for every h < b < u + h so the number of individuals in the
age interval (h, u+ h) is 0, i.e. after time & we can only have individuals at age u + h
or age [0, A].

From Taylor’s theorem, it follows that the error term O(h?) in Eq. (10.3) has

the form [—mﬁl_g “ult (&) + mp—¢ - uM"(C)] . % The term , ;" (£1) < sup,u” (v) is

bounded by some constant independent of u. The function ,u/(v) is also bounded
due the fact that its derivative is bounded so the term ,u’({) is smaller than some
constant independent of u. This means |umZ — ut(h)| < Ch?, where the constant C
does not depend on u and A.

Letb > hand u € [b,b + h) sou — b as h — 0. By using the Taylor’s formula
we have

plu+h) — @)  pb+h) —wub)

ubt(h) — ppu(h) =

S(u) S(b)
_ SO wh — S (b)h + O(h?)
B Su)S(b)
_ SO (u) = Su)p' (b)

-h+ 0(h*) = 0(h?)

S)S(D)
and

JS() — yS(hy = S EWSO) = SG + WS

S(u)S(b)
_ S+ h) = S@)]S®) =[SO + h) — S(b)]S(u)
N S(u)S(b)
_ S w)S®b) =Sw)S'(b) + oh*)
= WS G) -h = O(h?).

This means for u € [b, b + h) we have

), = pp(h) + O(h?),
i — =, S(h) + O(h?).

The constant in the error terms O(h*) does not depend on u and & due to the fact
«4" (v) and S” (v) are bounded.
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Let n; € (bh,(b 4+ 1)h] be the ages of the individuals inside the age interval
(bh, (b + 1)h] and denote their distribution functions by F,, for each i. Then,

b+2)h b+1)h (b+2)h (b+1)h
E(mzz " mzz ) ) = E[E (mzh " 1i<h ) | 77:')]

(b+Dh (b+1)h
b+2)h b+1)h
= [ () aE = [ ) a0
bh bh
(b+1Dh

JS(h) dF, () = piS(h) + O(R?),

bh
(b+1)h
E (yz) = E[E (52, | m)] = / umyy AF (u) = pjr(h) + O(R?).
bh

The number of individuals at age within (bh; (b 4+ 1)h] who survived after time
his

Ny (bh; (b+1)h]
EWNaa(b+ DE(G+2H) =E Y (™" = 40"

i=1

= E (N,(bh: (b + D)) - (S(h) + O(h?)).
and the number of individuals that were born during that time is

w/h—1 Ny (bh;(b+1)h]

EWNsl0sh) = Y E > 47

b=0 i=1
w/h—1

= D [E@i®h: (b + D)) - (e () + O())]

b=0
w/h—1

= Y (EN(bh: (b + D) - e () + E N,[0; 0]) - O(R?).
b=0

If we assume u to be twice differentiable then

onit(h) = gt (0) + pu ' (0)h + O(H) = ' (0)h + O(K?),
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from it follows that

o/h—1
E (Ni4n[0; 1)) = D [E(N,(bh; (b + D)) - pupt/ (0] + E (N,[0; 0]) - O(K?).
b=0
O
Let us introduce a matrix notation to lighten the notation:
Cop(h) ppe(h) ... w—nft(h) w—njt(h)
oSth)y 0 ... 0 0
A= 0 wSh) ... 0 0 ,
) 0 ...o-2uS(h) 0 exe
h ™ h
(ot (0)h 1" (O) ... 2npt (0)h ot/ (0)R2
oS(h) 0o ... 0 0
B = 0 wSh) ... 0 0 ,
L 0 0 ... o—S(h) 0 wyo
E (N:[0: A]) o) 1
E (N;(h; 2h)) o(h?)
[EN.] = . Jot) = . and [1] =
L - :
E(N(w — h; w]) o1 o(h?) o1 1 2x1

Corollary 10.1 Let us substitute h = 1,k = 1 in Theorem 10.2 and assume a
woman can only have one child in each age interval (b; (b + 1)]. Let p, denote
the conditional probability of a woman giving birth at certain age within the age
interval and sj, denote the conditional probability of a woman surviving to the end
of the interval if she is alive at the beginning. Then, the expected number of children
that a woman has in the age interval is (1) = 1-pp+0-(1—pp) = pp, pS(1) = sp,
and the matrix A has the following form:

PopP1 ... Po—2 Pw—1
st 0... 0 0
A=|0s... 0 0
00...502 0]

This matrix is also called Leslie matrix in demographics and it is used for projecting
human populations (see Keyfitz [6]).
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Theorem 10.3 Let the initial population at time t = 0 be composed of finite number
of individuals on random ages that have absolutely continuous distributions. Let
E (No[0; A]), E (No(bh; (b4 D)h)), for b = 1,...,(w/h — 1), be the expected age
structure of the population at time t = 0. Let the conditions of Theorem 10.1 hold
and let . (v) be bounded on [0,1)* and S"(v) be bounded on [0, t]. Then for all
k < t/h we have

[ENw] = A* - [ENo] + [O(H?)],
[ENw] = B - [ENo] + [O(h?)]

and the total population count is

[1]7 - [ENu] = [1]7 - A* - [ENo] 4+ O(h),
[1]7 - [ENw] = [1]7 - B* - [ENo] + O(h).

Proof Theorem 10.2 could be written in matrix form as [EN;] = A-[EN,—]+ [Ei—1],
where [E,_;] is the error term. If we apply Theorem 10.2 recursively ¢/h times we
obtain

[EN,] = A% - [ENo] + A" [Eo] + ... + A[Ei—an] + [Eo—n]. (10.4)

where [Ep;] are the error terms.

We will see that the error [EN;] —Abi- [ENo] in Eq. (10.4) is actually [O(h?)]. From
Theorem 10.2 it follows that each element of the absolute error [|Ey;|] is bounded
by the corresponding element in the vector [E};"]:

E (Npi[0; @]) - Ch?
E (th [Oa h]) . Ch2 max
1Ew]] < . = (B,

E (Npw(w — 2h; 0 — h]) - Ch? oy
h
where the constant C does not depend on the choice of b or A.
From the finiteness of the functions ,m’'(h) and ,S(h), it follows that there exists
a matrix A,,,; such that each element of the matrices A and B is smaller than the
corresponding element in matrix A,q:

Mh Mh ... Mh Mh
1 0...0 0

Apax = . ’

=
X
=k

where M is a constant.
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Because of the continuous distribution of the point process &, the ages of the
descendants of each woman in the population are absolutely continuous random
variables. If the ages of the initial women at time ¢ = 0 are absolutely continuous
too, then all the individuals in the population have absolutely continuous random
ages for every ¢, i.e. E (N,[b; b + h]) — 0 for every b and ¢, when h — 0.

It is obvious that A [|Epp|] < Amax [E};"], where the comparison is element-wise.
If we multiply recursively AX - [Ef®] = A - A%-1. [E7"*] and use that

E (Npn[0:h]) + ... + E (Non(@ — (k + Dh: o — kh]) < E (Npu[0: @]) ,
then for k < w/h,

E (Npi[0; w]) 2Mh(Mh + 1)K!
E (Npy[0; w]) 2Mh(Mh + 1)k2

Al - [ERE] < CH - I (N [0; ;u]) (2Mh) ,
E (Np[0; 2])

| E (Npn(w — (k + 2')h; w — (k+ 1)h)) | ’
and fork > w/h

E (Npu[0: @]) 2Mh(Mh + 1)*!
AL B < o E (Npi[0; ]) 2Mh(Mh + 1)F2
ey 1 = . _

max

E (Np[0; w]) 2Mh(Mh + 1)k=e/" ex1
Then for k = t/h we have Mh(Mh + 1)""~' ~ Me™ - h — 0 as h — 0. In addition,
IE (N,[0; w]) is finite for every b < t and E (N,[a; a + h]) — 0 for every a < w and
b < t,as h — 0. Consequently there exists a constant C, independent of b, and h
(but dependent of 7) such that each element of vector AX, - [En%] is less than Ch?,
k=1,...,@t/h—1).

If we sum all error terms in Eq. (10.4) we obtain that every element of the
absolute error |[A7 ' [Eg] 4 ... + A[E,—an] + [Ei—s]| is smaller than P Ch3 = O(h?)
for some constant C hence

[EN] = A" - [ENo] + [O(h)].
If we sum all of the different ages (their count is w/h) we obtain

[1T[EN,] = [1]T - A" - [ENo] + [1]T - [O(h*)] = [1]T - A7 - [ENo] + O(h).
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If we fix the period ¢ and decrease #, the error of the formula above tends to 0.
However, note that the error term depends on z. If we fix & and increase ¢, then the
approximation error increases. O

Theorem 10.4 Let Ny[0; +00) = Ny[b; b] = 1, i.e. we only have one individual at

time zero and her age is b. Then, for everyk = 1,...,t/h,
o
k
o (h) win(h) ... o—onp(h) w—npe(h) :
oS(h) 0 ... 0 0 0
P = [1 1]1x&' 0 St ... 0 0 1 +0(h),
B z 0
0 0 ...o—20S8h) 0 oo :
0 w
L le

where the only non-zero element in this vector is on position b/h + 1, corresponding
to the age interval (b, b + h]. As alternative we can also use matrix B instead of A
for approximation.

Proof In this case the branching process starts with an individual at exact age
of b. If we consider a similar branching process starting with an individual of
age 1 € (b, b + h], continuously distributed in the age interval, then we can apply
Theorem 10.3. We know that ,m; is a continuous function of b, so E,m, =
My + 0(/’1) O

Corollary 10.2 If we consider a branching process starting with an individual
of age 0 then by applying Theorem 10.3 we obtain the solutions to the renewal
equations (10.1) for all the ages a simultaneously:

k
- o (h) ppe(h) ... w—2njt(h) w—nit(h) |
o K, oSy 0 ... 0 0
my —m 0
kTR L0 4S(R) ... 0 0
o o : : . : : 0
Kk "k 0 0 ...oxSh) O Fx1

w
WX

=2

for every k = 1,...,t/h. The expected population m{, is the sum of the first a/h
rows in the column vector above.

Note that if t < w then we can use a truncated matrix, consisting of the first (t/h)
rows and columns and we will obtain the same approximation.

Corollary 10.2 provides us the numerical solution to the renewal equations (10.1).
Due to the fact it involves only matrix multiplications and the matrix is actually quite
simple (it has non-zero elements only in the first row and one of the diagonals), the
numerical method is really fast and efficient. In addition , in every step of the matrix
multiplication we obtain the solutions to all the renewal equations at the same time.
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Given the initial age structure of the population and the functions S(¢) and
u(f) we can calculate the expected future population age structure by using
Theorem 10.2. An example reviewing the population of Bulgaria is presented in the
Appendix. Other applications of the GBP in demographics are presented in [11, 12].
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Appendix

Example 1 Forecasting the population age structure of Bulgaria.

In order to find the expected future population of Bulgaria we need to find models
for the functions S(f) and () from empirical data. The data used for calculations
in this paper are published by Eurostat. One knows the number of live births by
mother’s age, the number of deaths by age and the number of people by age. The
demographic theory uses these data to produce the life-tables (see Keyfitz [6]). The
Chiang’s formula (see Chiang [3]) presents the relation between age-specific birth
and death rates and the probabilities for birth and death by age. Using demographics
we can find the distribution of the life length and the probability of a woman giving
birth at a specific age from the demographic coefficients.

The empirical estimations of these age-specific probabilities suggest the assump-
tion of smoothness for w(¢) and S(¢) is appropriate in case of human populations.
Using smoothing splines, we can find the functional model that generated the data
(see Ramsay [10] and Boor [2]). The resulting functions for w(f) and S(¢) are
presented in Figs. 10.1, 10.2, and 10.3.

Fig. 10.1 Point process
density function ' (7),
Bulgaria 2013

Birth Probability by Age

0 5 10 15 20 25 30 35 40 45 50 55
—H(t)
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Fig. 10.2 Expectation of 0.80 -
point process (), Bulgaria
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Fig. 10.3 Survival 100% -

probability S(r), Bulgaria
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We know the initial age structure of the population Ny(bh; (b + 1)h], i.e. the
number of all women on a specific age at the beginning of 2013. Having modelled
the life length of each individual and her point process from real data (published by
Eurostat), we can substitute those in Corollary 10.2 and Theorem 10.2. On each step
of the matrix multiplication, we obtain the expected future population age structure.
The resulting total population count is presented in Fig. 10.4.

Example 2 Numerical solution to renewal equations.

Let us consider a Poisson renewal process, i.e. the inter-renewal time is exponen-
tially distributed according to the distribution function F(x) = 1 — ¢ **. It is
well-known that the number of renewals until time ¢ follows Poisson distribution
and the expected number of renewals until time 7 is given by EN(f) = Az. The
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function U(f) = EN(¢f) + 1 = 1 4 At is called renewal function and it satisfies the
following renewal equation.

t

Ui =1(0) + / U(t — u)dF (u), (10.5)

0
where I(f) = 1 for r > 0. If we consider the general equation

t

Z(t) = z(t) + /Z(t — u)dF (u), (10.6)
0
then (from renewal theory) its solution is Z(f) = (U * z)(¢). To see how the

numerical method in Corollary 10.2 works we will use it for solving Eq. (10.5)
and then Eq. (10.6), choosing for example z(t) = e™".
From Eq. (10.5) it is obvious that S(f) = 1 for every ¢t > 0 and

() = wu((d +;221) p(bh) — o] — gy
for every b. From ,u(t) = [u(t + b) — (b)]/S(b) we can calculate the derivative
b/ (1) = W' (t + b)/S(b). Then 14 (0) = 11/ (bh)/S(bh) = ' (bh) = Ae™*"".

In this case @ = +o0 but for the purpose of calculating the U(f) we can assume
w = t or we can assign some value that is greater than ¢ to w and the results will not
change. However, it is more convenient for calculations to use the smallest possible
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o = t so that the matrix A has the following form:

(1 — e () (== (1—e™*

e—Ah Ct A2k p—A(t—h)
1 o ... 0 0
A= 0 1 ... 0 0
0 o ... 1 0

Let us denote by U (r) the numerical solution of Eq. (10.5). It can be shown that
A [10...0]" ~ [Ah... Ak 10...0]" and U(kh) = [1]-A*-[10...0]" =
1 + (kh)A + k- O(h*) = U(kh) + k - O(h?) for every k = 1,...,t/h, using Taylor
expansion of ¢*. For k = t/h, we obtain U(¢) = U(1) + O(h).

Let us consider the second equation (10.6). Its theoretical solution is given by the
Riemann-Stieltjes integral

t t

() = / (L 4 Au) = ¢ + 2 / &t —1)

0 0

=e '+ A=+ A1 —e).

Note that the function U has a jump for# = 0: U(0) = 1 and U(¢) = 0 fort < 0, so
the term U(0) - z(t — 0) = e~ is added when calculating the Stieltjes integral.

In this particular case, we have S(t) = ™', ,,S(h) = S((b + 1)h)/S(bh) = ™"
and pu(h) = [u((b + 1)h) — u(bh)]/S(bh) = e *P"(1 — e~y /e~ for every b.
Then,

_ —Ah (] —g—Hh —A(=2h) (| — Py g Al—h) (] —g—Ph
(1—e M) . (e—he L.e ef(t(72h)e L e ef(gfh)e )
—h
e 0 e 0 0
A= 0 e e 0 0
0 0 e 0

Since it can be shown by recursion that
AT10...0]"~[Ah... Ak (1—ki) 0 ... 0]",
the numerical approximation of the function Z(z) is Z(kh) = [1]-Ak. [1 0... O]T =
1 + (kh)A — kh + k - O(h?) for every k = 1,...,t/h. The theoretical solution is

Z(kh) = e:kh +A(1—e™™)y =1 —kh+ A -kh+ O(h*) consequently it follows that
U(kh) = U(kh) + k- O(h*). When k = t/h we get U(t) = U(t) + O(h). For a fixed
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t, we obtain the numerical solution of the renewal equation inside the interval [0, 7]
with estimation error O(h).
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Special Branching Models



Chapter 11
Bayesian Analysis for Controlled Branching
Processes

Miguel Gonzalez, Cristina Gutiérrez, Rodrigo Martinez, Carmen Minuesa,
and Inés M. del Puerto
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11.1 Introduction

The branching model considered in the present work is the controlled branching
process. This model is a generalization of the standard Bienaymé-Galton-Watson
(BGW) branching process, and, in the terminology of population dynamics, is used
to describe the evolution of populations in which a control of the population size
at each generation is needed. This control consists of determining mathematically
the number of individuals with reproductive capacity at each generation through
a random process. In practice, this branching model can describe reasonably well
the probabilistic evolution of populations in which, for various reasons of an
environmental, social, or other nature, there is a mechanism that establishes the
number of progenitors which take part in each generation. For example, in an
ecological context, one can think of an invasive animal species that is widely
recognized as a threat to native ecosystems, but there is disagreement about plans
to eradicate it, i.e., while the presence of the species is appreciated by a part of the
society, if its numbers are left uncontrolled it is known to be very harmful to native
ecosystems. In such a case, it is better to control the population to keep it within
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admissible limits even though this might mean periods when animals have to be
culled. Another practical situation that can be modelled by this kind of process is the
evolution of an animal population that is threatened by the existence of predators. In
each generation, the survival of each animal (and therefore the possibility of giving
new births) will be strongly affected by this factor, making the introduction of a
random mechanism necessary to model the evolution of this kind of population.

Mathematically, a controlled branching process with random control function
(CBP) is a discrete-time stochastic growth population model {Z,},>0 defined
recursively as

On(Zn)
Zy=NeN., Zyji= ) X4 n=0, (11.1)
j=1

where {X,; : n = 0,1,...;j = 1,2,...} and {¢,(k) : n,k = 0,1,...} are two
independent families of non-negative integer-valued random variables. Moreover,
Xy,n = 0,1,...;j = 1,2,..., are independent and identically distributed (i.i.d.)
random variables and, for eachn = 0, 1, .. ., {¢,(k) }x>0, are independent stochastic
processes with equal one-dimensional probability distributions. The empty sum
in (11.1) is defined to be 0. Let {p; : k > 0} denote the common probability
distribution of the random variables X,;, i.e., px = P(X,; = k), k > 0, and
m = E[X,;] (assumed finite).

Intuitively, Z, denotes the number of individuals in generation n, and X,; the
number of offspring of the ith individual in generation n. Thus, the probability
law {pr : k > 0} is termed the offspring distribution, and m the offspring mean.
The control variables ¢, (-) could be seen as a random mechanism determining the
individual migration process in each generation depending on its population size.

The probabilistic theory of CBPs, in particular the problem of their extinction
and their limiting behaviour, has been extensively investigated (see for example
[1, 8] and references therein, and [18]). The presence of the control mechanism
complicates the study of this kind of process. Nevertheless, it allows one to model
a much greater variety of behaviours than the BGW branching process. One of
its features that is important for applications is that it overcomes one of the
main deficiencies of the BGW process, which is the possibility of an unbounded
population growth with a supercritical offspring law (i.e., m > 1). Thus, in [5],
it was proved that a CBP with offspring mean greater than unity (and, of course,
other regularity conditions governing the control mechanism) can die out with
probability one. The offspring mean continues to play a key role in the probabilistic
evolution of a CBP, as the above-cited papers show. Indeed, it was established
that the asymptotic mean growth rate of the process denoted by t and defined by
T = liMjsoo kK E[Zyt1 | Zy = k| = limgsoo k' e(k)m, with e(k) = E[g, (k)]
(whenever it exists) is the threshold parameter that determines the behaviour of a
CBP in relation to its extinction. Hence the importance of making inferences on
the offspring mean and on the asymptotic mean growth rate. However, there have
as yet been few papers devoted to this topic. Inferential studies from a frequentist
standpoint may be found in [6, 7, 11, 19]. A first approach from a Bayesian
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standpoint was considered in [13] in a parametric context, and in [10] for the
particular case of a deterministic control function.

The present study is a continuation of this line of research by developing the
inferential theory in a non-parametric framework for the offspring law and in a
parametric setting for the control distributions, depending on a single parameter
termed the control parameter. Notice that, in relation to [10], random control rather
than deterministic one introduces much more uncertainty in the model becoming
its behaviour richer, but adding a considerable difficulty on the estimation of
its parameters. Moreover, another important novelty is that we assume an upper
bound of the support of the offspring law is unknown. We model this uncertainty
considering the support potentially infinite. Although this could seem a strong
condition, the gain in flexibility makes the model more attractive and realistic. In this
case, to deal with the inference procedure we shall use as prior a Dirichlet process on
the space of the nonnegative integers. Consequently, in this chapter, we address the
inference of the control parameter, of the offspring distribution, and of the offspring
mean, as well as the asymptotic mean growth rate and the prediction of future sizes
of the population. To this end, Sect. 11.2 begins by assuming that the entire family
tree up to some given generation can be observed. A Dirichlet process is introduced
to model the prior distribution of the offspring law, avoiding assumptions on the
cardinality of its support. However, actually, in most populations, it is not possible to
observe these data, and only the population size at each generation can be recorded.
To deal with the Bayesian inference in this case, a Markov chain Monte Carlo
(MCMC) method is used, in particular, the Gibbs sampler algorithm, to approximate
the posterior distribution of parameters of interest. The present implementation of
this algorithm generalizes the results in [9, 10] and represents the Bayesian analogy
of the given in [11].

Section 11.2 also deals with the problem of approximating the predictive pos-
terior distributions. As illustration, in Sect. 11.3 a simulated example is presented.
Finally, some concluding remarks are given in Sect. 11.4.

11.2 Bayesian Analysis

For the purpose of this chapter, we consider a CBP with an offspring distribution
p = {px : k > 0}, without assuming any knowledge about the cardinality
of its support. With respect to the random control mechanism, note that one has
different probability distributions for each population size k > 0, that corresponding
to ¢,(k). Consequently, from a finite sample, it is not possible to deal with the
inference problems arising from this model (at least for the control distributions)
without assuming that there exists some stable structure. We therefore consider a
parametric scheme for the control process. In particular, we take a CBP with control
distributions belonging to the power series family. Formally, for each £ > 0,

P(pu(k) = j) = ar()&/Au(6), j=0,1,...;0 € O, (11.2)
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with a;(j) known non-negative values, A¢(0) = 372, ax(j)6/, and Oy = {6 > 0 :
0 < Ax(0) < oo} being an open subset of R. We also assume that the sets & are
independent of k. Hence, we shall henceforth drop the index k from @, the control
parameter space. This implies a certain stability in the probability laws of the control
variables ¢, (k), for k > 0, depending on a single parameter 6, the control parameter,
and on the size of the population, k. Let us write €(k, 6) = E[¢,(k)], and assume the

following regularity condition:

[ [Ax(6) = Ay, 1(6). forevery BE N, 6 € ©. (11.3)
kEB

Condition (11.3), satisfied by a wide family of probability distributions, is a
technical hypothesis that allows the theory of conjugate families to be made use
of in the Bayesian analysis to be developed below. Moreover (11.3) implies that
Ar(0) = (A1(9))X, so that

e(k, 0) = 0AL(O)(AL(0)) " = kB(A1(0)) T AL (O)(A1() ™ = ke(1,6).

This allows the family of distributions verifying (11.3) to be reparametrized by u =
(@) = €(1, 8). It also guarantees the existence of the limit T and its parametriza-
tion in terms of the two mean-value parameters, the offspring mean m and p, with
T = mpl.

Unlike the parameter 6, u has the same interpretation for all the power series
families of distributions satisfying (11.3). We refer to p as the migration parameter
since, whenever i < 1, one can use such control distributions to model processes
with expected emigration, whereas ;& > 1 can model processes with expected
immigration. For i = 1 neither emigration nor immigration is expected.

Remark 11.1 Some interesting particular cases of control distributions verify-
ing (11.2) and (11.3) are the following:

a) Consider for each k that ¢, (k) follows a binomial distribution with parameters
kand 0 < g < 1. Insuch acase § = g(1 —¢)~'. It is easy to see that
conditions (11.2) and (11.3) hold, and in particular that i = 6(1 + 0)"'(= q).
From a practical standpoint, this control mechanism could be reasonable to
model situations in which, in each generation, each individual can be removed
from the population with probability 1 — g, not participating in its subsequent
evolution, and can survive and give birth to offspring in the next generation
with probability g. The value of g is considered to be independent of the total
population size in each generation. These control functions always take into
account the possibility of an emigration phenomenon in each generation (i < 1).
A CBP with this family of control distributions can be useful to model predator
effects in a population.

b) Consider for each k that ¢,(k) has a Poisson distribution with parameter k6.
Again conditions (11.2) and (11.3) hold, and one deduces that u = 6. Depending
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on the value of 1, a CBP with these control functions can model either expected
immigration or expected emigration processes.

c) Consider for each k that ¢,(k) has a negative binomial distribution with
parameters k and g, with 0 < g < 1. Now 8 = 1 — q. It is easy to see again that
conditions (11.2) and (11.3) hold. In this case u© = (1 — 8)~!. The associated
CBP can also be used to model different migratory movements.

To infer the posterior distribution of the main parameters of interest, we consider
initially that the entire family tree up to the current nth generation can be observed.
After studying this case, we consider a more realistic requirement that only the
total population size at each generation can be sampled. To deal with this second
situation, we shall need the Gibbs sampler.

11.2.1 Analysis Based on the Entire Family Tree

We consider that the entire family tree up to the current nth generation can be
observed,ie, {X;: j=1,...,¢:/(Z); I =0,1,...,n— 1}, or at least the variables

n—1 &1(Z1)

Zy = ZZ;(I{), where Z;(k) = Z Lixy=13, k=0,

with I, standing for the indicator function of the set A. Intuitively, Z;(k) represents
the number of progenitors at the /th generation with exactly k offspring, and
therefore Z7, is the accumulated number up to generation n of progenitors that give
rise to exactly k offspring. Let us write ZF = {Z;(k), k >0, [ =0,1,...,n— 1},
and introduce the following variables:

n—1

n—1
Y, =Yz and Y=Y 4@,
1=0

=0

i.e., Y, and Y, represent, respectively, the total number of individuals and progen-
itors in the population up to the (n — 1)th generation. Using (11.2) and (11.3), one
can deduce that the likelihood based on the sample Z; verifies

FZ 1 p.0) o []pe 0% /Ay, (6). (11.4)

k>0

Hence, since no restriction has been imposed on the cardinality of support of
the reproduction law, and the offspring and control distributions are independent, an
appropriate conjugate class of prior distributions for (p, 8) is 7 (p, 8) = 7w (p)7(6),
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with 7 ( p) being the distribution corresponding to

p ~ DP(p(0), ), (11.5)
where DP denotes the Dirichlet process, with p(0) = { px(0), k > 0} being the base
measure and « the concentration parameter, @ > 0, and 7(6) the distribution given
by the density

@(a.b)™'0°/A (), (11.6)

with
¢(a,b) = / 0%/A,(6)d6,
@

where a, b > 0.
Then, using (11.4)—(11.6), one has that the posterior distribution

n(p.01Z) xn(p| Z)m(6 | Z3). (11L.7)

with (p | Z) being the distribution corresponding to

1

*
a+Y; 0

o
p|Z, ~DP H—Y*P(O)-F Zy a4+ Yy |,

with §; a Dirac delta at k, k > 0, and
701 Z3) = pla+ Yy b+ Y,) " 0 [4,1y,(6).
From (11.7), using Dirichlet process properties and considering the squared error
loss function, it follows straightforwardly that the Bayes estimator for the offspring
distribution and 6 are, respectively:
P = (ap(0) + Z7 ) /(@ + Y7), k>0,
and

0=ga+Y +1.b+Y)/oa+Yb+7Y,).

As a consequence, one obtains that the Bayes estimator for the offspring mean
based on the sample Z, under squared error loss, is given by

= (am® +Y, +7Z,—Zy)/(a + Y7, (11.8)
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with m® being the mean of p(0), and for 1 and T one has i = [, u(0)7 (6 | ZF)db
and T = mji, respectively.

Remark 11.2 In particular, for the examples considered in Remark 11.1,
using (11.6), one has that the beta distribution family is an appropriate conjugate
class of prior distributions for ¢ in the binomial control case and for 6 when the
control distributions are negative binomial. For the Poisson control distribution
case, an appropriate conjugate class of priors for 6 is the gamma distribution family.

Remark 11.3 The theoretical approach to dealing with the inference issues related
to a CBP is to assume that the control law belongs to the power series distribution
family. This is an exponential family that includes many important distributions. It
is worth noting that, from a practical standpoint, in most situations the choice of the
control process, whether it is governed by a Poisson, binomial, negative binomial,
or some other scheme, should be a prior specification based on knowledge of the
development of the population.

11.2.2 Analysis Based on Population Size in Each
Generation: Gibbs Sampler

In real situations, it is difficult to observe the whole family tree up to the current

generation or even the random variables Z;(k), k > 0,1 = 0,...,n — 1. Hence,
in this subsection we shall assume the more realistic requirement that these are
unobservable, with the observable data being Z, = {Z,...,Z,}. Given the

definition of the model, an expression of the posterior distribution for (p, 6) after
observing Z, can not be displayed in a closed form. Consequently, we shall describe
an algorithm based on the Gibbs sampler (see e.g., [2]) to approximate it only by
observing Z,. To this end, it is necessary to take the unobservable variables Z;(k),
k>0,1=0,1,...,n—1 as being latent variables, and consider the augmented
parameter vector (p,0,Z%). Let n(p,0 | Z,) denote the posterior distribution
of (p, ) after observing Z,. We shall approximate the posterior distribution of
(p, 6, Z;) after observing Z,,, denoted by (p, 0, Z | Z,), and from this obtain an
approximation for its marginal distribution 7 (p, 8 | Z,). To use the Gibbs sampler,
first, it is necessary to obtain the conditional posterior distribution of (p, 8) after
observing Z, and Z, which is denoted by 7 (p, 6 | Z,, Z}), and the conditional
posterior distribution of Z* after observing (p, 6, Z,), denoted by f(Z | p, 6, Z,).

Taking into account that, for/ = 0,...,n — 1,
Zi1 =) kZi(h). (11.9)
k>0

a(p,0 | Zn, ZF) is the same as w(p,0 | Z) given in (11.7). Let us now
consider f(Z; | p,6,Z,). Denoting by P(-) the conditional probability given
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an offspring distribution p and control distributions governed by 6 (the explicit
indication of the conditioning on p and 6 is dropped for notational clarity), since the
individuals reproduce independently and the control distributions are independent
of the offspring distribution, one has that, for zj(k) € NU {0}, k > 0, [ =
0,1,...,.n—1,z7e€ N, I =0,...,n, satisfying the constraints z; = Zk>0 kzi—1 (k),
[=1,...,n,

PZik)y=z2(), k>0,1=0,1,....n—1|Zo =20, ... 2y = 2)

n—1
=[]P@) ==(), k=012 = 2,241 = 241).
1=0
Hence,
n—1
AZ5 1 p.0.Z) = [ |f@lk),k = 0lp, 6,21, Z111),
1=0

where f(Z;(k),k > O|p,0,Z;,Z;+1) denotes the conditional distribution of the
random sequence {Z;(k),k > 0} given p, 0, Z;, and Z;1;. Now, writing ¢ =

Zkzo z(k),
P(Zi(k) = z(k), k>0 Z = Zz,Zz+1 = Z41)

! 21(k)
a 9¢z A, (6).
T P =1 | Zi=2) ]‘[k>0 zl(k)' IE)P a2 () 07 /A,

Thus, computationally, an appropriate way to obtain a sample from f(Z; | p, 6, Z»)
is as follows. Given the known sample {zy, ..., z,} and known values of 8 and p,
one samples, for each / = 0,1,...,n — 1, a value ¢;*(z;) from the distribution of
the variable ¢;(z;) given by (11.2). Then, foreach = 0,1, .. — 1, one samples

a sequence {z;(k), k > 0} from the multinomial probabilitieS @ (zll)(k)‘ [Tisop Z](k)’

k > 0, normalized by considering the constraint z.4; = Zk>0 kZz(k) Notice that,
although the cardinality of the support of the reproduction law may be infinite, once
Zi+1 is known, only a finite number of coordinates of the sequence {z;(k), k > 0} are
non-null. Indeed, z;(k) = 0 for all k > z;4;.

Once it is known how to obtain samples from the distributions 7 (p, 8 | Z,, Z})
and f(Z} | p, 0. Z,), the Gibbs sampler algorithm works as follows:

Initializel=0

Generate p@ ~ DP(p(0), a)

Generate 6© from (11.6)

Iterate
I=14+1
Generate Z;" ~f(ZF | ph,60=D Z,)
Generate (p?,0D) ~ 7(p.0 | Z:")
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Notice that, given the sample Z,, the maximum number of coordinates of p(”,
for all / > 0, involved in the algorithm is 1+max;<x<,{Zi}. Hence, in the last step of
the algorithm, bearing in mind Eq. (11.7) and the properties of the Dirichlet process,
one obtains these probabilities from the Dirichlet distribution.

The sequence {(p?, 00, Z+")}= is an ergodic Markov chain, and the sta-
tionary distribution of that Markov chain is just the sought-after joint distribution,
w(p,0,ZF | Z,). Several practical implementation issues must be taken into
account for success with the sample obtained by the method described above.
Common approaches to reaching the equilibrium distribution as well as to reducing
the autocorrelation in the sample are to choose a sufficient burn-in period, N, and
to thin the output by storing only every Gth value after the burn-in period (G is
known as the batch size). Thus, for a run of the sequence {(p®, 8", Z (1))}120, one
chooses Q + 1 vectors {(p™),0M), (pN+O g+ - = (pN+2eO gIN+LOL,
These vectors are approximately independent sampled values of the distribution
w(p,0|Z,) if G and N are large enough (see [20]). Since they could be affected
by the initial state (p@, 0®), the algorithm is applied T times, obtaining a final
sample of length T(Q + 1). To determine N, G, and T in practice, we shall make
use of the Gelman—Rubin—Brooks and autocorrelation diagnostics (see [3, 4]). From
this sample one can estimate 7 (p, 6 | Z,) and its marginal distributions, 7 (p | Z,)
and (0 | Z,), by making use of kernel density estimators. These posterior densities
can be used to calculate numerically highest-probability-density (HPD) credible sets
for the respective parameters, yielding sets in which there is a high probability of
finding those parameters. In general, if ¥ (p, 8) denotes a function of the offspring
law and the control parameter (we shall be interested below in m, w, and 7) then

(¥ | Zn) = /n(lll | Zn.p, 0)7(p. 0| Zy)dpdh.

Again using kernel density estimators, one can also approximate 7 (¥ | Z,) and
calculate its HPD sets.

11.2.3 Approaches to Prediction

A very important problem from a practical standpoint is to infer the size of future
generations from currently available information. Thus, from a sample {Z, ..., Z,},
one desires inferential statements about unobserved Z,4;, [ > 1. Few results related
to this topic can be found in the branching process theory literature (see [12, 14]
for BGW processes). From a Bayesian standpoint, any inferential statement about
Zy+1,1 = 1, given known population sizes until generation n, is contained in the
posterior predictive distribution f(Z,+; | Z,). Of course, the inferential content of
the predictive distribution may be appropriately summarized to provide an estimator
of Z, 4+, as the mean of f(Z,+,; | Z,), and interval estimates of Z,; such as the class
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of HPD sets which may be derived from f(Z,+; | Z,). For simplicity, we shall
focus on the set {Z,4; > 0}, avoiding approximating the density of the mass point
{Z,+1 = 0} whose estimation is obvious. The difficulty lies in finding a closed form
for this distribution.

We shall present two ways of approximating the predictive distribution, both
applying a Monte Carlo procedure. The first is a sampling-based method, and the
second is based on approximating E[Z,+; | Z,] and Var[Z,+, | Z,] and then seeking
a parametric model.

Method A We consider a random sample {(p®",0M), ..., (p®,60®)} from
w(p,0 | Z,). In particular, we shall use the one obtained with the Gibbs sampler in
Sect. 11.2.2,i.e., r = T(Q + 1). It is clear that

F @it | Z2) = / F st | Zuup. 01 (p. 6 | Zo)dpdb.

On the basis of this formula, for each ( p(i), H(i)), i = 1,...,r, one can simulate

s processes until the /th generation, which started with Z, individuals, obtaining
the values 11(3-1.17 Zfz—z,z’ - zfl'j_m from Z,4+; > 0, and use them to approximate

f(Zut1 | Zn,p?, 09) by a Gaussian kernel estimator

s 0)
. 1 1 X =24y

(i) _ 2 n+l1j

FOx) = - > LS <—b(i) ) , x€R,

j=1

with b an appropriate bandwidth and K(x) the density of the standard normal
distribution. Thus, f(Z,+; | Z,) is estimated by

foo) = %Zf“’(x), xeR. (11.10)

i=1

Method B We consider a random sample {(p", 81), ..., (p”, 8()} (again the
sample obtained in Sect. 11.2.2) from 7(p, 0 | Z,), and foreachi = 1,...,r one
simulates s processes until the /th generation, which started with Z,, reproduction
law p, and control distribution governed by 6. One calculates the mean and the
variance of the s—values thlilzi > 0,j = 1,...,s, obtaining an approximation to
E[Zuyi1 | Z,, p?,0D] and to Var|Z,y; | Z,. p, 0D]. Finally,

1 « L
ElZuwi | Zi) ~ = Y ElZuii | Zap®. 09,
r i=1

and, considering that

Var(Zy1 | Zn] = EVar(Zy1 | Zu.p. Ol + VarlE[Zy1 | Zn.p. 0],
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with the mean and the variance in the right term of the previous equality considered
with respect to the distribution w(p, 6 | Z,), then

1 Lo
Var[Zy+i | Zu) ~ - Z VarlZysi | Ze, p?,09] +
r

i=1

r—1

i=1

2
Iy TR o
+ Z (E[Zn‘H | Zn’p(l)v 9(1)] - ; ZE[ZH+I | ZmP(Z), 9(1)]> .

i=1

As was already proposed in Mendoza and Gutiérrez-Pefia [14] for BGW processes,
we also use a gamma distribution with mean and variance E[Z,y; | Z,] and
Var|Z,+; | Z.), respectively, (justified by the minimum logarithmic divergence
criterion) to approximate f(Z,+; | Zn)-

11.3 Simulated Example

In this section, we shall illustrate the methods described above by analysing an
example with simulated data.

We simulated 20 generations of a CBP with Z; = 1, offspring law py = 0.0778,
p1 = 0.2592, p» = 0.3456, p3 = 0.2304, ps = 0.0768, ps = 0.0102, and ¢, (k)
having a Poisson distribution with parameter 0.51k. Thus the offspring mean is m =
2, the control and the migration parameters coincide, being u = 6 = 0.51, and
in this case the asymptotic mean growth rate is t = mpu = 1.02. As u < 1, we
are considering a CBP with expected emigration. Figure 11.1 shows the evolution
of the simulated population sizes. In an emulation of the classification of standard
BGW processes, it was established in [8] that one refers to a subcritical, critical,
or supercritical CBP depending on whether 7 is less than, equal to, or greater than
unity. Despite the expected emigration, using the results in [5], one can deduce that
this supercritical CBP process has a positive probability of non-extinction.

We now focus on the estimation of p, i, m, and t based on the population size
in each generation, by using the Gibbs sampler. We specify a Dirichlet process
on the non-negative integers to model the prior distribution of the offspring law,
avoiding any assumption about the cardinality of its support. Initially we choose
a = 1 as concentration parameter, and a Poisson distribution as base measure. It
is well known that the Poisson distribution models the number of events occurring
within a given time interval when those events occur at a known average rate and
independently of the time since the last event. It is thus appropriate for modeling
a generic offspring process. We propose that the average rate of the Poisson
distribution will be initially estimated by considering that no control is imposed
on the population. Therefore, the maximum likelihood estimator of the offspring
mean corresponding to a BGW process can be used, i.e., we propose the Poisson
base distribution with mean (Z; + ... + Z,)/(Zy + ... 4+ Z,—1), in this example,
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Fig. 11.1 Evolution of the
simulated population sizes

Individuals
15 20 25 30 35
|
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Generations

1.06. Recall that for a Poisson control distribution—see Remark 11.1, b)—u = 6,
so that we shall henceforth refer in the analysis to p. With respect to the prior for
the parameter u, as one does not know a priori what kind of expected migration is
taking place, one can take the value of i to be 1, and set as a prior distribution for
a gamma distribution with mean 1 (the shape parameter is chosen to be unity). How
the choices of prior elicitation affect the inferences will be evaluated below.

In the simulation, we set 7 = 50 and ran the algorithm described in Sect. 11.2.2
20,000 times for each chain. Using the Gelman—Rubin-Brooks diagnostic plots
for (p, ), we took N = 5000. Table 11.1 lists the values of the estimated
potential scale reduction factor together with 97.5 % confidence upper bounds and
the autocorrelation values for pu and the first values of p. That the values of the
estimated scale reduction factor are close to unity suggests that further simulations
will not improve the values of the listed scalar estimators (see [3, 4]). Finally, for
the autocorrelation study, we chose G = 600, and consequently Q = 25. The final
sample size was therefore 1300.

To evaluate the algorithm’s efficiency, Table 11.2 presents some summary
statistics for the posterior distributions of u, m, and t. Note that, due to the batch
procedure, the time-series standard errors (TSSE) are very close to the Monte Carlo
standard errors (MCSE). Also, for the three parameters, the standard errors (MCSE
and TSSE) are less than 5 % of the posterior standard deviation (SD), indicating that
the number of observations considered seems to be a reasonable choice.

Figures 11.2 and 11.3 show the estimated posterior density for u, m, and t
together with their true values, and the 95 % HPD sets. The contour plot of the
estimated posterior density for (u,m) is also shown. One observes that the 95 %



11 Bayesian Analysis for CBP 197

Table 11.1 Potential scale
reduction factor and

Potential scale reduction | Autocorrelation

autocorrelation for u and the Est |975% lagl 1agl00_| lag 600
first values of p © 104 1.06 0.9894 | 0.6669 | 0.0577
po | 1.03 | 1.04 0.9937 | 0.6558 | 0.0776
pi | 1.02 | 1.03 0.9925 |0.5538 | 0.0446
P | 102 | 1.02 0.9895 |0.4922 | 0.0326
py | 102 | 1.04 0.9893 | 0.5055 | 0.0302
ps | 102 | 1.02 0.9684 | 0.1478 | 0.0020
ps | 1.03 | 1.04 0.9337 |0.0500 | 0.0000
ps | 1.06 | 1.06 0.7524 | 0.0059 | —0.0016
Table 11.2 Summary MEAN |SD MCSE | TSSE
Zﬁiﬁgﬁfli?sg’flfozegﬁér « | 10187 | 0.6015 |0.0167 |0.0155

m | 1.2751 |0.4987 |0.0138 |0.0127
T | 1.0597 |0.0728 |0.0020 |0.0018

hpd 95%u hpd 95% hpd 95% m hpd 95%

~ -
= :

0.8
]

Density
0.6 0.8 1.0
1
Density

0.4

0.2

0.0
L

Fig. 11.2 Estimated posterior density for p (left) and m (right)

HPD sets contain the true values of the parameters. It is particularly noteworthy that
the method is not very accurate at identifying the parameters m and p, although
P(u < 1| Zy) is estimated at 0.662, identifying the process as having expected
emigration, and P(m > 1 | Zy) is estimated at 0.711, identifying a mean
reproduction capacity of greater than unity. The method also provides a good
estimate of the process’s asymptotic mean growth rate, t, which is the parameter
that determines the limiting behaviour of the process. In this case, P(t > 1 | Zy)
is approximated by 0.80, identifying a supercritical CBP. The contour plot shows
clearly the interdependence of the parameters m, i, and 7.
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Fig. 11.3 Contour plot of estimated posterior density for (u,m) (left) and estimated posterior
density for 7 (right)

Fig. 11.4 Evolution of the squared error loss estimates of T with 95 % HPD bands. The horizontal
line represents the true parameter value

Figure 11.4 illustrates the long-term behaviour of the estimates of t, showing for
each generation their Bayes estimates under squared error loss and their respective
95 % HPD sets. Note that one has estimates closer to the real value and narrower
HPD intervals as the generations advance.
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Fig. 11.5 Histogram of the data from the true distribution together with estimated posterior
densities for Z»1, Z»3, and Z,5. Method A: dotted line; Method B: discontinuous line

Table 11.3 Mean and 95 % prediction HPD sets for Z,,, Z»3, and Z,5

MEAN 95 % prediction HPD

Method A/Method B Method A/Method B
75 24.3844 / 24.3840 11.2112-38.2382 /11.6116-38.7387
753 27.8852 /27.8475 2.8028-57.8579 /4.6046-58.9590
Z>s5 31.7907 / 32.6389 3.9039-86.9870/1.1011-84.4845

Using the information on the population sizes until generation 20, we obtained
via the methods described in Sect. 11.2.3 the predictive distributions of Z;;, Z3,
and Z,5 on their respective non-extinction sets. Methods A and B were applied by
simulating s = 1000 processes, started with Z,y = 23 until the 5th generation, and
reproduction law and control parameter (p®,6?), i = 1,...,1300.

Figure 11.5 shows the predictive posterior distribution of Z,;, Z,3, and Zs
estimated by the two methods described above, together with the histogram of
the data from the true distribution. The sampling-based approach and the gamma
model lead to similar estimates for Z,;, Z,3, and Zs5. Table 11.3 presents estimates
for 71,73, and Z,s5 together with the 95 % HPD sets. The accuracy of these
approximations, assessed by comparison with the true distribution, is reasonable.
In spite of the fact that the estimation of m and p are not so precise as desirable,
the combination of both to estimate t is quite good, as shown Fig. 11.3 (right)
and this leads to the estimation of the forecast values of the process are accurate.
Nevertheless, according to Fig. 11.3 (right), the estimated values of t tend to be
slightly greater than the true value, so that the predictive values also show this
tendency.

Finally, we examine the sensitivity of inferences of the main parameters of
interest to the choice of the priors (in particular, focusing on the concentration
parameter, the base distribution, and the gamma parameters). For simplicity, we
present the analysis focussing on the asymptotic mean growth rate, t, a parameter
that determines the future evolution of the process. First, we analyse the influence
on the choices of the concentration parameter and of the kind of base distribution
(setting its mean to 1.06). With the prior on p assumed to be a gamma distribution
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Table 11.4 Sensitivity analysis for 7| Z29

Base measure  m© = 1.06

Concentration Poisson Geometric

parameter o MEAN HPD 95 % MEAN HPD 95 %

0.25 1.0629 0.9244 1.2060 1.0584 0.9164 1.2107
0.50 1.0646 0.9258 1.2136 1.0626 0.9251 1.2122
0.75 1.0616 0.9195 1.2118 1.0618 0.9187 1.2180
1 1.0597 0.9244 1.2073 1.0585 0.9053 1.2129
5 1.0583 0.9249 1.2104 1.0618 0.9062 1.2271
10 1.0613 0.9204 1.2081 1.0610 0.8980 1.2194
20 1.0554 0.9099 1.2041 1.0642 0.9065 1.2391

Table 11.5 Sensitivity analysis for 7| Z5

Base measure o =1

Poisson Geometric

m© MEAN HPD 95 % MEAN HPD 95 %

0.25 1.05592 0.93007 1.19095 1.05441 0.92359 1.19157
0.50 1.05687 0.92847 1.19287 1.05850 0.92709 1.19397
0.75 1.05983 0.93648 1.19943 1.06178 0.91882 1.21939
1 1.05664 0.91961 1.21131 1.05850 0.91213 1.20456
1.5 1.06283 0.91825 1.22327 1.06127 0.90646 1.22152
2 1.06270 0.90100 1.21972 1.06129 0.91375 1.21722
2.5 1.06631 0.91151 1.22647 1.06287 0.90328 1.24079
3 1.06887 0.90780 1.23867 1.06043 0.90816 1.23099
3.5 1.06978 0.89095 1.24436 1.06787 0.90444 1.25410

with mean 1 (its shape parameter taken as unity), the results in Table 11.4 show the
estimation of t not to be very sensitive to such changes. Second, with the same prior
on u and the concentration parameter equal to unity, the results in Table 11.5 show
the estimation of t neither to be very sensitive to the choice of the base distribution
or of its mean. Finally, we analyse the influence of the choice of the shape and mean
parameters of the gamma distribution. Taking the previous study into account, we
took the concentration parameter to be equal to unity, and the base distribution to be
a Poisson distribution with mean 1.06. The results in Table 11.6 again allow one to
conclude that the estimation of t is not very sensitive to the prior parameters.

In most of the situations, as was noted in Remark 11.3, one has prior knowledge
of the kind of the control distribution, and this was indeed our approach in the
simulated example where we assumed the control to be applied through a Poisson
control distribution. We next examined how the method works when assuming
complete ignorance of the control law. To this end, we implemented the method
by considering prior binomial, negative binomial, and Poisson control laws. Thus,
besides the data already simulated and presented in Fig. 11.1 which corresponded to
an expected emigration, we also considered a new sample from a CBP with Poisson
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Table 11.6 Sensitivity analysis for | Z2

Gamma distribution

Mean Shape parameter
parameter 0.25 0.50 0.75 1 2.5 5 7.5
0.25 MEAN 1.0607 | 1.0546 | 1.0563 | 1.0506 | 1.0408 | 1.0293 | 1.0207

95 % HPD lower bound | 0.9234 | 0.9021 | 0.9138 | 0.9023 | 0.8980 | 0.8841 | 0.8665
95 % HPD upper bound | 1.2075 | 1.2219 | 1.1988 | 1.2153 | 1.1848 | 1.1860 | 1.1937
0.5 MEAN 1.0597 | 1.0524 | 1.0570 | 1.0523 | 1.0518 | 1.0466 | 1.0453
95% HPD lower bound | 0.9168 | 0.9189 | 0.9052 | 0.9152 | 0.9047 | 0.9101 | 0.8998
95 % HPD upper bound | 1.2128 | 1.1997 | 1.2160 | 1.2063 | 1.2066 | 1.1950 | 1.1911
0.75 MEAN 1.0638 | 1.0660 | 1.0632 | 1.0598 | 1.0571 | 1.0596 | 1.0575
95 % HPD lower bound | 0.9242 | 0.9242 | 0.9198 | 0.9233 | 0.9177 | 0.9055 | 0.9194
95 % HPD upper bound | 1.2065 | 1.2315 | 1.2136 | 1.2043 | 1.2042 | 1.2133 | 1.2075
1 MEAN 1.0617 | 1.0613 | 1.0606 | 1.0597 | 1.0620 | 1.0629 | 1.0689
95 % HPD lower bound | 0.9193 | 0.9146 | 0.9164 | 0.9244 | 0.9191 | 0.9219 | 0.9268
95 % HPD upper bound | 1.2132 | 1.2144 | 1.2119 | 1.2073 | 1.2121 | 1.2125 | 1.2058
5 MEAN 1.0599 | 1.0609 | 1.0652 | 1.0662 | 1.0628 | 1.0596 | 1.0657
95 % HPD lower bound | 0.9042 | 0.9247 | 0.9302 | 0.9289 | 0.9241 | 0.9185 | 0.9250
95 % HPD upper bound | 1.2102 | 1.2045 | 1.2124 | 1.2083 | 1.2107 | 1.2102 | 1.2145
10 MEAN 1.0617 | 1.0660 | 1.0620 | 1.0641 | 1.0607 | 1.0659 | 1.0634
95 % HPD lower bound | 0.9179 | 0.9225 | 0.9188 | 0.9273 | 0.9212 | 0.9319 | 0.9240
95 % HPD upper bound | 1.2101 | 1.2128 | 1.2089 | 1.2037 | 1.1952 | 1.2101 | 1.2073
20 MEAN 1.0590 | 1.0630 | 1.0644 | 1.0603 | 1.0632 | 1.0633 | 1.0662
95 % HPD lower bound | 0.9232 | 0.9323 | 0.9195 | 0.9131 | 0.9259 | 0.9355 | 0.9354
95 % HPD upper bound | 1.2109 | 1.2084 | 1.2042 | 1.2082 | 1.2099 | 1.1960 | 1.2092

control distributions with the same asymptotic mean growth rate as the previous
example but now with an expected immigration (with parameters m = 0.51 and
MU = 2). The results in Table 11.7 illustrate how well (or now poorly) the fitted
models, in both the expected emigration and the expected immigration examples,
identify the asymptotic mean growth rate of the process as well as a supercritical
or a subcritical reproduction mean (i.e., m > 1 or m < 1, respectively). To
assess whether the fitted models detect an expected emigration or immigration, we
calculated P(u < 1 | Zyo) or P(u > 1 | Zyo), respectively. The approximations
of these probabilities are also given in the table. The results in the table show the
asymptotic mean growth rate of the process to usually be well identified whichever
situation is considered. This is because the generation-by-generation population
sizes provide enough information to estimate this value. However, the estimates of
the kind of offspring mean and of the migration process are not generally appropriate
in the absence of prior knowledge about the type of control. Analysing the fitted
model considering a prior Poisson control (the genuine control distribution), we
obtained acceptable results for the estimates of the offspring mean and of the
expected migration process in both the emigration and the immigration examples.
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Table 11.7 Sensitivity analysis: control prior distribution

Simulated model Fitted models
Poisson control P control B control NB control
Expected emigration 7| Zw
m=2; t =1.02 Mean Variance Mean Variance Mean Variance
1.060 0.005 1.054 0.005 1.062 0.007
P(m > 1| Zx)
0.711 0.995 0.400
P < 1| Zs)
0.662 0.317
Expected immigration 7| Zw
m=0.51; t =1.02 Mean Variance Mean Variance Mean Variance
1.061 0.006 1.056 0.007 1.064 0.012
P(m < 1| Zy)
0.626 0.013 0.735
P> 1| Zs)
0.767 0.801

P control Poisson control, B control binomial control, NB control negative binomial control

Considering a prior binomial control, we found a tendency to overestimate the
offspring mean for the two simulated data sets. This was especially so in case of
the expected immigration situation, precisely to compensate for the effect of the
immigration (recall that the binomial control only allows for emigration). Finally,
with a negative binomial control, one deduces from the results in Table 11.7 that,
despite both the simulated and the fitted models allowing for any kind of migration,
the fitted model identifies well neither the offspring mean nor the emigration process
when the latter is expected. The conclusion to be drawn from these simulated
examples is thus that, to obtain reliable estimates of the parameters of interest, one
should have some prior knowledge of the kind of control law.

Remark 11.4 For the computation of the examples, we used the statistical software
R, a language and environment for statistical computing and graphics (see [16]),
performing the simulations by parallel computing using the Rmpi [25] and snow
(see [21]) packages, and the convergence diagnostics using the coda package
(see [15]).

11.4 Concluding Remarks

As was noted in the Introduction, nowadays controlled branching processes are
one of the most relevant branching models for study. Apart from their inherent
interest, this current relevance is due to the fact that they generalize many impor-
tant branching processes—migration models, for instance. Moreover, beyond the
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framework of population dynamics, these models cover and generalize popular
models for the analysis of count-data time series, such as the INAR(1) models (see
[22, 23] for reviews). Consequently, the development of the inferential theory of
CBPs is an important task to provide a guarantee for their application to many real-
world problems. Some contributions to this theory have already been made from a
frequentist standpoint, either for the general model itself ([6, 19]) or for some of
its particular cases, such as the models with immigration (see, e.g., [17] and the
references therein) or INAR(1) (see [24]).

Respect to a Bayesian perspective, this chapter extends in several senses the
preliminary contributions established in [9, 10]. In particular, we have focused
on a CBP with non-parametric offspring law and with random control variables
instead of deterministic ones, assuming these belonging to a parametric family
of distributions that depend on a single parameter, termed the control parameter
(or its equivalent, the migration parameter). To avoid any assumption about the
cardinality of the support of the offspring law, a Dirichlet process was introduced.
The classical application of this methodological approach to a branching context in
a non-parametric framework for the offspring law requires the observation of the
entire family tree (up to some generation). Although we developed this approach
-with the novelty of using the Dirichlet process-, we reckon that from a practical
standpoint it is more realistic and relevant to avoid the need for observation of the
complete family tree and we only consider the record of the total generation sizes.
On the basis of this kind of sample, and making use of the Gibbs sampler and kernel
density estimators, we proposed a method to approximate the posterior density of
the control parameter (or of its parametrization as the migration parameter), of the
offspring law, and consequently the posterior densities of the offspring mean and
asymptotic mean growth rate, regardless of the nature of the offspring law (whether
subcritical, critical, or supercritical) and the kind of migration. It is worth noting
that the frequentist methods given until now depend strongly on this nature, making
a Bayesian method preferable in this sense. In fact, one can make inferences on the
nature of the offspring law or the kind of migration (immigration or emigration)
from the posterior density of the offspring mean or of the migration parameter,
respectively.

Furthermore, the above method also allows one to approximate the predictive
posterior densities. Two methods were proposed to make inferences on the size of
future generations.

We considered a simulated example in some depth to illustrate our findings, and
included a detailed sensitivity analysis regarding the choices of the priors. This
showed the methodological approach to not be unduly influenced by the choice
of priors of the control parameter or the priors of the concentration parameter or
the base distribution. However, it revealed the need for prior knowledge of the kind
of control being applied. With respect to the comparison of the two methods for
predictions, the simulated example showed the two approaches to lead essentially
to the same results.
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As an overall conclusion, we would state that the proposed procedure allowing
inference based only on total generation sizes constitutes the main contribution of
the present work.
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and Examples

Gotz Kersting

Mathematics Subject Classification (2000): 60J10, 60J80

12.1 Introduction

We consider stochastic processes (X,)n>0 taking values in R‘_‘;_ ={(x1,....x)7 €
RY : x; > 0}, i.e. the d-dimensional orthant, and adapted to some filtration (%;,),>0,
which satisfy an equation of the form

Xn+1 ZMXn+g(Xn)+gn’ n €Ny,

with a d x d matrix M having non-negative entries, with a function g : R‘j_ — RY,
and with random fluctuations &, = (£,1, ..., )" satisfying

E[§, | #2] = 0 as.

One may view the process as a non-linear random perturbation of the linear
dynamical system x,+; = Mx,, n € Ny. Here we require this system to be critical,
which means that the Perron-Frobenius eigenvalue A; of M is equal to 1. We focus
on the situation, when M is a primitive matrix; then up to scaling there is a unique
left eigenvector £ = ({4, ...,4£,) corresponding to A; and its components are all
strictly positive. As usual we let £1 + -+ + £, = 1.
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Now the size of the random fluctuations will be determined by the conditional
variance of £&, = £,1&,; + - -+ + £4&,4. More precisely we assume that

E[(££,)* | Fu] = 07 (X,) as.

with some measurable function o : R‘j_ — Ry.

We are aiming at general criteria for recurrence or transience of the process
(Xn)n>0, that is, at criteria which allow to decide whether {||X,| — oo for n — oo}
is an event of zero probability or not, where || - || denotes an arbitrary norm on
R?. Hereby, in talking about recurrence and transience, we have taken the liberty to
adopt the terminology from Markov chain theory. Certainly our processes obey only
arelaxed form of the Markov property, but examples typically are Markov chains.

Our theorems in the multivariate setting are complete generalizations of the
known results in the univariate setting. Therefore it is appropriate to first reconsider
the univariate case. This is done in Sect. 12.2. In Sect. 12.3 we apply these results
to the population size dependent bisexual Galton-Watson process. The multivariate
case is then discussed in Sect. 12.4. As an example the multivariate population size
dependent Galton Watson process is treated in Sect. 12.5. Proofs for the multivariate
criteria are given in Kersting (2016), arxiv:1605.04064 [math.PR].

12.2 The Univariate Case Revisited

In the 1-dimensional case our model equation simplifies to the difference equation
Xn+1 =X + g(Xn) + gn

with some function g : Ry — R. A number of examples can be put into this
framework, among others e.g. population size dependent branching processes [10,
12], controlled branching processes [5], branching processes in random environment
[2], or nonlinear stochastic trends [7].

Our main condition is

gt (x) =o(x) asx — o0 (A1)
This assumption of “near-criticality” simply says that X,, is the dominating term
within X,, + g(X,,) such that supercritical growth is excluded.
Also we assume the existence of some constants ¢, § > 0 such that for X,, > ¢

E[E,]P | 7] < coP(X,) as. withp=2+6. (A2)

With these two conditions we have the following criteria complementary to each
other.
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Theorem 12.1 Let (Al), (A2) be fulfilled. Assume that there is an € > 0 such that
xg(x) < 1%802(@ (12.1)
for x sufficiently large. Then
P(X, - coforn — o0) =0.

The converse criterium requires some slight additional restrictions.

Theorem 12.2 Let (A1), (A2) be fulfilled. Also let 6%(x) be bounded away from
zero on intervals (u, v) with 0 < u < v < 0o, and let

o2(x) = 0(x*1og % x) for x — oo (12.2)

with § as in (A2). Assume that there is an € > 0 such that

g0 = “E 5200 (12.3)

for x sufficiently large. Then there is a number m < 0o such that

P(limsupX, <mor limX, =o0) =1.

If also for every ¢ > O there is an € N such that P(X,, > ¢) > 0, then
P(X, — ocoforn — o0) > 0.

These results are contained in [9]. From there the first theorem is taken literally,
while the second one is a somewhat more general version of the corresponding
Theorem 2 in [9]. There the condition g(x) = O(xlog™%®x) is used, which is
stronger than our condition (12.2) in view of (12.3). Thus our theorem offers a
relaxation of conditions, which is more to the point and also useful in examples,
while the proof of the criterion remains practically unchanged (as one easily
convinces oneself).

The theorems can be understood as follows: Typically the long term behavior
is either dominated by the “drift term” g(X,,), or it is mainly controlled by the
fluctuations &,. There is only a small boundary region where both the drift term and
the fluctuations have to be taken into account. It is there, where one would expect a
particular rich and variable stochastic behavior.

Remark 12.1 In order to get a better understanding of the main condition of both
theorems it is instructive to rewrite the model equation in a multiplicative form as

Xnt1 = Xu(1 + h(X,) + §)  with h(x) = 8() &= ;’%” .

- ki
X
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Then

o>

B[, | 7] = ©°(X) as. with () = —

Now the main requirements (12.1) and (12.3) of the theorems read /(x) < 1%‘gtz(}c)

versus h(x) > #rz(x). In this formulation the drift is directly related to the
variance of the fluctuations.

Remark 12.2 One might wonder, whether condition (12.2) can be substantially
relaxed or even removed. Without compensation this is not possible, as can be seen
from Example C in Sect. 3 of [9].

12.3 Example: The Bisexual GW-Process

For the bisexual Galton-Watson process the n-th generation of some population
(with n = 0,1,...) consists of F, female and M, male individuals. They
are assumed to form L(F,, M,) different couples, with some given deterministic
“mating function” L(:,-), such that L(0,-) = L(:,0) = 0. The i-th couple then has
pni female and t,; male offspring. Thus the population evolves according to the
equations

L(Fy.My) L(Fu.My)

n+l Z Pni n+l = Z Tni -

Let ¥, be the o-field, generated by the random pairs (Fy, M), k = 0,...,n. For
every n > 0 we assume that, given ¥, the pairs (0., 7,;), i > 1, are iid random
variables with values in Ny x Ny. In former investigations it has been assumed that
their conditional distribution w, is non-random, here we allow that w, depends on
L(F,,M,). Thus we deal with a population size dependent bisexual Galton-Watson
process. Note that the random variables X, = L(F,,M,), n = 0,1,..., form a
Markov chain with values in Ny and an absorbing state 0.

For the bisexual Galton-Watson without population size dependence the question
of recurrence/transience (or in other words the question, whether extinction appears
with probability 1) has been completely solved for the large class of superadditive
mating functions, see [3] and the literature cited therein. In [13, 15] the authors
treated the case of mating functions depending on the population size.

Here we consider the situation where the distribution of (p,;, t,;) may depend
on the number of couples X, (this is a particular case of the model introduced in
[14]). Then it is necessary to specify the function L in more detail. We consider the
prominent case

L(x,y) = min(x, ry),
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where r > 1 is a natural number (r = 1 means monogamous mating and r > 2
polygamous mating). We restrict ourselves to the balanced situation when

Elpni | 1] = rE[ty | Fu] ass.

(the unbalanced case can be treated equally). In the case r = 1 this means that in
mean all females and males will find together in couples and it is only due to random
fluctuations that some will not succeed.

We like to apply our theorems to the process (X,),>0. The function g evaluated
on x > 0 is given by

x+gx) =E[X,+1 | X, =x] = Ex[min(ZpOi, rZ rOi)] ,
i=1

i=1

where we now use the notation E,[ -] = E[ - | Xy = x] familiar for Markov chains.
Denoting

e(x) = Ex[po1]

and using the identity 2 min(u#,v) = u 4+ v — |u — v|, we may rewrite the above
equation as

gx) + x = xe(x) — %EXH Z(p()i — rrOi)|]

i=1

in the balanced case. The right-hand expectation can be asymptotically evaluated as
follows: Assuming that the function

v(x) = Ed[(po1 — r701)’]
has a finite, strictly positive limit for x — oo, i.e.
v(x) >a >0 asx— oo,
and assuming also
Edoyy "+ < ¢ (12.4)

for some n > 0, ¢ < oo, we deduce from Lyapunov’s version of the central limit
theorem that

Ex“ Z(POL’ - VTOi)|] = Jax(E[|N|] + o(1)) asx — oo,

i=1
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where N has a standard normal distribution. Since the right-hand expectation is
equal to \/2/m, we end up with

g(x) = (e(x) — Dx— ‘/% +o(/x) asx — o0o.
The moments of &, can be obtained as follows:

E[|&[*]
_Ex[imln Zpol, ZTOL —x—g(x)|2+8

i=1
= E.{| min( Z(po,—e(x)) Z(rro,—e(x») I T

From the Marcinkiewicz-Zygmund and the Holder inequality we have
- 24 - 1+/2
Ed| > (o0 — )7 < cEI( Y looi — e@)?) )
i=1 i=1

< B[ [poi — e(@)[7H1x1/2] = ex! V2K ooy — ()]
i=1

for some ¢ > 0. Similarly the moment of the other sum may be estimated from
above. Thus because of (12.4) we may apply the multivariate central limit theorem
to obtain for 0 < § < 7

E[|6]7] = x'T¥2E[| min(N;, Ny) + \/W’ ] 4 o(x!+972)

as x — oo, where the distribution of (N, N;) is bivariate normal. In particular
the right-hand expectation is strictly positive. Since we are dealing with a time
homogeneous Markov chain, (A2) is fulfilled for all § < 7.

We are now ready to apply our theorems. The above formulas suggest to chose

ex) =1+ % +o(x"?) asx — o0

for some real number 8. Then asymptotically

g0 ~ (B = Va/2n)Vx, 0*(x) = Ed&] ~ yx

for some y > 0. Thus applying Theorems 12.1 and 12.2 and noting that O is the only
absorbing state, we end up with the following result.
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Corollary 12.1 Assume that
e(x) =1+ ﬁ +o(x7?) asx - o0
X

and that Ex[péf—" + ‘ng—"] < c for all x large enough and some n,c > 0. Then we
have:

(1) If B < \/a/2m, then the process (X,)u>0 gets extinct with probability 1.
(i) If B > /a/2n, then (X,)u>0 diverges with positive probability.

12.4 The General Case

Now we come back to the d-dimensional process (X,),>0 with values in Ri
satisfying

Xor1 = MX, + g(X,) + & withE[§, | 7] = 0, E[(££,)? | Fu] = 0%(X,) a.s.

We recall that M is assumed to be a primitive matrix, that is its entries are non-
negative and there is a natural number k such that the entries of M* are all strictly
positive. We further assume that the Perron-Frobenius eigenvalue of M is equal to 1.
As is well-known, see [16], it has unique left and right eigenvectors £ = ({1, ..., £,)
andr = (rq,...,rs)7 with strictly positive components and normalized by £1+- - -+
by=Liry + -+ Lgrg=1.

We like to obtain generalisations of the Theorems 12.1 and 12.2 above. One
approach is to look for suitable d-dimensional versions of the recurrence condi-
tion (12.1) resp. of the transience condition (12.3) holding everywhere in the R‘j_
(possibly up to a neighbourhood of the origin). This approach has been performed
by Gonzdlez et al [4], who considered in fact more general multitype Markov chains
and applied their results to controlled branching processes (see also [6]).

On the other hand there occur interesting instances where in some parts of the
state space one then would come across the recurrence condition (12.1) and in others
across the transience condition (12.3). Therefore we follow a different idea. From
Perron-Frobenius theory it is known that the modulus of the other eigenvalues of
M are all smaller than 1. Roughly speaking this implies that after multiplication
with M vectors x € R‘j_ are pushes towards the direction of the eigenvector r. The
same effect is also active for the process (X,),>o (provided it is not nullified by the
presence of g or the &,). Thus on the event || X,|| — oo one would expect that the
sequence X, diverges asymptotically in the direction determined by r. Consequently
the mentioned recurrence or transience conditions have to be required only in some
vicinity of the ray 7 = {Ar : A > 0} spanned by the vector r. This is the type
of condition we are aiming at. First results in this direction are due to Adam [1]
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who derives recurrence and transience criteria in the case where £g(x) and o(x)
asymptotically behave like certain powers of £x.

To make this intuition precise let us introduce some notation. Each vector x € R¢
can be uniquely dissected into two parts

such that
xe{ir:AeR} and £x=0.
From X = Ar it follows £x = Alr = A because of £r = 1. Thus
x=rlx.
Now we may characterize the vectors x close to the ray 7 by the property that ||x|| is
small compared to ||x]|.
Similarly the process (X)) can be splitted:
X, =X, + X, .

We are now ready to formulate our results. The assumptions are analogous to the
1-dimensional case. The condition of near-criticality now reads

g = o(llx[])  as [lx[} — oo (AT%)

and the condition of moment boundedness gets the following form: There are ¢ > 0
and § > O such that forp =2+ § and | X,|| > ¢

E[[|E: 117 | Fu] < co?(X,) . (A2%)
For convenience we formulate here our theorems only for the case that g(x)

has only non-negative components, otherwise the required conditions are somewhat
more involved.

Theorem 12.3 Let (A1*) and (A2*) be fulfilled and let g(x) > 0 (componentwise)
for ||x|| sufficiently large. Assume that there is an ¢ > 0 and that for any a > 0 there
is some b > 0 such that for all x € R‘i we have

. 1—¢
x| = b %)% < allx]| - [g@)l = £x-Lg(x) < TUZ(X) . (12.5)
Then

P(||X,|| > coasn — 00) =0.
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Note that in view of (A1*) the requirement || X||?> < al|x|| - ||g(x)| indeed defines
a region within R‘_‘;_ which is located in the vicinity of the ray 7 (since x € 7 implies
X = 0). Note also that in the 1-dimensional case the requirement (12.5) reduces
to (12.1), because then X = 0 and £x = x for any x € R.

Theorem 12.4 Let (A1%*) and (A2*) be fulfilled and let g(x) > O for || x|| sufficiently
large. Also let 0 (x) be bounded away from zero for all x € R‘_‘;_ withu < {x < v,
where 0 < u < v < 00, and let

o2(x) = O(|x||* 1og™/% |x||) for x — oo and for some § > 0 . (12.6)

Assume that there is an ¢ > 0 and that for any a > 0 there is some b > 0 such that
forall x € R[-li- we have

I+e¢ ,
> o (x) .

Il = 6, %]* < a0’(x) = lx-Lg(x) >
Then there is a number m < oo such that

P(limsup || X,|| < mor lim || X,|| = oc0) = 1.

If additionally for every constant ¢ > 0 there is a natural number n such that we
have P(||X,|| > ¢) > 0, then

P(||X,|| = oo forn — o00) >0
and
P(|IX, ] = o(IXull) | 1Xull = 00) = 1.

Now it is the condition ||X||> < ao?(x) which in view of (12.6) defines a vicinity
of the ray 7. The last statement says that the process diverges in the direction of the
ray 7. Again for d = 1 this Theorem reduces completely to Theorem 12.2.

Note that we did not specify which norm || - || we used. The choice makes no
difference because as is well-known all norms on R? are equivalent in the sense that
for two norms || - ||; and || - ||2 there are number ¢y, ¢c; > O such thatc||-|; < |-]l2 <
¢2|| - |l1- Thus the formulated conditions and statements do not depend on the choice
of the norm.

The proof of both theorems will be given elsewhere.
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12.5 Example: The Multivariate GW-Process

In the multivariate Galton Watson process (X,).>0 each generation consists of d
different types of individuals, thus X,, = (X,.1,...,X,4)". Then

d Xnj d Xnj

Xoy1 = ZZij or Xyy1x = Z Zgnijk

j=1i=1 j=1i=1

with & = (uijts - - -, Qnijd)T. Here ¢,y is considered to be the offspring number
of individuals of type k born by the i-th individual of type j in generation n. It is
assumed that for n > 0 and given Xy, . .., X, the random vectors {,;;, i,j > 1, are
independent with a distribution which may depend on j but neither on i nor on n.
We allow that this distribution depends also on X, then (X,),>0 is a Markov chain
and constitutes a population size dependent multivariate Galton-Watson process as
introduced by Klebaner, see e.g. [11]. For a model where M is no longer primitive,
compare Jagers and Sagitov [8].

Now given the state x = (xi,...,x)] € R‘j_ expectations are determined as

E([Xi] = YL ExfZoy]; or
E, [X l] = Ex
with the d x d matrix of expectations

Ey = (Ex[Sou1], - - -, Ex[Co14]) -
In our context this means that
g(x) = (Ex—M)x
with some primitive matrix M and

d Xn.j

E=) ) (G — Edlbo]) -

j=1 i=1
By conditional independence we get
d
o’ (x) = E[(£&)’] = ) Var(£5o1))x;
Jj=1

or

o2(x) = £ L7
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with
d
Iy= Z Cov($o1j)x
j=1
and the d x d covariance matrices Cov,({oy;) of {o1j,j = 1,....,d.

As to condition (A2*) it is suitable here to work with the £;-norm ||x|| = ), |x«|.
Thenforp =24+6§ >2

d Xn.j Xn.j

d
1EP = (D 1D G — Exltord])” = d™ D 1D~ i — EalZoni)]|”
j=1

k=1 i=1 jk=1 =1

Applying again the Marcinkiewicz-Zygmund and the Holder inequality we obtain,
for some ¢ > 0,

d
2 p
E[[&]7] < cd® Y xP*E[|5o — Exlfo]) -
k=1
Assuming now that there is a number b > 0 such that for all x € R‘j_
E.{|Soui — ExlSouull”] = PE[Gouje — ExlGo1]) 1 (12.7)

we obtain
- 2
Ed{[|60ll"] < bed® () 5Bl Goue — E.{¢ou]) )" .
jk=1
that is
EX[HSOHP] < deZ‘D(trace FX)I’/Z .

Thus to attain validity of (A2*) we require besides (12.7) that there is a constant
¢ > 0 such that for all x € R% we have

trace I, < c LT .

This is fulfilled if e.g. the covariance matrices Cov,({o1;) have only non-negative
entries, but it may fail in general.

Now we are ready to apply our theorems to special cases as those discussed by
Klebaner [11] and Adam [1]. Details are left to the reader.
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Chapter 13
The Weighted Branching Process
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13.1 Weighted Branching Process

Branching processes have a lot of applications in the real world. Basically, one
counts the number of offspring or individuals in a certain generation. But that is only
part of the story. In reality the mother (parents) passes some value to the children
and they to their children and so on. Examples of values are the DNA sequence,
money, knowledge, influence and so on.

We will present a general suitable mathematical model, the Weighted Branching
Process (WBP) [37, 39] (V, L, G, %).
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Picture of a tree

For the tree we use the Ulam-Harris notation. Let V = IN* = U°2 /IN" be the set
of finite sequence of integers including the empty sequence called @. We use |v| = n
forv = (vy,v2,...,V,) = VU2 ...V, suppressing the root #. V is a (genealogical)
graph with directed edges (v, vi), v e V, i € IN.

(G, %) is a measurable monoid with a grave. (A monoid is a semi group with a
neutral element (¢ = e x g = g x e forall g € G). A grave is an element A € G
suchthat A = Axg=gxA.)

Each edge (v, vi) carries as weight L, ,; a random variable with values in G.
Define on every path (v, vw) a weight (length) L, ,,, recursively by

Lv,vwi = Lv,vw * va,vwi

For notational reasons we use also (v, v) as path and define L,, as the neutral
element e.

The object (V,L,G,*) is called Weighted Branching Process (WBP) if
(Lyvi)iew, v € V are iid rvs. For specified edge weights we obtain a random
dynamical system indexed by a tree

Lv,x = Lv,w * Lw,x

v < w =< x in genealogical order. Sometimes we specify only (L;);ew or the
distribution of it. We then have to choose iid rvs in order to obtain a WBP.
More precisely we face a Markov chain indexed by a tree with transition kernel
G x 0(G™) > (x,A) — P((x * L;); € A). On the other hand, given a transition
kernel on G x o(G"), under very weak assumptions a dynamical system with these
transitions [10] exists. Our objects of interest will always be WBP even if we specify
only the distribution.

We suppress the root @ and grave valued objects whenever possible. The picture
above shows all v such that Ly, =: L, # A. These L, are observable. We keep the
common interpretation of offspring, descendant, ancestor, child, mother and so on.

Ex: Free Semi group: If L; are some fixed element of G then L;, i € IN, generate
G={L, | v e V}U{e, A} as free semi group adding the neutral element and the
grave.

Here are some examples in the reals.
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Ex: Bienaymé-Galton-Watson (BGW): [9] Take G = {0, 1} with multiplica-
tion. 0 is the grave. Then the BGW process Z, = Z‘v‘:n L, counts the number of
offspring in n-th generation. m = E ), L; is the average offspring.

Ex: Branching Random Walk (BRW): G = [0,00) with multiplication.
Interesting objects are for example Z, = Z‘v‘:n L, and sup,—, Ly. In his Ph.D.
and a series of papers Biggins [14] introduced the branching random walk on (R, +)
and considered the asymptotic of the sum of weighted positions in n-th generation
and the rightmost particle. Taking the exponential function his setting corresponds
to a WBP on the positive reals with multiplication.

These examples can be extended to G the reals or complex numbers with
multiplication or to Hilbert spaces and so on. They include multi type branching
processes [9] or multi type branching random walk [15].

The interpretation of the above examples is as follows: One individual branches
and moves the children. Mathematically we interpret ¢ € R asamap 7, : R —
R, T,(x) = xg and consider L, (x) as the value of the particle v starting the process
at the root with a particle of weight x. In general, without loss of generality, G is a
subset of some function space H” (always G = H does the job) with composition,
X%y = xoyorx*y = yox. The algebraic description is by G acting right on
H =H;viax;: H xG — Hjorlefton H = H, via %, : G x H., — H,. (Notice
the formal definition of a semi group acts right or left and our choice of the symbols
Hi, H,, *;, *, inspired by the natural position of H.) Then T,(x) = x *; g or g *, x.
The symbol *; corresponds to the interpretation of a particle starting at the root. The
symbol *, is connected to some values at the boundary of V at co, see examples
coming up. Also a combination x *; g %,y with values at the boundary of V is natural
(with the right formal modification).

The next examples concern self similar sets and random affine maps on vector
spaces. (Affine maps are not commutative.) It is the celebrated world of fractals
[11,12].

Ex: Cantor set: Consider the iteration

X ! 2B
n — 3 n—1 1 3 n»

where B,, n € IN, are independent Bernoulli distributed rvs with parameter
1/2. Plotting the sequence (X)), for the starting point x = 0 (or any) provides
(asymptotically) a picture of the Cantor set (explanation later). The sequence arises
from a somewhat degenerate WBP, G is generated by the affine maps R > x —
gix) =3and R 3> x> g(x) = ’% with composition x * y = y o x and enlarged
by the identity and the grave. G acts right on the reals H = R. Let Y,,,v € V be
independent Ber(1/2) rvs and put L, ,; = Y, g1 + (1 — Yy)g2 and L, ,; the grave for
i > 2. Only vertexes v consisting purely of 1’s get a non grave weight.
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Cantor set

For another description let G and H be as above. Define L, ,; = g; fori = 1,2
and the grave otherwise. Consider the range K, := {Z,(x) | x € [0,1]} of Z, =
Z\u\=n L,. Then K := N,K,, is the Cantor set.

There are more interesting (deterministic) self similar examples. One is the
Sierpinsky triangle

Sierpinski triangle

X, = AuX,—1 + B, in R%. Here A, is the matrix A := ( 1(4 ’ 1;)2

with values (0, 0), (1/4,1/2), (1/2, 0) taken with probability 1/3.
We mention also the Koch curve without explanation.

) and B,, are iid

Koch curve
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Ex: Fern: Here is a picture of my favorite, the fern.

Fern

Draw the X,,, n € N with values in R? satisfying the recursion X,, = A,X,—1 + B,
with (A,, B,) iid. The distribution of the random matrix A and the random vector is

0.02 0 150

0 027)°\ 0 '
—0.139 0.263 171
0.246 0224 )\ -108/)"
0.16 —0.215 122.4
0.222 0.176 )\ 26.79))"
0.781 0.034 32.25
—0.032 0.739 ) "\ 81 ’

with probability 0,01;0, 15; 0, 13; 0, 71. An explanation for such phenomena (even
in Hilbert spaces) is given in [16, 24].
Another big source of WBP examples arises by interval splitting.

Ex: Interval splitting: Consider the set G of intervals [a¢,b), 0 < a < b < 1,
Define the operation * on intervals by

[a,b) x [c,d) :=[a+ c(b—a),a+ d(b— a)).

We will use [, ,; and I, in the sequel instead of L, ,;, L, as before. Notice g € G is
identified with the map T, (x) = x * g and H; = G. We use for simplicity right half
open intervals, but open, closed or left half open intervals are possible.

For the Cantor set let g := [0,1/3],g> := [2/3, 1] and let G be generated by
g1, &> under * adding the neutral element and the grave. Put [,,,; = g; fori = 1,2
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and the grave otherwise. Then

3M"—1

2 2m 2m+1
Z, = U‘U‘=n[0, 1] x I, = U [? T :|

m=0

)

is the K, from above and provides in the limit the Cantor set K = N,Z, = {x =
Y2 lxie{0.2}).

Ex: b-ary splitting: Split [0, 1) into b intervals of equal length. Then I; = [%, ,i;)
fori < b. Notice I,,, |v| = n, is a partition of [0, 1) for any n € IN.

The next step of generality is a random partitioning /;, i € IN of the unit interval
[0, 1). A self similar continuation (=a WBP on intervals) provides I,,, v € V. Define
another WBP (V, L, G, %) on the reals (G = ) with multiplication. Objects of
interest are processes like [0, 1) 3 1+ Z,(?) := Z‘U‘q 1, (t)L, or functions of it.

For the Cantor set take a ternary splitting I, = [0,1/3], I, = (1/3,2/3), I =
[2/3,1] and a positive WBP with L; = |I,|, Ly = |I3] and O otherwise. Then the

o satisfying E) ", LY = 1 is the Hausdorff dimension (o« = %) and the function

R DA~ limo f(? (Z,())*~dt the Cantor measure (=x-Hausdorff measure
restricted to the Cantor set [18]). The Cantor set is the support of the Cantor measure.

Ex: Mandelbrot Cascades: Let /,, v € V, be an b-ary interval splitting as
above. Further take a WBP on G = [0, co) with multiplication and weights, such
that L; is the grave for i > b. Let ¥, be the o-field generated by L, ,;, |v| < n,i €
IN and G, be the o-field generated by I,, |v| = n. The sequence Q, of measures
O.(A) = Z‘v‘:n L,0(A) on G, are called Mandelbrot cascades for the measure
o. Under suitable assumptions [23, 26] the random measures Q, converge to some
random measure O, on the Borel o-field of the boundary of V at infinity.

Under the Lebesgue measure ¢ and the assumption E) ;L; = b is (Qn)s @
martingale measure, E( f fdQus1 | Fu) = [fdQ, for all f > 0 measurable with
respect to G, [23]. Further Z,(t) = b™" Z‘v‘:n L,1; (¢) is a martingale in n for
every t € [0,1) [23]. There are several extensions for different o and weakening
the assumptions leading to stochastic fixed point equations (SFE) on the reals (see
section on SFE) [17, 21, 23, 25, 26, 41] or to SFE for processes (see last section)
[13]. Most of them (if not all) are WBP and the limits appearing there are stochastic
fixed points.

The next example is from computer science, sorting and searching [38].

Ex: Binary Search Tree: Let H be the set of infinite sequences of different reals.
Define g; : H — H by g1(x) = (x;,,x;,,...) where i; := inf{n > 1 | x, < x1}
and §; := inf{n > i;_1 | x, < x1}. g1(x) is the subsequence of reals strictly smaller
than x;. Define g, analogue replacing the < by > . Let G be generated by g, g2
including the identity and the grave. Put L; = g; for i < 2 and otherwise the grave.
Let @(v) be the first element in the vector L, (x). Then T,,(x) := {v € V | &(v) €
{x1,x2,...,x,}} together with the map 7,,(x) > v — @(v) is called the binary tree
(for x1,x2, ..., x,). Traversing from left to right through the tree 7,(x) provides the
reals x1, x5, . . . X, in natural order.
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Ex: Phylogenetic trees: Given is the DNA-sequence of some individuals or
species living today. Find the phylogenetic tree of them [32]. The idea is, that
mutations appears seldom, but regularly. Model the mutations by a Poisson process
and take the Maximum-Likelihood estimator over all trees including mutations.
These empirical phylogenetic trees are reasonable good estimates close to estimates
with other methods.

13.2 Stochastic Fixed Point Equation
In general stochastic fixed point equations (SFE) are of the form

X < (X))

Here ¢, X;, i € IN, are independent and all X; have the same distribution as X.

Ex: Max type: Take ¢, a random map with values in RN — R, as the supremum
¢((x;)) = sup; x; + B, where Bis arv [7, 40].

We consider here only affine maps ¢ on some vector space, i.e. SFE of sum type

X =Y AX +B. (13.1)
i€eIN

whenever the above is well defined. Here the rvs ((A);,B), X;, j € IN are
independent and the X; have all the same distribution as X. The distribution of
((A));, B) is given.

Many important distributions satisfy such a SFE in the reals.

. d . .
Ex: Gauss: The equation X = % + % is uniquely solved by a Gauss

distribution N(0, o2) for some 0 < 0% < oo.

Ex: Cauchy: The equation X 4 % + % is solved by a symmetric Cauchy(b)
distribution, (density x — Jr(h+|—x2)) and by constants.

Ex: a-stable-distribution: a-stable distributions in R are the limits of linear
normalized sums of iid rvs. Alternatively X is a-stable distributed iff X 4 ¢ 4
aX; + bX; for all a,b € R satisfying |a|* + |b|* = 1 and some ¢ € R. What
happens if we have the above SFE only for some specific a, b, c? Are the solutions
stable [6]?

Ex: BGW: % converges a.e. to W and W satisfies

1
WLy —w,

N the number of offspring.



226 U. Roesler

Ex: Quicksort: The running time X of the divide and conquer algorithm
Quicksort, correctly normalized [35], satisfies

XL Ux, + (1 - U)X, + C(U). (13.2)

Here U is uniformly distributed and C(x) = 2xInx+ 2(1 —x) In(1 —x) 4 1. The
solution is unique in the set L', but there are more solutions [19] of (13.2).

The last example motivated the study of SFE as objects of its own interest.
Neininger [28] in a series of papers analyzed many more stochastic divide-and-
conquer algorithms, ending up with SFEs.

* Why are we interested solving (13.1) in distribution? There always exists rvs on
a common probability space satisfying

X = ZAiXi + B.
i

The quick answer is, distributions are on lower level than rvs. Every rv has a
distribution, but for given distribution there are many rvs with that distribution.
More to come.

e Why are solutions of (13.1) called fixed point?
Consider the map K = K, from distribution to distributions

K(w) £ Y AY, +B.

((A))i, B) has distribution v and is independent of all Y; < w. Fixed points of
K are exactly the solutions of the SFE. Methods for dealing with K are e.g. the
contraction method [39] using the Wasserstein metric [36, 39] or Zolotarev metric
introduced by Neininger [28], Neininger and Riischendorf [30]. If B = 0 then K
is called the smoothing transform [17, 21, 23].

* Where is the dynamic and connection to weighted branching processes?
Iterate the homogeneous SFE

X=)AXi+B=>) Y Ad;X;+ Y ABi+B=...
i i J i

This leads to a WBP, a genealogical tree (with possible infinite branches),
the mother passes her value randomly transformed to her children. We have
dependence within a family, but independence for families.
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13.3 Forward and Backward Dynamics

Without loss of generality we may take G as a subset of H. The x is the
composition, but be aware of the order!

Forward Dynamics (Genealogy) Start with some value 7 € H at the root § and
every vertex v gives its weight to her i-th child vi randomly transformed by the map
Lv.vi-

Formal: Let H; be a set and G acts right on H; via *; : H; X G — H,;. We obtain
h *; L, as the weight of v for starting weight & at the root. 4 might also be a rv
independent of everything else.

Ex: For G the reals with multiplication we usually identify a real number a with
the transformation R > x — T,(x) = ax. Therefore for the BGW starting with one
particle of weight 1 at the root we obtain the value 1 *; L, = L, which is either 0 or
1 with the interpretation dead or alive.

Ex: The descriptions of the Cantor set is the forward dynamic, starting with
points in the unit interval or the unit interval itself.

Backward Dynamics Now we look backwards in genealogical time. Give the
vertex v a weight C,, take it back to the root L, *, C, and consider the total weight
R = ZUEV L, %, C,. Another procedure is, give vertexes v in n-th generation some
values C, and define recursively C,, := ZiE]N Ly i *r Cyi, |W| < n. Go all the way
back to the root and then take the limit n — oo. Intuitively, the limit is like putting
some weight on the boundary of V and going back. More general, let the children
determine the weight of their mother and put some starting weight on the boundary
at infinity.

Formal: Let H, be a set, G acts left on H, via %, : G x H, — H, and there
is a (random) function v : HlN — H,. Put some values C, € H, on the n-th
generation |v| = n. Then on the n — 1-th generation [w| = n— 1 we have the weight
w = Y ((Lywi *r Cy)i) € H,. Continue this procedure up to the root. The standard
assumption on the input is ((Ly4;)i, Cy), v € V, areiid rvs.

Ex: As an example take the SFE

o X X
V2 V2

uniquely solved by a Gauss distribution N(0, 02) for some 0 < 02 < oo. Take a
WBPon R with L; = 1/ V2 for 1 < i < 2 and 0 otherwise. Put some independent
N(0,0?%) rvs C,, |v| = n on the n-th generation, and obtain Y* = Z‘M:n Ly oy *;
Cyy forall [u| < n. All Y?, |v| < n for the tree vV are N(0, o) distributed. But if
we try to extend » to infinity and obtain as limit a normal distribution, there is the
difficulty, that in the limit one needs values at the boundary of V' at infinity.

(13.3)

2
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Ex: Consider a BGW process and W the limit of the martingale -
Then W satisfies

m = EZl.

mn >

W= Z W= ZIZUIW“, (13.4)
1€]N |v|=n

where WV is the martingale limit on the tree vV.

Endogenous or Non endogenous We call solutions of a SFE endogenous [1], if
they are measurable with respect to the corresponding WBP. Otherwise they are
called non endogenous. The solution W in example (13.4) is measurable as limit of
a martingale and solutions to (13.3) are not. For endogenous solutions we can easily
give a version with equality rather than in distribution simultaneous for all subtrees
vV. For non endogenous there exists such versions, but we have to put some values
at the boundary of V at infinity. This requires some techniques.

The forward and backward dynamics is connected to the forward and backward
view. Just for the case of simplicity we take G the reals with multiplication and
grave 0. We take the genealogical dynamics. Our object of interest is

=Y L.

[vl=n

The Forward and Backward view is in analogy to Markov processes.
The forward equation is

= 2. L) L

|v]=n—1

The forward view is on random variables. The forward structure is (often) a
martingale

m = E )", L;. The forward result is a.e. convergence (probability theory).
The backward equation is

Z, =Y LZ} .

ielN
where Zi is for the tree iV. The backward view is on measures. The backward

structure is an iteration on K = K,, K(u) = Z L;X;. The backward result is
weak convergence (measure theory)

K" (o) = = K(p). (13.5)

The connection between both is K" (8;) 27
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Analogous considerations hold for

R, = ZLU *erv

|v|<n

((Lyvi)i, Cy), v € V,iid, C, : £2 — G. The backward view is

Ry =Y LR, +C.

With forward tools like R, — R point wise we obtain

R= ZL,- %, R' + C.

1

In case R, — R only converges in distribution we obtain only equality in
distribution.

13.4 SFE of Sum Type

In this section we consider solutions of (13.1) in the reals. Especially we are
interested in all solutions. We distinguish between the homogeneous sum type, B
is identically 0, and the non homogeneous sum type.

Let us start with the homogeneous sum type

X =Y AX (13.6)

Consider a WBP on the reals G = R with multiplication and the (L;); are distributed
like (A;);. Then %, Z, = Z|v|=n L,, m = E)_,L; is under suitable assumptions
a martingale relative to the filtration A, generated by L, ,;, [v| < n,i € IN. If
we consider positive weights L; and 0 < m < oo then the positive martingale

% converges a.e. to some W and W is an endogenous solution of the SFE

w2 > %W,-. W might be identical 0, which is always a solution. Here is a
Kesten-Stigum analogue [9, 14, 27] deciding on W = 0. Define the function
(0,00) 3 a = m(a) = E),|Li|* € [0, 00]. We use m = m(1).

Theorem 13.1 (Biggins) Let (G, x) be [0, 00) with multiplication, m < oo and
m' (1) exists and is finite. Then are equivalent

i) P(W=0) <1
ii) EW =1
iii) E(Z1In" Z;) < oo and m'(1) < mInm



230 U. Roesler

P(W = 0) is either 1 or the extinction probability of the corresponding BGW. Some
results can be extended to real valued factors L;.

Usually non endogenous solutions are harder to obtain, [4-6, 8, 17,21-23,25]. A
final (almost) complete answer is a consequence of the Ph.D.-thesis of Meiners [8].
We treat only the the positive case, G = [0, 00). Let S be the set of all decreasing
left continuous functions f : R4+ — [0, 1] satisfying f(0) = 1 and the fixed point
equation

f =E[raL (13.7)

for all ¢. This problem corresponds to the SFE

)

Y = inf L 13.8
= inf - (13.8)
of infimum type. By convention put inf@ = oo = § = oo for every x € G. The
correspondence is given by the survival function f(r) = P(Y > f). The connection
to the SFE (13.6) is: The Laplace transform ¢(t) = E(e~X) of a solution X of the
SFE (13.6) is an element of S.

Here are some assumptions. Al) The smallest multiplicative closed group
generated by the supportof all L;, i € Nis G.

A2) P(Zl HL,->0 < OO) =1
A3) Thereis an o < 1 such that m(a) = 1 and m(a) < m(B) forall 8 < «.
A4) Thereis an § < « such that m(8) < oo.

Theorem 13.2 (Alsmeyer-Biggins-Meiners) Assume Al-A4 and G = [0, 00).
Then there exists a positive random variable Z not identically 0 solving the SFE

z23 117 (13.9)

The non degenerate functions in S form exactly the parametrized family
(1) = E(e77"). (13.10)

h € (0,00).

If we are interested in solutions X of (13.6) then use: A solution f € S (13.10) is
a Laplace transform iff @« < 1. Then X is of the form Z!/*Y with ¥ a symmetric
a-stable distribution. It is a mixture of symmetric o-stable distributions.

For G = R a similar result is known [5], solutions are again mixtures of c-stable
distributions.

We come now to non homogeneous solutions X 4 >, AiX; + B and ask for all
solutions. Some endogenous solutions are easy to find via the contraction method
[39], a backward approach. See [2] for a recent overview.
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Consider the operator K = K, (13.5) on probability distributions. Show K is a
strict contraction with respect to some suitable metric and use Banach Fixed Point
theorem. Suitable metrics are the Wasserstein [39] or Zolotarev metric [30], both [2]
with nice properties fitting the recursive structure,

. d d
dp(p,v) =inf{[|X = Y[, | X = pn, ¥ = v},

Ep(u,v) = Sl;p |Ef (X) — Ef (Y)|.

where DLPIf is Holder (p — | p])-continuous. There are more nice metrics [28].

The forward approach uses martingale theory. Consider a WBP on the reals G =
R with multiplication and take independent rvs ((Ly )i, Cy), v € V with the same
distribution as ((4;);,B). R, = Z\u\<n L,C, is a martingale in case E(C) = 0.
Under suitable conditions, like L”-martingale p > 1 [3, 30, 39], R, converges to
some R, which is a solution to the SFE (13.1).

Non endogenous Riischendorf [40] characterized the general solution of the non
homogeneous SFE as the sum of one solution of the non homogeneous and the
general solution of the homogeneous [4, 22]. Under suitable assumptions the set of
all solution is given by

R+ 7'y,

where (R, Z), Y are independent, R = lim, R,,, Z a solution of Z 2 > L¥Z;and Y
an a-stable distribution to certain parameters.

In the example Quicksort we obtain R the Quicksort distribution, Z a constant,
since ) ; L; is identical 1 and ¥ a symmetric Cauchy distribution, which is 1-stable.

13.5 The Contraction Method

The contraction method, roughly described in the previous section, uses the operator
K = K, (13.5). Under a suitable metric [33] K" (o) will converge in distribution for
some starting measure (Lo to some fixed point = K(u). Examples are the Cantor
set description via affine maps, where X, converges in distribution to the unique
invariant probability measure u and the sequence (X,) comes close to every point in

the support of p. The SFE is X L AX + B and X, is ergodic [24] on the support of
X respectively p. In this manner we obtain also a picture for the Sierpinsky triangle
and the fern.
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The real strength of the contraction method shows up for ‘dirty’ recursions which
appear a lot for random divide-and-conquer algorithms

X(n) = ZA (I(m)Xi(I(n)) + B(I(n)).

where (A;(+));, B(-),1(n)), X;,j € IN are independent, I(n) < n.

Assuming I(n) —, oo, A;(n) —, A;, B(n) —, B and X(n) — X in distribution
we hope for X L > ;AiX; + B. The first step, usually the easy one, is to solve the
SFE, and the second is to show X (n) —, X [29, 39] in some nice sense.

This approach led to the first running time analysis of a stochastic divide-and-
conquer algorithm [35]. Quicksort still serves as an icon since that time. The input
is a list of n different numbers and the output is the ordered list. We present the
version with random input (contrary to random pivot). Consider a binary tree and
put a sequence Uy, U,, ..., U, of iid rvs with a uniform distribution to the root. Take
the first number U in the list, and put successively any number strictly smaller to
the vertex 1 and the others to the vertex 2, keeping the order of appearance. The
U, remains at the root. Then recall the algorithm as long as any vertex has a list
of length at least 2. The final tree of occupied vertexes is the binary search tree
T, =T,(Uy,...,U,), see the example.

Let Y(n) denote the total number of comparisons required to sort the input, which
has the interpretation of being proportional to the running time of the algorithm. The
backward view for the recursion provides

Y(n) =Y'Um)— 1)+ Y*(n—I(n)) +n—1,

Y', Y2, I(n) independent, Y! 2 Y2, I(n) uniformly on {1, 2, ..., n} (=the rank of U,
under Uy, ..., U,).
Then X (n) := W satisfies

I( ) x I(n)) +2 ( )XZ( + 1 —1I(n)) + C{U(n)).

||©

Since ’5(4’_’)1 converges to a uniformly distributed rv U and C(I(n)) —, C(U) we

expect in the limit the Quicksort recursion

X 2 Ux' + (1 - U)X+ C(U).

There is a unique solution in L”, p > 1, the Quicksort distribution.

Rem: Régnier [34] found that (X(n)), itself is an L?-martingale and X(n)
converges a.e. to a non degenerate limit. This is due to extremely nice properties
of the binary search trees.
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13.6 Process Valued WBP and SFE Solutions

We consider now processes X = X(),c[0,1] in Skorodhod space of cadlag functions
D as solution of some SFE. Many of the examples are of the form, take an interval
splitting (WBP) I,,v € V, of the unit interval and another WBP (V,L, G, *).
Consider the stochastic process Z, = Z‘U‘q I; L, in the limit. Examples are the
Mandelbrot Cascades or the Find process.

Here we take some G C DP with composition x*y = yox. Since the intervals are
lexicographically ordered, we may interpret ¢ as time. A typical example is (a, b) €
G given by a space transformation a € D and a time transformation b. The formal
description is (a, b) * (¢,d) = (acob,bod) and (a, b) *,.f = af ob for f € D. Here
are some limiting examples for Z, and R, = Z\U\<n L, *, C, satisfying a SFE.

Ex: Brownian motion

d X, (2t 1
X (™2 4 L0600+ 3= D)

Ex: Find Find is an algorithm to find the /-th largest within n elements [20].

D t t—U

X = (LicpUXi(5) + Ty<(1 = U)Xa( ) + D,
U 1-U
U uniformly distributed on [0, 1]
Ex: Quicksort process [38]
D t t—=U
X =AU A ) + Duzl = D)X (;—) + CWU. D).,

Cx,n) =C(x) + 21> (1 =) In(1 =) + (1 —x)In(1 —x) + 1)
—(x—=0In(x—1),
C(x) =142xInx+2(1 —x)In(1 —x).

The Quicksort process is the unique solution of the above SFE with centered rvs
X (7) having finite second moments for all 7.

The splitting is obvious in all examples. The Brownian example is non endoge-
nous, since considering only # = 1 we are back to the corresponding SFE for the
normal distribution. The Find example is the limitof the rvs R, = 3, I, |/, and
that solution is endogenous. The Quicksort process example looks like a splitting
with overlapping intervals within the same generation. Via a reformulation [38] this
example is of the form R, = Z|v|<n 1;,L, %, C, for suitable random variables C,
with values in D, a non overlapping splitting 7, of the unit interval by a uniformly
distributed rvs and L, ,; is the obvious space-time transformation. The solution of
the SFE is endogenous.
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In general Knof (unpublished) considered in his Ph.D. overlapping splittings and
SFEs on D with equality for finite marginals only. Sulzbach [31] took an approach
via a functional contraction method using the Zolotarev metric.

Discrete Quicksort Process There is also a discrete Quicksort process version.

Conrado Martinez introduced Partial Quicksort: For a sequence of n different
reals find the smallest / reals in natural order. The procedure is: Recall Quicksort
always for the left most list with 2 or more elements. Publish first the smallest
number then second smallest and so on.

Observation: In order to find the / smallest numbers in order the algorithm does
only necessary comparisons.

Therefore consider / as time. Let Y (n, [) be the number of comparisons for Partial
Quicksort. Then consider the normalized rv

Y(n,I) — EY(n,l)

[
X, -) =
(n n) n+1

extended to D. They satisfying some ‘noisy’ fixed point equation on D, compare to
the discrete Quicksort. The best available and possible result is:

Theorem 13.3 (Roesler) Let U;, i € IN, be independent uniformly distributed rvs.
Then X (n, -) converges almost surely to a specific version of the Quicksort process
in Skorodhod metric on D.
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Chapter 14
A Special Family of Galton-Watson Processes
with Explosions

Serik Sagitov and Alexey Lindo

Mathematics Subject Classification (2000): 60J80

14.1 Introduction

Consider a Galton-Watson process (Z,),>0 With Zy = 1 and the offspring number
distribution

prk=P(Z =k), k=>0.

The properties of this branching process are studied in terms of the probability
generating function

f(s) =po+pis+pss”+...,

where it is usual to assume that f(1) = 1, however, in this paper we allow for
f(1) < 1 so that a given particle may explode with probability poo = 1 —f(1). The
probability generating function f,(s) = E(s%") of the size of the n-th generation is
given by the n-fold iteration of f(s)

Jo(s) =5, fuls) =f(fu1(s5)), n=1,
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and therefore it is desirable to have a range of probability generating functions f
whose iterations can be computed explicitly.

The best known case of explicit calculations is the family of linear-fractional
Galton-Watson processes with

&) =po+ (1 =po)r—r——. seo.(1=p)7).

(1-p)s’

representing the family of modified geometric distributions

pe=(0=p)(1—p)*'p, k=1,

fully characterized by just two parameters: po € [0,1) and p € (0,1]. In
Sect. 14.2 for each 6 € [—1, 1] we introduce a family Gy of functions with explicit
iterations containing the linear-fractional family as a particular case. In Sect. 14.3
we demonstrate that all f € Gy are probability generating functions with (1) < 1.
A Galton-Watson processes with the reproduction law whose probability generating
function belongs to Gy will be called a theta-branching process.

The basic properties of the theta-branching processes are summarized in
Sect. 14.4, where it is shown that this family is wide enough to include the cases
of infinite variance, infinite mean, and even non-regular branching processes with
explosive particles.

Recall that the basic classification of the Galton-Watson processes refers to the
mean offspring number m = EZ;. Let ¢ € [0, 1] be the smallest non-negative root
of the equation f(x) = x and denote by

Ty = inf{n : Z, = 0}

the extinction time of the branching process. Then ¢ = P(Ty < oo) gives the
probability of ultimate extinction. For m < 1 and p; < 1, the extinction probability
is ¢ = 1, while in the supercritical case m > 1, we have ¢ < 1.

If f(1) < 1, then the Galton-Watson process is a Markov chain with two
absorption states {0} and {oo}. In this case the branching process either goes extinct
at time T or explodes at the time

T, = inf{n : Z, = oo},
with
P(Ty <n)=1~—f(1), P(T1 <o0)=1-gq,

where the latter equality is due to f,,(1) — ¢. In Sect. 14.5, using explicit formulas
for £, (s) we compute the distribution of the absorption time

T=TynT.
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Note that in the regular case, we have P(T) = oo) = 1 and therefore, T =
Ty. Observe also that the case f(1) < 1 has other, biologically more relevant
interpretations. For example in the multitype setting, 77 can be viewed as the time
of the first mutation event, see [7].

Also in Sect. 14.5 we consider a situation when the explosion of a single particle
has a small probability, so that 7 takes large values in explosion scenarios. We
show that in such a case the time to explosion can be asymptotically characterized
with help of a Gumbel distribution. In Sect. 14.6 we study the Q-processes for the
theta-branching processes extending the classical definition to the non-regular case.
Our explicit calculations demonstrate that in the non-regular case the behavior of a
branching process is more similar to that of the subcritical rather than supercritical
regular case. Using these results on the O-processes we derive the conditional limits
of the theta-branching processes conditioned on non-absorption.

A remarkable property of the linear-fractional Galton-Watson processes is that
they can be embedded into the linear birth-death processes. In Sect. 14.7 we
establish embeddability of theta-branching processes.

14.2 Probability Generating Functions for Theta-Branching
Processes

Using an alternative parametrization for the linear-fractional probability generating
functions, we obtain

! S e [0, 1) (14.1)
= c, S , 1), .
1—£(s) 1—s
where
P 1—p
a

= R C = .
L —po 1 —po

This observation immediately implies that the n-fold iteration f, of the linear-
fractional f is also linear-fractional

1 a’
_ = 1 =1y,
7o) 1_S—|—c( +a+...+4d7)

The key idea of this paper is to expand the family (14.1) by
A—fe) " =aA—5)""+¢c, s€[0,A), (14.2)

with the help of two extra parameters (A, 6) which are invariant under iterations.
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Definition 14.1 Let 6 € (—1,0) U (0,1]. We say that a probability generating
function f belongs to the family Gy if

f@)=A—-[aA-9""+7  0<s<A4,
where one of the following three options holds

(G a>1, ¢>0, 6e(0,1,A=1,
() a0, 1),c=(1—-a)1—-¢) % qe0.1), A=1,
(iyae (0,1),c=(1—-a)A—¢) %, qel0,1], A>1.

Definition 14.1 can be extended to the case & = 0 by the following continuity
argument: fora € (0, 1)

A—JaA-s) "+ (0 -a)A—9) TV 5A—-A—¢)' ™A -9 6 —0.

Definition 14.2 We say a probability generating function f belongs to
¢ the family G if for some a € (0, 1),

[ =A-A-9'"A=9"  0=s<A,

where eitherA = 1,4 € [0,1),0rA > 1,4 € [0, 1],
¢ the family f € G, if for some g € [0, 1] and a € (0, 1),

f(s) =as+ (1 —a)g, 0<s<oo0.

Definition 14.3 A Galton-Watson process with the reproduction law whose prob-
ability generating function f € Gy, 0 € [—1, 1], will be called a theta-branching
process.

It is straightforward to see, cf. Sect. 14.4, that each of the families Gy is invariant
under iterations: if f € Gy, then f,, € Gy for all n > 1. The fact, that the functional
families in Definitions 14.1 and 14.2 are indeed consist of probability generating
functions with f(1) < 1, is verified in Sect. 14.3.

Parts of the Gy families were mentioned earlier in the literature as examples of
probability generating functions with explicit iterations. Clearly, G| U G—; is the
family of linear-fractional probability generating functions. Examples in [10] leads
to the case A = 1 and 6 € [0, 1), which was later given among other examples in
Chap. 1.8 of [8]. The case A = 1 and 6 € (0, 1) was later studied in [9]. A special
pdf with 8 = —1/2,

f&)=1—(avl—s+1—-a)? ac(0,1),
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can be found in [2] on page 112, as an example of non-regular Galton-Watson
processes.

Notice that there is a version of linear-fractional Galton-Watson processes with
countably many types of particles, see [5]. It is an open problem to expand the theta-
branching processes with 8 € (—1, 1) to the multitype setting.

14.3 Monotonicity Properties

It is straightforward to see that each f € G, is a probability generating function with

()= @A—-q ' a(d—s)"",
P20 =@A—-¢)'%a(l—a)...n—1—a)(A—9)"", n>2,

and

po=A—(A—q) A
— (A_q)l—aaAa—l’

n—a-—1

, n>2.
nA

Pn = DPn—1

Therefore, (p,),>1 are monotonely decreasing with

n

pa=an'a—q)' [T (1-
k=2

1—]|€-a>’

so that p, ~ const-A™"n~'"% as n — oo.

Proposition 14.1 Let 8 € (—1,0) U (0,1) and f € Gy. Then f is a probability
generating function with f(1) < 1 such that

po=A— (@A % +¢)7V7,
p1 = a(a+ A7V,

and forn > 2,

aA—n+1

- B ) e

B
3
|
—
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where all B;,, = B, ,(0) are non-negative and, for n > 2, satisfy the recursion
Bi,n = (}’l — 2 — i@)Bi,n_l =+ (1 =+ iG)Bi—l,n—lv = 1, RN (2 1,

with By, = B, =0forn>1,and Bi; =1+ 0.

Proof In terms of

A—f(s)

T =l A=) ¢l = A= 9" Tp(9)",

b(s) ==

we have

f'(s) = ag(s)'*’,
f'(9) = (14 0)ac(A —9)""'p(s)' T,
f"(s) = (1 +0)(1 = O)ac(A — )" ¢ (s) '+
+ (14 0)(1 + 20)ac*(A — 5)*2¢(s)' .

and more generally,
n—1
f(n)(s) — Z Bi’ndCL(A _ S)LG_"+1¢(S)1+(‘+1)9, n>2,
i=1

where B;, are defined in the statement. To finish the proof it remains to apply the
equality p, = f™(0)/n!

In the linear-fractional case we have p; > pi+; for all £ > 1. The next extension
of this monotonicity property was first established in [9].

Corollary 14.1 Let 0 € (0,1) andf € Gg with A = 1. Then px > pi+1 for all
k> 1.

Proof Put
g(s) = (s = Df(s) = —po + Y _(pie1 — p)s*
k=1

From

gs)=s—14+ 1 —5)*a+c1 -9,

g =14+c(l—9a+c(1 -5 =201 —9)a + c(1 — 57177
c(1=f)'™ +2f(s) — 1,
2—c(146)(1 —f())f ().

g"(s)
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we see that g”(s) > 0, since

c(1+0)
- >
a—+c

G(s):=2—c(1+0)1—f(s)? =2—c(1 +6)(1—pp)? =2 0.

Furthermore,

G'(s) = (1 + )1 —£(s)"7'f (5)

is absolutely monotone (as a product of two absolutely monotone functions),
implying that g”(s) is absolutely monotone, so that

k(k—1)(pi—1—pr) 20, k=>2.

14.4 Basic Properties of f € Gy

In this section we distinguish among nine cases inside the collection of families
{Go}—1<0<1 and summarize the following basic formulas: f, (s), f(1), £ (1), f”(1). In
all cases, except Case 1, we have a = f/(g). The following definition, cf [3], explains
an intimate relationship between the Cases 3-5 with A = 1 and the Cases 7-9 with
A>1.

Definition 14.4 Let A > 1 and a probability generating function f be such that
f(A) < A. We call

Foy = L0 = 5 peay
k=0

the dual generating function for f and denote g = gA~", so that f(§) = §. Clearly,
'@ =f'(@).

Casel1:60 € (0,1],a € (1,0),

fus) =1=[a"(0 =) + (@ —Dd]™"%, de(0,00).

The corresponding theta-branching process is subcritical with m = a~ /¢, If

6 € (0, 1), then f”(1) = oo and for & = 1 we have /(1) = 2(a — 1)a2d.

Case2: 0 € (0,1],a =1,

fils) =1—=[A =) +nc™V?, ce(0,00).

The corresponding theta-branching process is critical with either finite or infinite
variance. If 8 € (0, 1), then f”/(1) = oo and for 6 = 1 we have f”(1) = 2c¢. This
is the only critical case in the whole family of theta-branching process.
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Case 3: 0 € (0,1],a € (0, 1),

n — n —071-1/8
fi =1=[a" =" +(1-ay(1 -9, qelo.1).
The corresponding theta-branching process is supercritical with m = o=/, If

6 € (0,1),thenf”’(1) = oo,andfor § = 1 wehavef” (1) = 2a—2(1—a)(1—q)~".
Case4: 0 =0,a€ (0,1),

L) =1-(1-9" " (1-9" gelo,1).

The theta-branching process is regular supercritical with infinite mean.
Case5: 60 € (—1,0),a € (0,1),

fil) =1=[a(1 ="+ 1 =a1 -], gepo.n
The theta-branching process is non-regular with a positive
L=f() = (1 -1~ g)

and infinite f7(1).
Case6: 0 = —1,a € (0,1),

fals) =d"s+ (1 —d"q. ¢q€[0.1].
If ¢ = 1, then the theta-branching process becomes a pure death process with
mean m = a and /(1) = 0. If g < 1, then the 6-process is non-regular with a
positive
L—f(1) = (1 —a)(1 — g),

f/(1) = aand (1) = 0.
Case7:60 € (0,1],a€ (0,1),A > 1,

L) =A—[a"A-9 "+ (1 -aYA-g) 1T qelo1].

If ¢ = 1, then the corresponding theta-branching process is subcritical with the
offspring mean m = a and

')y =0+ a(l —a)(A—1)""L
If g € [0, 1), the theta-branching process is non-regular with a positive

1 _f(l) = (A — 1)([(1 =+ (1 — a)(A — Q)_O(A _ 1)9]—1/0 _ 1)’
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and
f)=ala+(1-a)A-g"(A-1D)7",

() =1+0)a(l-a)A-g) " A-1)"a+(1-a)A—g)"A-1)"] 7/
We have f(A) = A, and the dual generating function has the form of the Case 3:
f@=1-[al ="+ 1 -a)(1-9~]/".

Case8:0 =0,ac (0,1),A> 1,
HE=A-A-9"""A-9", qel01].

If g = 1, the theta-branching process is subcritical with the offspring mean m =
a and

/(1) =a(l —a)(A—1)"".
If g € [0, 1), the theta-branching process is non-regular with a positive
I—f()=A-9'"A-1"=(@A-1),
and
f)=aA—g " A-1)"",
') =a(l —a)(A—g)' ™A - 1)
We have f(A) = A, and the dual generating function belongs to the Case 4:
O =1-0-9"1-9"
Case9:0 € (—1,0),a € (0,1),A > 1,

1/16]

fu(s) =A—[a"(A— 9T + (1 —a")(A - ¢)'] g elo,1].

If g = 1, then the theta-branching process is subcritical with the offspring mean
m = aand

1) = (1~10hal —a)A—1)~"
If g € [0, 1), the theta-branching process is non-regular with a positive

1=f() =[a(A =) + (1 —a)(A — 9]/ — (4= 1),
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and
) =da+(1-a)@A-g"@-n7 e 1),
F'(1) = (1= 0ha(l —a)(A — 9)" (A - 7!
lat+ (- - gl -7,
With

fA) =A—1-a)1A-q) € (q.4),

the dual generating function takes the form of the Case 5:

f(s) =1-—[a(l _s)\el +(-a)1 - @)W]l/‘@'.

14.5 Extinction and Explosion Times

Recall that T = Ty A Ty, and in the regular case T = Tj. In the non-regular case,
when f(1) < 1, from

P(n < Ty < 00) = q—f(0),
P(n <T\ <00) =fu(l) =g,

we obtain

P(n < T < o0) =f,(1) —£,(0).

For our special family of branching processes we compute explicitly the distribution
functions of the times 7Ty, 77, T.

Cases 1-4. In these regular cases we are interested only in the extinction time:

a1 +d—da"V?, Case 1,
(1 +cn)™7, Case 2,

P T =
(i’l <1y < OO) (1 —6])([1 _an(l _ (1 _ 609)]—1/9 _ 1), Case 3,
(1=l —g)™" —1], Case 4.

Cases 5,7, 9. In these cases

P(n < Ty <00) =(A—q)([1 —a"(1 = (A= q)’A™)] 7" — 1),
Pin<Ti <00)=(A=-g)(l-[1-a"(l-(A=9 (A= D™"),
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Pr<T<o0)=(A-qfll —a"(1 - (A= g)'a=)] 7/
—[1-a"(1 = (=g @A -1,
Case 6. In this trivial case
Pn<Ty<o0)=d'q, Pn<T) <o0)=d"(1-¢q), Pn<T<o0)=ad"

and for g € (0, 1),

1
E(To|Ty < 00) = E(T1|Ty < 00) = E(T) = r—.
—d

Case 8. In this case
P(n<Ty<o0) = (A—q[A—gq) A" —1].
Pn<Ti<o0)=A—gl—(A—-g) " A-1D"].
Pn<T<oo)=(A—q) A" —(A-1"].

Theorem 14.1 Consider a theta-branching process with 0 € (—1,0] and A > 1.
Let 0 — 0and A — 1 in such a way that

1
9 '1
| | qu

1—>r, r € [0, oc].

Then for any fixed a € (0,1), g € [0,1), and y € (—o0, o),

lim P(T; —log,e < y|T; < o0) = e,
e—>0

where
_ 1ol r € (0,00], . r e {0} U {oo},
(log ,ﬁ)_l, r=0, 1—e", re(0,00).
The limit is a Gumbel distribution with mean lolgovg”;y, where y is the Euler-Masche-

roni constant.
Proof In view of

el A—1

Py < alTy < 00) = T2 (1= a1 = (4= 14— )] :
l—q 1—¢g
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it suffices to verify that

[1 —ea’(1 = @@= D] 7,
Indeed, if r = oo, then (A — 1)|9\ — 0, and

[1 —10]a*(1 — (A — 1)|9\)]1/|9\ N
If r € (0, 00), then (A — 1)/l — ¢~ and

[1=10la(1 — (4 = )PH] o 0=,
Finally, if r = 0, then
T=@A=D~ 0]/,

and therefore

[l —ea’(1—(A— 1)|9\)]1/|9\ @

Corollary 14.2 IfA = 1 and 0 € (—1,0), then for any fixed a € (0,1) and q €
[0. 1),

gin})P(Tl —log, |8| < y|T) <00) =e™@, ye (—00,00),

If0 =0and A =1+ ¢ V¢, € > 0, then for any fixed a € (0, 1) and q € [0, 1),

a

hII(l)P(T] —log,e <y|T) <o0) =€~ ",y e (—o0, 0).
e—>

14.6 The Q-Process

As explained in Chap. 1.14, [1], for a regular Galton-Watson process with transition
probabilities P, (i, j), one can define another Markov chain with transition probabil-
ities

Ja' ™ Paij)

Qn( )_—s iZL,]‘ZL
)/l

where ¥ = f’(g). The new chain is called the Q-process, and from

d _ f(sq) Fu(sq) i1
T a0 =Ty (0)
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we see that the Q-process is a Galton-Watson process with the dual reproduction
@ and an eternal particle generating a random number k of ordinary particles

with E(s*) = -’;,((Z’)) , see [3]. The O-process in the regular case is interpreted in [1]
as the original branching process “conditioned on not being extinct in the distant
future and on being extinct in the even more distant future”.

Exactly the same definition of the Q-process makes sense in the non-regular case,
only now the last interpretation should be based on the absorption time 7 rather than

on the extinction time 7. Indeed, writing P;(-) = P(:|Zy = j) we get forj > 1,

Pi(T > n) = f,(1) = f;(0).

and therefore,

£ — f(0)

PiZi = jiee o Zy = julT > 0+ k) = PUZi = j1, ... Zy = Ju) Ak
(D) = £ 1(0)

In the non-regular case, as k — oo we have f;(0) — ¢ and f;(1) — g¢. Thus,
repeating the key argument of Chap. 1.14, [1] for the derivation of the Q-process,

anj"

Pi(Zl =j1,...,Zn =jn|T>n+k) —>Pi(Zl =j1,...,Zn :jn))/"iqi’

we arrive in the limit to a Markov chain with the transition probabilities O, (i, j).
By Theorem 3 from Chap. I.11 in [1],

Yy Pu(inj) — i vy, ij> 1,
where Q(s) = 3., v;s’ satisfies
O(f(s)) = y0Q(s), 0Q(q) =0.

In the critical case as well as in the subcritical case with Y oo, prklogk = oo the
solution is trivial: Q(s) = 0. Otherwise, Q(s) is uniquely defined by the above
equation with an extra condition Q'(g) = 1, so that the Q-process has a stationary
distribution given by

0u(iJ) = jq~ v,
with

> g v = 50/ (sq).

J=1
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These facts concerning Q(s) remain valid even in the non-regular case. It is easy
see from (14.2) that for our family with 6 # 0 and A > ¢, the generating function

0s)=A-9""—@A-q7".

is determined by parameters (6, A) and is independent of @ = y. Similarly, for
0 = 0 we have

A—
0O(s) = log 2

This leaves us with two cases when A = g = 1. In the critical Case 2 the answer is
trivial: Q(s) = 0. In the subcritical Case 1, we have y = a~'/¢ and

A=f@) " +d=y"[1-5"" +d]
which yields
0(s) =[(1—s5)"" +d]7"*.

From these calculations it follows, in particular, that for our family of branching
processes, in all subcritical cases, the classical x log x moment condition holds:

o
> piklogk < oo.
k=2

Using these explicit formulas for Q(s) we can easily find the conditional
probability distributions

lim P(Z, =jIT >n)=b;, j=>1.
n—>o00

For all cases, except the critical Case 2, we have

g Q(sq)
Y b =1 00) "

Jj=1

Turning to the Case 2, recall that for any critical Galton-Watson process, there exists
a limit probability distribution

lim P(Z, =j|lTo=n+1)=w;, j=>1,
n—>oo



14 A Special Family of Galton-Watson Processes with Explosions 251

such that
. falspo) — £2(0)
=1 — .
L= I o A0
Since
fulspo) = 1= [(L = s(1 = [L +c]7) ™ + ne] ™7,
we obtain

z:st/.z[1—s(1—[1+c]--1/9)]—9—1‘

c

j=1

14.7 Embedding into Continuous Time Branching Processes

Recall that a Galton-Watson processes with generating functions f, is called
embeddable, if there is a semigroup of probability generating functions

Fiyu(s) = Fi(Fu(s)), 1€ [0,00),u € [0,00), (14.3)

such that f,,(s) = F,(s), n = 1,2,.... Although not every Galton-Watson process
is embeddable, see Chap. II1.6 in [1], in this section we demonstrate that all theta-
branching processes are embeddable.

Behind each semigroup (14.3) there is a continuous time Markov branching
process with particles having exponential life lengths with parameter, say, A. Each
particle at the moment of death is replaced by a random number of new particles
having a probability generating function

h(s) = ho + has® + h3s® + ...

For such a continuous time branching process (Z;):e[o,o0) the probability generating
function F,(s) = Es” satisfies

Fi(s) dx
=1 14.4
[ o —x (144

(see [6] for a recent account of continuous time Markov branching processes). Our
task for this section is for each f € Gy to find a pair (h, A) such that f(s) = Fi(s).
We will denote by = Y 72, khy the corresponding offspring mean number and by
g the minimal nonnegative root of the equation i(s) = s which gives the extinction
probability of the continuous time branching process.
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Cases 1-3 For a pair 6 € (0,1] and u € (0,1 + 67'], put

h(s) = 1 — p(1 —s) + HL@(l — 9t

Taking successive derivatives of / it easy to see that it is a probability generating
function with 4’'(0) = 0. Next we show that using this % as the offspring probability
generating function for the continuous time branching process we can recover f(s)
for the theta-branching processes as F (s) by choosing i and A adapted to Cases 1—
3.

Case 1. For a given pair a € (0, 1) and d € (0, 00), put

1+ 0)d _ 4 4
M_(l—}—@)d—}—l’ A=[14+0"")d+ 06 "]na.

In this subcritical case, applying (14.4) we obtain for s € [0, 1)

Fi(s) dx Fi(s) dlog IL
At = = =t ,
I = (=1 [t o=
yielding the desired formula
0 -1/6
Fi(s) = 1— (a’(1 ) 4 (@ — 1)d) .

Case 2. For a given ¢ € (0,00), put & = 1 and A = (1 4+ 6~ !)c. Then by (14.4),
we get

Fi(s) =1— ((1 L ct)_w.

Case3.If o > 1,theng = 1—(("_1&)1/9 and the proposed / can be rewritten
as

(1=5)""-(1-9 "1 -9
14+6—(1—-¢q)?

h(s) = s+
For a given pair a € (0, 1) and g € [0, 1) choosing
A=[0+60H1 -9 -6 Ina!
and applying (14.4), we obtain

Fis)=1-[a'(1-9)""+ (1 —d)1—-g) 7.
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It is easy to see that f(s) = F(s) covers the whole subfamily Gy corresponding to
the Cases 1-3.

Notice that if = 1, then h(s) = 1 — & + 4% generates the linear birth and
death process with 2”(1) = . If 6 € (0, 1), then A" (1) = oo.

Case 4 Consider a supercritical reproduction law with infinite mean

In(1 —s) —In(1 — gq)
1—In(1—gq)

his) =s+ (1 —v)

For hy € [0, 1) this can be rewritten as

k

o0
s
h(s) = h 1—nh —_
() =ho+ (1=ho) 3 75
k=2
In this form with &y = 0, the generating function i appeared in [4] as the

reproduction law of an immortal branching process. Earlier in [8], this reproduction
law was introduced as

h(s) =1—(1—ho)(1 —s)(1 —In(1 —s)).
To see that the theta-branching process in the Case 4 is embeddable into the

Markov branching process with the above mentioned reproduction law, use the first
representation of 4 and apply (14.4). As a result we obtain for s # ¢,

At R dx e In(1 —x)
1 —1In(l —g) _/S (1 —x)(In(1 —x) — In(1 — g)) _/S In(1 — g) — In(1 —x)
= In[In(1 — 5) —In(1 — ¢)] — In[In(1 — F,(s)) — In(1 — ¢)].

Putting A = (1 —In(1 — g)) Ina™", we derive
F(s) =1-(1-¢' 1 =97

Cases 5, 7, 9. In these three cases the corresponding 7 and A are given by an
extension of the formulas for the Case 3:

A—9)"* - (A-9'A-5)

— -1 6 _ _0_ —1 a_l
T 0A7 _d_g7 = 1+07)AA-g) " =0" ]Ina™".

h(s) = s+

Turning to Definition 14.4 we see that this & in the Case 7 is dual to the /4 in the
Case 3, and in the Case 9 it is dual to that of the Case 5.

Case 6. In this trivial case the corresponding continuous time branching process
is a simple death-explosion process with i(s) = gand A = Ina™'.
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Case 8. Similarly to the Case 4 we find that the pair

. B In(A —5) —In(A—gq) _ _ _ _
h(s) =s+ (A s)1+1nA—ln(A—q)’ A=(14+mnA—-In(A—g))Ina",

lead to
F()=A—A—-q)' " (A-95".
Observe that this /4 is dual to that of the Case 4.
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Total Progeny of Crump-Mode-Jagers
Branching Processes: An Application

to Vaccination in Epidemic Modelling
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15.1 Introduction

In an epidemic context, the total number of infected individuals in a population is a
useful tool for public health authorities in order to determine the infection level of a
disease. Clearly, the total number of individuals that are infected is a key measure of
the impact of an epidemic on the population within which it is spreading. Further,
from an inferential viewpoint, surveillance systems typically provide more reliable
information on the total number of individuals infected than on the precise temporal
pattern of spread of an epidemic, so statistical analysis is often based on total infec-
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tion data. This chapter is concerned with the study of the total size of an outbreak
for epidemic models of diseases which follow an SIR (Susceptible—Infectious—
Recovered) scheme in a closed, homogenously mixing population or some of
its extensions, for example an SEIR (Susceptible-Exposed-Infectious-Recovered)
scheme. When the population is homogeneously mixing and the number of infected
individuals is small in relation to the total size of the susceptible population, it is
well known that the number of infected individuals in such an epidemic may be
well approximated by a single-type branching process, at least during its early stages
(see, for example, [6, Chap. 3]). This approximation has a long history going back to
the pioneering works of Bartlett [4] and Kendall [11], and can be made mathemat-
ically precise by considering a sequence of epidemics, indexed by the population
size, and showing convergence of the process of infected individuals to a branching
process as the population size tends to infinity (see, for example, [1], where such
convergence of a very general epidemic model to a Crump—Mode—Jagers (CMJ)
branching process—see [9]—is proved). Hence, we model the epidemic as a CMJ
branching process, Z = {Z(t) : t > 0}, where Z(t) denotes the number of infected
individuals at time 7. Thus Z(0), which we assume to be fixed, represents the number
of infected individuals at the beginning of the outbreak. Throughout the chapter, we
assume that Z is non-explosive, i.e., that P(Z(f) < oo) = 1 for any ¢t € (0, c0).
Conditions which guarantee this property may be found in [9, Sect. 6.2].

A key tool in controlling the spread of an epidemic is vaccination and there
have been numerous mathematical studies of the effect of vaccination on disease
dynamics. The majority of such studies using stochastic models have been con-
cerned with the situation where a specified fraction of the population is vaccinated
prior to an outbreak, though see [10, Chap. 8], for examples of analysis of more
general vaccination policies in a deterministic setting. Recently, Ball et al. [3]
have developed a framework for analysing time-dependent vaccination policies for
epidemics which are modelled by a CMJ branching process. More specifically, a
vaccination process is described by a function « : [0, 00) — [0, 1], such that «(7)
represents the proportion of the population which is immune at time 7 (+ > 0).
Thus, since the population is homogeneously mixing, the probability that a contact
at time ¢ is with a non-immune individual is 1 — «(¢). (Modelling an epidemic as a
CMJ branching process implies implicitly that changes in the susceptible population
owing to infection of individuals are ignored.) For perfect vaccines, i.e. ones which
confer lifelong immunity immediately with probability one, «(f) is given by the
proportion of the population that has been vaccinated (i.e. the vaccination coverage)
by time #. For imperfect vaccines, the vaccination coverage is implicitly included
in the function «. For example, if the vaccine is all-or-nothing (i.e., it renders the
vaccinee completely immune with probability ¢;, otherwise it has no effect), then
a(t) = e;a(r), where a(7) is the vaccination coverage at time ¢. Note that « is nec-
essarily nondecreasing in 7 if the immunity conferred by vaccination does not wane.

Given a CMJ branching process Z and a vaccination process «, we denote by
Zy = {Zy() : t > 0} the vaccinated version of Z, in which each birth in Z is
aborted independently, with probability «(7) if the birth time is at time 7. Note that
if a birth in Z is aborted in Z,, then none of the descendants in Z of the aborted
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individual appear in Z,. Hence, coupled realizations of Z and Z, may be constructed
by pruning, i.e. deleting individuals in Z and all of their descendants. In [3], such
coupling was used to prove stochastic monotonicity and continuity properties, with
respect to the vaccination process «, for functions defined on a CMJ branching
process, first in a general context, i.e. for generic functions, and then specialized to
the extinction time. However, these properties have not yet been explicitly obtained
for the total progeny. Thus, in this chapter we establish explicitly these properties
for the total number of infected individuals of the epidemic. To this end, we apply
the general results given in [3], since total progeny is monotonically decreasing
with pruning. In Sect. 15.2, we deduce the monotonicity and continuity properties
of the mean and quantiles of the total progeny. After that, in Sect. 15.3, we present a
simulated example, showing how to obtain in practice optimal vaccination policies
(based on the results given in the previous section) to control the spread of a disease.
The example is motivated by an outbreak of avian influenza virus in humans that
occurred in Indonesia in 2006.

We end the introduction by describing some notation that will be used in the
sequel. Let A be the space of all functions « : [0, 00) — [0, 1]. For any ¢ € [0, 1]
and any 7y > 0, we define the function «* € A by

0 ifr<ty,
al () = .
c ift>1y,

which means that a proportion ¢ of the population is vaccinated at time #. Thus, for
example, a? denotes the constant function equal to ¢ and ozg denotes the constant
function equal to 0. Moreover, let ¢y = max(0, 1 — m_l), where m is the offspring
mean for Z. Thus, if m > 1, then cjy is the critical vaccination coverage, i.e. the
minimum proportion of the population that should be vaccinated with a perfect
vaccine (at one single time) for the process to become critical, that is to assure
the epidemic will go extinct with probability one. Note that the offspring mean of
Zy . is less than or equal to 1.

llnklso, forty > 0 and ¢ € [0, 1], let
Alc, to) ={a € A:a(t) = cforall t > 1o}.

Finally, for a,a’ € A, write ¢ < o’ if a(f) < &/(¢) for all # € [0, c0) and let
lle = &'l = sup,epg o0) let(®) — &' (D).

15.2 Monotonicity and Continuity Properties of Total
Number of Infected Individuals Depending
on Vaccination

For a given vaccination strategy, @ € A, we denote by N, .(co) the total number
of births of the process Z, when Z(0) = z, with z > 1, that is the total number of
infected individuals in an outbreak when the vaccination process is defined by o.
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This random variable is discrete, and in particular cases its probability distribution
can be derived. For example, when the proportion of immune individuals in the
population is constant with time, N, ;(c0) follows the Borel-Tanner distribution in
some situations (see [8]). However, when a vaccination policy is time dependent, it
is not easy to obtain the probability distribution of N, ;(c0) in a closed form.

Next we study monotonicity and continuity properties of the mean and quantiles
of the total number of infected individuals depending on the vaccination function «.
To this end, since individuals infect independently of each other, we have that

Naz(00) = N 1(00) + N} (00) + ... + NY) (00),

where N;':)l (00) (i = 1,2,...,z7) are independent random variables with the same
distribution as N, j(co0). Hence

E[Ny ;(00)] = Z:U*g’

where ulY denotes the expectation of Ny (00), i.e. the mean number of infected
individuals when the outbreak starts with one infected individual and the vaccination
process is defined by «. Therefore, to analyze the behaviour of E[N,, ;(c0)], for any
z, it is sufficient to study uY. Applying Theorem 3.1 and an obvious extension of
Theorem 3.2(b) in [3], we deduce the following properties of Y.

Theorem 15.1

(a) Ifa,a' € Asatisfy a < o, then ul) > pb,.
(b) Fix ty > 0 and ¢ € (cins, 1. Then, for each ¢ > 0, there exists n = n(e) > 0
such that for all a, o' € A(c, 1) satisfying | — || < n,

iy — iyl <e. (15.1)

Remark 15.1

N

(a) Notice that, under the conditions of Theorem 15.1, ", < oo. Indeed, it is easy

to obtain that, almost surely,

Z(10)
Naéo (00) < N(10) + Z Ntig,l (00),

i=1
where N(#y) represents the total number of new infections in (0, 7). Therefore,

iy < EIN0)] + EIZ(0))

"

The conditions which guarantee that the process is not explosive, imply that
E[N(ty)] and E[Z(ty)] are finite. Moreover, ,ug(, is also finite since Zy is a

subcritical process.
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(b) If Z is subcritical, so cjy = 0, then Theorem 3.2(b) in [3] implies that for each
& > 0, there exists n = n(g) > 0 such that (15.1) holds for all o, @’ € A.

Notice that, in general, P(N,.1 (00) < u2) > 0.5, because of the skewness of the
distribution of the total progeny of the vaccinated CMJ branching process. Hence, if
the vaccination policy « is applied, more than half of the outbreaks would have total
size less than the mean Y, which may be sufficient protection for the population
as a whole if the infectious disease is not too harmful for individuals. On the other
hand, when the infectious disease is highly detrimental, we would like to control
with high probability the total number of infected individuals and consequently
consider vaccination policies based on quantiles of the total size distribution. Thus,
fix ¢ € A, and define, for0 < p < 1,

), = inf{x : P(Nao(00) < x) = p}.

with the convention that x) | = 00 if P(Ny..(00) < x) < p forall x € [0,00).

Thus wp is the quantile of order p of the random variable N, ,(co). Since this
variable is not derived from N, j(c0), then the next result about the monotonicity
and continuity properties of xg »» deduced from Theorem 3.4 in [3], depends on z,
for any z > 0.

Theorem 15.2 Suppose that p € (0, 1).

(a) Ifa, o € Asatisfy o < o, thean pr
(b) Fixty > 0 and a € A(cint, 1), and let {a,} be any sequence in A satisfying
a < ay forall n and lim,— o ||, — || = 0. Then hm,,_moxg

n-pP xaN’p-
Remark 15.2

(a) Notice that Z, o has offspring mean m until time fy, and offspring mean m,,, <
1 after time to Thus since Z is non-explosive, the total progeny of Z, o is
finite almost surely, and therefore P(N, . (00) < c0) = 1 and x) p < 00, for all
o € ﬂ(cinf, to) andp S (0, 1)

(b) Since Ny .(o0) is a discrete random variable for each « and z, then xg s astep
function depending on «.

Finally, from the above monotonicity and continuity properties of the mean and
quantiles of N, ;(00), and in the same way as it was described in Sect. 3.5 in [3], we
propose how to choose optimal as based on the total number of infected individuals.
In particular, for fixed M, ¢, and py, withM > 0,0 <pp <land0 <1, < pal, we
define the function ayy, ,,, where, for s > 0,

0, ifs <M
Uy po(8) = Y pols = M), ifM <s<M+r1, (15.2)
tl}pOa 1fM + tl} <.
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This function describes the proportion of immune individuals in the population
when the vaccination process starts at time M, takes #, time units and the proportion
of individuals vaccinated per unit time is py. In practice, M and p are usually known
before vaccination begins, in which case the vaccination function oy, p, can be
parameterized through t, alone. Hence, for fixed M and po, let a;, = oy, p, and
A* = {ay, © cinipy' < 1, < py'}. Since A* is a subset of A(cint, M + cintpy '),
then Theorems 15.1 and 15.2 ensure that, for each » > 0 and p € (0, 1), optimal
vaccination policies based on the mean and quantiles exist and are unique, provided
that {& € A* : zul) < b} and {a € A* : x) < b} are non-empty. Then, we

Ay P
denote by oy and oy , the corresponding optlmal policies based on the mean

and quantlles respectlvely, where

ZN

opt, b =

inf{r, : x <b.

Aty P

inf{tv : ZMZU = b} and optp.b —

Notice that these optimal policies depend on M and py, which have been fixed

previously. Moreover, xN p» = b, though equality is not guaranteed since
oplpb
-(c0) is a discrete random variable. On the other hand, zu%, P = b, if
opt, b

Ny

opt.p.b
ff;]pl,,t,;, > Ciano .

15.3 Simulated Example

To illustrate how to obtain optimal vaccination strategies based on the mean and
quantiles of the total size of an outbreak, we present a simulation study which
has been motivated by an outbreak of avian influenza in humans that occurred in
Indonesia in 2006. The spread of this disease can be considered as an SEIR epidemic
and therefore its early spread can be approximated by a CMJ branching process. In
our simulations, we consider an offspring mean of 1.14, so the corresponding CMJ
process is supercritical and hence a vaccination strategy (or some other mitigation
measure) should be applied in order to control the outbreak. It is known (see
[15]) that for the transmission of avian influenza in humans, the latent period (the
period elapsing between infection of an individual and the beginning of his/her
infectious period) has a probable range of 3-7 days and the infectious period
has a probable range of 5-13 days. So, in our study we assume that the latent
and infectious periods are independent random variables which follow gamma
distributions with means 5 and 9, and shape parameters 23 and 19, respectively.
Hence, approximately 95 % of incubation periods are between 3 and 7 days and
approximately 95 % of infectious periods are between 5 and 13 days. Furthermore,
we assume that during the infectious period, infections occur according to a homo-
geneous Poisson process, independently of the duration of incubation and infectious
periods. Since the mean of the infectious period is 9 days and the offspring mean
is 1.14, we assume that this Poisson process has rate 1.14/9 = 0.126667. These
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kind of distributions are appropriate for latent and infectious periods, and for the
number of infections made by a typical infective (see for example [5, 7, 8] or [12]).
In [15], the spread of avian influenza in humans is modelled using a households
epidemic model (see [2]) and the local (i.e. within-household) basic reproduction
number R is estimated to be 1.14. For homogeneously mixing epidemic models, Ry
is given by the offspring mean of the corresponding approximating CMJ branching
process (see [1]). The definition of Ry is more complicated for epidemic models
with household structure (see [13]). Moreover, it is possible for the epidemic in the
population at large to be subcritical when the local reproduction number is greater
than one, and vice versa. Thus, although our choice of 1.14 for the offspring mean
of the CMJ process used to model the early spread of the disease corresponds to the
estimate of the local reproduction number in [15], it may well not reflect the true
Ry for a homogeneously mixing model of avian influenza in humans. Finally, all the
simulations start with a single index patient.

Assuming the previous modelling and taking into account the kind of vaccination
policies defined by (15.2), we seek an optimal vaccination strategy belonging to the
set

A* = {aM,rU,O.Ol eA:MeNU {0}, 13<t, < 100},

where, for s > 0,

0, ifs<M
op,001(8) = 30.01(s—M), ifM<s<M-++t,
0.01¢,, ifM+1t, <s.

We recall that M represents the number of days until the vaccination process
starts, 0.01 (1 %) determines the proportion of individuals vaccinated per day during
the vaccination process and t#, indicates the duration of the vaccination process
(in days). Notice that 13 is the smallest value of #, such that the vaccinated
process becomes subcritical. On the other hand, when ¢, = 100, all individuals
are vaccinated during the vaccination process, minimizing the propagation of the
virus.

The left plot in Fig. 15.1 shows the behaviour of ungm_m, forMe{0,1,...,21},
which has been estimated by using the Monte-Carlo simulation-method described
in Sect. 3.5 in [3]. Specifically, we have simulated 10,000 processes and from them
we have estimated ,ugM_w_m, foreachM € {0,1,...,21}andt, € {13+ k : k =
0,1,...,87}. Notice that, by Theorem 15.1(a), when M increases the mean of the
total number of infected individuals also increases. We observe that for M greater
than 11 (vertical dotted line in the plot), the mean of the total number of new infected
individuals in an outbreak started with one infected individual is greater than 7
(horizontal dotted line in the plot), the size of the outbreak detected in Indonesia (see
[15]). Hence, for each M € {0, 1,..., 11}, the optimal duration of the vaccination
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Table 15.1 Estimated optimal duration of vaccination depending on M

M o |1 2 [3 4 |5 Je [7 [8 Jo 0o |1
Nowps 129 31 |32 (33 (33 (35 |36 (38 (38 (42 (45 |53

based on the mean, 7

s Lopth 7> 18 given by

_ . N
tlo\:)t,M,;Lﬂ - mf{tv . HWM.tU.O.Ol = 7}'

Table 15.1 shows the estimated optimal duration of vaccination depending on the
number of days until the vaccination process starts. One can observe that these
optimal durations increase when M increases.

Now, we focus our attention on M equal to 11 (the most unfavourable situation).
The right plot in Fig. 15.1 shows the behavior of the estimates of ], o, which
decrease in a continuous way when #, increases, by Theorem 15.1. We find
that the optimal duration of vaccination, again to guarantee a mean number of
infected individuals no greater than 7, is 53 days (which means that at the end of
the vaccination process, we have vaccinated 53 % of susceptible individuals), so
vaccination ceases 64 days (more than 2 months) after the start of an outbreak. The
left plot in Fig. 15.2 shows the distribution of the total number of infected individuals
in the outbreak after applying this optimal vaccination procedure. Obviously,
although the mean of this distribution is 7 (dotted line in the plot), there exists a
positive probability that more than seven individuals are infected by the virus, which
is less than 0.5, because of the skewness of the distribution. Indeed, xg“,53_0_01,0.703 is
estimated by 7, that is, vaccinating 53 % of susceptible individuals guarantees that
at least 70.3 % of new outbreaks infect no more than seven individuals. Table 15.2
quantifies this probability as well as the probabilities of being no greater than other
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Fig. 15.2 Left: Histogram of simulated total number of new infected individuals for M = 11 and
t, = 53. Right: Histogram of simulated time to extinction for M = 11 and t, = 53

Table 15.2 Estimated probabilities of the total number of infected individuals, after applying
optimal vaccination policy a1 .53.0.01

X 7 15 25 50 75 100
P(Nuy, 53001 (00) < X) 0.703 0.845 0.932 0.992 0.998 1

upper bounds. The greater that probability is, the greater will be the total number of
infected individuals. Hence, when the vaccination policy o1153,0.01 i applied, more
than 90 % of new outbreaks infect no more than 25 individuals. Moreover, the right
plot in Fig. 15.2 shows the distribution of the time to extinction of outbreaks started
with one infected individual when one applies this policy. We estimate that 55.7 %
of the outbreaks become extinct before 32 days (dotted line in the plot), the observed
value for the outbreak detected in Indonesia (see [15]).

For fixed p = 0.90, a high probability, xgl 10.0:01.0.90 decreases as a step function
in t,, according to Theorem 15.2. The left plot in Fig. 15.3 shows this behavior.
Finally, notice that, although ultimately all susceptible individuals are vaccinated,
at least 10 % of new outbreaks infect more than 20 individuals, since this particular
vaccination strategy takes a time (100 days) to be completely applied (in general,
because M > 0 and py # 1). Moreover, since toNpt.ogo,zo is estimated by 64, we
deduce that the optimal vaccination coverage is 64 %. The same behaviour is found
for p = 0.95, where tA;)t,O.95.29 is estimated by 55, see right plot in Fig. 15.3.

O

Remark 15.3 For the computer simulations, we used the language and environment
for statistical computing and graphics R (“GNU S”) (see [14]).
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Chapter 16
Inference for Emerging Epidemics Among
a Community of Households

Frank Ball and Laurence Shaw
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16.1 Introduction

Branching processes play a key role in the analysis of epidemic models. In the
early stages of an epidemic with few initial infectives in a large homogeneously-
mixing population, the probability that an infectious contact is with a previously
infected individual is very small, so the process of infectives is well approximated
by a branching process. Such an approximation has a long history going back to
Bartlett [8] and Kendall [15] and leads to the celebrated threshold theorem, which
broadly states that an epidemic with few initial infectives can take off only if the
initial susceptible population size is sufficiently large (see e.g. Whittle [18]). This
theorem holds for very general homogeneously-mixing epidemic models (see Ball
and Donnelly [5]) and has important practical applications, such as in determining
the critical vaccination coverage to prevent the occurrence of a large epidemic.

The above results extend to multitype populations but they require the population
to be locally, as well as globally, large, in the sense that if the population is
partitioned into groups, for example, by age, sex and/or geographical location,
then each of the groups, and not just the total population, must be large. However,
such an assumption is clearly unrealistic for most epidemics in human populations,
since such populations contain small groups, such as households, school classes
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and workplaces, in which transmission is likely to be enhanced. Consequently,
there has been a growing interest in epidemics among structured populations. One
approach is to develop complex simulation models; these have been widely used
to inform public health policy but can be difficult to interpret owing to their com-
plexity. Another approach is to develop models which capture key departures from
homogeneous mixing but are still analytically tractable. One such class of models
is household models (e.g. Becker and Dietz [9] and Ball et al. [7]), which assume
that the population is partitioned into households, with different transmission rates
for within- and between-household infections. Household structure is clearly highly
relevant for human populations and has significant impact on disease dynamics
and the performance of vaccination strategies. Further, epidemic data on emerging
infections are often collected at a household level (e.g. Cauchemez et al. [10] and
House [13]).

In order to evaluate the efficacy of mitigation strategies for an emerging epidemic
it is necessary to have estimates of parameters governing an epidemic model. For an
emerging homogeneously-mixing epidemic, Wallinga and Lipsitch [17] provided
a simple estimate of the basic reproduction number Ry (see e.g. Heesterbeek and
Dietz [12]) based on knowledge of the early exponential growth rate r of the epi-
demic and the generation interval for the disease. (In branching process terminology,
Ry is the offspring mean, r is the Malthusian parameter and knowing the generation
interval corresponds to knowing the reproduction kernel up to a multiplicative
constant.) Fraser [11] extended this methodology to household models but his
method requires knowledge of within-household transmission parameters, which
may well be unknown for a new emerging infection. Estimation of such parameters
is not straightforward as the emerging nature of the epidemic needs to be accounted
for correctly.

In a recent paper, Ball and Shaw [6] used the asymptotic theory of CMJ
(Crump-Mode-Jagers) branching processes, developed by Nerman [16], to provide
an estimator of the within-household infection rate from data collected during
an emerging infection; specifically, it was assumed that an estimate of the early
exponential growth rate r is available from general data on an emerging epidemic
and more-detailed household-level data are available in a sample of households.
The method is easily implemented numerically only for Markov epidemics, where
the infectious period follows an exponential distribution. For such epidemics, an
alternative but equivalent approach is via the asymptotic theory of continuous-time,
multitype Markov branching processes. The purpose of this chapter is to present
that approach and also, for Markov epidemics, a new way of calculating both the
total size distribution for a single-household epidemic and the threshold parameter
R, for the household model. For ease of exposition, we present the results within
the framework of a population of equally-sized households. Extension to unequal
household sizes is straightforward, cf. Ball and Shaw [6].

The remainder of the chapter is organised as follows. The household model,
its approximation by a CMJ branching process and associated threshold parameter
R, are described in Sect. 16.2. Estimation during the early stages of an emerging
epidemic is considered in Sect. 16.3. A basic method, which ignores the emerging
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nature of an epidemic is described in Sect. 16.3.1, where numerical illustrations
show that it can lead to biased estimates. The method using a multitype Markov
branching process is given in Sect. 16.3.2, together with simulations that show that
the method is feasible for realistic population sizes. For ease of exposition, we
assume that all infected households are observed; modification to the case when only
a sample of households is observed is straightforward, provided that the sampling
does not induce bias. A modified single-household epidemic process is described in
Sect. 16.4, where it is used to determine R, and the single-household epidemic total
size distribution, and also to show that the basic method becomes approximately
unbiased as r | 0. Some brief concluding comments are given in Sect. 16.5.

16.2 Household Model and Threshold Parameter

16.2.1 Model

Consider a closed population of N (= mn) individuals, who reside in m households
each having size n. The epidemic is initiated by a small number individuals
becoming infected at time r+ = 0, with the other individuals in the population
all assumed to be susceptible. The infectious periods of infectives are distributed
according to a random variable /, having an arbitrary but specified distribution. We
assume that E[I] = 1, which, provided E[I] < oo, involves no loss of generality as
time can be linearly rescaled accordingly. Throughout its infectious period, a given
infective makes global contacts with any given susceptible in the population at the
points of a homogeneous Poisson process having rate AWG and, additionally, it makes
local contacts with any given susceptible in the same household at the points of a
homogeneous Poisson process having rate Az. All the Poisson processes describing
infectious contacts (whether or not either or both of the individuals involved are
the same) and the random variables describing the infectious periods are mutually
independent. A susceptible becomes an infective as soon as it is contacted by an
infective (i.e. there is no latent period). An infective recovers at the end of its
infectious period and plays no further role in the epidemic. The epidemic terminates
when there is no infective remaining in the population.

16.2.2 Threshold Parameter R,

Suppose that the number of households m is large and the initial number of
infectives is small. Then, during the early stages of an epidemic, the probability
that a global contact is with an individual in a previously infected household is
very small. Thus the initial behaviour of the epidemic can be approximated by
a CMJ branching process, describing the proliferation of infected households, in
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which all global contacts are assumed to be with individuals who reside in fully
susceptible households. This approximation can be made exact by letting m tend
to infinity, with n fixed, and using a coupling argument (Ball [4]). More precisely,
a sequence of epidemic processes, indexed by m, and the limiting CMJ branching
process can be constructed on a common probability space (£2,F,P) so that, if
Aex and r denote respectively the extinction set and Malthusian parameter of the
branching process, then (i) for P-almost all @ € Ay, the branching process and the
process of infected households in the epidemic process coincide for all sufficiently
large m; and (ii) for any ¢ € (0, (2r)™!), for P-almost all @ € §2\ Ay, these processes
coincide throughout the time interval [0, ¢ log m] for all sufficiently large m. Let R,
be the mean number of global contacts that emanate from a typical single-household
epidemic. Then R, is a threshold parameter for the epidemic process, in that as
m — 00, an epidemic with few initial infectives takes off with non-zero probability
if and only if R, > 1 (Ball et al. [7]).

To determine Rs, consider a single-household epidemic, with initially one
infective, labelled 0, and n — 1 susceptibles, labelled 1,2,---,n — 1, and ignore
the effect of global contacts. For i = 0,1,---,n — 1, let I; denote the length of
individual i’s infectious period, if i were to be infected, and let y; = 1 if i is infected
by the single-household epidemic and y; = 0 otherwise. Then, as m — oo, the
total number of global contacts that would emanate from this household, if allowed,
follows a Poisson distribution with random mean AgA, where A = Z;:é xili,
whence R. = AGE[A]. Further, by exchangeability and noting that, for each
i=0,1,---,n—1, y; and I; are independent,

R« = AGE[Z]E[]],

where Z = yo + x1 + -+, xa—1 is the total size (i.e. total number of individuals
infected, including the initial infective) of the single-household epidemic.
Let prasic(ilA) = P(Z = i) (i = 1,2,--- ,n). Then (Ball [3, Eq. (2.5)]),

3 n—i pbasic(l‘ML) _ n—1 o
§<J—i)m— i) =120,

where ¢(0) = Elexp(—6I)] (6 > 0) is the moment-generating function of 1.
This triangular system of linear equations enables pyusic(ilAr) (i = 1,2,---,n),
and hence also E[Z], to be calculated. An alternative method of calculating these
quantities when I has an exponential distribution is presented in Sect. 16.4.
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16.3 Estimation in the Early Stages of an Epidemic

16.3.1 Basic Method

Suppose one wishes to estimate A, for an epidemic that is observed whist it is still in
its initial stages and is therefore still mimicking the infected households branching
process outlined above. Assuming that individuals in each of the three possible
states (susceptible, infective and recovered) are distinguishable from one another,
let a,,, be the number of households in state (x, y), i.e. containing x susceptibles and
y infectives, at the time when the epidemic is observed. By considering only the
households in which the single-household epidemic has ceased (i.e. where x < n
and y = 0), one can attempt to estimate A; by maximising the pseudolikelihood
function

Lasic (AL|a) = Hpbasic (Z‘ML)an—i.o )

i=1

Note that Ly.sic is not a true likelihood as it assumes the epidemics in distinct
households are independent. We call this method basic MPLE.

This method of estimation is simple but does not use all of the information
available since households in which infectives are still present are not used.
A similar approach using all of the information available is to use maximum
pseudolikelihood estimation but with censoring on households in which there are
still infectives remaining. For i = 1,2,--- ,n, let quasic(i|AL) = Z};i Poasic (J|AL)
be the probability that the total size of a single-house epidemic is at least i and let
b, = Z;:l a,—iy be the number of observed households with n — i susceptibles and
at least one infective. The total size of an epidemic in such a household is at least i, so
A may be estimated by maximising the (right-censored) pseudolikelihood function:

n

Lcensor(AL|a7 b) = l—[ [pbasic(iIAL)a’l_L()qbasic (IIAL)bl] .

i=1

This method, which we call censored MPLE, assumes that if a household is in state
(x,y), with y > 1, when the epidemic is observed then the total size of the epidemic
in that household is at least z + y, where z = n — x — y is the number of recoveries
in the household when estimation is made. An alternative method, called censored
MPLE (recoveries only), assumes instead that the total size of the epidemic in such
a household is at least z + 1.

The performance of the basic and censored MPLE methods is illustrated in
Fig. 16.1, which considers simulated epidemics, with infectious period / following
an exponential distribution with mean one and infection parameters A¢ = 1.21
and A;, = 0.64, initiated by a single infective in a population of m = 1,000, 000
households, each having size 4. For each simulated epidemic that took off, estimates



274 F. Ball and L. Shaw

350 : :

lrasic MPLE

[ Jcensored MPLE (recoveries only)
Il censored MPLE

---True Value =

300

250

Frequency
[ )
o
o

i
o
o

100

50

L
0.3 0.4 0.5 0.6

Estimate of kL

Fig. 16.1 Histograms of estimates of A, (true value 0.64 shown by vertical line) from 1000
simulated epidemics that took off using the basic and censored MLE methods outlined above

of A, were made after 1000 recoveries had occurred using the three methods
described above. Any epidemic not reaching 1000 recoveries was deemed not to
have taken off. A large value of m was used to ensure that the branching process
approximation of the epidemic is still accurate when estimation is made. The chosen
values of A; and A broadly reflect the influenza example in Fraser [11].

It is clear from Fig. 16.1 that the basic MPLE method yields a gross underes-
timate of A;. This is because estimation is based on completed single-household
epidemics and smaller single-household epidemics are more likely than larger ones
to have finished at the time when estimation is made. The censored MPLE methods
perform better but note that the recoveries-only censored method still leads to
an appreciable underestimate of A;, while the other censored method leads to an
overestimate of A;. In order to obtain a more accurate estimate of A7, we exploit
the asymptotic behaviour of the CMJ branching process which approximates the
proliferation of infected households, introduced in Sect. 16.2.2, to determine the
approximate distribution of the state of a typical single-household epidemic when
estimation is made.

16.3.2 Multitype Birth-Death Process Method

16.3.2.1 The Infected Households Branching Process as a Multitype
Birth-Death Process

Suppose that the infectious period I follows an exponential distribution with mean 1.
Recall that individuals in the above-mentioned CMJ branching process correspond
to single-household epidemics. Let the type of an individual be given by the
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state (x,y) of its associated single-household epidemic, where x is the number of
susceptibles and y is the number of infectives in the household and note that the type
of an individual in the branching process changes whenever a susceptible becomes
infected or an infective recovers in the corresponding single-household epidemic.
Define active individual types to be those in which y > 1. The approximating
branching process can be described by a multitype birth-death (B-D) process, S,
on the active individual types. Let 7 = {(x,y) : x > 0,y > 1,x+y < n} denote the
type space of S.

Consider an individual in S of type (x, y). Such an individual has an exponentially
distributed lifetime with rate y(1 + xAz), during which it gives birth to type-
(n — 1, 1) individuals at rate yAs as a result of infectives making global contacts
with susceptibles in previously uninfected households. Upon death, a type-(x,y)
individual produces a type-(x — 1, y + 1) individual with probability xA; /(xA, + 1),
otherwise it produces a type-(x, y — 1) individual if y > 2 or no individual if y = 1,
since the recovery of the last remaining infective in a household causes a single-
household epidemic to cease. Note that the type space 7 has k = n(n + 1)/2
elements. Label the types 1,2,--- ,k, such thatfori = 1,2,--- ,n, atype-(n — i, 1)
individual has label i. Figure 16.2 gives a graphical representation of a single-
household epidemic as a multitype B-D process for n = 3, using such a labelling
system for individual types.

Let A = [A;] be the k x k birth-rate matrix of S, with A; being the rate at
which a type-i individual gives birth to a type-j individual, and let diag(p) be the
k x k diagonal death-rate matrix of the process, with consecutive diagonal elements
given by u = (i1, 2, -+, i), Where u; is the rate at which a type-i individual
dies. (Thus if i corresponds to the state(x,y), u; = y(1 + xAz), A; = yAg if

(0,3)°

AN

(0,2 1,2)!

l\i%

(0,1)* (1,12 )!

bl
(0,0) (1,0) (2,0)

Fig. 16.2 Graphical representation of a single-household epidemic as a multitype B-D process for
households of size 3, where (x, y) denotes the household state and type labels (shown as superfixes)
for the multitype B-D process are assigned as described in Sect. 16.3.2.1. The values on the arrows
represent transition rates between household states in the epidemic and the rate at which individuals
give birth to individuals of other types in the B-D process. Note that all labelled types also give
birth to individuals labelled as type-1 at rate yAg in the full model
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J corresponds to the state (n — 1,1), A; = xyAp if j corresponds to the state
(x =1,y + 1), Aj = y if j corresponds to the state (x,y — 1) and A; = 0 for
all other j.) Let r(Ar, Ac) be the maximal eigenvalue of A = A — diag(p). Then
r(AL, Ag) is the Malthusian parameter of S and hence is also the early exponential
growth rate of the households epidemic, which we assume is observable. Let
v(Ar, Ag) = (vi(AL, Ag), v2(AL, Ag), -+ , uk(AL, Ag)) be the left-eigenvector of A
associated with r(A;, Ag), normalised such that ZLI vi(AL, Ag) = 1.

Fort > 0,letY(¢) = (Y1(2), Y2(?), - - - , Yi(¢)) denote the number of individuals of
each type from 7 alive at time ¢ in S. It follows from Athreya and Ney [2], page 206,
that

e_r(AL,AG)tY(t) i) WU(AG’AL) ast — 0o, (161)

where —5 denotes almost sure convergence and W > 0 is a random variable such
that W = 0 if and only if S becomes extinct. The normalised eigenvector v(Ag, A1)
therefore gives the proportions of individuals of each type in S as + — oo when S
does not go extinct.

16.3.2.2 Estimating A,

The vector v(A.,Ag) gives the proportions of each individual type in S still
remaining but it does not give explicit information concerning single-household
epidemics that have ceased before the epidemic is observed. Fori = 1,2,--- ,n,
let Z;(¢) be the number of single-household epidemics that terminate before time ¢
with a total of i recoveries and define Z;(¢) similarly for the birth-death process S.
Note that any such household would have been in state (n— i, 1) immediately before
the household epidemic ceased and hence would have finished as a type-i individual
in S. Hence, recalling that the recovery rate of infectives is 1, for large ¢

! d Wuv;(Ar, A
Zi(t) ~ / Yi(u)du ~ / Woi(Ar, Ag)e Mtalidy = Woilds, Ac) (e"PeAa) 1),
0 0 r(Ar, Ag)
Moreover, see e.g. Jagers [14], we have that
a.s. i A ,A
ooz, b iAo (16.2)
r(Ag, AL)

Let v(xy) (AL, Ag) = vi(AL, Ag), where i is the label of a type-(x, y) individual in
S.For0 <x<n, y>0, x+y < n, define the function py (x, y|AL, Ag) by

K(ALﬁkG)U(X,}')(ALvA’G) lfy 2 17

(AL .
KOw 2o SgEss? ity =0,

Pmuti (X, Y[AL, Ag) = (16.3)
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where K(Ar, Ag) is chosen such that Zz;(l) ;;’(‘)pmum(x,yML, Ac) = 1. Noting
that only households that have been infected at some stage appear in S, (16.1)
and (16.2) show that the function pn, gives the asymptotic (i.e. as t — 00)
proportion of households in all possible single-household epidemic states assuming
the overall epidemic mimics the CMJ branching process. Assume that the early
exponential growth rate r of the epidemic is observed. In practice r is estimated and
there will be error in the estimation but we ignore that for the present method. Note
that for fixed A, the growth rate r(Az, A¢) is a strictly increasing function of Ag, so
if r is known, A determines A and we may write A¢ = Ag(Ar, r). Recall that a, ,
is the number of households in state (x,y) at the time the households epidemic is
observed. Then it follows from (16.3) that A, can be estimated by maximising the

pseudolikelihood function:

n—1 n—x

Lan@rla.r) = [T [ pmwa e y1AL A 7).

x=0y=0

Suppose that, as in the basic MPLE method, estimation is based only on
completed single-household epidemics. Then Ay may be estimated by maximising
the pseudolikelihood function:

Lina(Arla. 7) = [ | panaGilAL. AG(Ar. 7)™,

i=1
where, writing v; for v;(Ar, Ag(Ar, r)) and using (16.3) with y = 0,

v;
U+ Uy A,

pﬁnal(iIA’LaA’G(A’Lar)) = (l = 1327”' an)‘ (164)

The estimator based on Lg,; assumes that the exact state of a household is
observable but this may not be realised in practice. For example, it may not be
possible to distinguish between susceptibles and infectives with only recoveries
being observed. Fori = 1,2,--- ,n,let A; = {(x,y) :x,y >0, x+y =n—i} be
the set of household states in which there have been precisely i recoveries and let
ci = Zz;lo ay n—i—x be the observed number of households with i recoveries. Then

Guuai(ilAr.Ae) = Y prai(r.yAde) (=12, .n)
(x.y)€A;

is the distribution of the ¢; in S as t — oo. Thus, under the above assumptions, A,
may be estimated by maximising the pseudolikelihood function:

n

Leec(ele. 1) = [ | g 1AL, Ag(Ar. 7).

i=1
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The asymptotic behaviour of the above estimators (derived using the asymptotic
stable composition of the CMIJ process) as the number of households m — oo is
investigated in Ball and Shaw [6]. For m = 1,2,.--, let t,, denote the time when
estimation is made for the epidemic amongst a population of m households. Suppose
that (i) #,, - oo as m — oo and (ii) #,, < clogm for all sufficiently large m, for
some ¢ < (2r)_1. The first condition ensures that, in the limit as m — o0, the stable
composition of the CMJ branching process holds when estimation is made and the
second condition ensures that the coupling of the CMJ branching process and the
epidemic process still holds at that time. Recall that Ay denotes the extinction set
of the CMJ branching process. Suppose that a strongly consistent estimator of the
growth rate r is available. Then, for P-almost all w € §2 \ A, the above estimators
converge to the true value of A;.

The above estimators are easily modified to allow for the rate of the exponential
distribution describing the infectious period to be unknown and also estimated
from the observed data. Further an exponentially distributed latent period can be
included in the model. In principle, phase-type distributions (see e.g. Asmussen [1,
Chap. III, Sect.6]), can be used to permit more flexible modelling of infectious
and latent periods but the state space of the corresponding multitype B-D process
quickly becomes large. See Ball and Shaw [6] for further details of these, and other,
extensions using the CMJ approach.

In practice, populations are finite and hence the multitype B-D process approx-
imation of an epidemic eventually breaks down. Let 7/ = {(x,y) : x > 0,y >
0,x + y < n} denote the type space of all active and formerly active individuals
in S. For (x,y) € 77, let a,, = a,,/a be the proportion of contacted households
in state (x,y) at the time of observation, where a = 3, e axy. The TV (total
variation) distance between the observed epidemic and the limiting distribution of
its approximating CMJ branching process is given by

D(a, A1, Ag) = Z |Gy — pmuti (X, Y|AL, AG)|/2.
xy)eT’

Figure 16.3 shows how D(a, AL, Ag) changes as epidemics progress. Specifically
epidemics with parameters A = 1.21, A, = 0.64 and a unit-mean exponen-
tial infectious period in a population of 21,000 individuals were simulated for
populations partitioned into equally-sized households of 2, 4, 6 and 8 for the
left-hand plot, and populations of 5000, 10,000, 20,000 households of size 4
and a CMIJ branching process made up of households of size 4 (representing an
infinite population) for the right-hand plot. Each graph is based on 1000 simulated
epidemics that took off. During a simulation, the distance D(a, A1, Ag) was recorded
at regular timepoints based on the number of recovered individuals observed and
the mean TV distance at each timepoint over the 1000 simulations provided the data
points for the plots. Note that for a population of 21,000 individuals, D(a, AL, A¢)
is minimised after approximately 500 recoveries have occurred regardless of the
household size used. Before this point the epidemics have not had long enough
in general to settle into behaviour resembling the asymptotic behaviour of the
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Fig. 16.3 Mean TV distances between the observed and asymptotic distribution of household
states as the number of recovered individuals observed increases. See main text for further details

CMJ branching process, whilst, after this point, global infectious contacts with
susceptibles in previously infected households begin to make the CMJ branching
process approximation break down. It is also worth noting the general pattern of
D(a, AL, L) increasing as household size increases. Initially this can be attributed
to the smaller state space in epidemics with smaller households reducing the number
of elements in the sum used to calculate D(a, A;, Ag) and allowing the epidemic
to settle into its approximate CMJ branching process behaviour more quickly. As
epidemics progress, the greater number of households in epidemics with smaller-
sized households also means that global infectious contacts with susceptibles in
previously infected households occur less frequently, so D(a, A1, L) remains small
for longer in populations split into smaller sized households. The right-hand plot
shows that as population size increases, the number of recoveries needed before the
CMJ branching process approximation begins to break down also increases. For an
infinite population, the mean TV distance converges towards zero as the number of
recoveries increases, as predicted by theory; the mean TV distance drops quickly to
about 0.05 but thereafter convergence is quite slow.

Figure 16.4 shows kernel density estimates of the distribution of the estimators
of A, using the multitype B-D methods after 500 recoveries have occurred. The
top panels use the same simulated epidemics that produced the size-2 and size-8
graphs in the left panel of Fig. 16.3, i.e. in a population of N=21,000 individuals.
The bottom panels use corresponding simulations for populations with N = 84, 000
individuals. First note that all three methods give estimates that are broadly centred
around the true value of A;, with the full pseudolikelihood method yielding the
estimator with the lowest variance since it uses the most information. When
N = 21,000, there is a general overestimate owing to households being contacted
globally more than once, but this disappears when N = 84,000. It is interesting
to note however, that the full and recovery pseudolikelihood methods seem to be
more accurate for populations split into larger household sizes, contrary to what
might be expected from Fig. 16.3. This can be explained by noting that small
adjustments in A; have a greater impact as household size increases, so larger
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Fig. 16.4 Kernel density estimates of the distribution of the estimators of A, (true value 0.64
shown by vertical lines), using the multitype B-D methods after 500 recoveries have occurred,
based on 1000 simulations that took off for each population configuration. See main text for further
details

values of D(a, AL, Ag) do not necessarily result in wildly inaccurate estimates of
Ap if the TV distance D(a, AL, Ag) is still relatively small. The exception to this
rule is the completed households pseudolikelihood method, based on Lgya, which
appears to lose far too much information by relying on completed single-household
epidemics only when household size increases to 8 and may also suffer from a lack
of completed single-household epidemics when only 500 recoveries have occurred
in a population split into large households.

16.4 Modified Single-Household Epidemic

In this section, still assuming that the infectious period / follows a unit-mean expo-
nential distribution, we describe a modification of the single-household epidemic
model, which we use to (i) give new derivations of both R and the total size
distribution pyysic(ijAL) (i = 1,2,--- ,n— 1), and (ii) prove that, if A is held fixed,
then, fori =1,2,--- ,n, Qmulli(l‘MLs /\G) - pbasic(il/\L) asr \L 0.

The basic idea of the modified process is that whenever the single-household
epidemic process terminates, it enters the graveyard state, where it remains for a
time that is exponentially distributed with mean one before returning to the initial
state of n — 1 susceptibles and 1 infective. The modified process is a positive
recurrent continuous-time Markov chain and the properties referred to above all
follow easily from its stationary distribution.
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16.4.1 Derivation of Total Size Distribution and R,

The state space of the modified process is 7 = 7 UG, where G is the graveyard
state and, as previously, 7~ = {(x,y) : x > 0,y > 1,x +y < n}. Give the states in
7 the labels 1,2, .-, k, precisely as in Sect. 16.3.2.1, and give the graveyard state
G the label k + 1. Partition 7 = E U BU C U G, where E = {1} (the initial state
(n — 1, 1) of the single-household epidemic), B = {2,3,---,n} (the other states
with exactly 1 infective), C = {n + 1,n+ 2,--- , k} (the states with > 2 infectives)
and G = {k + 1} (the graveyard state). Let {W(r)} = {W(r) : t > 0} denote the
modified process, using this labelling of states. Let Q = [g;;] be the transition-rate
matrix of the continuous-time Markov chain {W(#)}. Thus Q is the (k+ 1) x (k+ 1)
matrix with off-diagonal elements g;; giving the transition rate of {W(¢)} from state
i to state j and diagonal elements g; = — > j+i - Partition Q into

gee 0 qpc qec
0= 0 Oss Opc 456
0 QOcg Qcc 0
gse 0 0 gge

3

where, for example, the (n — 1) x (n — 1) matrix Qgp corresponds to transitions that
remain within B (note that Qpp is diagonal since transitions between distinct states
in B are not possible) and the (n — 1) x (k— n) matrix Qpc corresponds to transitions
from B to C. (Throughout the chapter, 0 denotes a (column or row) vector of zeros
and 1 denotes a column vector of ones, the dimensions of which are apparent from
their context.)

Let & = (71, 2, - -+ , Mr+1) denote the stationary distribution of {W(¢)}, so « is
determined by

Q=0 and xl=1.

Partition & = (g, g, ¢, ) in the obvious fashion.

The total size distribution ppasic(i|AL) (i = 1,2,---,n — 1) can be obtained from
x as follows. When {W ()} leaves the graveyard state k + 1 it always goes to state
1. Thus, for i = 1,2,---,n, pasic(i|AL) is given by the equilibrium probability
that when {W(r)} enters G it does so from state i. Further, since g;x+1 = 1 for
i =1,2,---,mn, it follows that this equilibrium probability is proportional to the
equilibrium probability that {W(¢)} is in state i. Hence,

pbasic(l‘ML) = CT; (l =1,2,--- sn)s (165)

where c = 1/(my + 2 + -+ - + 7).

Turning to the threshold parameter R, suppose that {W ()} is in equilibrium and
let ng be the Markov-modulated Poisson process describing global contacts, whose
rate at time ¢ is Agyw,, where y; is the number of infectives in the state having label
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i(i=1,2,---,k)and yy4; = 0. (Thus if (x,y) € 7 has label i then y; = y.) Then
n¢ has intensity given by

AG (TEYE + TRYR + Y () S

where, for example, y; = (y; : j € B)T = (y2.y3.-+-.y,)", with T denoting
transpose. Let 77 be the point process describing the times when {W(7)} enters state
1. The intensity of ng iS mi4+1gx+11 = 7G, since gg+1,1 = 1, so the mean time
between two successive entries of {W(7)} to state 1 is 7 . Now R, is the mean
number of points of 7 between two successive entries of {W(7)} to state 1, so

Ry = 75" AG (wEyE + mpyg + Teye) - (16.6)

16.4.2 Critical Epidemics, i.e.r = 0

The matrix A = A — diag(p), see Sect. 16.3.2.1, is given in partitioned form by

AcYE+qee 0 qgc
A= Acys  Oss Orc
Agye  Qcs Qcc

Recall that v(AL, Ag) is the left-eigenvector of A associated with the eigenvalue
r(AL, Ag), normalised so that v(Ar, Ag)1 = 1. For ease of notation, write v for
v(AL, Ag) and r for r(AL, Ag).

Lemma 16.1 When r = 0, the corresponding left-eigenvector v of A is given by
v = (ng, wp, wc)/ (e + wpl + mcl).

Proof Expanding rQ = 0 in partitioned form yields

0 gpc
(g, mp, ﬂc) Ops Opc | = 0 and TeqeE + weqce = 0. (16.7)
Ocp Qcc

Suppose that v = (7g, mp, m¢) and r = 0. Then, using the first equation in (16.7),
vA = 0 if and only if

TEqEE + Ac(TEYE + ®pyp + mcyc) = 0. (16.8)
The second equation in (16.7) implies that mgqer = —mg (recall that gge = 1).

Also, R« = 1 when r = 0, so (16.6) gives g = Ac(meye + wpyy + wcye)-
Thus (16.8) is satisfied and vA = 0, as required. O
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Note that (16.4), (16.5) and Lemma 16.1 imply that, fori = 1,2,--- ,n,

Phinat (i([AL, AG(AL, 7)) = Prasic(i[Ar) asr | 0,

so the basic method yields an approximately unbiased estimator if r is small.

16.5 Concluding Comments

When fitting household and other models to data on an emerging epidemic, the
data collected need to be modelled very carefully taking due account of the
emerging nature of the epidemic. We have demonstrated that the asymptotic theory
of continuous-time, multitype Markov branching processes provides a feasible
approach to modelling such data for Markov epidemics. The stable composition of
supercritical branching processes provides, in principle, a more flexible approach,
as it is not restricted to Markov models, but its implementation for non-Markov
models is generally difficult and an area for future research. Other important areas
for further research include developing approximate confidence intervals for the
estimates and extending the methodology to (i) multitype epidemics (for example,
to age-stratified populations with age-specific transmission rates), (ii) allow for
asymptomatic cases and (iii) incorporate information on temporal progression of
disease within households.
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Chapter 17

Extinction Probability of Some Recessive Alleles
of X-Linked Genes in the Context of Two-Sex
Branching Processes

Miguel Gonzalez, Cristina Gutiérrez, Rodrigo Martinez, and Manuel Mota
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17.1 Introduction

It is well-known that the responsible of the sex-determination in humans and
some animal populations are a pair of chromosomes, X and Y. Females carry
XX chromosomes, while males have XY chromosomes. Certain characteristics or
diseases are due to genes linked to X chromosome, to ¥ chromosome or to both
sexual chromosomes. If a gene has a pair of alleles R and r, females and males of
various genotypes and/or phenotypes appear in the population. For example, a gene
linked to Y chromosome is only associated to males and two genotypes are possible
depending on allele (R or r) the male carries. Recently, some models describing the
evolution of the two genotypes defined by a Y-linked gene have been investigated
(see for example [1, 5-10]).

If the gene is linked to X chromosome, females and males of various genotypes
and/or phenotypes appear in the population. Specifically, we can find three geno-
types for females:
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and two genotypes for males
xXky, X'v.

Notice that, as usual in Genetics, genotype X®X" also represents the combination
X'XR.

If the allele R is dominant and the allele r is recessive two phenotypes are possible
for both, females and males: R phenotype (RR and Rr females and R males) and r
phenotype (rr females and r males). A general model to describe the evolution of
the number of carriers of the genotypes and phenotypes defined by the alleles of an
X-linked gene becomes very complex from a theoretical point of view.

An interesting situation occurs when one of the alleles is responsible for a serious
disorder or for a severe disease. If the dominant allele (R) is defective, all the carriers
are affected and most of them do not reach breeding age so it is rarely detected due to
its rapid elimination from populations. However, if the pernicious allele is recessive
(r), individuals with r phenotype do not last in the population, but heterozygous
carrier females are able to live and reproduce. They do not phenotypically express
the genetic condition but can pass r allele onto offspring. As example of such genes
one can find the responsible for hemophilia, Duchenne muscular dystrophy or other
genetic diseases (see [4] and references therein).

In this work we propose a branching model to describe the evolution of the
number of carriers of such recessive pernicious alleles in a population. Since the
r phenotype individuals, affected by a serious disorder, are hardly selected as mates,
it seems realistic to consider that only R phenotype individuals participate in the
mating phase. Therefore, in the proposed model two types of couples can be formed,
according to the genotype of the female: RR x R couples (homozygous female) and
Rr x R couples (heterozygous females), which will be referred as the genotypes of
the couples. Notice that as consequence of this assumption, rr females are not taken
into account in the model whereas r males are considered among the offspring of an
Rr x R couple but without participation in the subsequent mating.

We provide the definition of the model in Sect.17.2. In Sect. 17.3, we study
the moments of the underlying random variables of the model and provide a
classification of states of the defined process. Section 17.4 is devoted to study
the fate of the recessive allele in the population, showing its extinction-explosion
dichotomy and providing conditions under which it eventually disappears. After
that, we investigate the fixation of the dominant allele in Sect. 17.5. In Sect. 17.6
we study the long term coexistence of both alleles in the population through
some conjectures that have been checked via simulation. The proofs of these
conjectures are open problems that can be viewed as a possible way to continue
the investigations. Finally, the proofs of the statements are relegated to Sect. 17.7
for a better reading of the chapter.



17 Branching Processes and X-Linked Genes 289
17.2 The Model

In this section we provide the formal definition of the model. Previously, we give the
intuitive meaning of the different mathematical objects involved in the definition.

Mathematically, the model we introduce is a multitype two-sex branching model.
Thus, the modeling of such populations includes two phases: the reproduction and
the mating. Let us formulate the assumptions we make in relation to both phases,
providing also their intuitive interpretation.

17.2.1 Working Hypotheses: Reproduction

As pointed out above, we consider only two types of couples: RR x R and Rr x R
couples. At time of the reproduction we suppose that the total offspring of an
RR x R couple is a random variable on the non-negative integers with probability
distribution {pf};>o. Analogously the total offspring of an Rr x R couple has
probability distribution {p}}i>0. These distributions are called reproduction laws
of the RR x R and Rr x R couples, respectively, and we denote by mg and m, their
respective means. We assume that the variances of these distributions are both finite.

With respect to the sex and the genotype of an offspring, in an RR x R couple the
female transmits an XX chromosome with probability 1. If we assume that a male
gives his X* chromosome with probability @ (0 < o < 1) and his ¥ chromosome
with probability 1 —«, then an RR x R couple offspring is RR female with probability
a and R male with probability 1 — «.

In an Rr x R couple, this issue becomes a bit more complex. While the behaviour
assumed for the males is the same as described above, now an Rr female is supposed
to give her XX chromosome with probability 8 (0 < 8 < 1) and her X" chromosome
with probability 1 — 8. Hence, an offspring of an Rr x R couple is an RR female with
probability o, an Rr female with probability «(1 — ), an R male with probability
(1 — @)B and an r male with probability (1 —«)(1 — ).

17.2.2 Working Hypotheses: Mating

We assume that every individual mates with only one individual of the opposite sex,
providing there is some of these individuals without a mate, i.e. a perfect fidelity
scheme (see e.g. [3]). Also, as pointed out above, we suppose rr females are not
taken into account and r males do not mate, i.e. RR and Rr females mate only with
R males. According this scheme, if the number of R males exceeds that of females,
the number of RR x R and Rr x R couples is, respectively, the same as the number
of RR and Rr females. On the other hand, if there are less R males than females, all
these males mate. Since the defective allele does not appear in the phenotype of Rr
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females, the R males make a blind choice of their mates, which is modeled through
the Hypergeometric distribution.

17.2.3 Mathematical Definition of the Model

In order to provide a formal definition of a model with such working hypotheses,
let us consider the following independent sequences of independent and identically
distributed, non-negative and integer valued random vectors:

{(FRRRRXR ppRRRXRY 1 —1,2,...:n=0,1,...} and

nl >l

{(FRRRrXR llferrXR7MrIfl,Rer rRrXR) l — 1 2 ‘n= 0, 1’ o }

(F RRRRXR Mfl‘RRXR) represents the number of RR females and R males generated

by the Ith RR x R couple of the nth generation.
(FRRROR pRAROR pgRROR pprRRY represents the number of RR females, Rr
females, R males and r males generated by the /th Rr x R couple of the nth
generation.

The common distribution of the random variables F; RR.RRxR + MR RRXR

FRRROR | pRIROXR | RREXR QL grRexRy gy o (resp {Pi}k=0)-

nl
Moreover, the joint probablhty distribution of (FRR RRXR MflRRXR) given that

FflR RRXR 4 MR REXR — [ is multinomial with parameters k, o, 1 — . Analogously,
the joint probability distribution of the vector (FA K™K pRORiR pgRRR - grRrxky
given that the sum of its components is equal to k is multinomial with parameters %,
af, a(l1—p), (1 —a)B, (1 —a)(1 - p).

In what follows, for every n > 0, ZRR*R and ZR™R denote the total number of
RR x R and Rr x R couples, respectively, at generation n. Also, FRR, FR/ MR and M”
denote the numbers of RR females, Rr females, R males and r males, respectively,
at generation 7.

We define the X-linked two-sex branching process, {(FffR, Ff’, Mf, M)} =1,
and the associated sequence of mating units {(ZXR*R ZR>R)L o, recursively as
follows:

(resp.

« If, at generation n, there are ZX®*R couples of type RR x R and ZX™F couples of
type Rr X R, then:

— The total offspring of the RR x R couples is

ZRRXR

RR,RRxR R RRXR RR, RRxR R RRXR
FaprE M) = Z (Fyj ).
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— The total offspring of the Rr x R couples is

ZR/ xR

RR,RrXR ~Rr,RrXR R,RrXR r RrxXR RR, RrXR Rr RrxR R,RrXR r,RrXR
(Fn+l ’Fn+l ’Mn+l ’ n+l ) _z (:F Mnl ’Mnl )
=1

The number of RR females, Rr females, R males and r males at generation n + 1
is, respectively:

_ -RRRRXR RR.RrxR _ RrRrxR

Fn+1 _Fn+1 +Fn+1 ’ Fn+1 Fn+1 ’
R __ 1, RRRXR RRer ¢ 2 rRrxR

My =M M w1 =M

and therefore, the total number of females and males in the (n + 1)st generation
is, respectively:
Fupr = B+ Fly Moy = My, + M
* Since monogamous mating is assumed and r males do not participate in the
mating phase, the number of couples formed by F,+; females and Mf 4 males
at generation n + 1 is

RRXR RrxR R
Iyt = Zn+1 + Zn—?—l = min{F,+1, n+1}'

Furthermore, if F,,+; < Mn L1 i.e. there are less females than R males, then all
the females mate and therefore the number of couples of each genotype is equal
to the number of females of that genotype:

Zrlf-fiTR Fn+l’ Zf—fiR Fn+l
Finally, if F,4+1 > Mn 1 1» 1.€. there are more females than R males, then all these
males mate, and consequently they must choose blindly the genotype of their
mates. This blind choice is modeled through the Hypergeometric distribution:
MR

ZRRXR|(FRR pRr R M) ~ Hypergeometric(MX | F, 1, FR® ),

n+1 n+1°" n+1°

RrxXR __ R RRXR
Zn+l Mn-H - Zn+l :
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17.3 Basic Properties of the Model

In this section, we study first some properties of the conditional moments of the
variables of the model. Some of these properties are used to prove asymptotic results
related to the extinction/survival of one of the alleles or of the population.

The following results can be deduced as an immediate consequence of the
definition of the model.

Proposition 17.1 The following equalities hold almost surely (a.s.):

(i) E[(ZRR¥R ZRr<Ry|(FRR PR AR pgry) — (FRR ERry pin €1 p=1pgRY .
n n n n n n n n n n

iy I 2] 2 5 - 2,

ii) E[F V4 V4 =7 (1l — B)m,.

((-) E[M"EII( JRRXR "Rer)] _ JRRXR (1 Pym, RrxR (|

) EM, |(Z,"". 2, )] = Z,"""(1 —a)ymg + Z,”""(1 — a) Bm,.

(v) E[M, |(ZEOR ZEPRY = ZFR(1 — a)(1 — B)m,.

From the definition it is easily deduced that {(FRR FR" MR M")},>, and
{(ZRR*R ZR>R)} ~0, are homogeneous Markov chains. Our next objective is to
establish some properties involving the states of {(ZXR*R ZR=RyL _ and whose
proof (which is omitted) is obtained by taking into account the multinomial scheme
of the reproduction laws and applying a standard procedure.

Proposition 17.2

(i) (0,0) is an absorbing state.
(ii) Every non-null state (i,j) # (0,0) is transient.

(iii) If pR + pf + p% + p% < Vand p) + p} + p5 + p < 1, then the sets {(i, ), i >
0,j > 0} and {(i,0), i > 0} are classes of communicating states and each state
leads to the state (0,0). Furthermore, the states belonging to the first set may
move to the other in one step.

Remark 17.1 From Proposition 17.2, it seems clear that the behaviour of the r allele
in the population is not the same as the behaviour of the R allele. In fact, it is
immediate to see that if in a generation there are no Rrx R couples in the population,
then r allele disappears from the population, that is

{Z,fO’XR =0} C {Zforjff =0}, for every n > 0.

In this scenario, fixation of R allele occurs. In fact, the process {fojf},,zo is

a Bisexual Galton-Watson Branching Process (BBP) with perfect fidelity mating
function and reproduction law {pf}kzo (see [3]).

On the contrary, RR females and R males can be produced by RR x R and Rr X R
couples, so the R allele only disappears if the population becomes extinct.

According to previous remark, in our subsequent investigation it seems logical
to deal first with the recessive allele, r, and then to study the dominant allele, R.
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Henceforth, to simplify the notation, we denote P(-|Z8R*R = j ZR>R = j) by
P j)(-). Even (i, ) is dropped from this notation if there is no ambiguity.

17.4 The Fate of the Recessive Allele in the Population

In this section we focus on studying the behaviour of the number of carriers of the
r allele. This study is made through the process {ZX™R}, -, since Ff" = 0 and
M} = 0, for all k > n if ZRR = 0. Although that process is not a homogeneous
Markov chain, we establish in the following result that it shows the dual asymptotic
extinction-explosion behaviour, typical of many homogeneous branching processes:
the total number of couples of that genotype either goes to zero or undergoes
unlimited growth. Intuitively, this duality must be interpreted as the extinction or
persistence of the recessive allele.

According to this interpretation, the event {ZX® — 0} is called extinction of the
r allele, and the event {ZRR — oo} is called survival of the r allele.

Theorem 17.1 It is true that P(ZR>R — 0) + P(ZE>R — o0) = 1.

In the following result, we show conditions for the event extinction of the r allele
to occur with probability one. These conditions are given in terms of the parameters
a(l = B)m, and (1 — a)(1 — B)m,. Intuitively, they correspond to the mean number
of females and males, respectively, with r allele generated by an Rr x R-couple.

Theorem 17.2 Let i > 0,j > 0. Then P ;(ZX™*R — 0) = 1 if at least one of the
following conditions is verified:

(i) 05(1 _ﬂ)mr <1,
(ii) (1 —a)(1— B)m, < 1.

Remark 17.2 The case (1 — «)(1 — B)m, = 1 is not considered explicitly in
Theorem 17.2. However, if« < 0.5and (1—a)(1—B)m, = 1,thena(1—8)m, <1,
and Theorem 17.2 (i) guarantees the extinction of the r allele. Therefore, it is the
case @ > 0.5 and (1 — «@)(1 — B)m, = 1 which is not covered by the result.

17.5 Fixation of the Dominant Allele in the Population

In this section we investigate the evolution of the number of carriers of the R allele
in the population when the r allele becomes extinct. Notice that R allele is present
in RR and Rr females, and R males, that are produced by both, RR x R and Rr x R
couples. If r allele is extinct only RR x R couples can produce individuals, so that
the fixation R allele (that is, its survival) depends only on this type of couples. This
implies that the study of the fixation of the dominant allele can be developed through
the process {ZFR*R}, .



294 M. Gonzalez et al.

However, as was pointed out in Remark 17.1, on the event {Zk™F — 0}, the
process {ZRR*R}, o evolves as a BBP with perfect fidelity mating and reproduction
law {pf}kzo, at least from one generation on (possibly different for each path).
Therefore, this process also presents the dual extinction-explosion behaviour on the
event extinction of the r allele, and the following result is established:

Theorem 17.3 It is verified that, almost surely,
{ZRR s 0y = {ZBR — 0, ZFRR — ooy U {ZBR — 0, ZFRR 5 0},

Next we focus on each one of the events presented in the above result. To this
end, we use the term fixation of R allele for the set {ZF>R — 0, ZRR*R — oo},
and extinction of the population for the set {ZR™*R — 0, ZRRXR . 0} We study
conditions for the first to occur with positive probability and for the second to have
a probability of one or less than one.

As was noted above, in this case the R allele behaves, from some generation on,
as a BBP with perfect fidelity mating. Hence, the theory developed in [3] can be
applied here, and one then immediately deduces the following result:

Theorem 17.4 Let i > 0,j > 0. Then P (ZR*R — 0, ZFRR — o0) > 0 if and
only if min{amg, (1 — a)mg} > 1.

Intuitively, this result states that a necessary and sufficient condition for the R
allele to have a positive probability of fixation is that both the female and the male
offspring per RR x R couple are on average greater than one, independently of the
values that take the parameters of the reproduction law of Rr x R couples. This is
due to the fact that the event {ZX™*F — 0} always has positive probability.

According to the definition of extinction of the population, this event, mathemat-
ically expressed as {ZX™>*F — 0, ZRR*R — 0}, occurs if from some generation on
there are no couples of any type. Now, we investigate under which conditions this
event occurs with probability one or less than one.

From Theorem 17.2 we deduce that if the average number of Rr females is less
than or equal to one or the mean number of r males stemming from an Rr x R couple
is less than one, then the r allele becomes extinct, so the extinction of the population
is equivalent to the extinction of RR x R couples. If it is also satisfied that the mean
number of females and males stemming from an RR x R couple is less than or equal
to one, Theorem 17.4 ensures that fixation of the R allele is impossible and from
Theorem 17.3 one deduces that the population becomes extinct almost surely.

There exists, however, a positive probability of survival of the population when
the mean numbers of females and males generated by an RR X R couple are greater
than one (see Theorem 17.4). Summarizing, we establish the following result:

Corollary 17.1 Leti > 0,j > 0. It is verified that

(i) Ifa(1 — Bym, <1 or (1 —a)(1 —B)m, <1 and min{amg, (1 —a)mg} <1
then P j(ZR>R — 0,ZRR*R — 0) = 1.
(ii) If min{amg, (1 —a)mg} > 1 then P(;)(ZR>R — 0,ZRRR - 0) < 1.
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17.6 Coexistence of Both Alleles in the Population

In this section we deal with the problem of finding conditions that guarantee
a positive probability of coexistence of both alleles in the population. Taking
into account Theorem 17.1, we understand by coexistence the event {ZFF*R 4
0, ZR™R — 0o} Since only RrxR couples produce individuals carrying both alleles,
coexistence is equivalent to the event {ZX™® — oco}. Considering the results of
Sect. 17.4 we assume that min{c(1 — 8)m,, (1 —a)(1 — B)m,} > 1. In this scenario
we provide some conjectures that have been derived from reasonings based on
expected values and long term behaviour of the sequences involved in the X-linked
two-sex branching process and their validity have been checked computationally,
through simulated examples. In our discussion we differentiate the cases o« > 0.5
and o < 0.5, though some results seem to hold in both situations.

17.6.1 Casea > 0.5

If « > 0.5, the couples produce on average less males than females, which
eventually should balance the population towards females. In consequence, one
could expect that MR < F, for n large. Therefore, the number of couples of
each type would be determined by hypergeometric distribution which, jointly
with the conditioned moments calculated in Proposition 17.1, gives the following
approximations for large n:

RRXR . (RR.RRXR RR.RrxR M§+1 N RRXR RrxR M§+1
Zn+l — (Fn+l + Fn+l )_ — (OH’I’lRZn + aﬁern )_’
Fut1 Fut1
(17.1)
MR MR
ZROR ~ pRRRPR L g (1 — Bym,ZR R L (17.2)
Fut1 Fut1
Provided ij_’jR # 0, we can calculate the ratio between (17.1) and (17.2):
Zf-quTR - mg Z,ISRXR 4 B (17.3)
ZER = Bym, 2% T

Taking limits as n tends to infinity on both sides of this expression, we can derive
our first conjecture:

Conjecture 17.1 On {ZF™® — oo}, the sequence {ZXR*R/ZR>Ry% " converges
almost surely to a constant y. Moreover, y = ((1—B)m,—mg)~' Bm, if (1—B)m, >
mg and y = oo if (1 — B)ym, < mg.
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Intuitively, we claim that the growth of the numbers of RR x R couples is, at least,
of the same order as the number of Rr x R couples. Hence, as pointed out above, the
persistence of the r allele in the population is equivalent to the coexistence, and also
{ZRR s oo} = {ZRRXR 5 o0, ZRR 5 o0},

Using this conjecture, we can also find out the rates of growth of the sequences
{ZRRxRyo0 and {ZRR} | and therefore establish conditions under which coex-
istence holds. In fact, if we take again into account Proposition 17.1, it seems
reasonable to assume that

R RrxXR RRXR
Myy  1—a BmZ"" + mgZ,
Fn+l o errlerR + mRZ,ISRXR

(17.4)

In the case (1 — B)m, > mpg, {ZE®*R}%° and {ZF>®}*°  have the same rate of
growth and the parameter y < oo indicates the (odds) ratio between the numbers of
RR xR and Rr x R couples in the long term. Consequently, taking into account (17.2)
and (17.4), it should happen that

Bm, + ymg

ZRIXR ~ pZRXR - with 1 = (
n+1 n m, + ymg

) (I =) = p)m,.

In the case (1 — B)m, < mg, both sequences grow geometrically with dif-
ferent rates of growth and, in particular, {ZR>R}% is negligible with respect to
{ZRRXRyo0 ' so the quotient in the right-hand side of (17.4) converges to (1 — a) /e
and therefore, from (17.1) and (17.2) we can derive that

ZERR ~ (1 — )mpZBR 4 (1 — a) Bm, ZER

and
ZEAR >~ (1 —a)(1 — Bym, 28K,
Special attention deserves the case (1 — f)m, = mg, where from (17.3) one

deduces that the quotient between the rates of growth of both sequences is of a
linear order, that is

ZfﬁR ~ (n+ 1)—1 fﬁzﬁ—)ﬁR’

so the rates of growth that one could expect for {ZX>R}o0 ~and {ZRR*Ry% " are
((1 —a)(1 — Bym,)" and n((1 — a)(1 — B)m,)"~!, respectively.
The following conjecture summarizes the previous reasoning:

Conjecture 17.2 Assume @ > 0.5 and min{a (1 — B)m,, (1 — a)(1 — B)m,} > 1,
andleti > 0,7 > 0.
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() If (1 — B)ym, > mg, then P j(ZER*R — 0o, ZER — 00) > 0 if and only if

T > 1. Moreover, if T > 1, {ZRR*R}20 “and {ZR>*R}%0 | grow at a rate of 7.

(i) If (1 — B)ym, < mg, then P j(ZRR*R — o0, ZRR — 00) > 0. Moreover,
{ZRRXRYo0 "orows at a rate of ((1 — a)mpg)" and {ZXR}>° = srows at a rate of
(A =a)(1 = pym)".

(i) If (1 — B)m, = mg, then P (ZRR*R — o0, ZR™R — o0) > 0. Moreover,
{ZRr<Ry20 " arows at a rate of ((1 — a)(1 — B)m,)" and {ZFF*RY% “orows at a
rate of n((1 — )(1 — B)m,)" .

Remark 17.3 Notice that, according Conjecture 17.2(i), if r < 1 and (1 — B)m, >
mp, then coexistence has null probability or equivalently P(ZZ>F — 0) = 1,
despite min{o (1 — B)m,, (1 —a)(1 — B)m,} > 1. Moreover, applying Theorem 17.4,
either extinction or fixation of R allele occurs depending on whether min{amg, (1 —
a)mg} = (1 —a)mg < 1 or > 1. In the last case, the rate of growth of {ZRR*Fyo0
is (1 —a)mg)".

Next we show a simulated example that illustrate Conjecture 17.2(iii). We have
simulated an X-linked two-sex branching process with « = 0.5, 8 = 0.7, m, = 8
and, consequently, mg = (1 — f)m, = 2.4 so Conjecture 17.1(i) is satisfied with
y = 00. Moreover, (1 — a)(1 — B)m, = 1.2, greater than 1, so in fact we are under
the hypotheses of Conjecture 17.2(iii) and a positive probability of coexistence is

predicted.
We have simulated 80 generations of an X-linked two-sex branching process,
starting with Z8RR = 0 and Z8>® = 5 and taking as reproduction laws

for RR x R and Rr x R couples Poisson distributions with the means mg and
m,, respectively, as indicated above. In Fig.17.1 left it is shown that the ratio
ZRRXR | (nZRR) approaches to B/(1 — B) = 2.33 as n tends to co. The middle
and right graphs are plots of {log(ZFR*R)1% "and {log(ZR™R)}°, respectively.
Whereas the first sequence seems to grow parallel to the graph of the function
log(n) + (n — 1) log((1 — «)(1 — B)m,), the second one follows a line with slope

log((1 —a)(1 — B)m,), which shows a growth of the number of RR x R couples with

15 20

8 10 12 14
. . . .
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6
.

< 4
~ 4
V\} % N
~ 4
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generations generations generations

Fig. 17.1 Realizations of ZFR*R/(nzR™><R) (left plot), and log(ZER*R) (middle plot) and
log(ZRr>R) (right plot) in a process, where both type of mating units have survived until generation
80
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arate of n((1 — a)(1 — B)m,)""", slightly faster than the growth of the number of
Rr x R couples which is determined by ((1 — a)(1 — B)m,)".

17.6.2 Case a < 0.5

If « < 0.5, the population balances eventually towards males, but since r males
do not participate in the mating, then we have to investigate when the number of R
males exceeds that of females in the long term.

Notice first that if the number of R males was eventually greater than the number
of females, Conjecture 17.1 seems to be still valid. Indeed, since the number of
couples would be determined by the number of females, with a reasoning similar to
that of previous subsection, we get for n large enough,

ZROR o pRERRR . pRREPR ~ ampZRR + apm, 28R, (17.5)
ZRAR ~ pRERPR (1 — Bym, ZR R, (17.6)

and the quotient between these expressions leads again to (17.3), from which we
derive Conjecture 17.1.

So the key to find out the rates of growth of {ZFR*R}%0 “and {ZR>Ryoe ~and
therefore the coexistence of both genotypes is the balance between sexes jointly
with Conjecture 17.1. According to this conjecture, if (1 — B)m, < mg, {Z8*R}%
would be negligible with respect to {ZFF*R}%° and the production of offspring
by Rr x R couples would not be relevant to establish the balance between sexes.
Moreover, since @ < 0.5 and RR x R couples only produce R males, the average
production of R males per couple exceeds that of females, which eventually would
cause a greater R number of males than females.

Therefore, in the case (1—8)m, < mg, (17.5) and (17.6) can be used to derive that
the rates of growth of {ZFR*RY%e “and {ZF>R}% “are (ampg)" and (a(1 — B)m,)",
respectively. In the case (1 — f)m, = mg, using the same arguments as for o« >
0.5, the rates of growth that one could expect for {ZF>R}% “and {ZRR*Ry% are
(a(1 — B)ym,)" and n(er(1 — B)m,)" ", respectively.

A more complex situation seems to be (1 — B)m, > mg, because in the long
term it is possible both, that the number of R males exceed that of females and
that the number of females exceed that of R males. Since (1 — B)m, > mg,
by Conjecture 17.1, ZRR*R ~ o ZR™R \yith y finite and therefore, taking into
account (17.4), it seems reasonable to guess that F,, < M,’f if and only if

amgy +am, < (1 - a)mR Y + (1 o a)ﬂmrs
or equivalently

Qa—1mgy +am, < (1 —a)Bm,. 17.7)
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Notice that, since @ < 0.5, 2a — 1 < 0 so (17.7) is a weaker condition than am, <
(1 — @)Bm, in order to guarantee that R males exceeds females in the long term.

Therefore, if (17.7) holds, we can use expressions (17.5) and (17.6) which, jointly
with Conjecture 17.1, lead us to guess that {ZRF*R}% “and {ZR™R}% = have the
same rate of growth, which is («(1 — g)m,)".

Finally, if (17.7) does not hold, then the number of females exceeds in the long
term that of R males and the behaviour of {ZFF*R}% “and {ZFR}% ' should be
analogous to the case o > 0.5, specifically the same as in Conjecture 17.2(i), with a
rate of growth of t” for both sequences.

We summarize all these guesses in the following conjecture

Conjecture 17.3 Assume o < 0.5 and min{a (1 — B)m,, (1 —a)(1 — B)m,} > 1,
andleti > 0,j > 0.

@G) If (1 — B)m, > mg, then

a. If Qa—1)ymg+am, < (1—a)Bm, then P ;(ZER*R — oo, ZRPR — o0) >
0. Moreover {ZXR*R}20 and {Z8>*R}% 'srow at a rate of (c(1 — B)m,)".
b. If Qo — 1)ymg + am, > (1 — o) Bm,, then
P jy(ZRR*R — 00, ZR™R — 00) > O if and only if T > 1.
Moreover, if T > 1, {ZRR*R}% “and {ZF~R}% | orow at a rate of 7",

(i) If (1 — B)ym, < mg, then P j(ZRR*R — o0, ZRR — 00) > 0. Moreover,
{ZRRXRYo0 " orows at a rate of (amg)™ and {ZX*R}%°  erows at a rate of (a/(1 —
pym,)".

(i) If (1 — B)m, = mg, then P (ZRR*R — 00, ZR>R — o0) > 0. Moreover,
{ZRr<Ryoo srows at a rate of (e(1 — B)m,)" and {ZXR*R} "orows at a rate of

n(a(l = ymy"".

Notice that, according to Conjecture 17.3(i)b,if t < 1, (1—8)m, > mg and Qo —
1)ymg + am, > (1 —«a)Bm,, then the situation is analogous to that of Remark 17.3.
Now, in case of fixation of R allele, the rate of growth of {ZRR*R}2° “is (ampg)".

Next we show a simulated example that illustrate Conjecture 17.3(i)b. Specif-

ically we have simulated an X-linked two-sex branching process with « = 0.4
(biased sex ratios are not unusual, see for example [2]) , B = 0.6, mg = 0.75
and m, = 8. With these values for the parameters we have that «(1 — B)m, =

1.28, greater than 1. Also, 0.75 = mg < (1 — B)m, = 3.2, so the conditions
of Conjecture 17.1(i) are satisfied with y = 1.96. Moreover 2.906 = Qo —
D)ymg + am, > (1 — a)Bm, = 2.88, so in fact we are under the hypotheses of
Conjecture 17.3(i)b with = = 1.271, greater than 1, so a positive probability of
coexistence is predicted.

We have simulated 50 generations of an X-linked two-sex branching process,
starting with Z8®PR = 0 and Z8™® = 5 and taking as reproduction laws for RR x R
and Rr x R couples Poisson distributions with the means mg and m,, respectively,
as indicated above. In Fig. 17.2 left it is shown that the ratio between the number
of couples of both types approaches to y. The middle and right graphs are plots of
{log(ZRR*R)}20 "and {log(ZF~R)} |, respectively. Both sequences seem to grow
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Fig. 17.2 Realizations of ZFR*R /ZR>=R (Jeft plot), and log(ZRR*R) (middle plot) and log(ZR™F)
(right plot) in a process, where both type of mating units have survived until generation 50

following a line (dotted line) with slope log(z), which shows the geometric growth
in the number of couples of both types, with a common growth rate defined by 7.

Remark 17.4 For the computer simulations, we used the language and environment
for statistical computing and graphics R (“GNU S”) (see [11]).

17.7 Proofs

We first provide a necessary basic notation to prove the results. We start by denoting

as TRRYR and TR4R the total number of individuals in generation n + 1 generated,

respectively, by the RR x R and Rr x R couples, n > 0:

ZRRXR
RRXR RR, RRXR R RRXR
n+l z : (F m ) and
i=1
ZRr><R
Rer RR, Rer Rr,Rer R,RrXR r,RrXR
n+l z : (F m + Mni + Mni )

i=1

We can deduce from the expressions above that the total number of individuals in
the (n + 1)th generation is

'RRXR RrxR
Thv1 = Tn+1 + T,Hr_l =Fut1 +Myy1, n>0.

It is easy to prove that the distributions of F,, | and M, given T, +; are binomials
with parameters (7,,+, «) and (7,41, | — @), respectively.

We denote by fz(s) and f,(s) the probability generating functions of the RR x R
and Rr x R couple reproduction laws, respectively. Recall that those reproduction
laws have finite means and variances.
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Finally, we introduce the o-algebras Gy = o (ZER*R ZR~F),
G, = o (ZEROR zBR ERR pRe MR My, ZERR ZRR ) =1,...,n), n > 1,

and F, = 0(Gu1, FRR,FR" MR M"), n > 1. For any i,j > 0, recall that we write
P)(-) for P(-|ZERR = i, ZRR = ), and now we introduce the notation E;)[] =
E['|Z§RXR =i, Z(I)irXR :]]

17.7.1 Proof of Theorem 17.1

In order to prove that P(ZR™R — 0) + P(ZE™R — o0) = 1, we prove that the
probability of the complementary set is equal to 0. For that, it is enough to prove
that forall i/ > 1 and i,j > 0

Pij(ZE R =i i0) =0,
where i.0. stands for infinitely often. Takinga = P(F(Iflr RrxR — 0), since 0 < o, B <
1, and taking into account the multinomial scheme assumed in the reproduction of
the Rr x R couples, then a = f,.(af + (1 —«)) is positive and constant. We conclude
analogously to the proof of Theorem 3.1 in [5] that

Pip(ZE R =17 i0) = Jim P (ZE™R = i for at least m values of n > 0)

IA

lim (1 —a)(1—d")"' =0.
m—00

17.7.2 Proof of Theorem 17.2

By Theorem 17.1, it is enough to prove that P; j,(ZZ*R — co0) = 0.

(i) Assume (1 — B)m, < 1. From the definition of the model, ZFR < FR" for all
n > 1, and consequently, by using Proposition 17.1(iii) we obtain

E[ZEPR|Gui] < EIFY1Gu1] = a(1 = Bym, Zi R < Z¥7 R as.,

and one concludes that {Zf™R} _, is a non-negative supermartingale, and so
converges to a finite limit. Hence P j(ZX™*F — c0) = 0.

(i) Assume0 < (1—a)(1—B)m, < 1 and @ > 0.5 [otherwise the result is deduced
from (1)].
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For each N > 0 and for some positive constant A, we define the sequences of sets
B = {Z&E < A}, k = 0, and the stopping time

0 if infisy ZE7R > A
min{k > N : ZF>R < A} otherwise

such that By C {Ty < N + k}.
Consider also the sequence of o-algebras {G, },>0 as defined above. If we prove
that, forall k > 1,

E[Z{5E1GN4i—1] < ZRE as on {Z98 | > A, (17.8)

applying the Lemma 3 in [6], we obtain that {Z’;};i’fN +k)}/<20 is a non-negative

supermartingale, with Ty A (N + k) = min{Ty, N + k}, and consequently converges

to a non-negative and finite limit. But, for every N, on the set { kln{/ ZRR > A,
>

ZITe;i’fN o = ZRR as. for all k > 0, so the sequence on right-hand side also

converges to a non-negative and finite limit, hence
Pij({ZRE — ooy N ¢ inf ZFR > AY) =0,

and this would conclude the proof.
In order to prove (17.8), we simplify the notation and write n = N + k. Taking
into account that G,—; € ¥,,n > 1 and applying Proposition 17.1 (i), we have a.s.

E[ZFrR|G, 1] = E[E[ZER|F,)|G 1]
MR
= E[Frlfrl{F,,sM,’f}@n—l] +E [ F"

n

FrlfrI{F,,>M,’§}|gn—1:| . (17.9)

Let us bound properly each of these summands.

For the first summand of (17.9), since we are assuming that M, given T, is
distributed according to a binomial scheme, we can apply a Chernoff type of
inequality, and have, for all n and [/ > O,

P(F, <M,|T, = 1) = P(M, = 1/2|T, =) < 2Va(l —a)) =d.

witha = 2\/a(l —a) < 1 as o > 0.5. Then, due to the mutual independence of
the RR x R and Rr x R reproduction laws and that M,If <M, n>1,

P(Fn f Mflgn—l) 5 P(Fn 5 Mnlgn—l)
= E[P(Fn = MnITn)Ign—l]

TRR><R

= E[aTnlgn—l] = E[Cl " |gn—l]E[a

Rr}XR
Tn

|gn—l]
ZfR(a)foTRﬁ(a)Zfile ffr(a)ZSLXIR a.s. (17.10)
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Therefore, applying (17.10), the Cauchy-Schwartz inequality, and taking into
account that the variances are assumed finite,

E[F¥ T, <umy|Gnr] < E[(FE) 1G]V P(Fy < MYI1G1)'?

ZRr><R

< ZRf (@7 as., (17.11)

for some positive constant K.
To bound the second summand of (17.9), given ¢ > 0, define y; = (1 — a)(1 —
B)(m, + ¢€), and B, = 1 + 2¢/m, where m = min{mg,m,} — ¢ if mg # 0 or
m = m, — ¢ otherwise. We take ¢ small enough such that 0 < y|B, < 1, m > 0,
mg —e > 0 (if mg # 0) and Bm, — e > 0.

For each n > 1, define the sets

AF,n = {an - (amRZ,Iffi(R + Olerylfi)l(R)l < Ol&‘Zn_l},
Ak, = {IMEY — (1 — )mpZZ R 4+ (1 — ) pm, ZXF) | < (1 = )eZ,—1 ).

Apre = UFE — (1 = Bym ZE3F| < a1 — BezRiiky.

Since there is no ambiguity, from now on n is dropped from the notation of these
sets. Define also D = Arp N Ayr N Apr-. With this notation we write

MR
E [ Fn F,Ifrl{Fu>Mff}|g”—1:|

= E MVIEFRVI{F mkylpe|Gu—1 | + E My

n n

Ff’I{Fn>M§}ID|gn_1} as. (17.12)

Since the reproduction laws are assumed to have finite variances, an immediate
application of Proposition 17.1 and Chebyshev’s inequality gives

C1 C1 CZ CZ
P(A7|Gu—1) < 7 = w a.s., P(A;ﬂelgn—l) = - =< W

a.s.
and
c C3
P(AFR/‘|gn—l) =< W a.s.,
n—1

for certain positive constants C;, C,, and Cs. Therefore, for some positive constant
Cy,

. C
P(D‘|Gy-1) < ZR—‘;R as. (17.13)
n—1
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Now, applying (17.13) and the Cauchy-Schwartz inequality,

MR
E |:F_nF5rI{F,,>M,’f}ID”|gn—1:| < E[F¥Ipc|Gp-1]
n
< E[(F*)?Gu1]'*P(D°|G—1)"? (17.14)
< KZIN(CZI) T = Ky(Zi)'? s,

for some positive constants K, Cs, and K3. Finally, on D, if mg # 0,

E @FR’I Ip|
Fon {F>MR3 D Gn—1

_ RRXR RrXR
R (1 a)((mR + S)Zn—l + (ﬂmr + S)Zn—l (1715)

< 1— . ZRr><
< = B me ot T e — 2 T (m, — ) 28R

< (1= a)(1 = Bym, + ez MR OAT ¥ 262 ¥ (o — 2 deZ
- rt (mg — &)ZFRTR 4+ (m, — ) ZF5F

2¢e
< nz® (1 + Z) =nB.ZrR  as.,
with m = min{mg, m,} — ¢. And, if mg = 0,

M7 (1 —a)(Bm, + &)ZFF
E n FRrI 1 o < a(l = R RiXR n—1
[F n Lip>u |G 1:| <a(l—=B)(m )Z," o (m, — &) 28K

n

2
< nzk (1 + f) =y B.Z8R  as. (17.16)

with m = m, — ¢. In any case,

MR
E [ F" F,’f’I{Fn>M5}ID|gn_1:| < YBZRPR  as, (17.17)

n

Summarizing, from (17.11), (17.12), (17.15) and (17.17), we deduce that
E[ZF7 RG] < (Kifp (@) 52 4 K3 (ZRPR) T2 4y B)ZRR  as,

Recall we have taken € such that y;B, < 1. Hence, since f,(a) < 1, we can take
A > 0 large enough such that, for ZX”® > A,

Klfr(a)sziR/z <l1- )’lBs

and consequently the term in parentheses is less than 1. For this value of A, (17.8)
holds, and therefore the result is proved.
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Chapter 18

Two-Sex Branching Processes with Several
Mating and Reproduction Strategies: Extinction
Versus Survival

Manuel Molina, Manuel Mota, and Alfonso Ramos

Mathematics Subject Classification (2000): 60J80

18.1 Introduction

In the general context of stochastic modeling, the branching process theory provides
appropriate mathematical models to describe the probabilistic evolution of biologi-
cal populations whose sizes vary over time, due to random births and deaths, see for
details the monographs [3] or [5].

We focus here our interest on the development of stochastic processes to describe
the demographic dynamics of biological populations with sexual reproduction.
This research line was initiated by Daley [1] who introduced the bisexual Galton-
Watson branching process. By considering such a process as mathematical model
and assuming some specific mating strategies, he established conditions for the
extinction/survival of the population.

Taking Daley’s process as starting point, some population-size dependent two-
sex branching processes have been investigated in the literature [6—8] or [10]. These
processes describe populations where several mating and reproduction strategies
are feasible and, in each generation, one of them is implemented. The choice of the
mating and/or reproduction strategy is assumed to depend on the number of couples
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female-male in the population. However, it seems more realistic that mating and
reproduction (or both) are affected by the numbers of females and males in the
population. This novelty has been considered in a recent work by Molina et al.
[9] where a female-male population-size dependent two-sex branching process has
been introduced and, from a Bayesian outlook, some inferential problems have been
investigated.

The motivation behind this work is to continue the research about that new two-
sex branching process from a more theoretical point of view. Specifically, the main
results of the paper are related to the possible extinction/survival of populations
modeled by such a process. Previously, we provide a detailed description of the
probabilistic model.

18.2 The Model

Let us consider populations with sexual reproduction, i.e. individuals must form
couples female-male before reproduction. Several strategies for the mating are
feasible, depending on the current numbers of females and males. One of them
is implemented in each generation. Once formed the couples, there are several
reproduction strategies to produce new descendants. The choice of the reproduction
strategy depends also on the current numbers of females and males. Assume also
that in this reproduction phase the couples act independently of the others and, inside
a generation, all of them adopt the same strategy.

Denote by N,, and N, the positive integers representing the numbers of mating
and reproduction strategies, respectively. We model mathematically the demo-
graphic dynamics of such biological populations as follows:

1. LetL,l=1,...,N,, be functions, defined on N? and taking values in N, where
N denotes the set of non-negative integers. The role of L; is to determine the
number of couples female-male formed in the population when the /th mating
strategy is considered. Each function L; is assumed to be non-decreasing and
such that, L;(f,0) = L;(0,m) = 0, f, m € N (if there are either no females or no
males in the population then it is not possible to form couples). These functions
will be referred as to mating functions.

2. Let {p}}apenrs B = 1,...,N,, be offspring probability distributions, py;
representing the probability that a couple produces k females and j males
when the hth reproduction strategy is considered. We denote by p" and X",
respectively, the mean vector and the covariance matrix of the hth offspring
probability distribution.

3. Let ¥ and ¢ be functions defined on N? and taking values in the sets {1, ..., N,,}
and {1, ..., N,} respectively. Their role is to determine, according to the numbers
of females and males in the population, the mating function and the offspring
probability distribution to be considered in the mating and reproduction phases,
respectively. In fact, if there are f females and m males in the population then
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L; and {PZ,J-}(k.j)eNZ, where | = Y (f, m) and h = ¢(f, m), are the corresponding
mating function and offspring probability distribution to be considered.

4. Let us define the two-sex branching process {X,}°2,, where X, = (F,,M,) is
the random vector representing the numbers of females (F,) and males (M,,) at
time (generation) n, in the form:

Assume that in a given generation n, the total number of females and males in
the population is given by X,, = (F,, M,,). Then, the mating strategy considered is
the strategy number /, := ¥ (X,). Consequently, Z, := L;, (X,) couples are formed.
All these couples adopt the reproduction strategy number %, = ¢(X,). Each of
them produces, independently of the others, a random number of females and males,
according to the offspring probability distribution { PZZ-}(/( jyene and then disappears.
As consequence, the vector representing the numbers of females and males in the
(n + 1)st generation, namely X,,+1 = (Fy+1, M,+1), is determined as

Zn

Py— h’l h’l
Xn+l = Z( n,i’mn,i) )

i=1

n

h
where (f,", m,";

that

) are independent and identically distributed random variables such

P(f = k.l = j) = pin. (k.j) € N2,

Initially, we assume f; females and m( males in the population, i.e. Xy = (fo, mg) €
Ni, where N denotes the positive integers.

It can be easily verified that {X,,}°2 ; is a homogeneous Markov chain with state
space on N2.In fact, if X,, X,11 € N?, [ = Y(x,) and h = ¢(Xx,), then

L) h h I *Ly(Xn)
P(Xy+1 = Xp11Xy =X,) = P Z (S M) = Xnt1 | = (Px,,+1)

i=1

with (P1)¥, j € N, x € N2, representing the conventional convolution notation
concerning the offspring probability distribution { pﬁ i}(kzi)ENz'

Remark 18.1 In addition to its theoretical interest, the two-sex branching process
described above has also practical implications. Really, it is appropriate to model
the probabilistic evolution of animal species characterized by a single reproductive
episode before death (semelparous species). For the particular case when only one
strategy is considered in the respective mating and reproduction phases, namely
N, = N,, = 1, it is reduced to the bisexual Galton-Watson branching process
introduced in [1].

In the sequel, we shall study several theoretical questions about the two-sex
branching process described in Sect. 18.2. Specifically, Sect.18.3 is devoted to
establish some basic properties about the underlying probabilistic model. Then,
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in Sect. 18.4, we include the main results of the work concerning the possible
extinction/survival of the population. To this end, we deal with the sequence
{8(X,,)}°2,, where g(-) has the functional form

g(f.m)=af +am, a; >0, a >0, a;+a, >0, (f,m)e N2, (18.1)

Some particular cases of biological interest are g(f,m) = f, g(f,m) = m,
or g(f,m) = f 4+ m, corresponding to the numbers of females, males, or total
individuals, respectively.

18.3 Basic Properties

In this section we provide three results about the two-sex branching process
introduced. First, we determine the first and second order conditional moments of
the process. Then, in a second result, we establish its Markovian properties. Finally,
we use this last result to derive some conditions which guarantee the classical duality
extinction-explosion property in branching process theory.

Proposition 18.1 Let us consider the process {X,}°2,. Let x € N?, | = ¥ (x),
h = @(x), and g(-) as in (18.1). Then

(i) EXa411Xa = x| = Li(x)p.
(ii) Var[Xo+1/Xn = x] = Li(x) X"
(iii) E[g(Xnt1)[Xn = x] = Li(x)g(u").
(iv) Var[gXns+1)|Xn = x| = Li(x)aX"a/, with a = (a,as) and a’ being the
transpose vector of a.

Proof It is derived from some straightforward calculations.

Definition 18.1 Forx = (f,m) € N2, [ = ¥ (x), h = ¢(x), and g(-) as in (18.1),
we define the rate

my(X) = Bl (K1) Xy = x] = LD
g(x) g(x)

Remark 18.2 The rate m,(x) will play an important role in the study concerning the
extinction/survival of the process. Note that, it is the product of two components.
The first one (L;(x)/g(x)) is the ratio of couples per unity of “g(x)”, for instance,
ratio of couples per female (when g(x) = f), per male (when g(x) = m), or per
individual (when g(x) = f + m). The second one (g(u")) is the expected offspring,
in terms of the functional g(x), per couple. For example, expected female offspring
(when g(x) = f), expected male offspring (when g(x) = m), or expected total
offspring (when g(x) = f + m).

The next result provides a classification of the states of the process. We omit the
states X € Ni such that L;(x) = 0, [ = 1(x), which are trivially transient.
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Proposition 18.2 Let us consider the process {X,}°2.

(i) 0 = (0,0) is an absorbing state and (f,0), (0,m), f,m € N are transient
states.
(ii) Letx € N3 and h = ¢(x). If

o0 o
max{) plo. Y pi;} > 0. (18.2)
k=0 =0

then X is a transient state.
Proof

(i) If, for some n € Ny, X, € {(£,0), (0,m),f, m € N} then X,,44 = 0 for all k >
1. Hence, we deduce that 0 is an absorbing state and (f,0), (0, m),f,m € N4
are transient states.

(i) Letx € N2,/ = y/(x) and h = ¢(x).

If (18.2) holds, there exist k € N and/or j € N such that max{p} o, pg;} > 0.
Assume that p}’ , > 0. It is sufficient to verify that

PXut1 = (Li(x) k,0)[X,, = x) > 0.

Now

Li(x)
PXp1 = (LX) k,0)[X, = %) = P | D (£l m) ) = (Li(x) k,0)

i=1

> P((fl.ml) = (k.0).i=1,....L(x) = (pl)"™ >0

n,i’

and the proof is completed. By using a similar reasoning, we deduce the result
when it is assumed that pg ;> 0.

Previous result provides the key to establish the extinction-explosion property for
the process {X,}°2,,.

Proposition 18.3 Let us consider the process {X,,}°2, and g(-) as in (18.1) with
ai,a; > 0. Assume that for all h € {1,...,N,}

o0 o0
max{) po. Y P4} > 0.
k=0  j=0

Then

P(lim X, = 0) + P(lim g(X,) = o0) = . (18.3)
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Proof 1t is sufficient to prove that, for all C > 0,

P(lim sup{0 < g(X,,) < C}) = 0.

n—>oo

Now, writing x = (f, m), we have that g(x) = aif + aym, with a;,a, > 0. Hence,
there exists a finite number of states x € Nﬁ_ such that 0 < g(x) < C. Therefore,

P(limsup{0 < g(X,) =CH = Y P(limsup{X, = x}). (18.4)

x0<g=cy "%

By applying Proposition 18.2(b), we derive that all the states x # 0 are transient.
This implies that

P(limsup{X, = x}) = 0.

n—>o0o

Taking into account (18.4), we conclude the proof.

18.4 Extinction and Survival

We now investigate conditions which guarantee the almost sure extinction of the
population and conditions which ensure a positive probability for its survival. First,
we introduce the concept of probability of extinction.

Definition 18.2 Let x, € Ni_, X0 = (fo,mp). We define the probability of
extinction of the process {X,}°2,, started with fy females and m, males, by

q(Xo) = P( lim Xn = 0|X0 = X()).
n—>oo
Since 0 is an absorbing state for {X,}°2 ), we derive that
q(X()) = lim P(Xn = OIX() = X()).
n—>oo

By using the rate m,(x) defined in the previous section, we establish the following
results.

Theorem 18.1 Let us consider the process {X,}°2, and g(-) as in (18.1) such
that (18.3) holds and, for some g* > 0,

sup  my(x) < 1. (18.5)
{x: g(x)>g*}

Then q(xo) = 1 forall x¢ € Ni.
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Proof Consider the sequence of o-algebras {7,172, 7 := 0(Xo, X1, ..., X,). We
will develop the proof in two steps.

First step. Assume g* = 0.
Using (18.5) and taking into account Proposition 18.1(b) and Remark 18.2, we
deduce that

E[gXa+D)|Fa] = me(Xi)g(X) = g(Xa). (18.6)

Thus {g(X,)} 2, is a non-negative supermartingale with respect to {F,,}°2 ,. Hence,
by the martingale convergence theorem, there exists a non-negative and finite
random variable W such that lim, .o g(X,,) = W almost surely. Therefore, for
all xp € N2,

P(limsup g(X,) = 00|Xp = x¢) = 0.

n—>o00

From (18.3), we derive that g(x¢) = 1.

Second step. Assume g* > 0.

From the first equality of (18.6), we deduce that {g(X,+1) ([ Ti— ¢ (Xk))_1 >
is a non-negative martingale with respect to {¥,,}° ,. Therefore, it converges almost
surely to some non-negative random variable W implying that the following equality
holds almost surely,

gXut1) =W l_[ mg(Xy) + Ryt l_[ mg(Xy), (18.7)
k=0 k=0

where lim R, = 0 almost surely. Now, using again (18.3), it is sufficient to prove
n—>oo
that

P(lim g(X,) = o0) = 0.

Note that, for each trajectory w € {lim g(X,) = oo}, there exists n, such that
n—>oQo

g(Xy(w)) = g*, for all k > n,,. Consequently, for n > n,,

[[meXu(@)) < []meXu(@)(  sup  me(x))"™™
k=0 k=0

{x: g(x)=g*}

< [T meXe(@))

k=0
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Now, by (18.5), we have that the last term is almost surely finite. Therefore,
according to (18.7), we deduce that limsup,_, ., g(X,,) is almost surely finite, and
taking into account (18.3), it is almost surely null, which concludes the proof.

Remark 18.3 Suppose, for example, the case g(x) = f. Taking into account
the interpretation of m,(X) given in Remark 18.2, assume that, for every | €
{1,..., Ny}, the family of ratios of couples per female, namely {L;(x)/ g(x)}xeNgr ,

is bound. Let C; := SUPyen?, L;(x)/g(x). Intuitively, Theorem 18.1 states that the

extinction of the two-sex population happens if the average number of females per
couple (for any reproductive strategy) do not exceed C; !, that is

Similar interpretations can be given for the cases g(x) = m and g(x) = f + m.
In order to investigate the possible survival of the population, given g(-) as
in (18.1) and v > 1, we introduce the sequence of events {By , };2, where
Biy = {g(Xk+1) > vg(Xp)}. (18.8)
In order to provide a result about the survival of the process, we previously establish
the following auxiliar lemma.
Lemma 18.1 Assume that there exists v > 1 such that

o
sup  P(B, | Xk = x) < oo. (18.9)
k=0 {x: g(®)>vkg(x0)}

Then P(lim,— o g(X,,) = 00 | Xp = Xx¢) > 0.
Proof

P(nl_iglolo 8(X,) =00 | Xo = Xo) = P(NZZ(Br.v | Xo = Xo)

00
z PBos | Xo = x0) l—[ {x: g(X)IBf"g(XO)}P(Bk’U X =%

k=1
o0

> P(Bo,v | Xo = Xo) l_[(l - sup  P(Bf, | Xk =x)),
k=1 {x: g(x)>vkg(xo)}

which is strictly positive taking into account that P(By,, | Xo = X¢) > 0 and (18.9)
holds.

Now we shall determine some conditions which ensure the survival of the two-
sex population with a positive probability.
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Theorem 18.2 Let us consider the process {X,}°2,, g(-) of the form (18.1) and
g* = 0 such that

(i) il’lf{x; g2(x)>g*} mg(x) > 1.
(ii) There exists y > 1 verifying that

= My (x)
sup
k=0 {x: g(x)>vkg(x0)} g(x)”

(18.10)

where
MY (x) == E[|g(Xi+1) — E[gXi+1) | Xk = X]["| Xie = x].
Then, for all Xy € Nﬁ_ with g(xo) > g%,

P( lim g(Xn) =0 | Xo = X()) > 0.
n—00

Proof From (a), there exist n > 1, g(.) and g* > 0 such that for all x € Nﬁ_ with
g(x) > g%, it is satisfied that m,(x) > n > 1. Consequently,

E[g(Xut1) | X, = x| = mg(x)g(x) > ng(x). (18.11)

Lete € (0,7 —1) and v := n—e. We consider the sequence {By , } 2, as defined
in (18.8). According to Lemma 18.1, it will be sufficient to verify (18.9).

Letx € Ni such that g(x) > g*. By using (18.11) and Markov’s inequality, we
get that

PBi, | Xk =x) = P(g(Xi+1) = (n—8)g(x) | Xix = x)

< P(gXi+1) < E[gXi+1) | Xk = x] —eg(x) | Xg = x)
P (|g(Xi+1) — E[g(Xsx+1) | Xi = X]| > eg(x) | Xk = Xx)
ey
T oerg(x)Y

Now, applying (18.10), we deduce that (18.9) holds, which finishes the proof.

IA

Remark 18.4 Condition (a) in Theorem 18.2 can be intuitively interpreted by a
reasoning similar to the considered in Remark 18.3. Take, for example, g(x) = f.
Providing D; := infxeNgr Li(x)/g(x) > 0, forevery ! € {l,...,Ny}, in order
to guarantee a positive probability of survival it is sufficient an average number
of females per couple greater (for any reproductive strategy) than D; !, for every
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le{l,....Ny} ie.

gy > max Dl
1641, N}

With respect to the more technical condition (b) in Theorem 18.2, we remark here
that it is not a very strong condition. In fact, it is satisfied, for example, if M} (x) =
O(g(x)) as g(x) tends to infinity. In such a case, it is easy to verify that the series
in (18.10) is dominated by > =, p~*’=D which is convergent.

18.5 Conclusions

Notice that for the female-male population-size dependent two-sex branching pro-
cess studied in this work, the rate m,(x) plays a similar role in the extinction/survival
of the population that the offspring mean for the classical Bienaymé-Galton-
Watson branching process. Many questions remains for research about this new
two-sex branching process, being necessary to complete both its probabilistic and
its inferential theory. In particular, much of the research associated with two-sex
branching processes has been concentrated on extinction probabilities. Significant
progress has been made on this topic. However, research on the time to extinction
has not been sufficiently investigated. This topic needs to be addressed with greater
intensity. Assuming non-extinction, it is also necessary to investigate results about
the limiting random variable. From an applied point of view, it is important to
explore new fields where the new two-sex branching process can be applied as
appropriate mathematical model, especially in semelparous species, which are
characterized by a single reproductive episode before death, see [2] or [4].
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Chapter 19

On Two-Type Decomposable Branching
Processes in Continuous Time and Time
to Escape Extinction

Maroussia Slavtchova-Bojkova
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19.1 Introduction

This paper is concerned with applications of branching models in different medical,
biological and environmental contexts where we find a general pattern of popu-
lations that, due to a small reproductive ratio of the individuals/cells, will extinct
after some time, but as a result of a random occurrence of mutations this trend
could be changed dramatically. Such populations are, for example, the viruses which
may become resistant after antibiotics treatment, some insects populations after
hybridization and others. Our leading example will be the appearance of cancer
cells after chemotherapy and we will now be interested in the most basic question
regarding the evolutionary dynamics of cancer cells: how long does it take for a
population to generate a single cell that will start a pathway with indefinite survival?
Or in other words what is the probability of success or failure of the anti-cancer
therapy? A typical situation of such populations is observed after chemotherapy
(see e. g. Iwasa et al. [6, 7] and Nowak [10] together with references therein). The
chemotherapy reduces the capacity of division of the cancer cells, which should lead
to the destruction of tumors. However, sometimes mutations in the cells provide
resistance to the therapy. This new type of cells has a higher reproduction and can
avoid extinction.
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Having in mind all the examples given above, it is of outstanding importance to
have good estimates of the probability of escaping extinction and related aspects,
such as the distribution of number of mutations which implies escaping extinction,
the distribution of waiting times until escape. It was done in discrete-time setting by
Serra and Haccou [12] and Serra [11] using discrete-time Galton—Watson branching
processes (GWBP) and as pointed out there mathematically discrete-time models
are much easier to handle than their continuous counterparts. In this paper we will
generalize and expand some of these estimates in continuous-time setting using age-
dependent branching processes. Although, that at first glance mathematically this
seems a methodological step, it turns out to be not that easy to tackle such problems
in a general setting.

Let us shortly remind that branching processes have been intensively studied
during the last decades. Classical references are the books of Harris [5], Athreya and
Ney [1], Jagers [8], and Mode [9]. For recent books, with emphasis on applications,
see Axelrod and Kimmel [2], Haccou et al. [4] and also Durrett [3], especially for
branching modeling in cancer. For a nice example of how branching processes can
be used to solve important problems in biology and medicine, the reader is referred
to the papers of Iwasa et al. [6, 7]. The close-related research related to the waiting
times to extinction are some results of the author reviewed in the paper [13].

This paper is organized as follows: Sect. 19.2 introduces the branching process
model with two types of cells in continuous time. Section 19.3 contains the main
results and proofs. In Theorem 19.1 we prove the basic functional equations for
probability generating function (p.g.f.) of the process itself. In Theorem 19.2 of
Sect. 19.3.2 we obtain the p.g.f. of both the number of mutations occurred up to time
t and the number of mutations to the escape type cells in the whole process. In the
reminder of this section we studied the distribution of the waiting time 7', which is
actually the first moment in time when a mutation cell will start the lineage that will
never go extinct (Theorem 19.3). More precisely we obtain its distribution, which
is actually degenerate at infinity and the conditional expectation of T, conditioned
of being finite. As a consequence of the results in Theorem 19.3 we show how one
can obtain the probability of immediate escape from extinction in terms of modified
hazard function of the random variable 7', conditioned in addition on non-extinction
of the process of type 1 cells, which have subcritical reproduction. Finally, we end
with some concluding remarks and topics for further research.

19.2 Formulation of the Model

We will first outline an age-dependent branching process with one type of cells.
Consider a cell proliferation process starting at time O with a single progenitor of
type 1 of age 0 whose life-length 7 has distribution G(f) = P(z < 1), G(0T) = 0,
i.e. Z(0) = 1. With probability pi, k > 0, it produces at the end of its life k similar
cells of age 0, which reproduce independently with the same distribution of the
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o0

life-length 7 and reproduction distribution { py,k > 0}, Z pr = 1. Provided that
k=0

there is at least one offspring, the death-and-reproduction process is repeated, and

continues as long as individuals/cells exist. The single-type process {Z(¢),t > 0}
or the so-called Bellman—Harris branching process (BHBP) together with proper
biological applications is studied by Jagers [8] and more theoretically by Athreya
and Ney [1].

Now we present a two-type decomposable age-dependent branching model (also
known as BHBP with two types of cells) {Z°(¢), Z' (t),t > 0}, where {Z°(¢),t > 0}
and {Z'(¢),t > 0} denote the number of cells of type 0 and type 1 at time ¢
respectively. Suppose that cells of type 1 are subcritical, i.e. have reproduction
mean m;, 0 < m; < 1, and that each one of their descendants can mutate at
birth, independently of the others, to type O cells with probability u, 0 < u < 1.
Individuals/cells of type O are supercritical, i.e. have reproduction mean mg, 1 <
my < 00, and there is no backward mutation. Let us mention here that if no mutation
appear (u = 0) then the process will be described by two independent classical
single-type BHBP.

By Gi(t) = P(t; < 1), Gi(07) = 0,i = 0,1 we denote the distribution of the
life-lengths t; of the cells of type i, and by v; the offspring of type i cells, i = 0, 1.

Let us introduce the following notations:

Fi(t;s0,51) = E(sg(’(t)sfl(tnzi(o) =1,2(0)=0,j#1i), for i=0,1,
F(t:s) = (Fo(t:s), F1(:8)). s = (s0. 51).

Unless stated otherwise, we assume that the process starts with just one cell of
type 1, i.e. Z°(0) = 0 and Z'(0) = 1. The p.g.f. of the offspring v; of type i cells
will be denoted by f(s),i = 0, 1.

Similar results of the discrete version of the two-type branching process, i.e.
GWRBP are obtained by Serra [11] and Haccou and Serra [12], where the distribution
of the waiting time to produce a cell that will escape extinction, is studied.

19.3 Main Results

19.3.1 Basic Functional Equation

In the following theorem we will obtain the basic functional equation for the p.g.f.
of the age-dependent branching process defined in Sect. 19.2.

Theorem 19.1 The p.g.f- F(t; s0, 51) satisfies the following integral equations

Fi(tiso.s1) = s1(1—G1(0) + /0 F@Fo(t—y:50) + (1= )F1 (t—: 50, 51))dG1 (),
(19.1)
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and

t
Folt: 50, 51) = Folt:50) = s0(1 — Go(®)) + / foFolt — y:so)dGo(y).  (19.2)
0
where
Fi(0;s50,81) =53, |8:] < 1,i =0, 1.

Proof We start with a derivation of the basic integral equation (19.1). A decompo-
sition of the sample space £2 in accordance with the life-length 7; and number v; of
offspring of the initial cell of type 1 suggests the relation:

Fi(t:50,51) = E (E(SOZ"”’S?(’HZI(O) =1,7°0) = 0, {z, vl}))

= s51(1=Gi(0)

+ /0 460 gpu g (i)E(s?’"‘”uksf'“‘”(l —uyHZ°(0) =k.Z'(0) 5 - k)
= s51(1=Gi(0)

+ [0 46, gmé (j{) (1= uy B 1200 = 1.2'(0) = 0))x

(& (SOZO (=) s{‘ 1200y = 0,2'(0) = 1)y *
=s51(1—-Gi()) + /0 AWFo(t = y:50) + (1 = )Fi(t = y; 50,51))dG1 (9),

where { px, kK > 0} is the distribution of the offspring of type 1 cells. Equation (19.2)
is derived in a similar way. Notice that this equation is the integral equation obtained
for the classical BHBP. O

Note that when G is the unit step function

0, fortr <1,
1, fort > 1,

Gi(1) = {

then (19.1) reduces to a functional iteration formula for F(n;so,s;) obtained by
Serra in [11]; while if

fort <O,

Oa
i) = % 1—e ™ fort >0,

then we have a two-type Markov branching process allowing mutations.
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Let us mention here that the result in continuous time is rather different from that
of Serra [11] using GWBP, where actually the p.g.f. of the process is reduced to the
single-type GWBP and after that is used significantly to study the distribution of the
number of mutations. On the other hand, here we would like to point out that using
Egs. (19.1) and (19.2) one can study the asymptotic properties of the mean, variance
and higher moments of types 0 and 1 cells when ¢+ — oo, which is left for a later
stage.

19.3.2 Number of Mutants and Probability of Extinction

Unless mutations occur, the process of interest will be a single-type subcritical
BHBP and it is the appearance of mutants that makes the study of such populations
an interesting task. That is why it is important to study the total number of mutations
that occur in the whole process. This random quantity will play a crucial role in
determining the extinction probability of the process.

Consider the random variable (r.v.) I(¢), t > 0, being the total number of mutants
produced until time ¢ (inclusive), and let I be the r.v. that represents the number of
mutants in the whole process. By mutant we mean a cell of type 0, whose mother
is of type 1. It is obvious that the sequence of r.v. I(¢),t > 0, converges pointwise
to the r. v. I. In our next theorem, we use this convergence to establish a functional
equation for the p.g.f. of /, denoted by %;(s).

Theorem 19.2 The p.g.f. hi(s) of I and hiy(s) of I(t) satisfy the functional
equations

hi(s) = fi(us + (1 —u)hy(s)), (19.3)
hiny(s) = 1—Gi(1) + /0 Si(us + (1 — w)hy—y)(5))dGi(y), (19.4)

foralls €]0,1].

Proof First we establish a recursive relation for the p.g.f. of the r.v. I(¢),t > 0. We
will use again a decomposition of the sample space §2 in accordance with the life-
length t; and the number of offspring v; of the initial cell of type 1. It is clear that
vi—Vio
I(t) = 0, if r; > t with probability 1 — G, (¢), and I(t) = vy + Z I(t— 1), when
i=1
71 < t, where vy € Bi(vy, u) is the number of mutations between the descendants
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and v; — vyg is the number of type 1 cells, produced by the initial cell. Therefore

E(s'?|Z'(0) = 1.2°(0) = 0)
Vi—Vi0

' vio+ Z I,'(t—y)
-G+ [daoEfs =

Vi—Vio

Z Li(t—y)

t
=1-G(? +/ dGi(y)E | s x s =0
0

r vi—Vio

, Y hit—y)
=1-G() + / dGi(Y)E | E | s"0 x 5 =0 [(v1, v10)
0
= d AW i—k K Ay
=1-Gi() +/0 ;Pu; (k)” (1 — uy ™t x BsZ=o 9| dGy (y)

k

' (o] J .
=1-G(1) + /0 Zplj Z (]>Mk(1 — uY 5 X (hy—y ()Y | dG1 ()

=1—G@+AﬁM+U—MMw@MGM,

where /;(f) are independent identically distributed copies of /() and h;)(s) = 1.
After that, using the techniques of embedded generation process (see Athreya and
Ney, p. 141 [1]) we obtain that the result of the number of mutations in the whole
process proved by Serra [11] for Galton—Watson branching processes remains true
for age-dependent branching processes. O

We now proceed to determine the probability of extinction. Using the notation

g0 = P[Z°(1) = Z' (1) = 0 for some > 0Z°(0) = 1,Z'(0) = 0],
g1 = P[Z°(1) = Z'(r) = 0 for some 7> 0]Z°(0) = 0,Z'(0) = 1],

it follows, from the classical result on the extinction of branching processes, that gg
is the smallest root of the equation go = fo(go) in the interval [0, 1]. To determine
q1, notice that extinction of the process occurs if and only if all the supercritical
single-type BHBP starting from the mutants die out, since m; < 1. Therefore, since
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there are / such processes, we have

a1 = Elgg] = hi(qo).

Then, we deduce that g; < 1, since mp > 1 and go < 1. Let us remind that
assuming small mutation rate u, Iwasa et al. [6, 7] provided approximations for
particular reproduction laws, namely for Poisson and geometric distributions. Their
results extend to even more complex scheme of mutations leading to branching
processes with more than two types of individuals.

19.3.3 Time to Escape Extinction

Now, we consider the r. v. T, which represents the time to escape extinction, i.e. the
first time in which a successful mutant is produced. By successful mutant we mean
a mutant that is able to start a single-type BHBP that allows indefinite survival. This
variable takes values in the set (0, +o0], with T = oo, if no successful mutant is
produced.

Theorem 19.3 The distribution of T has the following properties:

(i) (T > t) = hyy(q0) = Qs, for t>0,
(ii) P(T = 00) = qi,

1 o0
(iii) E(T|T < o0) = 1_—(11/0 (1 (q0) — quldt,

where Q; are defined by

@zl—cmn+AfuwW+a—mgﬂMQ@)

with Qo = 1.

Proof To prove (i), observe that 7 > ¢ means that all mutants that occurred up to
time ¢ were unsuccessful. Therefore,

B(T > 1) = E(4,") = hiy(4o).
To prove (ii), observe that (T > £),>0 | (T = o00) and it implies
P(T > t)>0 { P(T = 0).
Then from (i)

lim P(T > 1) = lim hy¢)(q0)
t—>00 =00
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and as /(f) converges pointwise to /, it follows
P(T' = 00) = lim hy((q0) = hi(q0) = q1.
For proving (iii) observe that 7 > 0 and, therefore,
o0
E(T|T < 00) = / (1 =P(T <{T < o0))dt
0

:/ (1_]P>(T<lt_T<oo))
q1

= 1—q1/ (1—q1 —P(T <1))dt

= 1—q1/ (P(T > t) — q1)dt

= 1—/ (h1(1)(qo) — q1)dt,
—4q1 Jo

with Ay (s) defined by equation (19.4). O

19.3.4 Immediate Risk of Escape

Another natural characterization of the appearance of a successful mutant is the
probability of producing a successful mutant in a very short time interval dt after
time ¢, given that it has not been produced yet, called immediate risk of escape
extinction. We will show in this subsection how one can compute this probability
theoretically using the results of Theorem 19.3.

In general one could use the hazard function of the variable T, defined by P(T €
(t,t 4+ dr)|T > t), but in this case we need to modify this function, as it is done
in discrete-time setting (see Serra and Haccou [12]). It is due to the fact that the r.
v. T has a defective distribution (T = oo when no successful mutant is produced)
and in fact, if there are no subcritical individuals (i.e. of type 1) alive at time ¢, the
probability of producing a successful mutant immediately after this moment is zero.
That is why we will use the following modification of the standard hazard function:

g()ydt = P(T € (t,t + di|T > 1, Z' (r) > 0)). (19.5)
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‘We have
P(T € (t,t + dr))
P(T > t,Z'(t) > 0)

_ P(T € (¢,t + dr))
S P(T>0)—-P(T>t,Z'(t) =0)

g(Hdt =

The probabilities P(T > f) and P(T € (¢, t+dt)) are computed using Theorem 19.3.
The second term in the denominator satisfies the following recursive formula:

P(T > 1,Z' (1) = 0) = P(T > 1t,Z (1) = 0|t; < )P(1; < 1)
+P(T > 1,Z' (1) = 0|1y = )P(t; > 1)

= /tIP’(T > 1,Z(t) = 0|t; = y)dG,(y)
/ Zm, (ﬁ) (ugo)* (1 =BT > 1 — 3,7 (1 y) = 0)) ™G (y)

- /0 Filugo + (1 — BT > 1 — . 2"t — y) = 0))dG, ().

using that 7; is the life-time and {p, k > 0} is the distribution of the offspring of
the initial cell of type 1 and clearly the second conditional probability term is equal
to 0.

Let us remind here that we receive the similar recursive formula as that
established by Serra and Haccou [12].

Indeed, from

B(T > 1.2 (1) = 0) = /0 o+ (1 =BT > 1=y, 2\ (1 = y) = 0)dG1(»)
(19.6)

when

0, fortr <1,
1, fort>1,

Gi(t) = {
we obtain that

P(T > n,Z'(n) =0) = filugo + (1 —w)P(T >n—1,Z'(n—1) = 0)), n>1,

which is exactly the result in [12].
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So, the modified hazard function is given by
P(T € (t,t + dt))
P(T > t) —P(T > t,Z}(t) = 0)

_ Qdt
O, —P(T>1,Z'(r) =0)

g()ydt =

where P(T > 1, Z'(t) = 0) satisfies Eq. (19.6).

19.4 Concluding Remarks

First, we would like to conclude that this paper is the first step towards the expanding
of the theory and methods using continuous-time counterparts of the discrete-
time GWBP for different schemes leading to mutations. In the context of cancer
dynamics, resistance to the anti-cancer therapy and the possible appearance of
metastasis we are tackling the problems of the distribution of the first moment of
the occurrence of “successful” mutant together with the growth of the population
of the mutant cells. Let us mention here that once the results are proved for
models with one type of mutation, they could be extended to more than one type
and different mutation schemes, including backward and/or forward mutations.
Moreover, the branching models with continuous-time are more realistic and reveal
more adequately and accurately the behavior of cell populations with overlapping
generations.

Secondly, we found the analytical decisions in terms of p.g.f. of these r.v.s,
which could be used subsequently to derive their moments and corresponding
limit theorems for the BHBP driving the development of the real process, which
might be considered per se as an innovation in application of branching theory.
In this connection, the following questions for further research could be pointed
out: to study the distribution of the waiting time to attain certain levels of the
branching processes in continuous-time setting and to obtain limiting results for
its distribution.

Thirdly, we obtain also a theoretical formulae for immediate risk of avoiding
extinction that could be used later on for the comparison of the behavior of the
modified hazard function for different offspring distributions.

Finally, the results proved generalize the similar ones obtained by Serra [11],
Serra and Haccou [12] and those for the exponential models of growth developed
by Iwasa et al. [6, 7] and Durrett [3], as well.
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