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Summary

In this thesis we study the comparison of sequences from a finite alphabet and
the theory of excursions for Markov additive processes. The main motivation is
the applications to biological sequence analysis. A central problem is to test if two
sequences violate the hypothesis of being independent random sequences from a
specific model with a test statistic chosen to reflect the specific kind of violation
that we are interested in. Another related problem introduced in this thesis is to
test if one random sequence contains certain structural features. Considering local
violations of the hypothesis when comparing independent sequences of #id variables,
results have been obtained by e.g. Dembo et al. (1994b) based on the behaviour of
positive excursions for a random walk with negative drift.

A central theme of the thesis is to extend results achieved for iid sequences to Markov
chains. For this we need the corresponding theory of positive excursions for Markov
additive processes (random walks controlled by a Markov chain) with negative drift.
Along the way, new results for such processes are derived.

After giving a brief introduction in Chapter 1 to biological sequences and a mo-
tivation for looking at excursions for Markov additive processes, the general the-
ory of such processes and in particular the relevant excursion theory is treated in
Chapter 2. Here we collect and customise all the results needed to treat the com-
parison of Markov chains in later chapters. Without much relation to the motivations
from biological sequence analysis, we give in Chapter 3 an extension of the excur-
sion theory to incorporate heavy tails too. Chapter 4 gives an introduction to the
theory of alignment and structure of sequences. In particular, the focus in this chap-
ter is on the construction of suitable models and test statistics for the problems
mentioned above, e.g. testing if two sequences locally violate the hypothesis of being
independent. We also discuss the formally similar problem of testing whether one
sequence locally possesses ‘more structure’ than expected of a random sequence. In
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Chapter 5 we derive the theoretical results about the local comparison of two in-
dependent Markov chains. These local comparisons result in a family of local scores.
We derive a Poisson approximation of the number of scores exceeding a threshold,
and based on this result we derive a Gumbel approximation of the maximal score. In
Chapter 6 we consider one Markov chain and compare it with itself corresponding
to a specific local structural feature known as a stem-loop. We show that for this
self-comparison, the number of scores exceeding a threshold can again be approxi-
mated by a Poisson distribution, and the maximal score can be approximated by a
Gumbel distribution. Finally, in Chapter 7 we give an example of how to use the
results derived in Chapter 6 when searching large sequence databases for sequences
with specific structures.



Resumé

I denne athandling studerer vi sammenligning af sekvenser fra et endeligt alfabet
og teorien for ekskursioner for Markov additive processer. Motivationen er primaert
anvendelser indenfor biologisk sekvensanalyse. Et hovedproblem er at teste om to
sekvenser afviger fra hypotesen om at vaere uafhengige stokastiske sekvenser fra en
specifik model, med en teststorrelse der afspejler den specifikke afvigelse fra model-
len, som vi er interesseret i. Et tilsvarende problem, som introduceres i denne afhand-
ling, er, hvorvidt en enkelt sekvens indeholder specifikke strukturelle egenskaber.
For lokale afvigelser fra hypotesen, i det tilfeelde hvor vi sammenligner uathaengige
sekvenser af 7id variable, er der opnaet resultater af f.eks. Dembo et al. (1994b), som
er baseret pa, hvordan positive ekskursioner for random walks med negativ drift
opfgrer sig.

Et af hovedtemaerne i afhandlingen er at udvide resultater opnaet for #id sekvenser
til Markovkeeder. I den forbindelse far vi brug for teorien for positive ekskursioner
for Markov additive processer (random walks kontrolleret af en Markovkaede) med
negativ drift. Endvidere udvikles nye resultater for sadanne processer.

Efter en kort introduktion til biologisk sekvensanalyse i kapitel 1 og en motiva-
tion for at betragte Markov additive processer, giver vi i kapitel 2 en behandling
af den generelle teori for sadanne processer — i saerdeleshed den relevante teori for
positive ekskursioner. I dette kapitel samler og tilpasser vi alle de resultater, der
er behov for andetsteds for at sammenligne Markovkaeder. Uden nogen synderlig
relation til motivationen fra biologisk sekvensanalyse giver vi i kapitel 3 en ud-
videlse af teorien til ogsa at omfatte tunge haler. I kapitel 4 gives en introduktion
til teorien for alignments og strukturer for sekvenser. Vaegten er i seerdeleshed lagt pa
konstruktionen af passende modeller og teststgrrelser for den slags problemer, som
blev naevnt ovenfor. F.eks. testning af om to sekvenser lokalt afviger fra hypotesen
om at vaere uathaengige. Vi diskuterer ogsa det formelt tilsvarende problem, om en
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sekvens lokalt har ‘mere struktur’ end man vil forvente for en tilfaeldig sekvens. I
kapitel 5 udledes de teoretiske resultater for lokal sammenligning af to uatheengige
Markovkaeder. Denne lokale sammenligning resulterer i en familie af lokale scoringer.
Vi udleder en Poisson approksimation af antallet af scoringer, der overstiger en given
graense, og vi benytter dette resultat til at udlede en Gumbel approksimation af den
maksimale score. I kapitel 6 betragter vi istedet en enkelt Markovkaede og sam-
menligner den med sig selv, hvilket svarer til visse strukturelle egenskaber beteg-
net stem-loops. Vi viser, at for denne selv-sammenligning kan antallet af scoringer,
der overstiger en given graense, igen approksimeres med en Poisson fordeling, og
den maksimale score kan approksimeres med en Gumbel fordeling. Endvidere giver
vi i kapitel 7 et eksempel pa hvorledes resultaterne fra kapitel 6 kan anvendes i
forbindelse med sggninger i store sekvensdatabaser efter sekvenser med specifikke
strukturer.
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Conventions and Notation

Notation is usually introduced when first needed. The following reference list may,
however, be useful.

D(X)
X2y

X, 2y

H(z)=1-H(x)
|| = SUpf;|f|§1fde

1Al

1
1(B)

The distribution of a stochastic variable X.
Equality in distribution of X and Y.

Convergence in distribution of X, to Y.

The right tail of a distribution function H.

The total variation norm of the signed measure v.
The matrix of total variation norms when A is a
matrix of signed measures.

The transposed of a vector v.

The row vector (1,...,1)%

The indicator function for the set B.

For a stochastic variable X and a set B.
a(x)/b(x) — 1 for z — oo.

The Dirac measure at x.

End of proof.

End of example.

Of course, effort has been put into choosing notation in accordance with common
usage in the literature, and to choose notation consistent throughout the thesis. As
this may lead to contradicting conditions some compromise between common usage
and consistency is necessary. Most notably, Markov chains considered in the first
part of the thesis are usually called (J,,),>0, but in the last part, where we often
consider two Markov chains, they are usually called (X,,),>1 and (Y,,)n>1. Another
important convention is that for a probability measure on R we do not distinguish
in notation between the distribution function and the measure. Furthermore, we use

x1ii
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K, Ky, Ky etc. to denote constants, whose value is not important and which may
change throughout a proof.



Part 1

Markov Controlled Excursions






Introduction

1.1 Comparison of biological sequences

DNA, RNA, and proteins are the fundamental building blocks for any living or-
ganism. The Central Dogma of biology states that DNA is the blueprint of the cell
capable of copying itself, that DNA is transcribed into RNA, and that RNA is trans-
lated into functional proteins. These three ingredients, DNA, RNA, and protein, are
all large molecules. DNA and RNA are made up of smaller parts called nucleotides
or nucleic acids with DeoxyriboNucleic Acids making up DNA and the RiboNucleic
Acids making up RNA. Proteins are made of amino acids. There are four different
nucleic acids of each kind and 20 different amino acids. These molecules are usu-
ally connected in a linear sequence, and by representing each of them by a single
letter, a DNA-, RNA-, or protein-molecule is very conveniently represented as a se-
quence of letters. Such sequences are known as biological sequences. The alphabets
for representing the three different types of molecules are:

DNA | A, ¢ G, T
RNA | A, ¢ G, U
Protein | A, R, D, N, C, E, Q, G, H, I, L, K, M, F, P, S, T, W, Y, V

But even though this provides a compact and useful way of representing the molecules,
the letter sequences are only caricatures of what the molecules look like. The dou-
ble stranded DNA is famous for its formation of the double helix and proteins are
known to form complicated structures of a great variety. Moreover, these structures
are of central importance for the way proteins work. Also RNA forms structures,
and it was precisely the formation of certain RNA-structures that was the primary
inspiration for the results developed in Chapter 6.

3



4 Introduction

As for all good caricatures there is after all some truth contained in the sequence.
The simple sequence representation of the molecules suggests a simple and highly
useful way of comparing the molecules. One can basically try to match two sequences
letter by letter and see how well they pair up. There are several reasons for being
interested in making such comparisons, one being the desire to find evolutionary
relation between species on a molecular level. Another is ‘extrapolation of function
by similarity’, that is, if two sequences are very similar they are generally believed
to have more or less the same function. Whatever the reason is, the methods used
are very similar. Based on some assumptions about how to pair up letters in two
sequences, one can find the so-called optimal alignment of the sequences very rapidly
on a computer (Waterman 1995). These methods are known as sequence alignment
and are by now classical methods in molecular biology. Perhaps the most important
alignment tool developed is the BLAST search tool (Altschul et al. 1990, 1997) for
local alignment. By local alignment we mean alignments that only take fractions of
the sequences into account. This is extremely useful for searching databases con-
taining lots of biological sequences in the hope of finding some sufficiently good
matches.

The local alignment methods implemented in BLAST have also attracted a fair
amount of theoretical interest. We mention Dembo et al. (1994a,b) and Siegmund &
Yakir (2000, 2003) who have developed some of the important probabilistic under-
pinnings of BLAST. The purpose of probability theory is to give an estimate of the
significance of the local alignments found from a sequence comparison. That is, to
give an idea about whether the best local alignments found could just as well have
occurred by chance when searching random sequences. BLAST usually does this by
reporting a so-called E-value, which is the expected number of local alignments in
random sequences with at least the same ‘quality’ as the best one found.

1.2 Random walks and excursions

The basic theoretical framework for discussing alignments is as follows. Given a
set, or alphabet, E, two independent iid sequences (X,),>1 and (Y,,),>1 of random
variables taking values in E and a so-called score function f : £ x EF — R, we
introduce the random walk (S,,),>1 given by

Su=Y_ f( Xk, Yi).
k=1

The variable S,, can be thought of as a comparison of the first n variables from the
X-sequence with the first n variables from the Y-sequence using the function f. The
increment S,,, — S of the random walk from £+1 to m corresponds to comparing only
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the variables from k41 to m, and the maximum of these increments for k < m < n is
the largest local comparison score up to n. It is also the largest positive increment of
the random walk up to n, and we will refer to this as the mazimal positive excursion
of the random walk up to n. This is in itself an interesting stochastic variable!, but
what makes it even more complicated is that we also want to shift the sequences
alongside each other. That is, in addition to (S,),>1 we also want to introduce the
random walks (S%),>; defined by

Sy = F(Xk, Yiyr)

k=1

for T' > 1, their corresponding increments and maximal positive excursions. All the
random walks have the same distribution but they are dependent, which makes the
analysis of e.g. the total number of positive excursions exceeding a threshold harder.

Although shifting makes the problem more difficult, it is first of all important to un-
derstand the behaviour of the random walk. Interestingly, this was originally done
with a queueing application in mind (Iglehart 1972). Later, the behaviour of the
maximal positive excursion was reconsidered by Karlin & Dembo (1992) in a molec-
ular comparison context and extended to also deal with Markov controlled random
walks.

1.3 Markov additive processes

One of the new results presented in this thesis is an extension of the theory of local
alignments to deal with aligning independent Markov chains instead. If (X,,),>1 and
(Y, )n>1 are Markov chains instead of 7id sequences, the process (S,,),>1 is known as
a Markov controlled random walk or a Markov additive process. Such processes can
be dealt with in much the same way as random walks, and one can, in particular,
derive similar results as for random walks about the maximal positive excursions as
done by Karlin & Dembo (1992).

In a Markov setup it may also be reasonable to choose a score function f that not
only compares the sequences letter by letter, but instead compares the sequences
transition by transition. That is, the score function f is instead defined on E? x E?
and

Sn = f((Xn7Xn+1)7 (Yn7Yn+1))'

1to make it really interesting the random walk must have negative drift
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Indeed, as we derive in Chapter 4, there is in the Markov setup a natural score
function of this form. Moreover, even if we just want to generalise our score function
to transition scoring as above but want to keep the #id assumption, we are forced into
the realm of Markov additive processes anyway. In our treatment of local alignments
of Markov chains in Chapter 5 we restrict ourself to score functions that compare
letter with letter, but, as discussed in Chapter 5, there is no loss of generality in doing
so since we can always stack the Markov chains. The restriction is done for notational
convenience only. Nevertheless, in the treatment of the positive excursions for the
Markov additive processes presented in Chapter 2 we treat scoring of transitions
in generality. The reason is for instance that certain representations of constants
becomes substantially more complicated if we are forced to stack the Markov chain
before applying the representations. Moreover, without much extra effort we can
and will treat Markov additive processes in general and not ‘just’ sums of functions
of a Markov chain, cf. the definition of a Markov additive process in Chapter 2.

1.4 Integer scoring

The score function f used is often derived by the methods presented in Chapter 4,
for which the function naturally takes values on the real line. The function does,
however, always take a finite number of values, which by the limited precision neces-
sarily are located on a lattice. For the theoretical results it is necessary to take this
lattice phenomenon into account, though it is quite often ignored and most likely
matters very little. To make the lattice phenomenon obvious we choose to assume
that f takes values in Z instead. Moreover, computations with integers are often
faster on computers than floating point computations, so it is also tradition in real
applications to construct integer versions of the score function that one wants to use.
For a given real valued f, simply rounding f to the nearest integer may produce
a very dull function, but if we multiply f by some constant £ > 1 and round to
the nearest integer we can obtain something more interesting. Define the x-integer
version of f as

L.(f) = [vf + 05,

that is, I,.(f) is the rounding of kf to the nearest integer (rounding 0.5 up). Taking
x = 10* yields a score function equivalent to f with k digits. It is also obvious that
a multiplication of f just corresponds to scaling the random walk/Markov additive
process. Thus up the scaling factor (and rounding effect) we will obtain the same
results whether we use f or I.(f). The larger « is, the higher the precision will be,
the larger the absolute values of f will be and the less will the lattice effect matter.
Having f take too large absolute values may lead to computational problems for
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some of the algorithms discussed in Chapter 2, which are actually based on the lattice
effect. Therefore we use a very moderate x in Chapter 7 in a concrete application.
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Excursion Theory for Markov
Additive Processes

2.1 Markov additive processes

A Markov additive process is a random walk, whose increments are controlled by a
Markov chain. Thus assume that (J,),>0 is @ Markov chain on a finite state space
E with transition probability matrix P = (P;;); jer, and that (Z,),>1 condition-
ally on (J,,)n>0 is a sequence of independent stochastic variables with values in R.
Furthermore, with (H;;); jep a matrix of probability measures assume that the con-
ditional distribution of Z,, given (J,,)n>0 is Hy, ... We call (H;;); jer the increment
distributions. Defining Sy = 0 and S,, = ZZ:1 Z for n > 1, the bivariate process
(Jns Sn)n>0 (and sometimes just (S,)n>0) is called a Markov additive process — or
a MAP for short. We will use F' to denote the matrix of positive measures given
by Fi; = H;;P;;, in which case the transition probabilities for the bivariate Markov
process (Jy, Zn)n>1 are given by

P(Zn € A, Jp = j | Zn1, Iy = 1) = F;(A),

for A € B a Borel set. Throughout we use P, to denote a probability measure under
which the Markov chain has initial distribution v on E, and in particular when
v = 0; we write P; instead of Ps,.

In the statistical literature, the process (Z,,),>1 is known as a hidden Markov chain,
and the major concern is estimation of parameters given that one observes the Z-
process only. This is, however, not an important issue in this thesis. Rather we
are interested in the behaviour of the process (S, )n>0, and especially we focus on

9



10 Excursion Theory for Markov Additive Processes

the maximal positive excursions, or maximal positive increments, the process makes
under the assumption that it has an overall negative drift.

This chapter introduces a variety of concepts, tools and results, which are all more
or less well developed in the literature. This will serve a three fold purpose. First of
all the reader will have a reference at hand for later chapters, where we will use the
tools and results. Second, in Chapter 3 new results comparable with some of those
presented in this chapter will be derived, and it may be useful to be able to compare
results and techniques of proof. Third, important constants appearing have some
quite complicated and not entirely intuitive representations, so by giving complete
proofs we can show how the constants appear and give useful — and hopefully in-
sightful — representations. Though the author does not claim any originality for the
main part of results presented in this chapter, it has been decided not to clutter up
the text with references. Instead relevant references can be found in the notes at the
end of the chapter. References are, however, given in the text for those results that
are stated without proof.

Before continuing the general treatment of MAPs, we consider a special case — the
Markov renewal process — which becomes useful several times in the following.

Example 2.1.1 If H;;((0,00)) = 1 for all ¢,j € E, the process (S,),>0 is known
as a Markov renewal process. As for ordinary renewal processes, a Blackwell-type
renewal theorem exists for Markov renewal processes. Assume that the matrix P of
transition probabilities for the underlying Markov chain is irreducible. The renewal
process is then either concentrated on a minimal lattice or not, cf. Cinlar (1975),
Section 10.2. Let the invariant probability vector for P be v, then with

n=0

the Markov renewal kernel and p =), i [ uF;j(du)v;, it holds for t — oo that

Uij(t,t+5s)) — sZ2 in the non-lattice case,
1

Ui;({t}) — Y in the lattice case with ¢ on the lattice.
W

Renewal equations can also be generalised to the Markov renewal setup. Assume
that z;: [0,00) = R for ¢ € E are a given set of functions. A vector (Z;);cp of
functions Z; : [0,00) — R fulfills a Markov renewal equation (or a system of renewal
equations) if

Zi(t) = z(t) + Z/Ot Z(t — u)Fy(du), i € E.

keE
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If the z;’s are all directly Riemann integrable, the Markov key renewal theorem holds:

7t — 13y /O " (u)(du) (2.1)

keE

for t — oo — along the lattice if necessary. Both of these results can be found in
Asmussen (2003), Section VII.4. Chapter 10 in Cinlar (1975) is a more classical
reference to this subject. &

We will assume throughout the rest of this chapter that:
1. The Markov chain is irreducible and aperiodic with invariant distribution 7.
2. All the measures H;; have first moments and defining
Wij = /iL’Hm(de)

we assume that
= ZﬂiPZ-jmj = Zﬂi/xFij(dx) < 0.
1,J ,J

3. There exists a finite sequence jo,...,J,—1 satisfying P;
1,...,n—1and P;, ,j, > 0 such that

> 0 for k =

k—1:Jk

Pjo (ZZk>O ’ Jl_jla"'ajnl_jnlv*]n_jo> > 0.

k=1

Condition 2 above is referred to as the negative drift assumption and Condition
3 as the non-degeneracy condition. Usually a finite sequence jo, ..., j,—1 satisfying
P, ;. >0fork=1,...,n—1and P, ,j, > 0is called a cycle w.r.t. the transition
probability matrix P. Thus Condition 3 says that there should exist a cycle w.r.t. P
along which there is positive probability of observing a strictly positive increment
for the MAP. This corresponds to assuming for an ordinary random walk that there
is positive probability for observing a strictly positive increment.

It is easily verified that the process (J,,, Z,),>1 is ergodic, so by the negative drift
assumption and the Ergodic Theorem .S,, — —o0 a.s. for n — oo.

The time reversed MAP, which Wﬂl be useful too, is the MAP where the Markov
chain has transition probabilities P,

P= A
Ur
H
and the increments have conditional distributions H;; = Hj;. It is thus given

by simply time reversing the Markov chain and reversing the increments. We use
= =
(Jny Sn)n>o0 to denote a time-reversed MAP.



12 Excursion Theory for Markov Additive Processes

2.2 Ladder variables and Wiener-Hopf factorisa-
tion

Define the stopping times

- = inf{n>0]S5, <0} and
7. = inf{n>0]S, >0},

which are known respectively as the first descending ladder time and the first
(strict) ascending ladder time. The distribution of (J; ,S; ) and the distribution

of (J-,,S7,) (on (7= < 00) and (74 < 00) respectively) are given by two matrices
G_ and G, of positive measures;

G_i;(A) = Pi(J,_=j5_ €A1 <oo0) and
Giij(A) = Pi(Jr, =74,5, € A, 14 < 00)

with A € B a Borel subset of R. The matrix G_ is the matrix of descending ladder
height distributions and G is the matrix of ascending ladder height distributions.
Under our general assumptions, 7 < oo a.s. due to the negative drift condition but
P;(1+ = 00) > 0 may occur.

Often the sequences (7_(n)),>o0 and (74 (n))n>o of stopping times defined by

7_(n) = inf{fk>7-(n—1)| S < S (w1}, 7-(0)=0
Ti(n) = inf{k>7(n—-1)] S, >S5 (-1}, 74(0)=0

are useful. We have that 7_(1) = 7 and 7,.(1) = 7, and the sequences are known as
the descending and ascending ladder epochs. Due to the negative drift, 7_(n) < oo
a.s. for all n and 7, (n) = 0o eventually a.s.

The matrices G_ and G, are elements in a convolution algebra of matrices of signed
measures on R. For two matrices A and B of signed measures, the convolution
product of A and B is simply

A*B ZAzk*Bkj

Note that the convolution product of matrix measures is non-commutative. Note
also that the matrix I = diag{dy,...,d}, being the diagonal matrix with Dirac
measures at zero in the diagonal, serves as the identity under convolution. For any
matrix A of signed measures we use the notation ||A|| to denote the matrix of total
variation norms of the measures in A. For a matrix, A, of positive measures, ||A|
is then the matrix of total masses. With this notation ||G_|| is recognised as the
matrix of transition probabilities for the Markov chain (J;_(n))n>0-
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For the time reversed MAP we can likewise define the l{a_dder tinﬁs and matrices of
ladder height distributions, which we naturally denote G _ and G ;.

Theorem 2.2.1 With #G; = (¥G )i jer defined by

;G 4 ji(A)

Uy

G i(A) =

and *G_ defined similarly, the Wiener-Hopf factorisation identity
I-F=(I-7"G)+x(I-G.)=(I-*G_ ) (I -G,) (2.2)

holds.

The proof is in fact quite easy but is skipped, cf. Theorem XI.2.12 in Asmussen
(2003). By evaluating these matrix measures on R, the Wiener-Hopf identity amounts
to the ordinary matrix equation

[—P=I—|F||=(-"Gi DI =IG-|l) = (I = IIFG-INU = |G+]])  (2:3)

with I = diag(1,...,1) also denoting the ordinary identity matrix.

The Wiener-Hopf identity has many useful consequences as the following sections as
well as Chapter 3 will show. As an immediate but nevertheless non-trivial observa-
tion, it follows from (2.3) that the stochastic matrix ||G_|| has only one communica-
tion class — and maybe some transient states. Indeed if it was reducible, i.e. had two
disjoint communication classes, it would have a right eigenvector with eigenvalue 1
differing from 1 = (1,...,1)" and hence so would P contradicting the irreducibility
of P. Thus the Markov chain (J,_ (n))nZO may have some transient states, but there
is only one irreducibility class. In particular, there exists a state 7g to which the
Markov chain returns infinitely often independent of the initial distribution. The
Markov chain is thus Harris recurrent.

2.3 Exponential change of measure
Define the matrix ®(0) for 6 € R by
B(6);; — / exp(0) Fyy(d) = P / exp(0) Hiy(dz) = Ex(exp(821): Jy = ).

We will assume for the rest of this chapter that ®(6);; < oo for all 4, j € E and all
6 € R. It may seem unnecessarily restrictive to assume ®(#);; < oo for all # € R
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instead of just for some ¢ > 0. The main application in mind is the case with H;; all
having compact — indeed finite — support, in which case ®(6);; is clearly finite for
all € R. All results derived in this chapter hold if just ®(6);; < oo for some 6 > 0
with a few obvious modifications.

The matrix ®(6) is a matrix with positive entries, which is irreducible due to the
irreducibility of P. Perron-Frobenius theory tells us that the spectral radius of ®(6)
is a simple eigenvalue with unique (up to scaling) left and right eigenvectors. For a
matrix A we denote the spectral radius of A by spr(A). Define the function ¢ : R — R
by

p(0) = spr(2(0)). (2.4)
The function ¢ serves in this setup the same purpose as the Laplace transform of the
increments of a random walk usually does, and we put ¥ () = log () corresponding
to the cumulant generating function. It is a strictly convex C* function.

The convexity of functions like ¥ (and hence the log-convexity of ¢) goes back to
Kingman (1961). We will need strict convexity in certain situations, for which we
state the following criterion as a consequence of Theorem 4 in O’Cinneide (2000). If

0 — log ®(0);; is strictly convex for some i,j € £ (2.5)

then v is strictly convex. If (2.5) is not fulfilled, all the distributions H;; are degen-
erate, with, say, H;; = dy(; ;) for some function f : £ x £ — R. In this case 1 is

strictly convex if there exists a cycle g, ...,%,_1 w.r.t. P such that
n—1
Z fk—1, k) # p (2.6)
k=1

This holds whether or not Condition 2 and 3, as otherwise assumed, are fulfilled.
But if Condition 2 and 3 are fulfilled we observe that v is strictly convex.

Differentiability is a consequence of the Implicit Function Theorem. To be precise,
let 19 = (19);cE be the left (row) eigenvector for ®(6) corresponding to the eigenvalue
©(0) — normalised so that it sums to 1. Then (1%, p(6)) is by Perron-Frobenius theory
the unique solution to the equations

1°®(6) p(0)1°,
1 = 1

in the quadrant where ¢ > 0 and [; > 0. Likewise there is an up to scaling unique,
right (column) eigenvector, 1 = (r%);c, with strictly positive entries, which we will

choose to normalise by 7% = 1. Introducing the map

go - (0, OO)|E\+1 N R|E|+1

(L) = (H2(O) —@l), 11 - 1),
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(1%, 0(0)) is (the unique) solution to gg(l,p) = 0. The derivative of gy is

Dgs(l, ) :{ q)(@)_; ol 3 }

Assume that the (column) vector (v',vg)" (with v a column vector of length |E|) is
in the kernel of Dgy(1%, ¢(6)), then

D0 = p(@)v—1vl,
v = 0.

We observe that
0= ()% =1°D(O)v = p(0) v — vl’1 = —uvy.

But when vy = 0 the vector v must be 0 or a right Perron-Frobenius eigenvector with
eigenvalue ¢(6), which must hence have strictly positive entries due to irreducibility.
The fact that v = 0 contradicts the last possibility and v = 0. By uniqueness of
the solution (I, ¢(6)) in the open quadrant, the Implicit Function Theorem implies
that o(0) as well as I? (and hence also r?) are C* in 6.

Differentiating the equation
0)r) = (0)ir!
J
gives for § = 0 that

Dpp(0)r) + @(0)Dpr{ =Y~ 0p®(0) 3579 + Py;0pY.
J
Since obviously p(0) =1, =7 and 7" = 1 = (1,...,1)", multiplication by m; and

summation yield that

69(20( ) 09’¢ Zﬂ_z ijlig = M- (27)

This is one reason that ¢ serves as a natural generalisation of the Laplace transform.

We define a process (L?),>o for § > 0 by

0 0
Lt = b exp(6S,) = T exp(05, — nv(6).
QO(Q) TJO TJ()
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With (F,,)n>0 the filtration of o-algebras generated by the MAP (J,,, S,,)n>0, we find
that
9

r
Ei(LY | Foor) = Ei (W exp(0Sy) ‘ (Jn—bSn—l))
Jo

_exp(0"Sn1) 1 (o
— 7@(9)”7’? E; (rJn exp(0Z,) ) Jn,1>

LY 1
_ __Tn-1 E,,_ (exp(0Zy);J1 = j)P;,_ 7l
2O s, Z 1 o
o @O e
@)y, "

Together with E;(Lj) = 1 and LY > 0 this shows that (L2, F,),>0 is a positive
martingale, which thus are the densities for a sequence of probability measures on
the filtration (F,),>o of o-algebras. Such a process is sometimes referred to as a
likelihood process. If the processes considered are defined on a suitable space, e.g.
the canonical one EMo x RMo there exists a unique measure P? such that

dP?lz, _ o

dPlz, "

The measure P? is called the exponentially changed or tilted measure.

Since the eigenvector fractions are bounded above and bounded away from 0, the
identity E;(L?) = 1 valid for all § implies that

1
—log E; (exp(6S,,)) — 1(0) (2.8)
n
for n — oo. Thus ny can be viewed as an asymptotic cumulant generating function
for S,,.

The tilted measure defined in the following lemma will be of particular importance.

Lemma 2.3.1 There ezists a unique 0* > 0 solving the equation p(0) =1 (Y(0) =
0). For this 6* it holds that Opp(6*) > 0.

Proof: Since p(0) = 1 and dpp(0) = p < 0 there exists a 0* > 0 with ¢(6*) = 1 if
p(f) — oo for § — oo. Due to convexity 6* is then a unique solution and necessarily
Jpp(0*) > 0 holds. Hence we just have to show that ¢(f) — oo. But due to the
non-degeneracy condition there exists a sequence j, ji, ..., Jn—1 such that

@(0)?] Z E] (eXP (HZZk> 7ZZ/€ > Oa Jl :jla"'7Jn—l :jn—b‘]n :.]) — 00

k=1 k=1
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for § — co. In particular, defining A(f) as the matrix with 0 everywhere except for
A(0);; = ©(0)"., we have that ®(0)" > A(#) coordinatewise and

() = spr(®(0)) = spr(®(6)™) /" > spr(A(0))/" = (B(0)")"" = oo
]

For this particular #* we let P* = P r* = % etc. and we will denote the
exponential changed measure by P?. Expectations w.r.t. to P; will be denoted E;.

It is straight forward to verify that under P¢ the process (J,, Sp)n>o is still a MAP
(the tilted MAP) with transition probabilities P? and increment distributions H?
given by

,
P = B(0);;
5= wet
dH?. P
ij _ ij
a1, () = 500, exp(fx).

For §, € R we can likewise define ®% () for the tilted MAP as
o%(0);; = P / exp () H® (dx)

and % (0) = spr(®?(6)). Simple computations reveal that
2 p p p

00y _ L0+ 060)
o) = AT
©) (6o)
and from (2.7) it follows that the tilted MAP has drift dy1(6y). The tilted MAP
corresponding to 6* thus have positive drift dyp(60*) = 9p1p(0*).

% (0) = (0 + 6y) — (6o),

A highly fruitful observation is that for any stopping time 7, L? is still a likelihood,
i.e. we have that on (7 < 00)

AP’
e =8 2.9
AP (2.9)
As a consequence, for E;(7) < oo, differentiating the equation E;(L?) = 1, putting
f = 0 and doing some simple algebra yield the following generalisation of Wald’s
identity.

Theorem 2.3.2 [fE;(7) < co then
E;(S;) = uE; (1) + Ei(%r% — Opr?

where p = Zij i Pyt = Opp(0).
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Remark 2.3.3 Observe that this generalisation of Wald’s identity contains the slightly
mysterious term Eﬁg?{% — Opr?. For a given initial distribution v we get “classical

Wald”

E.(S;) = pE,(7) if and only if EV&;TE}O = Eyﬁeri,

which holds if e.g. Jy 2 J; under P,.

2.4 Reflection, excursions and extremes

For the additive process Sp =0, S, = Zzzl Zy,, the reflection at the zero barrier is
defined as the process (7},),>0 given recursively by

Tn = (Tn—l + Zn)+7 TO = Oa
where T = max(0, z). This process can also be represented as

T, =S, — min S, (2.10)
0<k<n
which is seen by observing that the r.h.s. above fulfills the recursion. A useful con-
sequence of the last representation of (7},),>0 is that

max S, — S, = max T,,. (2.11)

0<k<m<n 0<m<n

Thus the maximum of all partial sums Z:n:k 1 Xr for £ < m < n equals the max-
imum of 7}, for m < n. In Chapter 5 and Chapter 6 we take an interest in the
maximum over such partial sums, in which case (2.11) gives both computational as
well as analytic advantages.

The process (T},),>0 can be decomposed into regenerative cycles. It starts at zero,
and at each descending ladder epoch for the additive process it returns to zero again.
If we fix a state ig € E such that ¢ = inf{n > 0| J,_(,) =0} is finite due to Harris
recurrence of (J-_(»))n>0, then

o=inf{n>0|T,=0,J, =i} = 7_(n), (2.12)
n=1

is finite and a regeneration time for the Markov process (J,,, T},)n>0. We define the
cycle maximum as
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and want to determine the asymptotic behaviour of P; (M, > u) for u — oo.
Having established the asymptotic behaviour of the cycle maximum it is rather easy
to derive the asymptotic behaviour of the running maximum

M, = max T},

0<k<n

since this is essentially a maximum over independent cycles.

To determine how P; (M, > u) behaves we consider first

M, = max S,

1<n<r_

and determine the behaviour of P;(M,_ > u) for u — co.
Define 7(u) = inf{n > 0| S, > u} and use the exponential change of measure to
get that
P,(M, >u) = Pi(r- > 71(u))
= Ef((Li(u))fl;T— > 7(u))

1
= rlexp(—0 u)E? (r* exp (—0* (S —w) ;17— > T(u)).(2.13)
Tr(u)

With K = max; r;/ min; r}, the Lundberg-type inequality
P;(M, > u) < Kexp(—0*u) (2.14)

follows, giving that the probability as a function of u must decay at least exponen-
tially fast. To establish the correct asymptotic behaviour we need to control the
expectation on the right hand side in (2.13) for u — oo. It will be established as a
central result below that under PP} the pair of stochastic variables (JT(U), Sty — u)
converges in distribution to a limit, which can be given explicitly by the ladder height
distributions, and which is asymptotically independent of the events (7— > 7(u)).

For the purpose of this thesis we will only need to consider the case where H;; are
concentrated on a lattice’. We will assume throughout that this (minimal) lattice is
Z. Any limits will therefore take place in Z.

Theorem 2.4.1 Under P} we have for u — oo that

D
(Jrw)s Srw)—u) — (Joor Boo)-

lin contrast to the usual assumption, which is that H;; is not concentrated on a lattice.



20 Excursion Theory for Markov Additive Processes

for some bivariate stochastic variable (Joo, Bso). Furthermore,
Pi(M; > u) ~ cc; exp(—60*u)

with ¢; = rPH(1_ = 00) and

1
c:=E (*— eXp(—Q*BOO)) :
r

Joo

Proof: Under P} the process (J,, Sy)n>0 is a MAP with average drift 9p1(60*) > 0
so S, — oo a.s. by the ergodic theorem. Hence 7, 7(u) < oo almost surely. The key
observation is that for fixed z € N, the probabilities

Al](u) = P:(Sr(u) —u=z, JT(u) = ,])7 u e NO;

fulfill for each 5 € E the Markov renewal equation

Aii(u) = ag(u +ZZAkJu—U (S =v,Jr, = k), i € E,

k v=1

where a;;(u) = P;(S-, = 2+ u,J-, = j). This is easily seen by dividing according
to whether 7. = 7(u) or 74 < 7(u) and in the last case conditioning on the value of

(Jrp s 57,)-

T
It is seen by the definition that (]P’;‘(STJr €J, = j))ijEE is the matrix of ladder
height distributions under the exponentially changed ﬁzeasure which we will nat-
urally denote by G%. We observe that a;j(u) = G% ;;(z + u) The matrix ||G7||
of transition probabilities is stochastic due to the positive drift, and it has one ir-

reducibility class by the same argument as that following Theorem 2.2.1. We let

v* = (v))ice denote the (unique) left invariant probability vector of ||G% || and we
let
DN 215
u>1

The Markov key renewal theorem, cf. (2.1) in Example 2.1.1, then gives that

A;i(u H—kazakg ZVkZG+ng+U (2.16)

u>0 u>0

for u — co. Hence we conclude that (J-(u), Sr(u)—u) 2, (Jso, Bo), where

P(Bs = 2, Joo = ZVkZG+k] = Z”Giw( —-1),

u>z k



Reflection, excursions and extremes 21

using the notation G ;:(z) = >_,.. G7 ;;(u) to denote the tail of the distribution
function. Especially

1 1 v
E! (T* exp(—0"(Srw) — u))) —c= " Z T—li exp(—0*z )G*Jr 5z—1) (217
JT(“) szGIE .7

for u — oo.
For the remaining part of the result, let f : £ x N — R be any bounded function
and put h;(u) = Ef (f(Jr@), Srw)—u)) so that hi(u) — h(oco) for u — oo independent
of i € E. Let v/ = |u/2] in which case we get
Ef(f(l,-(u), ST(U)*U) | fT(u/)) = hy (u,)( — Sf(u/))l(ST(u/) < u)
+ f(rurys Sruy—u) H(Sr(uy > u).

*

P*
Clearly for u — oo we have that 1(S;wy > u) < 1(Srwy — v > ') — 0 as
P*
Srwy — 2, By, and likewise v — S-(wy = u — v’ + (¢/ — S-(y) — 00. Hence

*

B (f (o), Seu)u) | Frtu)) — h(00) = B(f(Joo, Boo))-

Observing that {7— > 7(u)} \, {7- = oo} and {7— > 7(u/)} \, {7 = o0} a.s. for
u — oo yields, using the boundedness of f, that

uh_{go E:(f<JT(U)7 ST(U)—u); T >7(u)) = uh—>Igo ]E:(f(JT(u)a ST(U)—u)§ 7 > 71(u))
= ulgrolo E? (B (f (Jr@ys Srwy—u) | Frn )i = > ()
= E(f(Jos, Bxo))P; (- = 00).

By the exponential change of measure (2.13), this completes the proof. O

Remark 2.4.2 The global mazimum,
M = max S,

18 finite due to the negative drift, and it is of some interest in itself. Fxactly as in
the proof above, substituting (- > 7(u)) with (7(u) < 00), we find that

Pi(M > u) ~ cr! exp(—60 u) (2.18)

for u — oo. The interest in M stems for instance from the fact that the invari-
ant dzstmbutzon of the reﬂected MAP (Jn,T Jn>0 coincides with the distribution of

(JO,M) where /\/l = max,, Sn and D(JO) =, c¢f. Proposition XI1.2.11 in Asmussen
(2003).
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As a consequence of Theorem 2.4.1 we obtain:

Theorem 2.4.3 With v the left invariant probability vector for ||G_|| and

_Kﬂ:EATJL(n:EAEJZ;Wq (2.19)

where ¢ and C = (¢;)iep are the constants from Theorem 2.4.1 we have that
P;y(My > u) ~ E; (o) K" exp(—0~u) (2.20)

for u — oo.
For the proof we need the following lemma.
Lemma 2.4.4 Let I' be the matrixz given by
. { Gl i) # o
=0 if j =iy

then I — T is invertible and

(] . F)—l Ei0<0)

o TR, ()

where v = (v;)jep is the left invariant probability vector for ||G_||.

Proof: Irreducibility of ||G_|| implies that I — I is invertible with

(I-D)t=>"1"

n>0

The value of T'}; is the probability that the Markov chain (Jr_(n))n>0 jumps from state
1 to state j # iy in n-steps avoiding state iy, and is known as a taboo probability. It
can be verified that ((I —T); 1) ep is in fact an (unnormalised) left invariant vector

for ||G_||, which is hence proportional to v. Observing that

> T, =Py (G > n)

JjEE

yields that

STt =By () = 2

JEE
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where the last equality follows from Wald’s identity as stated in Remark 2.3.3 for
the MAP (3°7_; 7-(k), Jr_(n))n>0- U

Proof of Theorem 2.4.3 Using the strong Markov property for (J,,T},)n>0 at time
7_ and that the processes (T),)n>0 and (S, ),>0 coincide up to time 7 — 1 we have
that

Pi(MU > u) = ]P)i(MU > u, M, > U) + ZPZ'(MJ >u M, <u J. = ])
J#io
= PBi(M._>u)+ Y P(M, <uJ =j)Pi(M, > u).
J#io

Put A;(u) = P;(M, > u), Bj(u) =P;(M, >u)and I';j(u) =P;(M, <u,J, =
j) for j # g together with I';;,(u) = 0. Then in vector notation the equations above
can be rewritten as

(I = T(w)) A(u) = B(u).

Observe that I'(u) — I' defined in Lemma 2.4.4. Since the set of invertible matrices
is open, I — I'(u) is invertible for u large enough and we obtain that

Au) ~ (I —=T)"'B(u)
for u — oo. Using Lemma 2.4.4 and Theorem 2.4.1 this implies that

Py (Mo > u) ~ Z(z — 1) B(uw); ~ By (0) K* exp(—07u).

J

Remark 2.4.5 By Remark 2.4.2 we have the following explicit expression

1 1
]Eio (U) = =

— —
TP (M =0) i, (1= 5,5 1G]

for the expected regeneration time appearing above.

Computing K* boils down to computing ¢ and the vector C' from Theorem 2.4.1
together with E, (7_). For this last mean value, Wald’s identity for MAPs, cf. Remark
2.3.3, may again be useful, giving that

E,(r) = Ey(ir) _1 Z viuG_ i(u) = %V <Z uG_(u)> 1

/J/ u<0 u<0
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It turns out that C' and ¢, and hence K*, are computable from 6*, G, and G_. This
is discussed further in Section 2.5 together with some appropriate algorithms for
computing G, and G_.

As argued, once the tail behaviour for the distribution of M, has been established,
the asymptotic behaviour of M,, for n — oo can also be dealt with. The following
lemma will serve as a key lemma for the results derived in Chapter 5 and 6.

Lemma 2.4.6 Suppose that n(u) is a sequence of integers satisfying

u ),
) — 0 and n(u)exp(—0*u) — 0 (2.21)
for u — oo. Then
P (M) > u) ~ n(u) K" exp(—0*u) (2.22)

for u — oc.

Proof: Let G(u) = P;,(M, < u) be the distribution function for M,. Introduce
the sequence ((m)),,>o of stopping times by ¢(0) = 0 and

o(m) =inf{k >o(m—1) | T, =0, Jx =io}.
Then

Moimy = max Tj = max max T,,
0<k<o(m) 1<k<m o(k—1)<r<o(k)

which by regeneration is a max of m iid variables. Thus P;, (Mg(m) > u) = 1-G(u)™.

Define, for § > 0 fixed, the sequences m_(u) = v_(u)n(u)/E; (o) and m4(u) =
Yo (u)n(u)/E; (o) with v_(u) < 1 —§ and vy, (u) > 1+ 0 chosen maximally and
minimally such that m_(u), m(u) € N. In particular this implies that v_(u) — 1—¢
and v4 (u) — 140 for u — oo. Then since (1 —G(u)) exp(6*u) — E; (o) K* we have,
using that n(u)exp(6*u) — 0, that

m_(u))% — (1 -0)K* and
(1—G<U)m+(u))% — (1+9)K™.

(1= G(u)

Since M,, is clearly increasing, we have the following inequalities

Pig(Mom_(u) > u) = Pig(o(m_(u)) > n(u)) < Piy(Mnw > u)
< Piy( Moy > w) + Pig(0(my(u) < n(u)). (2.23)
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The stopping time o(m) = > ", 0(k) — o(k — 1) is a sum of iid variables (under
P;,) with E;, (exp(Ao)) < oo for some A > 0, and it follows by large deviation theory
that there exists a A* > 0 such that

Piy(0(m-(u)) > n(u)) < exp(=A"m_(u)).
This implies that
exp(6*u)Pi, (o (m—(u)) > n(u)) — 0

by u/n(u) — 0. And similarly exp(6*u)P;,(o(my(u)) > n(u)) — 0, which together
with (2.23) imply that

o exp(6*u)

1—-0)K* < 1 fP; n(u —
(=) K" = TminfPiy (Mg > u)= 10
< limsup Py, (M) > u)%

<(1+0)K™.

Letting 6 — 0 gives (2.22) for ¢ = iy and otherwise the estimate
P;(M, > u) < K exp(—6u)

ensures that (2.22) also holds for i # iy. O

By quite similar methods, assuming instead that n(u) ~ exp(f#*u), one can derive
the asymptotic distribution of M,,.

Theorem 2.4.7 For z € R it holds that
P;(0°M,, —log(K™n) < z) —exp(—exp(—z + 2,)) — 0 (2.24)

for n — oo where z, € [0,0%) is defined by (log(K*n) + z — z,)/0* € Z.

Basically (2.24) tells us that 0*M,, — log(K*n) asymptotically follows an extreme
value distribution of type I — the Gumbel distribution — up to the effect of z,,. This z,-
effect comes from the lattice assumption and is a notorious nuisance in formulating
theorems but can often be ignored in practice. From the fact that 0 < z, < 6* we
can easily derive upper and lower bounds for P;(6*M,, —log(K*n) < z) but for many
purposes one can simply ignore the z,-correction.

We skip a direct proof and refer to Section VI.4 in Asmussen (2003), which contains
an argument proving this theorem together with several related results. We will in
Section 2.6 derive a Poisson approximation of the number of excess events, from
which the theorem is an easy consequence anyway.
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2.5 Computation of constants

To use the asymptotic theory we will need to be able to compute the constants
g* and K*. Computing §* numerically is quite easy if we can compute ®(6);; =
E;(exp(0X,); J1 = j), because then we can compute numerically the spectral radius
(), and since @ is a convex function the numerical solution of p(f) =1 (¥(0) = 0)
is easy. The computation of K* is more involved, and we need to compute the vector
C and the constant ¢ from Theorem 2.4.1. To this end we show below that, besides
6%, we ‘just’ need to compute the matrices G, and G_ . We discuss two approaches
in this section for computing G, and G_, an iterative approach and a spectral
approach.

Lemma 2.5.1 With v* the left invariant probability vector of ||G7 || and p* defined
by (2.15) we have that
1 *
= — (I — ||GL]])1 2.25
¢ ,u*(exp(@*)—l) ’I“*( || +||) ( )

with v* /r* = (v} /r})ice. Furthermore,

C = (¢i)icp = Zexp (0*u)G_(u))r* (2.26)

<

Proof: Using the exponential change of measure

>i,kj(u) = PI:(STJr =u, JT+ = j)
r*
= T—i exp(0*u)Py(S;, = u, J-, = j, 74 < 00)
k
r*
= T—iexp(@*u)GJﬁkj(u). (2.27)
k

Interchanging the summation order in (2.17), this equality yields

E exp(—0"2)G7 (2 = 1) = E:G+k3 ZGXP(_Q*Z)
1 u>1 z=1
T 1
= S () exp(0 )Gy 1)

rp exp(f) — 1 =

*

<

S S T R (T
 exp(f) — +kj i TR

Using this, equation (2.17) and the fact that v* is the left invariant probability vector
for ||G% || give in matrix notation the formula (2.25).
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Regarding the computation of C' we have directly from the definition of G* that
Pi(r- =o00) =1— Y [IG" ;-
J

The analogues change of measure argument as for Gy gives that

*

T,
167 411 = =5 >~ exp(B"w)Gg5(w).

L)

In matrix notation we obtain (2.26). O

Equations (2.25) and (2.26) are convenient and compact ways to represent ¢ and
C' in terms of G, and G_. Note that v* and u* are easily computable once G is
known using (2.27).

We will assume throughout the rest of this section that the distributions H;; besides
being concentrated on the integer lattice also have finite support. Hence we will
assume that they are concentrated on {—m, ... n}.

Recall that F' is the matrix with entries F}; = H;;P;; and that Fj;(u) = H;;(u)P;;. If
we want to compute G ;;(u) — the probability that the MAP jumps to (j, u) at the
first ascending ladder time given .Jy = 7 — we can decompose the sample path of the
MAP according to the first jump. It can either jump directly to u > 0, which is thus
the ascending ladder height, or it can jump to z < 0 from where it successively has
to make ascending ladder jumps uq,...,u, fulfilling that vy +--- 4+ u, = u — z and
uy + -+ + u,—1 < —z. In matrix notation this amounts to the following equation

Gol) = F) + FOG )+ 3 FE) Y Galu)Calus) Gl

forl1 <u<n.

Introduce the map p, defined by

pel@)) = Fu)+ FOOW + Y FE) Y Glm)Glu) - Glu)

z=—1 upt...tup_1<-2
u1+.4.+ur:ufz
1<u;<n

Then G, is a fixed point for the map p,. This can be employed in an iterative
algorithm for computing G .
Theorem 2.5.2 The matriz G, is the coordinatewise minimal fixed point for p.,
and taking G = 0 the sequence (G™))>q defined recursively for k > 1 by

G = p, (GED) (2.28)

converges coordinatewise monotonely to Gy.
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Proof: Assume that G is a matrix of positive measures satisfying p,(G) = G.
Then G > 0 = G (coordinatewise) and also GV (u) = F(u) > 0 = GO(u) for
1 <u < n. Hence for kK > 1 we get by induction that

G ) =GP = PG () - 64 w)

+ Z F(2) Z G(k)(ul)---G(k)(ur) —G(k_l)(ul)---G(’“‘l)(u,,) > 0,
z=—1 uptotup_1<—=2
u1+.1..<<‘;’lf,£77"U,7Z

since matrix multiplication preserves coordinatewise ordering. Likewise by induction

G(u) = GP(u) = FO)(G(u) = G* D (u)

+ S FE Y G- Glu) - GF I () -G D () = 0.
z=—1 Ut Fup_1<—2
u)t...tur=u—=z

This implies that G*) 7 L for some matrix L with L < G and by continuity this
limit must also satisfy p, (L) = L. Hence L is the minimal fixed point for p,, and
in particular we have that G > L.

To show that G is indeed equal to the minimal fixed point, introduce the variable

T4
=Y UZ<0),
=1

which count the number of descends before the first ascending ladder time 7. In-
troduce also the matrix

Ggl)(u) =P;(Jr, =4, Sr. =u,y <n).
Thus G™ is the matrix of ascending ladder height distributions under the restriction

that up to time 7, only n descends may occur in total. Dividing according to the
value of Z; gives

v

G () = Fyw) + 3 Fa(0)G () + Y0 Pi(Jey = .S =uy Sn+ 1.2y = 2)
k

z=—1

Since Z; = z < 0 in the last term above, this is one descend and the MAP has
to make ascends from z of total size u — z (with the last ascending ladder height
being at least u) under the restriction that at most n descends happen in-between.
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Clearly this probability is smaller than if we allow n descends to happen between
each successive ascending ladder epoch. Hence

G (u) < pi (G (u).

But we can also observe that GO (u) = F(u) = GM(u), hence by induction

G (w) < pi (G (u) < pip (G () = GO ().

For n — oo we clearly have that G (u) G (u) and we obtain that G, < L.
This proves that G, is the minimal fixed point. O

Defining

p—(G)(u)=Fu)+ > F(z) > Gu1)Gua)--G(uy). (2.29)
z=1 ultotup_1>—z2
up+...tur=u—z
—m<u; <0
for —m < u < 0 we obtain the completely analogous result; G_ is the minimal fixed
point for p_ and applying p_ iteratively starting with G(®) = 0 yields coordinatewise
and monotone convergence towards G_.

The other approach to the computation of G, and G_ relies on the Wiener-Hopf
factorisation identity. Since the matrix measures we will consider are concentrated
on {—m,...,n}, the coordinatewise generating functions are well defined on C\{0}.
We let F[s] denote the matrix of generating functions for F' evaluated at s.

Theorem 2.5.3 If sq,...,s, are the roots with |si| > 1 of

det(I — Fls]) =0 (2.30)

and ai, ..., aq the corresponding right eigenvectors, i.e. aj = ﬁ[sk]ak, the matriz G
fulfills the equations

ar = spG(Dag + 857G (2)ag + - + sP G4 (n)ag (2.31)

for k = 1,...,q. Similarly, if t1,...,t. are the roots of (2.30) with |t;;| < 1 and
bi,...,b. are the corresponding right eigenvectors, then G_ fulfills

b, = G_(0)by + ;. 'G_(=1)by + - - + .G _(—m) by (2.32)

fork=1,...,r.
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Proof: Let G_[s] and G.[s] denote the matrices of generating functions for the
descending and ascending ladder height distributions. Notice that G_[s] is a matrix

of polynomials in 1/s and G, [s] a matrix of polynomials in s whereas F[s] contains
mixed terms. The Wiener-Hopf identity (2.2) implies that

(1= Fs]) = (I = #G.[s))(I — G_[s]) = (I — #G_[s))(I — G [s]).

If |s| > 1 then Spr(#fé, [s]) < 1, hence a right eigenvector for F[s] with eigenvalue
1 must also be a right eigenvector with eigenvalue 1 for G, [s]. Likewise, for |s| < 1
we have that splr(#aﬂr [s]) < 1 (when |s| = 1 this is a result of the negative drift
assumption), in which case a right eigenvector for F [s] with eigenvalue 1 must be a

right eigenvector with eigenvalue 1 for G_[s|. Taking determinants, this observation
implies that the roots of

det(I — Fls]) =0

coincides for |s| > 0 with the roots of det(I — G [s]) = 0 and for |s| < 1 with the
roots of det(/ — G_[s]) = 0. And the right eigenvectors corresponding to the roots
must also coincide. O

Since we can compute the roots and eigenvectors from F', we can hope that there are
sufficiently many roots so that G, and GG_ can be identified uniquely. The matrix
G, contains n|E|* unknowns, so without other knowledge we will need at least n|E|
roots to have sufficiently many equations given by (2.31) to solve for G,. Clearly
det(I — G [s]) can at most have degree n|E|, hence there can at most be n|E| roots.
But what is the degree of polynomials like det(I — G4 [s]), and hence the number of
roots obtainable? Consider a general matrix polynomial A[s]. Write the polynomial
as

Als] = A(0)+ A(1)s + - - -+ A(n)s"

with A(0),..., A(n) the coefficient matrices. Letting S denote the set of permuta-
tions on E, the formula

det(Als]) = > (~D)PI T Alslio

c€eS ek

for computing the determinant implies that the term of degree n|FE| have coefficient
det(A(n)), which is thus # 0 if and only if A(n) is invertible.

An insufficient number of equations may occur for other reasons, also in the random
walk case, namely if some roots have multiplicity > 1. This is most likely only a
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theoretical problem that doesn’t occur in practical applications, but it is nevertheless
noteworthy:.

A practical solution to the problem of an insufficient number of equations is to sim-
ply find the roots of det(I — F[s]) = 0, then by other means figuring out which
entries in G, and G_ are equal to 0, and then finally hope that we have a sufficient
number of equations to solve for the remaining entries # 0. For the practical ap-
plications discussed in this thesis in Chapter 7, the recursive algorithm given above

was implemented for the computation of G, and G_ and hence K*.

2.6 A Poisson approximation

The last topic of this chapter is a Poisson approximation result for the sum of
possibly dependent Bernoulli variables. We will illustrate the use of this result by
studying the number of exceedances over a threshold for a reflected MAP, but before
doing so, we make a brief digression to certain relations between mixing coefficient.
The application is supposed to be an appetiser of the main results and techniques
of proof in Chapter 5 and Chapter 6.

Assume that [ is some (finite) index set and let (V;)qer be a collection of Bernoulli
random variables. For each a € I we assume that a subset B, C [ is given. Further-
more, for a € I let

Fo=0Vy | b¢ B,)

be the o-algebra generated by the variables not in B,.
Rephrasing Theorem 1 in Arratia et al. (1989) gives:

Theorem 2.6.1 With Poi()\) the Poisson distribution with mean \ for A\ > 0, the

mequality
D (Z Va> — Poi (Z E(Va)) <23 (2.33)
a€l acl
holds with
B= > EVOEW)+ Y E(Vu%)+ ) EE(V.|F)-E(V.)| (2.34)
a€l beB, a€l,be By b#a acl

Note that since [|[Poi(A\1) — Poi(A2)|| < |A1 — A2|, we can also obtain a Poisson
approximation using an approximation of the mean value of ) © E(V}). This is useful
if we can not compute ) E(V,) but have a sufficiently good approximation.
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The theorem is credited to Arratia et al. (1989), who use the Chen-Stein-method.
In their own words, the essential ingredients for proving Theorem 1 in Arratia et al.
(1989), and hence Theorem 2.6.1 above, are contained in the original paper by Chen
(1975). The theorem holds as stated for all choices of sets B,, a € I, but it works
best (gives best bounds), if the sets are chosen with some care. In several cases, the
sets can be chosen such that the variables V, for b ¢ B, are independent of V,, in
which case the last term in § disappears. In this case it is common to call the set B,
the neighbourhood of dependence of the variable V,. More generally, they must be
chosen so that there is a suitable tradeoff between the first two terms and the last
term in . Since E|E(V,|F,) — E(V,)| measures dependence between the variable V,
and the g-algebra F,, and since we want it to be sufficiently small, it is reasonable
in general to call B, the neighbourhood of strong dependence of V.

2.6.1 A note on mixing

To apply the theorem above — when the last term in 3 does not vanish — we need
to somehow bound variables of the form E|E(V,|F,) — E(V,)|. We discuss in this
section a few useful results for giving bounds on such variables.

For two o-algebras F and G (with (2, H,P) a probability field and F,G C H) we

define the a-mixing measure of dependence as

a(F.G)= sw [P(ANB) - P(AB(B),

The first lemma relates a-mixing measures to mean values of the desired form
E|E(n|F) — E(n)|

Lemma 2.6.2 Let F and G be o-algebras and let A € G. With n = 1(A)
E[E(n|F) —E(n)] < 2a(F,G). (2.35)

Proof: With B = (E(n|F) > E(n)) € F and £ = 1(B) we see that

EE(nF) —Em| = EEEM®F)-EMm)) —EQ - HEMD|IF) —E@m)))
2(E(&n) — E(E(n))

= 2(P(ANB) - P(A)P(B)) < 2a(F,Q).

O

The f-mixing measure of dependence between the o-algebras F and G is defined as

B(F,G) = E(sup [P(A]G) — P(A)]).

AeF



A Poisson approximation 33

Lemma 2.6.3 If Fy, 2 and G are o-algebras it holds, with F, V Fo denote the
smallest o-algebra containing F1 and F, that

Oz(./fl V JTQ, Q) S a(FQ, (]) + ﬁ(JTQ vV g,fl) + ﬁ(fz,fl). (236)

Proof: Introduce the sets
= {UAljﬂAQj | Alj G./Tl, Agj GJfg, nZ 1}
j=1
and, with ¢ = a(F2,G) + B(F2 V G, F1) + B(Fs, F1),

o ={A€ F\VF, |VBE€G:|P(ANB) —P(A)P(B)| < c}.

We prove that & is an algebra and that &7 is a monotone class containing 4.

We see that indeed 0,Q € £ and that 4 is closed under finite unions. If A =
szlAlj N Agj we have that

ﬂmum_Uﬂ o

where the last union is taken over all functions f : {1,...,n} — {1,2}. Observe that
NA5es= (1 A50 [ AQJ’
J=1 3:f(5)=1 J:f(G)=

so defining Azf = Nj.p(y=iA5; € Fi for i = 1,2 we see that

AC:UAlfﬂAQf € A,
f

and 4 is an algebra.
Using continuity of the probability measure P we see that <7 is a monotone class.

Finally, we show that & C . Let A = U}_; Ay; N Ay; € B where Ay; € Fy and
Ay; € F5. We can assume w.lo.g. that Ajq,..., Ay, are disjoint. We get that for
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Beg

IP(AN B) — P(A)P(B)| = i P(Ay; N Ay; 0 B) — P(Ay; N As)P(B)

J=1

IN

Z]P)(Alj N Agj N B) - P(AU)IP(AQJ' N B)

j=1

ST B(ALP(A4 0 B) — B(Ay)P(Ay)B(B)

n ZR:IP(AU N Ag;)P(B) — P(Ay;)P(Ag;)P(B)] .

j=1

For the first term we have that

S P(Ay; 1 Ay 1 B) — P(A1)P(4y; N B)

j=1

< ) “E(la, [P(Ay N B|Fy,) —P(Ay; N B)|) < B(FV G, F).

Jj=1

For the second term

S B(AE(A 1 B) — B(Ay, ) E(Ay JE(B)

< S P(Ay) [P(A521 B) — B(A4s))B(B)| < a(F2.0).

=1

And for the last term we have

z”: P(A1; N Agj)P(B) — P(A1;)P(Ag)P(B)

j=1

n

< P(B)Y E(la, [P(Agy|Fr,) — P(Ay)]) < B(F2, F).
j=1
This proves that A € o/ and hence £ C /.

Obviously o(#) = F; V F, and we conclude that in fact &7 = F; V Fy (Neveu 1965,
Proposition 1.4.2), and (2.36) holds by the definition of the a-mixing measure of
dependence. O
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For a stationary stochastic process (Z,)necz taking values in some set E, and for
a subset [ C 7Z, we define the corresponding o-algebra F; = o(Z,;n € I). The
[-mixing coefficient is defined as

€ [n,00)

for n > 1 and the process (Z,,)nez is called S-mixing, if G(n) — 0 for n — oo. For
two subsets I, J C Z, the distance, d(I, J), between the sets is defined as

d(I,J)= inf |n—m].

nel,meJ

We call I C Z an interval if I is either empty, if I = {n,n+1,...,m—1,m} for some
n < m € Z, in which case we write I = [n,m], orif I = {...,n —1,n} = (—oo,n]
or I ={n,n+1,....} =[n,00). If I,J C Z are two subsets of integers, we write
I <Jitn<mforallneland meJ.

Theorem 2.6.4 Assume that Iy < I, < ... < I, is an increasing sequence of
intervals in 7 with £ > 2. With with I = U; ,qq4l; and J = U; epend; it holds that

a(Fr, Fy) < (26 = 3)6(d(1, J)).

Proof: The proof is by induction on k. For k = 2, I C (—o0, m] and I C [n, c0)
with d(Iy, Is) = d(I,J) = n — m. By stationarity we get that

a(Fr,Fy) < sup IP(AN B) —P(A)P(B)|
Aef(_ooy()]yBG}—[n—m,oc)
< sup  E(lp  sup  |P(A|F(—x,0) —P(A)])

Bef[”—m#)o) Ae}—[n—m,oo)

< Bn—m) =B, J)).

So the result holds for k = 2. For the induction step, assume that the result holds
for kK —1 > 2 intervals. With 7, = F,, F» = Fnp, and G = F; we get from Lemma
2.6.3 that

o(Fr, Fy) = a(FiVF,G) < a(F,G)+ B(F VG, Fi) + B(Fi, Fa)

The first term is bounded by (2(k — 1) — 3)5(d({, J)) by the induction hypothesis
and both of the two other terms are bounded by £(d(I, J)), and the result follows.
0
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2.6.2 The counting of exceedances for a MAP

We want to use the Poisson approximation in Theorem 2.6.1 to approximate the
number of times the reflected MAP exceeds some level ¢, but we can not do so
directly, since such excesses occur in clumps. Thus we need a way to declump the
excesses. This is done by decomposing the reflected MAP into clumps and then
count whether or not a clump contains an excursion exceeding t.

The path of the reflected MAP (7},),>0 may, as described in Section 2.4, be decom-
posed into regenerative cycles given by the descending ladder epochs. In between,
the process makes excursions into the positive halfline (0, 00). It seems natural to
divide the process into clumps with each clump corresponding to such an excursion.
We define for n > 1 and k£ > 0 the stopping time

en(k) = min(7_(k), n).

For k > 1 and e, (k—1) < n, the k’'th excursion before time n occur from e,(k—1) =
7_(k—1) to e, (k). Note that the last excursion before time n may not be complete.
The maximum of the k’th excursion when e,(k — 1) < n is defined as

ME = max T,
en(k—1)<m<en(k)

For ¢ > 0 a given threshold we define for e,(k — 1) <n
Up(t) =1 (MF > 1),

which count whether the excursion occurring between time e,(k — 1) and e, (k)
exceeds level t. We note that with these definitions

(M, <t)= Y w(t)=0

kien(k—1)<n

foralln > 1 and ¢t > 0.

Theorem 2.6.5 Let z € R be given, put

b = - (o8(K"n) + =),

and define z, € [0,0%) by z, = 0*(t, — |t,]). Then

D Z Uk(tn) | — Poi(exp(—z + 2,))|| — 0.

k:en(k—1)<n
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In particular,
P;(M,, <t,) —exp(—exp(—z + 2,)) — 0

forn — oo.

Remark 2.6.6 One particularly nice feature about the Poisson approximation given
in Theorem 2.6.5 is that the events we count — the number of excursions exceed-
ing level t, — can be found without knowledge of the underlying controlling Markov
chain (Jp)n>0. Thus everything is defined completely in terms of the reflected process

(1) n>0-

We need the following lemma in the proof. It gives a probability estimate for the
event that some arbitrary index k is contained in an excursion exceeding t.

Lemma 2.6.7 There exist constants K1 and Ko such that for any k <mn andt > 0

A
: <”<5<If?<a6§A<nZ Zer t) < Ki(logn)”exp(—6"t) + Kon

r=1

Proof: Fix any 0 € (0, 6*) so that 1(f) < 0. By an exponential change of measure

A 6
P, (Z Zyir > t) < Ef ( 7; exp(—0Sa + AY(H)); Sa > 0)
T
r=1

Ja

< Kyexp(Ay(0)).

With k = —4/1(0) > 0 this implies that

A
) < -2
P; <0<5<r£1<a6)+(“n Z Ly > t) < Kon™~.

A>rlogn r=1

When A < klogn there are at most (xlogn)? possible choices of § and A and using
the Lundberg-type inequality (2.14) we get that

A
2 *
P; <0<6<I£l<a6>-‘§A<n Z Zsr > t> < K (log n) exp(—@ t)a

A<klogn r=1

and the result follows. O

Proof of Theorem 2.6.5: We assume that we work under the measure P, so that
the Markov chain (J,),,>0 is stationary. One can either with a little more work extend
the proof to be valid also in the non-stationary case.
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Let [ =1, ~ (logn)® be a sequence of integers, and let I = {0,1,2[,...,|n/l] I} be
the index set. Define the variables

A
Vi=1 <k<5r£2}§{k+zzé Zr > t")
r=

for k € I. We will show, using Theorem 2.6.1, that »_,_, Vi asymptotically as
n — oo has a Poisson distribution, and that it is a sufficiently good approximation

of Zk:en(k71)<n Uk(tn)
With By ={k -1k, k+1} N1 for all k € I, we will show that 3 defined by (2.34)

in Theorem 2.6.1 tends to 0 for n — co. Lemma 2.4.6 implies that P;(V, = 1) <
Klexp(—6*t,) for some constant K, so

K exp(—z

E;(Vi)E;(Vi) S( o ))212 -2 _ Ri2n2,

hence

> Ei(Vi)Ei(Vi) <3K[IPn> ~ Kin™' — 0

kel,k'eBy,

for n — oo. For k' = k + [ it follows by the Markov property that

Pi(Vi =1,V =1)=> Pi(Vi=1,Jp = j)P;(Vi =1).

jEE

So we have a similar estimate E;(V; Vi) < K?n=2 as above, and the second term in
[ tends to 0 too for n — oo.

For the last term, note that the bivariate Markov process (J,,, Z,)n>1 under P can
be viewed as part of doubly infinite, stationary Markov process (J,,, Z,)nez. We use
the Markov property of this process to get for A € Fj, ) that

IP(A | Fleoon) —Pr(A)] = [Py(A4) — Px(A)]
= Z(P;E)] < Z| Joj —
JEE JEE

By the exponentially fast convergence of P]; — m; for n — oo, we get exponentially
fast f-mixing, i.e. for some K,~v >0

B(n) < Kexp(—yn).

With [} = (—o0,k =], I, = [k + 1,k + 1], and I3 = [k + 2l + 1,00) we see that
Fr € Frur and Vj is measurable w.r.t. F7,. From Theorem 2.6.4 we have that
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a(Fron, Fr,) < 306(1), and since trivially a(Fy, Fr,) < a(Frurs, Fr,) we obtain
from Lemma 2.6.2 that

E([E(Vi | F) — Eo(Ve)]) < 68(1) < K exp(—) = o(n).

Hence the third term in 3 tends to zero for n — oo.

This implies that ), , V4 can be approximated asymptotically by a Poisson distri-
bution. By stationarity E.(Vy) = P.(V4 = 1) and

P-i=1) = <k<6r£2}<{k+lzz > )

= Z, t——”:t
<k<5gl§}<{k;+lz ~ 0~ LHJ>,

since Z,, € Z for all n. The mean of ), _; Vi can therefore be approximated by

D Er(Vi) ~ [TILK* exp(—6*t, + 2,) — exp(—2z + 2),
kel

which follows from Lemma 2.4.6 — using that ¢, — z,,/0* = [t,.| € Z.

To prove that >, 1), Uk(tn) also follows a Poisson law asymptotically with
mean exp(—z + z,), we prove that

kien(k—1)<n kel

and the result then follows from the coupling inequality. If (i) the start and end
of any excursion exceeding t, before time n fall within an interval of the form
{k+1,...,k+1} for some k € I and (ii) no two excursions exceeding t,, start and
end within the same such interval, then each excursion is clearly counted exactly once
by > s Vi and the two counting variables are equal. We show that the probability
of (i) and (ii) tends to 1 as n — oo. The probability that some index in [ is contained
within an excursion exceeding level ¢,, is by Lemma 2.6.7 smaller than

| 1] (Kl(log n)2 exp(—0*t,) + KQn_l) < f((|]|(log n)gn_1 + |]|n_2) — 0.

The probability that two excursions exceeding ¢, both occur within an interval
{k+1,...,k+1} for some k € I is smaller than

[T|IPK? exp(—20*t,) < K|I|I>’n~2 — 0.

Finally, the probability that an excursion exceeding ¢, occurs in the last interval
{|n/l] Il +1,...,n} is smaller than KIln~! — 0. This completes the proof. O]
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Notes

As mentioned, one can find most of the material presented here in the literature. An
excellent reference is Asmussen (2003), which contains most of the general theory
about Markov additive processes. The proof of Theorem 2.4.1 is just a spelled out
version of the (sketchy) proof of Theorem XIII.8.5. in Asmussen (2003). The result
was first proved in Karlin & Dembo (1992) based on the asymptotic behaviour of
the solution to a defective Markov renewal equation, and though their proof employs
many of the same ingredients as the proof by erponential change of measure, the
present proof seems more direct and slightly smoother. Studying Markov modulated
queues, essentially the same result was obtained independently by Asmussen & Perry
(1992). The obvious way to establish (2.24) through regenerative methods is by estab-
lishing a result like (2.20) in Theorem 2.4.3. Proposition 10.1 in Asmussen & Perry
(1992) has a similar content but a different proof, and Karlin & Dembo (1992) use
another approach to establish (2.24). For the ordinary random walk, Theorem 2.4.1
and (2.24) go back to Iglehart (1972). Lemma 2.4.6 is probably new in the frame-
work of MAPs but the lemma and its proof are essentially identical to Lemma 1 by
Dembo et al. (1994b), who consider only random walks. The recursive algorithm for
computing the constant K* stated in Theorem 2.5.2 was given by Karlin & Dembo
(1992), although a proof that it works correctly was not included in the paper. The
spectral method given by Theorem 2.5.2 is a straight forward extension of results
from random walk theory going back to Wald (1947), cf. also Section VIII.5a in As-
mussen (2003). In the MAP setup some complications arise as demonstrated, which
make the use of the spectral method somewhat more complicated in practice. The
mazing result in Theorem 2.6.4 for k = 3 is identical to Theorem 3.1 in Takahata
(1981). A general version similar to Theorem 2.6.4 was stated as Theorem 1.5.3. in
Doukhan (1994). Finally, the approach taken to prove Theorem 2.6.5 is most likely
new, but the result is not really new and the proof is not likely to be neither the
easiest nor the best available. The approach presented was chosen solely to introduce
a result and some arguments similar to those that will appear in Chapter 5 and 6.



Heavy Tailed Excursions

3.1 Introduction

The results obtained in Chapter 2 about the cycle maximum for a reflected MAP
are all proved under the assumption that the ®(#)-matrix is finite. Thus the in-
crements must have sufficiently light tails. An obvious question is how important
this assumption is. If the increments are instead heavy tailed — where heavy tailed
has a technical meaning to be defined below — we show Theorem 3.2.1 below as an
analogue of Theorem 2.4.3. It turns out that in the heavy tailed case, results as
well as techniques of proof come out rather differently than in the light tailed case.
The consequence of Theorem 3.2.1 for the asymptotic distribution of the running
maximum of the reflected MAP can, however, be derived in the same way as in the
light tailed case.

To finish this chapter we discuss in Section 3.3 a different class of reflected processes
— the so-called fluid models — in discrete as well as in continuous time. We give a
few examples showing that the results obtained for heavy tailed Markov additive
processes are useful for understanding the behaviour of fluid models with long range
dependence.

3.2 Heavy tailed MAPs

Using the notation and setup from Chapter 2, we want to study the positive excur-
sions for Markov additive processes when the H;;’s are heavy tailed. The class of
subexponential distributions is a common choice of distributions with heavy tails. A

41
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probability measure H on [0, oo) (with tail F(x) =1— H(x)) is subexponential if

H H(x H —
lim — / (z H(dy) = 2.

r—00

A consequence of being subexponential is that lim, .., H(x +y)/H(z) = 1 for all y.
Also [exp(fz)H (dz) = oo for all § > 0. Both properties are reasonable for what we
would expect of a heavy tailed distribution. Distributions with the former property
are often called long-tailed, and this property has the important interpretation that
the conditional distribution of the overshoot of x, conditionally on getting something
> x, tends to oo in law as © — oo.

We let . denote the set of subexponential distributions on [0, 00). For many pur-
poses a sufficient regularity condition when studying extreme value theory is that
the distribution H considered belongs to . and/or that the integrated tail, Hy,
defined by

1 ~
[yH (dy)H(x)’

belongs to .. We will restrict our attention to another, slightly smaller class .#* of
distributions, H, on [0, 00) having finite expectation and with the property that

H
lim/ dy—2/ H(y)dy,

see Kliippelberg (1988). Most notably, Theorem 3 in Kliippelberg (1988) shows that
if He . then H € . and H,; € ., but we will explicitly need other properties
of .#*. Kliippelberg (1988) also identifies several classes of long-tailed distributions
contained in .7*. For instance the class of distributions with regularly varying tails.

Assume for the rest of this chapter that there exists H € .#* such that with Fi(x) =
H,;(x)P,; it holds for all 7, j € E that

:/Ogcﬁ(y)dy and Hi(z) =

Fij(z)
lim =22 = ;s 3.1
o0 H(z) Vij (3.1)
for some 7;; > 0 and at least one 7;; > 0. Let I denote the matrix (7;;); jep. For
future reference, it is useful to note that the convergence
H
Aoty (3.2)
H{(x)

is uniform for y in a compact set (Embrechts et al. 1997, Lemma 1.3.5). Thus we
get that

lim —L5 22 = o 3.3
e T (3:3)
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uniformly for y in a compact set.

Recall that if p < 0 there exists a ip € F such that
oc=inf{n>1|T7,=0, J, =1y} (3.4)

under P;, is an a.s. finite regeneration time for the reflected MAP (J,,,T},)n>0, and
that

M, = max T, (3.5)

0<n<o

denotes the cycle maximum.

Theorem 3.2.1 Under the assumption (3.1) with H € .* and p < 0
E%OQA4U >’1ﬂ “’??($)E¥O(U)7d?1 (3.6)

for x — oc.

Remark 3.2.2 As discussed in Remark 2.4.2, the global mazimum M = max, S,
my also be of interest. In contrast to the light tailed case, the behaviour of the global
mazimum in the heavy tailed case is somewhat different from the behaviour of the
cycle mazimum. From Theorem 4 in Jelenkovié¢ & Lazar (1998) we get that if p < 0,
if H is long-tailed (in particular if H € ) and if the integrated tail Hy € ., then

Pi(M > z) ~ |—;|Hr<x>7rm (3.7)

for x — oo. If H € " then as discussed H is long-tailed and Hy € . in which
case (3.7) holds.

The proof of Theorem 3.2.1 is given in the next section. As argued in Section 2.4,
the asymptotic distribution of the running maximum M, = maxo<k<y 1), follows
as an easy consequence of the regenerative structure of (J,,,7},),>0 and Theorem
3.2.1. We give a few examples, referring to Asmussen (2003), Proposition 4.7, and
Embrechts et al. (1997), Section 3.3, for further details. In particular Proposition
3.3.7 and Proposition 3.3.25 in Embrechts et al. (1997) are useful for identifying the
normalisation constants.

Example 3.2.3 If H has regularly varying tail at infinity with exponent —a;, i.e.

lim }i(y@ =y
T—00 ]{(x)

—
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for all y > 0, then for any i € £

P; ('Ab/ln < x) — exp(—x~%), n— o0 (3.8)
with b, satisfying
— 1
H — :
n (bn)—>ﬁrl, n — oo

One can choose b, = H™ (1 —1/(nnl'l)) with H* the generalised inverse of H
defined as H= (t) = inf{z € R | H(x) > t}. If H is tail equivalent to the power law
with exponent «;, i.e.

lim H(z)x® = c,

Tr—00

we can choose b, = (nerl'1)Y/e. &

Regularly varying distributions are ‘the most heavy tailed’ subexponential distribu-
tions. They give rise to the Fréchet limit distribution — the extreme value distribution
of type II. Other subexponential distributions with moderately heavy tails give rise
to the Gumbel distribution as limiting distribution but with different normalisation
compared to the light tailed case.

Example 3.2.4 If H belongs to .¥* and in addition is tail equivalent to a Weibull
distribution with parameters a > 0 and 8 € (0, 1), i.e.

lim H(x)exp(az?) = c

r—00

for some ¢ > 0, then for any i €

P; (W < x) — exp(—exp(—x)), n — 00 (3.9)

with a,, and b,, chosen as

log(cnl'1)

1 1/8

1 _
) and bn = W(log n)l/ﬂ 1.

Note that in the limit § — 1, we obtain the normalisation corresponding to the
light tailed case, where P;(M, > z) ~ exp(—0*x)E;, (c)K*, but the constant K*
compared to cr'l arises in quite a different way, and also the techniques of proof
differ a lot. &
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3.2.1 Proofs

The proof of Theorem 3.2.1 is divided into a number of lemmas. The idea in the
proof is to use the ‘one big jump’ heuristic for subexponential distributions, thus
an extreme value for the reflected MAP occurs due to one extreme increment. We
split the extreme event (M, > z) into the event where the jump to a level above
x happens from an intermediate level in [xg, x|, 2o < x, and the event where the
jump happens form a level below xy. Then we show that the probability of the
first event is asymptotically negligible and that the probability of the last event has
the desired asymptotic behaviour. To deal with the former we use some non-trivial
downcrossing results due to Asmussen (1998) in the random walk setup — see also
Foss & Zachary (2003). This argument is developed in Lemma 3.2.5 to 3.2.7. In
Lemma 3.2.8 we derive the asymptotic behaviour when jumps occur from a level
below some xy and Lemma 3.2.9 shows, using the downcrossing results, that the
other probability vanishes asymptotically.

Let R be the matrix of occupation measures for the MAP, i.e. let

Rij(D) =Y Pi(J, = 4,8, € D).

n=0

By the definition of convolution of matrix measures, the occupation measure can be
written as R =Y~ F*".

For the matrices G_ and #G we define the corresponding renewal measures by

o0 (e 9]

U-=)_G" and *U =) (*G,)™.

n=0 n=0
And we define the occupation measure up to time 7_ as

T_—1

R_i(D)=E; Y 1(Jy=j, S, € D)

n=0

A few algebraic manipulations like those in Proposition XI.2.13 in Asmussen (2003)
show that #U, = R_, thus #U, is in particular a matrix of finite measures.

The Wiener-Hopf factorisation, Theorem 2.2.1, for MAPs implies the equation
R(D) =U_x#U,(D) (3.10)

for the occupation measure, valid for D C R a bounded set.

The following lemma is a useful renewal theorem for MAPs.
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Lemma 3.2.5 If u <0, it holds (in the non-lattice case) that
T
Rij ((Z7Z+y])_>ym7 z — —0Q,
for all y > 0.

Proof: One recalls that ||G_|| is the transition probabilities for the Harris recurrent
Markov chain (J;_(n))n>0- Let v be the (unique) left invariant probability vector for
||G_||. The Blackwell-type renewal theorem (in the non-lattice case, cf. Example

2.1.1) gives that
l/.
U_vij ((Z,Z+y]) _>y’_]’7 z — —0Q,
e
where - =37, . pvi [tG_j;(dt). Observing that U_ ; is finite on compact intervals
and 0 on [0, 00) we get that there exist constants v, g > 0 such that for all i, j € E,
y>0and z € R

U_ij ((z,2 +9]) < a1+ oy, (3.11)
The Wiener-Hopf identity (3.10) together with dominated convergence imply that

Rij((z2+y]) = Y U wx*Upsi (22 +)) (3.12)

keE

= > FUsrxU_ix (2,2 + )

keE

= Y w2 —oo.
|/‘L_| k’EE

From the Wiener-Hopf identity
I[-P=1-|F|[=(-|G.NUT - IG-])
it follows by multiplying with 7 from the left that v oc w(I — ||#G.||) # 0 or
o V| [FULI.

Using that #U, = R_ where > ier [[R-ijll = Ei(7-), the constant of proportionality
is seen to be >, pvBi(1-) = E,(7_), hence Y, pvil|[#Us|[x; = E,(7-)7;. The
result now follows from the Wald identity E, (7_)u = u_. O

Of course a similar result holds in the lattice case. We skip the details.

For z > 0 let

N,(x) = T, > x,Th41 <)
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be the number of downcrossings of level z before time o. Let
plx) =inf{n >11 5, < —=zx}

be the time of the first downcrossing for the MAP of level —x, and if also y > 0

denote by
plz+y)—1

N(.fl?',y) - Z 1(571 > _xasn—i-l S —.QC')

n=0

the number of downcrossings of level —z before a level below —(x + y) is reached.
Note that

N(z,y) /' N(z) =Y 1(Sy > —2, 801 < —2)
n=0

for y — oo, where N(x) is the total number of downcrossings of level —z. Let in the
following m_ be the matrix (m_;;); jep given by

m_g; = /0 E](—Z)dz

Lemma 3.2.6 When p < 0 it holds for all © € E that

mm_1
||

E;N(x) —

s Tr — 00,

and the convergence
E;N(z,y) /' E;N(z), y— o0

s uniform in x.

Proof: By conditioning on the value of (J,,S,) for n > 0 we get using Lemma
3.2.5 that for all i € £

EN(z) = Y. /_ Fj(—(z +y))Rij(dy)

J,keE

= Z/ Fir(—2)Rij(dz — ) (3.13)

J,keE

-y
s m
mm_1

|

Fip(=2)dz, z— o0
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To prove the uniform convergence, use (3.11) combined with (3.12) to find an « such
that Rj,([z,2 + 1)) < a for all z, then using (3.13) above,

EN() < > > Fu(—n)Ry([n—z,n -z +1))

j,k€E n=0

< « Z Zng(—n) < 00.

j,keE n=0

The right hand side is finite due to H;; having finite mean and it is independent of
. With M = max,>¢ S,, and using the strong Markov property we obtain

0 < E;N(v)—E;N(z,y)

= E; Z 1(Sn>—r,5n+1§—$)

n=p(a+y)
< maxP;(M > y)supE;(N(z)) — 0
J z

uniformly in = since M < oo almost surely. O

Lemma 3.2.7 Under the assumption (3.1) and p <0
EioN0<m) Eio (U)

lim —— = 7'l 7wm_1.
v—oo  [(x) |1

Proof: By the regeneration property of (J,, T}, )n>0 the invariant distribution, A, for
the reflected MAP can be represented as

MG, A) = EZ;(U)EZ-O (

for A € B, which gives that

o—1

1(Jk =1,1} € A)) ,

k=0

B Nole) =Ea(0) 3 [ Fyle —p)Ai.dy) (3.14)

i,jeEEYT

By Remark 2.4.2, cf. also Remark 3.2.2; the invariant distribution A coincides with

— —

the distribution of (Jy, M) if 70 has distribution 7. Since

i) /7w
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we obtain from (3.7) in Remark 3.2.2 that

A P.(Jy =i, M
(ZaA(xa OO)) _ 7r( 0 _AZ’ > .1') - ﬁﬂ“ﬂ, T — 00.
H(z) H(zx) |l

The right tail of A(i,-) is thus asymptotically equivalent to a measure proportional
to H(x)dw, cf. the definition of H(x). Since Fj;(x) = [*_ F;;(dz), we get by inter-
changing the order of integration that

/ Fyj(z —y)H(y)dy = / / H(y)dyF;(dz)
~ A [ —em) =T [ R
—00 0
for 2 — co. Here we use that [*° H(y)dy ~ —zH(x) by (3.2). Thus if we can just

substitute A(7,-) in the limit with the tail equivalent measure, we get that for all
i,j € E.

* Fy(z — y)A(6,d r. [
f;,; J(x y) (Z y) m 7Tz'/ Ej(_z)dzv T — 00. (315)
0

— —
H(x) |1l
To formalise the argument, Corollary 1 in Asmussen et al. (2002) implies that the
substitution of A\(z,-) is indeed valid — provided as assumed that H € .*.
Using (3.14), we conclude by summing over 4, j in (3.15) that
]EZ'O_NU(I') - ]EZ‘()(O')
H(x) |l

a['lmm_1, x — oo.

Let
7(z) =inf{n > 1| T, > x}

so that (M, > z) = (7(z) < o), and let for zy < x, yo > 0
Alx,20,0) = (7(2) <o, Ty > v+ Y0, Tr)—1 < Tp).

That is, A(z, xo,yo) is the event that the T-process will exceed x before time o, and
when doing so the process jumps from a value below xg to a value above x + .

Lemma 3.2.8 Under the assumption (3.1) and p < 0,

lim lim PiO(AEU’ Z0,Y0))
To—00 T—00 H(x)

=E; (o)7l'1l (3.16)

for all yo > 0.
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Proof: Put o(z) = o0 A 7(z). Then

Pio(A(xvx(J?yO)) = ZPZ'O(TTL > &+ Yo, Tn-1 < «T0>O-(x) = n)
n=1
- ZZPZOT>$+yO7Tn 1<x07(]n1 J .]7 ()Zn)
i,j€EE n=1
= Z Z/ (@ +yo — Y)Pi(Th1 € dy, Jp—1 = i,0(x) = n).
i,j€EE n=1

Using that the convergence in (3.3) is uniform for y € [0, z¢] and that o(z) /" ¢ for
r — o0 we get that

Pi, (A, 20, %0))

— ”L]P)Z T’n— < 7<]n— = .7 2 .
ey oy el s m iz

1,j€EE n=1

Letting xq — oo, the result follows by using that

ZIP’,O o =i,0>n)=Y Py (J, =1i)=mE (o).

O

For zy < x let A(x,z0) = A(x,20,0) = (7(2) < 0,Tr@)-1 < x0) and let B(x,zo) =
(T(II?) <0, TT(a:)—l Z .73()).

Lemma 3.2.9 Under the assumption (3.1) and p < 0,

P. (B
lim limsup —10( (2, 70))

— =0. 3.17
L0—00  gp—oco H(l’) ( )

Proof: With k = 7m_1/|u| and for € > 0 be given, choose x and y, large enough
such that according to Lemma 3.2.6

E]’(N(y—x,.f)) > K—€

for y > x4yp and all j € E. On the event (7(z) < o), the number of times 7, crosses
level = from above after time 7(x) and before time o is larger than the number of
times 7T,, crosses level z from above after time 7(x) and before hitting zero. Hence
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the strong Markov property of (J,,,T},)n>0 gives

Ei(No(2); A(z,20)) 2 Eip(Ey, , (N(Tr(e) — 7, 7)); A(w, 70))

= Z/ 7$))Pi0(Tv—(z) € dy> ']T(ac) = ja A(.’ﬂ, [L'()))
jeErE

> Z/ E](N<y -, x))Pio(TT(:v) S dy, JT(x) = ja A(JI, xO))
jek T tyo

> (k= &)Pi(A(z, 70,90)).

Using Lemma 3.2.8

lim liminf —
Tp—00 T—00 H(x)

Since € > 0 was arbitrary and
1(B(x,x0)) < Ny(2)1(B(z,20)) = No(x) — Ny(x)1(A(z, x0))

we get from Lemma 3.2.7 that

lim Timsup LeBE2) gy (”m‘ﬂ —K) —0.
T0—00 oo H(x) )
0
Proof of Theorem 3.2.1 From the identity
Piy(My > z) = Py (A(x, x0)) + Piy (B(x, 0)).
the result (3.6) follows immediately from Lemma 3.2.8 and 3.2.9. O

3.3 Fluid models

We will consider a different class of models where the same kind of heavy tailed
behaviour can occur, but instead of occurring directly as a consequence of one big
jump the heavy tails occur due to an aggregation of (smaller) increments over a very
long periods. We will consider discrete as well as continuous time processes, and we
choose not to distinguish between them in notation. Thus ¢ > 0 means either t € Nj
or t € [0,00). In continuous time we always assume that the processes are cadlag.
For a real-valued process (S;):>o with Sy = 0 we define its reflection, (7}):>0, at the

zero barrier by
T, = Sy — inf S,. (3.18)
0<s<t
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This definition coincides by (2.10) with the definition of the reflection of a discrete
time MAP. To relate general continuous time processes to the results of the previous
section, we need the following definition.

Definition 3.3.1 An increasing sequence of stopping times (pn)n>0 with po = 0 is
called a sequence of Markov additive sampling times if there exists a Markov chain
(Jn)n>0 with finite state space E such that the process (S, , Jn)n>0 is a MAP.

By the definition (3.18), the reflection of a sampled process is always less than sam-
pling the reflection of the original process. That is, if (7)),>0 denotes the reflection
of (S, )n>0 for an increasing sequence of stopping times p = (p,,)n>0, it holds for all
p that

T, >TF foral n>0. (3.19)

Thus if there is a sequence of Markov additive sampling times, we immediately get a
lower bound on the cycle maximum of the original reflected process in terms of the
cycle maximum for the reflected Markov additive process. We claim that in some
cases this bound is sharp, and we give examples for which the bound is always an
equality. For these examples the most difficult problem is to verify that relevant
properties of the distributions of the increments S,, — S, , hold for the sampled
MAP.

A suitable framework for examples is that of fluid models controlled by an underlying
process (J)i>0, which we call the state process, taking values in a finite set £. We
will be able to find a sequence of Markov sampling times for such fluid models if the
state process is a semi-Markov chain and if the fluid rates (to be defined below) are
conditionally independent given the state process. Defining the jump times, (pn)n>0,
for the state process by pg = 0 and

Pn = inf{t > Pn-1 | Ji 7é Jpn71}7 n =1,

the state process (J;);>0 is a semi-Markov chain if (J,,, p)n>0 is a Markov renewal

process. In other words, if (J,,, pn)n>0 denotes a Markov renewal process, there is a
corresponding semi-Markov chain (.J;);>o defined by

Jt =Jn for Pn <t< Pn+1-

We usually call p,+1 — p, the duration that the semi-Markov chain stays in the state
J,,» and the conditional distributions of p,11 — p, given J,, and J, ., are called
the duration distributions. We assume in the following that (.J;):;>¢ is a semi-Markov
chain such that the sampled Markov chain (J,, ),>0 has transition probabilities given
by P, which is irreducible and aperiodic with invariant probability measure 7. The

. . i =n
fluid rates are assumed to be given by a sequence of processes X, = (X7)o<s<pni1—pn
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for n = 0,1,..., which are conditionally independent given (J,,),>0 and such that
the conditional distribution of X, depends on J, only. Thus the fluid rates consist
of a sequence of stochastic real valued functions defined on the stochastic intervals
0, pr+1 — pn). The fluid rate process (X;):>o is then defined as

X = th—pn it p, <t<pp

and we define (S;);>0 by
t
S, = / X,dt (3.20)
0

with summation substituting integration in discrete time. The reflection, (7});>0, of
(St)i>0 at the zero-barrier is then called the fluid model controlled by (J;);>o with
fluid rate (Xt);>0. The interpretation is that of a container where the fluid flow is
given by (X}):>0, which is controlled by the underlying process (J;);>0. Whenever the
container becomes empty, nothing flows out and it remains empty until something
flows in again, hence the reflection at zero.

Due to irreducibility there is an iy such that
o=inf{n >1|J,, =i, T =0}

is a regeneration time for the reflection of the sampled MAP (/J,

ons 1 )n>0. Defining

5:inf{t>0 | Jt:io,Jt_ %2077}20}

we have 0 > p, and ¢ is a regeneration time for (J;, T3)i>0 if 0 < 0o a.s. Introduce
also

M? = max T?
0<n<o
and if o < 0o a.s.
Mz := max T;,
0<t<&

for which we in general have Mz > M~.

Lemma 3.3.2 If the fluid rate process has constant sign in between jumps, i.e. if
for all n > 0 either

X" > 0 foral s€[0,po1—pn) or
X" < 0 forall s€[0,pni1— pn)

we have that
0c=p, and Mz=M". (3.21)
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Proof: By the constant sign condition imposed, the process (S¢)i>0 (as well as
its reflection) is monotone in between the jumps of the underlying semi-Markov
process, hence the infimum up to a jump time p,, must occur at another jump time
pr; k € {0,...,pp}. This implies that T = T, for all n > 0. Therefore, since o
necessarily is a jump time, it equals p,. Finally, again by monotonicity, the reflected
process takes its maximum Mj over the time interval [0, 7] at a jump time, hence
the maximum equals M?. O

This lemma gives a class of fluid models for which the asymptotic behaviour of the
cycle maximum can be treated very easily by e.g. Theorem 3.2.1, if we can verify
the necessary conditions for the increment distributions for the sampled MAP. In
general the increment distributions, (H;;); jeg, for the sampled MAP are given by

P1

0

Example 3.3.3 The simplest case is when the rates are constant in between jumps.
That is, assume that X' = X for all s € [0, py41 — pn). Assume that the conditional
distribution of )N({)‘ given J, = 1 is K; with mean (;, and that the conditional distri-
bution of p,4+1 — p, given J, =i and J,41 = j is L;; with mean ;. The increment
distribution H;; then has mean

tij = Gi&ij

for 7,j € E. Therefore the invariant mean drift for the sampled MAP is
n= Zﬂiﬂj@@j'
1,J

We assume that p < 0 and assume, furthermore, that there exists a distribution
function L with reqularly varying tail with index —a such that

Lij(x) s

L(z) v

with 6;; € [0,00) and at least one d;; > 0. Clearly

= [ T, (g) K,(dy).

hence if the limit L;;(x/y)/L(z) — §;;y* for  — oo has an integrable majorant (or
the limit and integration can be interchanged by other means), we obtain that

z<$> Héij/omyaKi(dy)-

()
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With (o =[5 y*K;(dy) < oo, Theorem 3.2.1 holds for the reflection of the sampled
MAP with H = L and v;; = 0;;(;. o, hence by the equalities 0 = p, and Mz = M?,
we obtain
P; 5 22 Ti0iiCia
iy PoMe > ) Eio(g)ZJ—JC'
T—00 L(x) > miPii&ij

Here we used Walds identity for MAPs to identify E; (0) = Ei (o) >, p T Py5&i5. <
One can generalise in many directions. We will give one generalisation which allows
for a finite (stochastic) number of changes in the flow rate in between jumps. To
deal with this slightly more complicated situation we make a digression to a general

result on the summation of a stochastic heavy tailed number of positive stochastic
variables.

Suppose that K is a distribution on (0,00) and G a distribution on N. Define

H(A) =) K™(A)G(n).
k=1

If p is a random variable with distribution G independent of a sequence of iid vari-
ables (Z,)n>1 each with distribution K, then

H(A)z]P(Zp:ZneA>.

Let (N, ).>o0 denote the counting process corresponding to the renewal process given
by (Z,)n>1. That is, with S,, = >, Z), we define (N,),>0 by

o0
N, = Z L(S,<a)s
n=1

so that N, < n if and only if S, 11 > . We observe that the tail of H can be written
as

H(z) =P (i Z, > g;> = P(N, < p) = E(G(N,)).

Lemma 3.3.4 If G is reqularly varying at infinity with exponent —a, K has mean
value ¢, and for all e > 0
N, 1

7 ¢ > 5) = o(G(x)) (3.22)

for x — oo, then - N
H(x) ~ ("G(x)

and H is reqularly varying at infinity with exponent —o.
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Proof: For € > 0 given we decompose

%—% §5>—|—E(G(Nl,); %—% >e).

Using that G(N,) < 1, the last term divided by G(x) tends to zero for z — oo by
(3.22). For the other term observe that G(z(1/¢ +¢)) < G(N,) < G(z(1/¢ —¢)) on

No
xT

E(G(N,)) = E (Guvz);

— %‘ < ¢, hence by regular variation of G

(% +5)a < nminfE(gETN;)) < limsup@ < (1 —s>a.

T—00

Letting ¢ — 0 the result follows. 0

A useful sufficient criteria for condition (3.22) is the following moment condition.
Lemma 3.3.5 Condition (3.22) of the previous lemma is fulfilled if

/ MK (dr) < oo (3.23)
for some & > 0 with 2ac+ 9§ > 2.

Proof: The condition (3.22) is a restriction on the large deviations of N, from z(.
Letting n, = [z(1/{ +¢)] and m, = [2(1/{ — €)], we see that

N, 1 >5) = P(Nx>x(%+5)>+P(Nx<x(%—5)>
< P(S,, <z)+P(S,, >2)
< P(ISn, = naCl = 2eQ) + P (|Sh, —ma(| = (ze —1)¢),

Assuming p’th moments for some p > 1 and using Markov’s inequality, we find that
E(]Sn, — n.(P)

(weC)P
With X,..., X, 7id variables with mean 0 and p’th moment for p > 2 the inequality

E ( zn:Xk
k=1

holds for some constant C(p) depending only on p (Petrov 1995, Theorem 2.10).
Hence

P (|Sh, — na(| = ze¢) <

p
) < C(p)n?/*E| X, |?

C(p)nt/*E| 2, — C|P
(weC)P
< CO(p,e)xP?,

P (|Sn, — n.C| > z&()

IA
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valid for = large enough and some constant C(p,e) not depending on z. A similar
estimate holds for P (|S,,, — m.(| > (ze — 1)(). Therefore, if

EZ2H0 — /x2a+5K(dx) < 0

for some 6 > 0 and 2o + 6 > 2,

N, 1 o =
v ( s " - ) < O(r™%/%) = o(G(x))
r G
if G(z) is regularly varying at infinity with exponent —a. O

Example 3.3.6 Suppose that (G;;); jer are distributions on N with mean &;;, that
(R;)icr are distributions on [0, 00) with mean \; and that (K;);cg are distributions
on R with mean ¢;. Given J,, = ¢ and J,,1; = j we define the conditional distribution
of ppi1—pn and X,, as follows. Let n have distribution G, let (ky);_; be a sequence
of #d stochastic variables (independent of 1) with distribution R; and let (Z)]_, be
a sequence of 7id stochastic variables (independent of 1) with distribution K;. Then
let

n
Pn+1 = Z Kk + Pn
k=1

and define X, by

k—1 k
X, =2, it Z/@'n <s< Zlin.
=1 =1

Thus the duration distributions (L;;); jer are given by

o0

Lij(A) = ) R"(A)Gij(n),

k=1
and the increment distributions (H;;); jep are given by
- To*n I z
Hy ) = SR WG ). B = [ 56 (2) Rian
k=1

The interpretation is as follows. In between jumps, a conditionally independent
renewal process given by the x’s marks the times at which the fluid rate changes,
each time the change is drawn independently from K;. The stochastic variable n is the
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number of renewals encountered before a jump, and jumps take place immediately
after renewal number 7. We observe that

Mij = GiNiij

so the invariant mean for the sampled MAP is
M= Z i PijGiAiij
i,J

which we assume to be < 0. To stay within the framework of Lemma 3.3.2 we need
some further assumptions on the distributions K; for i € E. We will assume that
E = E*UE™ is a partition of the state space E into two disjoint subsets such that

Ki((0,0)) = 1 for i€ E"
Ki((=00,0])) = 1 for i€ E".
In this case the fluid rates have constant sign in between jumps and Lemma 3.3.2

holds. Assume that there is distribution function G' with regularly varying tail with
exponent —a such that

..
im Z5(0)

T—00 G(I)
for all i,j € E, §;; € [0,00) and at least one d;; > 0 for i € E*. Assume also that
the moment condition (3.23) is satisfied for K; and R; for all i € E*, in which case

it holds for K; for i € ET also. Hence by Lemma 3.3.4

H;;
tim 12000 _ 5 oy
so Theorem 3.2.1 holds with H = G and 7;; = 6;;¢*A{. We get that
Pi, (M5 2y M0y GEAT
i DioMz >2) Eio(g)zd—fcj
700 G(z) > miPiAii

again using Walds identity for MAPs to obtain E; (o) = E;, () >_,cp Mimi P&, <

. (3.24)

In the context of this thesis it is worth discussing a special case of the previous
example.

Example 3.3.7 Assume that (J,,),>0 is a discrete time semi-Markov chain on E

with duration distributions (G;);; and that f : £ — R is some function. Then
consider the additive process Sy = 0 and

Su=> f(), n>1
k=1
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and its reflection, (7},),>0. This corresponds, in the notation of the previous example,
to let R; = 6, and K; = ;) — the Dirac measure at one and f(i) respectively — in
which case L;; = G;;. We get from Example 3.3.6 that if the duration distributions
G; for which f(z) > 0 fulfill (3.24) then

lim oM > 7)o iy M0 S (07
z—00 G(x) > TP

Thinking of e.g. £ = {A,C,G, T} X {A,C,G, T} and f some score function, such
a semi-Markov model is a (probably highly unrealistic) model of DNA-sequences,
for which the local similarity score can accumulate and result in a different kind of
extreme value behaviour than in the #d case. The important message is that even
with a finite state space E and a score function f taking only a finite number of
different values, we can still produce a process, for which the excursions show a
heavy tailed behaviour. &

3.4 Discussion

The assumption that H € .#* for Theorem 3.2.1 to hold may seem as a rather
technical requirement, which just serves to make the proofs work. However, results
achieved by Foss & Zachary (2003) for the random walk with heavy tails suggest
that the assumption is also necessary.

Clearly in Example 3.3.3 and Example 3.3.7 we could apply Theorem 2.4.3 if the
H;j-distributions are all light tailed to obtain light tailed results for fluid models
controlled by a Markov chain. We have chosen to focus on the heavy tailed case. We
have also chosen to state just the asymptotic tail behaviour over a regenerative cycle,
since the derivation of the asymptotic extreme value distribution for the running
maximum of the reflected process is then an easy consequence.

Example 3.3.7 clearly lacks some generality in the sense that we need the K;’s
concentrated either on (—oo,0] or on (0,00). It is expected that the same result as
derived in the example holds if just (; <0 on E~ and ¢; > 0 on E* — still under the
same moment condition imposed on K; and R;. To prove this we need to generalise
Lemma 3.3.4, in which case we obtain from the general theory the lower bound on
P;,(Mzs > z), and we need to establish a corresponding upper bound.

Finally, we could ask for more general reflected processes controlled by a semi-
Markov chain. For instance, we could allow the ‘rates’ to be general stochastic mea-
sures on the intervals [0, p, 11 — pn), instead of what we essentially assume, that they
are stochastic measures that are absolutely continuous w.r.t. the Lebesgue measure.
This would e.g. allow for processes with jumps to be analysed. Most notably such a
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generalisation includes processes modelling the residual waiting time in queueing sys-
tems with costumer arrivals being controlled by an underlying semi-Markov process.
The queueing models fall outside the scope of Lemma 3.3.2, and more sophisticated
tools must be developed to handle these models completely.

Notes

The results of this chapter are new — except Lemma 3.2.5, which can be found in
e.g. Alsmeyer (1994) in an even more general version. The results were developed
by this author together with Anders Tolver Jensen, and most of them can also be
found in Hansen € Jensen (2003). The main inspiration for the proof of Theorem
3.2.1 is Asmussen (1998), who deals with heavy tailed random walks. The examples
discussed in Section 3.3 are inspired by for instance Heath et al. (1997), who deal
with corresponding models without the controlling semi-Markov chain. Regarding the
two auxiliary lemmas, Lemma 3.3.4 and Lemma 3.3.5, this author is not convinced
that they are actually new results. Fven if they are not new, the proofs — especially
of Lemma 3.5.4 — are probabilistic of nature and not based on analytic transform
results, which may be of independent interest.
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A Brief Survey of Sequence
Alignment and Structure

4.1 Introduction

We give in this chapter a survey of some biological sequence models. The models are
simple and the approach is not an attempt to build completely realistic models of bi-
ological sequences. What we attempt is to give a framework for discussing alignments
and structures with an emphasis on models rather than methods and algorithms.
Within this framework we can derive natural test statistics for two sequences to be
related or for one sequence to contain a certain structure. The main purpose is to
clarify what kind of hypotheses we think of as producing ‘random’ sequences and
what kind of alternatives we consider as producing ‘non-random’ sequences.

4.2 Similarity of sequences

Consider two sequences’ x = 21 ...x, andy = ¥ ...y, from a finite set E. We call
E the alphabet and elements in E are called letters. We ask if the sequences x and y
are somehow similar? How do we determine that? We will in this chapter discuss a
statistical method to measure similarity and the major topic of the following chapters

'The word ‘sequence’ is the common word in probability theory, but one could argue that the
computer science word ‘string’ is more appropriate. If not for other reasons then because we will be
particularly interested in substrings, which are contiguous parts of a string, whereas a subsequence
is not a contiguous part of a sequence. We will stick to sequences and use the phrase ‘part of a
sequence’ to denote a contiguous subsequence.

63
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9 10 11

Figure 4.1: The bipartite graph representing an alignment of two sequences of length
n=9and m=11.

is to determine whether some measured similarity is significant. To define similarity
we need to introduce the concept of an alignment.

Definition 4.2.1 For n and m given integers we define an alignment of sequences
of length n and m as a set

AC{ig) | 1<i<n1<j<m)

of pairs such that for (i,7),(i',5") € A then i < i if and only if j < j'. For given
sequences X and 'y of length n and m and an alignment A, the pairs (z;,v;) i jyca are
called the aligned pairs and the rest of the letters are called unaligned. Furthermore,
for A an alignment,

Ar=A{i|35:@,J) € A}

denotes the ‘projection’ onto the first coordinate and similarly Ay denotes the ‘pro-
jection’ onto the second coordinate. Finally, let A denote the set of all alignments of
sequences of length n and m.

It may be useful to write an alignment as A = {(i1,51),..., (i, 4)} with [ <
min(n,m), i1 < ... < 4 and j; < ... < j;. Figure 4.1 shows a graphical repre-
sentation of an alignment as a bipartite graph.

To define the quality of an alignment we take a statistical point of view. Assume
that a null hypothesis is given by a probability measure \g on the set E™ x E™,
and assume, for each alignment A € A, that an alternative hypothesis is given by
a probability measure v4 on E™ x E™. Then we will score a given alignment, A, of
x and y by the log likelihood ratio logra(x,y) — log A\g(x,y) subject to a penalty
G(A) with G : A — [0, oo] some function. Thus the score of an alignment A € A is

~~

s(A) = log % —G(A). (4.1)
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We call this score the penalised log likelihood score — given the alignment A. Typ-
ically one searches for the alignment producing the maximal score. Several optimal
alignments with maximal score may exist. We will talk about the optimal alignment
as if it was unique anyway, indicating that it is not the actual alignment with maxi-
mal score, but the maximal score itself that will attract our interest. Fast algorithms
for finding the maximal score and optimal alignment(s) are of course essential for
practical applications, but they will play a minor role in this thesis. We refer to
Waterman (1995) for further details on algorithms.

4.2.1 Models for sequences

We will study two classes of models that provide convenient candidates for Ay and
va. We refer to these models as the independence or iid model and the Markov
model respectively.

The independence or #id model is the most common choice of model. The null
hypothesis is given by two probability measures A; and Ay on E, and we define

m

X,y) = H)\l(xl-)H)\

The alternative hypotheses are all given by a probability measure v on F x E, and
we define, given an alignment A, the alternative as

va(x,y) = H v(i, ;) H A ;) H A2(y;)-

(i,j)€A iZ AL JEA2

Given A the log likelihood ratio is easily seen to be

H(Z eAV xzay] Z; y)
Qa(x,y) = log ) —“ J 4.2
4lxy) L jyea M(i)Xa(y;) z): (i) A2 (y) “2)

The Markov model provides an alternative to the independence model, which
plays an important role in this thesis. To specify the null hypothesis let two £ x E
matrices of transition probabilities, P and @), be given. Let xq and 3y be two auxiliary
letters from F and let Ay conditionally on (zq,yo) be

n m

Mo(x, ylzo,90) = [ ] Plaiov @) [ Qyjwy)-

i=1 j=1

Thus the null hypothesis is just the hypothesis that the two sequences are indepen-
dent Markov chains. Conditioning on (¢, yo) is done for notational convenience. To
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specify the alternatives, let R be an E? x E? matrix of transition probabilities. The
alternative hypothesis v4, given the alignment A, is then defined as

(X Y|~770:yo H R '/L‘Z 1;3/] 1 xhy] H P xz 17'I7, H Q y] 17y])

(i,5)€A i€ A JEA2

The conditional log likelihood ratio given A is seen to be

'rz— yYji—1), \Ti, Yj
Q (X y’ﬂio,yo Z 1 15 Yj 1) ( y]))
(ifeA P(xi—1, 2:)Q(Yj-1,Y))

One observes that even though we use a conditional log likelihood — conditional on
(20,Y0) — Q4 does in fact not depend on (zg,yo) unless iy = 1 and/or j; = 1, with
(11, 71) the first aligned pair in A. We will usually always assume that P and @ as
well as R are irreducible and aperiodic.

Both models fit into the scoring schemes described in Chapter 1. For the indepen-
dence model we have f: ' x E — R given by

_ v(z,y)
f(z,y) = log m7

and for the Markov model we have f : E? x E? — R given by

R((71,41), (72, 92))
P(x17$2)Q(yl>y2) '

f((x1,91), (22, 2)) = log

There is no particular claim here that the Markov model (or the 7id model for that
matter) represents evolutionary events in a reasonable way. Instead, we think of the
model as a pair of glasses through which we see certain features of real alignments.
Given an alignment, the model provides a probability distribution on the letters in
the sequences in agreement with the alignment. In that way we can, for a given
dataset consisting of a number of already aligned sequences, fit a Markov model to
the data and use this model to distinguish alignable sequences from non-alignable.
Thus we choose to focus on features that can be captured by the Markov model,
which may not be adequate in all respects, but it is a compromise between what we
can analyse and implement in practice and what is a desirable trustworthy model
of evolution. One argument for being interested in a Markov model versus the #id
model — besides the fact that it is just more general — is that it makes it possible
to model local (nearest neighbour) compensating mutations. That is, the change of
two (or more) neighbour amino acids in a protein may be more (or less) probable
than the change of one amino acid at the time. Note that this kind of modelling is
not capable of capturing long range compensating mutations that occur to preserve
the structure of proteins, say.
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4.2.2 The penalty function — global and local alignment

Let an alignment A = {(i1,751),...,(Ji,u)} € A be given. The internal gaps of
the alignment are defined as the distances i1 — 1 — 1 and ji_1 — jr — 1 between
consecutive positions in the alignment. We define

U {jk = Gk1 = 1| Gk —Gka > 1, 2<k <1}

as the set of internal gaps. The set of external gaps vg(A) consists of
{ii—1]i >0 Uu{n—i|n>itu{i—1]54>10{m—7j | m> )

With gg, gr : N — [0, 00| so-called gap penalty functions,

G(A) = Z ge(k) + Z gr(k)

kevp(A) kevyr(A)

is a common choice of alignment penalty. It depends on the alignment only through
the lengths of the gaps between aligned letters. Usually either gz = g; or gp = 0,
and typically

gl(n) =an or 91(71) =an+ 03

for a, 8 > 0 some parameters. We allow for gap penalty functions to attain the value
0o, which in practice corresponds to ruling out certain alignments from considera-
tion.

We distinguish between penalising only internal gaps (g = 0) as opposed to pe-
nalising internal as well as external gaps. We refer to the former situation as local
alignment and the latter as global alignment. The consequence of penalising only in-
ternal gaps is often huge when we search for the optimal alignment. And if we choose
the gap penalty function properly, the local alignments will have a truly local na-
ture, i.e. only small parts of the two sequences are aligned and the unaligned letters
at the ends of the sequences are ignored. If we don’t penalise the gaps sufficiently,
this argument breaks down. Gaps can then be inserted in random sequences in such
ways that the score will increase linearly with the length of the sequences making
even the local optimal alignment close to being actually globally optimal. In fact,
for random sequences there is a phase-transition behaviour in the ‘penalty function
space’ between those penalty functions producing truly local alignments and those
producing actually global alignments (Arratia & Waterman 1994).

In this thesis only local alignments will be considered, i.e. we will penalise only
internal gaps. In fact, most of the theory will be developed in a limiting case for
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local alignments with g; = oco. For local alignments with gp = 0, g; = oo simply
means that internal gaps are prohibited, and finding the optimal local alignment of x
and y boils down to finding the best matching parts of x and y using the likelihood
ratio score. This is the subject of analysis in Chapter 5 under the Markov model of
the previous section.

4.3 Structure of sequences

As discussed in the introduction of the thesis, biological sequences are in fact compli-
cated molecules with a three-dimensional structure of paramount importance for the
function of the molecule. Predicting protein structure from the sequence of amino
acids is a holy grail and is not possible in general with present days technology. Of a
simpler nature is the so-called secondary structure of RNA, and several algorithms
and fast implementations are available today, which can predict this structure di-
rectly from sequence, cf. Zuker (2003). Of course some assumptions are imposed
and some limitations are still present, but the problem is nevertheless much simpler.
First we need to define what we mean by a secondary structure of a sequence x of
length n from a finite alphabet F.

Definition 4.3.1 Given an integer n, a secondary structure, or just a structure, of
a sequence of length n is a set

SC{ig)|1<i<j<n)

of pairs such that for (i,7),(i',7') € S then i =i’ implies j = 7' and i < i’ implies
that either j < i’ or j' < j. Let § denote the set of all structures of sequences of
length n

One should think of a structure S as representing a two-dimensional arrangement
of the sequence such that pairs in .S constitute the connected or at least physically
opposing letters present in the arrangement. The restriction on the pairs in a struc-
ture S implies first of all that no letter can enter two structural pairs (no triple or
higher order interaction), and, secondly, two pairs are either nested, i < i’ < j' < 7,
or separated, i < j < i’ < 7. Overlapping pairs, i < 7' < j < j', which correspond to
structural features known as pseudoknots, are not allowed. These restrictions imply
that the structure can be represented as planar circular graph as shown in Figure
4.3.

The usual interpretation of a structure is chemical/physical. The RNA-molecule
possesses ‘unbreakable’ (covalent) bonds between the consecutive letters in the se-
quence forming the so-called backbone, whereas the pairs in S correspond to weaker
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12 1 Figure 4.2: The planar -circular
pr |

graph representing the structure
{(1,11),(2,6),(3,5),(7,10),(8,9)}
of a sequence of length n = 12. The
dotted line represents the backbone
of the structure.

hydrogen bonds. Typically, hydrogen bonds are formed in RNA between A and U
and between C and G, which are the so-called Watson-Crick pairs. Hydrogen bonds
are energetically favourable but since RNA is a dynamic molecule subject to the
forces of the surrounding molecules (e.g. water), there may not be a unique struc-
ture. Many closely related structures may be almost equally favourable and even in
some cases unrelated structures may show up to be equally favourable. We will not
go into a deep discussion of structures and dynamics of large molecules in a solvent,
which is far from a trivial subject. Our goal will also be quite different from actually
trying to predict a structure from the sequence. Rather, we are interested in locat-
ing a part of a long sequence containing a letter composition suitable for forming
specific kinds of structure. In fact, from this point of view it may not be beneficial
to think of pairs in a structure as only the hydrogen bonded pairs. Instead, we may
think of the pairs as the letters that are simply physically opposing each other in
the structure. We continue this discussion in Chapter 7.

As for alignments we will measure the quality of a structure from a statistical point
of view. Thus we will assume a null hypothesis given by a probability measure \g on
E™ and for each structure S € § an alternative hypothesis given by a probability
measure vg on E™. For a sequence x, the score of a given structure S is then the
log-likelihood ratio

subject to the penalty given by G : § — [0, oc].
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4.3.1 Special structures, models and penalties

A structure is often described using various names for substructural parts. We will
not go into a detailed discussion of a classification of substructures, but restrict our
attention completely to a central substructure — the so-called stems or stem-loops.
In that case structures become formally very similar to alignments. As mentioned,
stems are central substructural parts of all structures, and examples are considered
in Chapter 7 where stem structures occur with interesting and important properties.

Definition 4.3.2 A stem is a structure S = {(i1, j1), ..., (i, 51)} for which
n<...<yu<gy<...<n.

A stem may contain loops of various types often classified according to the following
scheme:

o The setiy+1,...,5, — 1 is called the hairpin loop of the stem.

e The coordinates < i1 and > j; are sometimes called the exterior or external
loop.

o In case iy —ig_1 > 1 and jp_1 — jr > 1 this is called an internal loop.

e In case iy —ig_1 > 1 or Jr_1 — jr > 1 but not both this is called a bulge.

For later use, introduce for the structure S the sets

Sl - {ilai27"'7il}
So = {j,Jix1s-- 501}
H = {u+1,....50—1}

consisting of those coordinates that enter the structure in the first coordinate, the
second coordinate, and in the hairpin-loop respectively.

Often a stem is called a stem-loop referring to the hairpin loop of the stem structure.
Figure 4.3 shows a graph of a stem with one internal loop, one bulge and a hairpin
loop containing four coordinates. In most real applications, a lower bound, usually
3, on the size of hairpin loops is employed, as it is difficult for the backbone to fold in
a very sharp U-turn. We assume — mostly for notational reasons — that the hairpin
loop size is > 1, but otherwise ignore the problem.
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Figure 4.3: The graph representing an stem secondary structure of a sequence of
length n = 18. The dotted line represents the backbone. The stem has a hairpin
loop consisting of 8,9,10, and 11, one internal loop consisting of 6 and 13 and one
bulge consisting of 15. The external loop consists of 1. Note the formal relation with
the graph of an alignment.

The independence or #td model for stems is given by a probability measure A
on F specifying the null hypothesis by

n

M(x) = [ A,

=1

and a probability measure v on E? specifying the alternative, for S € S a given
alignment, by

vs(x) = H Az;) H v(xj,z;).

1€S1US> (i,j)eS

The log likelihood ratio for given S is seen to be

[T jyes V(@ zi) v(z;, x;)
] : _ log L L)
Qo) =log 1 XA (w) %;S % M)A (z)

There is a deliberate interchange of the letters in (x;,x;) under the alternative
hypothesis. This is done for comparability reasons with the Markov model introduced
below, where it is most natural to consider the structure from the hairpin-loop side
under the alternative hypotheses. It corresponds in some sense to a 180 degrees
rotation of the stem-loop in Figure 4.3.

The Markov model for stems is defined as follows. The null hypothesis is given by
an irreducible, aperiodic E x E matrix P of transition probabilities with invariant
measure 7p, such that
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Thus under the null hypothesis, the sequence is a stationary Markov chain. Before
introducing the alternative, it is beneficial to mentally rotate the structure 180 de-
grees. That is, think of the hairpin loop x;,41,...,xj,—1 as given. Then conditionally
on Zji1,...,%j;—1 the sequences x;,,2;+1,...,o, and x;,x;_1,..., 21 form under
the null hypothesis two independent Markov chains with transition probabilities P
and P respectively. Recall the definition of the time reversed transition probabilities

) Ty Py
Ty — T
xT
Thus we can rewrite A\g(x) as
Ji—1 n 1
Mo(x) =mp(ip1) [ P ) [ Plajor, ) [] Pl@ier, z)
1=0;+2 J=j =1

The alternative is then given by an E? x E? matrix R of transition probabilities,
such that for a given structure S

Ji—1
vs(x) = mp(wipn) |[ Ploivz) [ Rz, @), (2, 2))
i=1;+2 (i,5)€S

x [I Pwnz) J[ Plajore)

i2S1UH j¢SaUH

Under the alternative, the letters in the structure arise from Markov chain transi-
tions with bivariate transition probabilities given by R. The letters the hairpin-loop,
bulges, internal loops and the external loop are conditionally independent given the
other letters with the same Markov chain transition probabilities as under the null
hypothesis. The log likelihood ratio given S is then

Qs(x) = Z log R((zj-1,2i41), (25, 2;))

H
(1,5)€S P(xj—lv %’) P(xiy1,2;)

As for alignments, this fits into the type of scoring schemes described in Chapter 1
with f: E? x E? — R given by

R((z1, yl);(i@, Y2)) ‘
P($1,$2)P(?J1,y2)

f((x1,11), (22, 92)) = log

One can again discuss the rationale behind the Markov model. The reasoning is much
the same as for alignments. We view the model as mostly being a suitable family
of probability distributions on the sequence of letters present in a given stem-loop
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structure. Note that the stem-loop Markov model can capture long range as well
as nearest neighbour interactions in the sequence that occur due to the presence of
structure.

In this structural setup we can define three different sets of gaps; the hairpin-loop,
~vu, the set of exterior gaps, vg, and the set of internal loops and bulges, v;:

Yo = {j—u—1},

ve = {i1—1|i1>1}U{n—7j | n>j} and

o= fip—ipa =1 ip—ipa>1, 2<k<[}
U{dk —Jk—1— 1| Jk —Jrm1 > 1, 2< k< 1}

External, internal and hairpin-loop penalty functions gg,g; and gy can then be
chosen. As for alignments we distinguish between local stem-loops for which gz = 0
and global stem-loops otherwise. We will by theoretical methods be able to analyse
local stem-loops under the Markov model in Chapter 6 in the limiting case g; = oo
and gy = 0.

4.4 Test and classification procedures

By the formal introduction of models and hypotheses we get a very clear picture of
what we test if we test the null hypothesis against the alternatives. We have discussed
two different but formally very similar problems. Given two sequences do they share
some similarity, i.e. does there exist a suitable alignment of the sequences. And
given one sequence does it contain a structure, i.e. does there exist a suitable stem-
loop structure within the sequence. Both problems are dealt with by introducing a
null hypothesis and a family of alternatives — each alternative specifying a specific
probability measure on the sequence(s) for a given alignment or structure. And
we score each alternative using the penalised likelihood ratio. Given an optimal
alignment (structure) with score s, say, the probability

as) = IP’AO(IEEaj(s(A) >s) (afs) = IP),\O(%leaécs(S) > s))

is the probability under the null hypothesis of obtaining an alignment (structure)
with a score > s, i.e. it is the test probability of testing the null hypothesis against
the alternatives using the test statistic max4 s(A) (or maxg s(5)).

Basically we can regard the test as a classification problem. Do the sequences show
similarity or not? Does the sequence contain a stem-loop structure or not? Choosing
a significance level v we can thus classify according to whether a(s) > a or a(s) < a.
If we compute sg such that a(sg) = « (or as close to as possible), and if the optimal
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alignment scores > s it is classified as being a true, non-random alignment, whereas
if it scores < sq it is classified as being due to chance only. Using a classification
terminology we can regard non-random optimal alignments as ‘positives’ and random
optimal alignments as ‘negatives’, and we thus control the probability of predicting
false positives to be a. Some might prefer to say that we control the specificity of
the classification procedure to be 1 — .. As the alternative is composite, the control
of the probability of predicting false negatives is more subtle, and we need to study
the power function

A =P, A) >

B4, 50) = Py, (max s(A4) > so)

of the test. In the classification terminology (3(A, so) is the sensitivity of the classi-
fication procedure under the specific alternative A. Given a probability measure, s,
on the set of alignments A, we can take a Bayes approach and integrate out over A
to get the Bayes sensitivity

Be(so) = > B(A, so)r(A) = Zpy(%}sm) > s0)t(k) (V).

AcA

Here t is the transformation A +— t(A) = v4 from the set of alignments to the set
of probability measures on the two sequences. Thus rather than thinking of x as a
probability on the alignments, one can think of ¢(x) a model of the typical distribu-
tion of the sequences under the alternative. In practice, having a dataset consisting
of alignable sequences with corresponding maximal scores over all alignments being

S1,...,8 we can define the empirical sensitivity by
1t
Be(s0) = T ZZI 1(s; > so).

This is the fraction of alignments we would recognise using the threshold s,. We
observe that this corresponds to letting t(k) be the empirical measure for the se-
quences contained in the dataset, and [.(so) is thus the empirical Bayes sensitivity.
We discuss in further details in Chapter 7 what the empirical sensitivity function,
defined by sy +— [(so), can be used for.

However, the point of view of a simple classification problem is a (quite deliberate)
over simplification of what we actually want to do. First of all, in the local alignment
setup, we want not only to know that two sequences scoring > s are classified
as having an alignment, but we also want to identify the correct local alignment.
Moreover, there may be several (truly different) local alignments that all reach a
score > s, and we may want to consider each of these local alignments individually
and not just the optimal local alignment. Thus another point of view is that for each
alignment A € A we classify A as either being a true local alignment or not according
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to whether s(A) > s or not for some s. From this point of view, making «(s) too
small may not be desirable as this may result in many false negative predictions.
Rather, it may be desirable just to control the number of false positive predictions
to be moderate to reach a higher sensitivity. As it turns out, computing «(s) and
giving a Poisson approximation of the number of (truly different) local alignments
scoring > s are closely related problems that can be dealt with in a unified way.
Moreover, the asymptotic mean of the Poisson approximation for a threshold sq is
given as £(sg) = —log(1 — a(sg)), so that for a(sg) close to zero, &(sg) =~ a(sg),
whereas for large a(sg) there is actually very little information in the specificity and
&(sp) is much more interesting.

The computation of «(s) and the related Poisson approximation are the subjects
of the following two chapters of this thesis. It is a difficult problem and in general
unsolved. The reason that computing «(s) is difficult is that we need to understand
the distribution of the maximum of a huge number of dependent stochastic variables.
And even under the simplest independence model, the optimisation messes up the
simplicity, making the problem difficult. All we can hope for are asymptotic results
about «(s) for n,m,s — oo. In this thesis we deal with the direct asymptotic
behaviour of a(sy, ) choosing s, ,, such that a(s,, ) stays away from 0. In the realm
of large deviation theory, where a(s,,,) — 0, a logarithmic asymptotic behaviour

of a(sy,,) may be derived in greater generality. That is, one can obtain expressions
like

lim = log a(spm) = —v
n,m—oo NI

for some constant v > 0. Considering the direct asymptotic behaviour of a(s) un-
der the independence model and using an affine internal gap penalty function with
parameters depending on n and m, results have recently been derived with and with-
out a large deviation assumption (Siegmund & Yakir 2000, 2003). Direct asymptotic
behaviour with a fixed affine internal gap penalty function is still out of reach with
analytic methods, but a logarithmic asymptotic result was given by Yakir & Gross-
mann (2001). All results so far seem to have been proved under the independence
model only. We will present results using the Markov models discussed, and since this
will lead to enough difficulties even for a degenerate gap penalty function g; = oo
(together with gy = oo in the structure setup), we will not try to give extensions
allowing for gaps.

Notes

The material presented in this chapter can to some extend be found in the litera-
ture, see e.g. (Waterman 1995) and the references therein. However, the emphasis
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on the models and the derivation of the score function from the models are rarely as
explicit as presented here. Instead, a score function is introduced so that the compu-
tation of the maximal score becomes convenient. Secondly, the issue of significance
1s treated by introducing the null hypothesis of independent sequences of iid letters
and arguing that the log likelihood ratio is an appropriate score function. It seems
more appropriate from this authors point of view to set up the model first, derive
an appropriate scoring scheme, treat the statistical issues and finally discuss algo-
rithms and practical implementations. A reference more closely related to this point
of view is Fwens & Grant (2001). Moreover, the modelling of stem-loop structures
presented here in an analogous way as the modelling of alignments seems to be new.
Secondary structure modelling has been given a lot of attention over the years (Zuker
2003), but the focus seems to be exclusively on the prediction of structure given the
sequence. The point of view taken here is the complete opposite. We want to model
the sequence given the structure, which can then be used to detect whether certain
structural features are present in a sequence.



5

Local Alignment of Markov Chains

5.1 Introduction

In Chapter 4 we introduced the concept of a local alignment between two sequences
using different gap penalty functions, and in this chapter we will study the distri-
bution of the maximal, gapless (g; = 00), local alignment score of two independent
Markov chains. The approach is based on the theory for MAPs and the Poisson
approximation presented in Chapter 2. We obtain a Poisson approximation of the
number of essentially different local alignments with a score exceeding a level ¢, and
from this we derive a Gumbel approximation of the maximal local alignment score.
These results extend earlier results obtained by Dembo et al. (1994b) for independent
sequences of 7id variables.

5.2 Local gapless alignment

Let (Xg)r>1 and (Yi)r>1 be two sequences of random variables taking values in the
set E. We compare parts of one sequence with parts of the other using a score
function f: F x F — Z, and we define the random variables

A
S5 = F(Xipr, Vi),
k=1

for 4,5, A > 0. The variable S,fj is the local score of comparing the sequence
Xit1 ... Xiya with the sequence Y1 ... YA,

7
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Remark 5.2.1 The score function f will be regarded as an E? column vector. Prob-
ability measures on E? will be regarded as E* row vectors, and for v such an E?
probability measure we use the functional analytic notation

v(f) = fla,yv(z,y)
z,y
to denote the mean of f under v.

For n > 1 put

and call (i,7,A) € H, an alignment. Note the one-to-one correspondence between
elements in H,, and alignments in the notation of Chapter 4 of the form

{G+1,7+1),0+2,7+2),...,(i+ A, +A)},

which justifies calling elements in H,, alignments.

We want to understand the distribution of the collection

<SfJ) (4,5,A)EH

of local scores over all alignments. We will in particular be interested in the distribu-
tion of M,, = max; j A)en, Sf‘j — the maximal local score over the set of alignments.
We will also study the number, C(t), say, of essentially different variables Sfj ex-
ceeding some threshold ¢ > 0. We will define essentially different precisely below,
but just like counting excursions for a MAP we need to declump the excesses over ¢
in some way.

The family of local scores are efficiently summarised in the matrix (75 ;)o<; j<n de-
fined as follows. For ¢ = 0 or j = 0 let T; ; = 0 and otherwise recursively define

Ty = (Tim 1 + F(X0 V7)) (5.1)

Thus the T-matrix correspond to the reflection of an additive process along each
diagonal. Often the matrix (7;;) is called the score matrix, and to see why it captures
the relevant information about local scores, we observe using (2.11) that

M, = max T} ;. (5.2)

Z7J

This fact is closely related to the idea in the celebrated Smith-Waterman algorithm
for computing the maximal local alignment score (Waterman 1995).
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Definition 5.2.2 An alignment (i,j, A) € H, is called an excursion if

T,;=0, S;>0for0<d<A
andeitherSfj:(), i+A=norj+A=n

Let &, denote the set of all excursions.

Note that &, is a stochastic subset of H,,. It follows from the definition of the score
matrix (7; ;) and the definition of an excursion that if (i,7,A) € £, and 0 < § < A
then

§

An excursion thus corresponds to a diagonal strip in the score matrix, for which the
score starts at zero and then stays strictly positive along the diagonal until it either
becomes zero again or it reaches the boundary of the score matrix.

The maximum over an excursion e = (i, 7, A) € &, is defined as

M, = max S?. = max Thrs5i.s. 5.3
¢ T 0<o<A B T glsen  HOIHO (5-3)

Definition 5.2.3 The number of essentially different excesses over t is defined as

Ct)=> 1M, >1). (5.4)

eegn

From (5.2) it follows that (C(t) =0) = (M,, <t).

5.3 Alignment of independent Markov chains

Assume that the stochastic processes (Xj)r>1 and (Yx)r>1 are independent Markov
chains with transition probabilities P and () respectively. Assume that P and () are
irreducible and aperiodic matrices with invariant left probability vectors mp and ¢
respectively. Let m = mp ® mg. Assume that the following non-degeneracy condition
of f wrt. P® Q is fulfilled; for any 7" > 1 there exists a cycle (z1,...,z,) (w.r.t.
P) and a cycle (y1,...,yn) (w.r.t. Q) such that

Z f(.fl?“ yl) 7é Z f(xu Yit+T (mod n)) (55)
k=1 k=1
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In addition, the non-degeneracy condition from Section 2.1 must also be satisfied,
i.e. there must exist cycles (z1,...,z,) and (yi,...,y,) such that

> Flaeu) > 0. (5.6)

These non-degeneracy conditions don’t look particularly nice in general, but are
usually satisfied by quite trivial arguments in practice. In particular (5.5) looks
nasty as it must hold for all 7" > 1. On the other hand, if we can just find x1, zo and
Y1, Yo satisfying

flxr,yn) + f(re,y2) # f(x1,92) + f22,91), (5.7)

then trivially (5.5) is fulfilled for all odd T" > 1 if P(z1,x2), P(x2,21) > 0 and
Q(y1,y2), Q(y2,y1) > 0. This is, if 21,29 and y;,ys are two-cycles. If, in addition,
P(z1,21),Q(y1,y1) > 0 we can construct cycles of the form w1, xo, ..., 21,29, 21 and
Y1,Y2, - - -, Y1, Y2, 41 such that (5.5) holds for all even T" > 1 if just (5.7) holds. In

particular, if P and @ contains only strictly positive entries, (5.7) is sufficient for
(5.6) to hold. Compare with (A.2) and (A.3) in Appendix A.

For convenience we will also assume that both Markov chains are stationary, though
this doesn’t affect the results obtained. In this chapter, we denote by P the probabil-
ity measure P, under which (X,,, Y,,),>1 is a stationary Markov chain with transition
probabilities P ® (). For notational convenience, we will also assume the existence
of an auxiliary pair (X, Yp) of stochastic variables, which is an initial state of the
bivariate Markov chain.

In the framework of Chapter 2, the process (S, ),>1 defined by S, = > "7, f(Xy, Y%)
is a MAP with

H(xmyo),(fthyl) = 5f(x17y1)7

and the underlying Markov chain having state space E? and transition probabilities
P ® Q. Under the assumption that the mean drift is negative,

p=n(f)= Y flay)me(@)mgly) <0, (5.8)

zyek

there exists according to Lemma 2.3.1 a unique solution §* > 0 to ¢(#) = 1 where
©(0) is the spectral radius of ®(0);

(I)(e)(mo,yo)y(zl,yl) = eXp(ef(xb yl)>Pxo7x1Qy0,y1'

Likewise, we let K* be the constant defined for this MAP by (2.19) in Theorem
2.4.3.
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Furthermore, consider the two MAPs with the Markov chain having state space E3
and transition probabilities P ® Q) ® () and P ® P ® () respectively, and where

H(wovyo,ZO)y(wl,thl) = 5f(9017y1)+f($1721) and H(xo,wo,yo),(x1,w1,y1) = 5f(x1,y1)+f(w1,y1)-

These two MAPs give rise to the matrices ®;(0) for i = 1,2 defined by

q)l(0)(xo,yo,zo),(x1,y1,z1) = eXp(ef(wlv yl) + Hf(l‘l, Zl))Pxo,x1Qyo,y1Q2’0,z1
(I)Q(‘g)(aco,wo,yo),(a:1,w1,y1) = exp(@f(xl, 1/1) + ef(wh yl))Pro,xl Pwo,w1 Qyo,yu

and the corresponding Perron-Frobenious eigenvalues ¢;(6), i = 1, 2.

Theorem 5.3.1 Assume that u < 0 and that 8* and K* are chosen as described
above. Assume, furthermore, that

3 3
©1 <19*) <1 and ¢ (19*> <1 (5.9)

Then if we for x € R define

L log K* +logn? + x

n o (5.10)
and x, € [0,0%) by x, = 0*(t, — |tn]), it holds that
||D(C(t,)) — Poi(exp(—z + z,))|| — 0 (5.11)
forn — oco. In particular
P(M, <t,)—exp(—exp(—z+z,)) =0 (5.12)

forn — oo.

Remark 5.3.2 The choice of x, = 0*(t, — |t,|) assures that t, —x,/0" = |t,.]| € Z.
Due to the lattice effect arising from f taking values in 7Z, it follows that

(C<tn) = m) = (C(tn - In/0*> = m)
as well as
(M, <t,) =M, <t,—x,/0),

and this is the reason that we need to correct by x, is the asymptotic formulas.
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Figure 5.1: Using the score
function f(0,0) = f(1,1) =1
and  f(1,0) = f(0,1) = -2,
we see, as a function of
(m1(0),m2(0)), the following
picture: White area; u > 0.
Light gray; only p < 0. Darker
gray; in addition to p < 0,
condition (5.13) is fulfilled.
Darkest gray; all three condi-
tions, p < 0, (5.13) and (5.9)
are fulfilled.

T(0)
0.6 0.8

0.4
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The proof of Theorem 5.3.1 is not straight forward. First of all, the counting variable
C(t,) is not suitable for a direct proof of the Poisson approximation. Hence we
have to take a detour around another counting variable to be defined in Section
5.4. Second, to control the dependencies arising we need to establish several large
deviation results, which are not all trivial, and for which we need Condition (5.9).
One can show that for i = 1,2 we have ;(#) < 1 for 0 < 6 < 6*/2 but this
does not extend to 6 > 0*/2 in general. Thus (5.9) is really a condition. To put some
intuition into this condition, observe that ¢; and ¢, arise from MAPs corresponding
to comparing two independent Markov chains with a third, one by one, using the
same score function f. Basically, condition (5.9) ensures that it is sufficiently unlikely
to obtain a high score for both comparisons at the same time. This would not be
the case if f was e.g. grossly asymmetric depending almost entirely on one of the
sequences, cf. also Appendix A. Annoyingly, it has not been possible to find any
simple and sufficient set of conditions implying (5.9), but since ¢;(3/46%) can be
computed routinely in practice when computing 8* anyway, the condition can easily
be verified.

Example 5.3.3 The Poisson approximation given in Theorem 5.3.1 in the frame-
work of independent sequences of iid variables was proved by Dembo et al. (1994b).
When comparing their result with the present theorem — and especially the different
conditions imposed — some simplification of the setup in Theorem 5.3.1 is useful.
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Figure 5.2: Similar to Fig-
ure 5.1 but using the
asymmetric score func-
tion  £(0,0) = f(1,1) = 1,
f(1,0) =0, and f(0,1) = —4.
White area; p > 0. Light
gray; only p < 0. Darker gray;
i < 0 and (5.13) are fulfilled.
Darkest gray; u < 0, (5.13)
and (5.9) are fulfilled.
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Assume in this example that (X,),>1 and (Y,),>1 are independent sequences of iid
variables with the X’s having distribution m; and the Y’s having distribution ms.
Then

©(0) = E(exp(0f(X1,Y1)))

is the Laplace transform of 7 = m; ® mo, and the exponentially changed measure is
given by 7*(z,y) = exp(0* f(z,y))m (x)m2(y) with 8* > 0 and p(0*) = 1. Also

01(0) = E(exp(0f(Xy, Y1)+ 0f(X1,Y2))) and
pa(0) = E(exp(0f(X1,Y1) +0f(X2,Y1)))

are Laplace transforms. The Dembo et al. (1994b) condition (£’) for the Poisson
approximation to hold can be written as

m(f) > 2max{m;(f1), 3 (f2)} (5.13)

where 7} and 73 are the marginals of 7%,

fita) = grlog Y exp(8* (e, y)m(y) and

Poly) = 5-log Y exp(t f(r,y))m ().
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This condition is in fact a condition on certain relative entropies, and it relates
to some large deviation properties needed in Dembo et al. (1994b). Our condition
also relates to large deviation properties needed in the proof of Theorem 5.3.1. It is
unfortunately not clear how condition (5.13) relates directly to condition (5.9). As
a simple example consider £ = {0, 1},

/0,00 = f(L1) = 1 and
For this score function Figure 5.1 shows the set of (71, m2) for which condition (5.9)
as well as (5.13) are fulfilled. The figure shows that (5.9) is stronger than (5.13). We

can also read of from the figure which (7, 7m2)’s that imply p < 0 for the given score
function f. A non-symmetric example is

f(0,0) = f(1,1) = 1,
£(1,0) = 0, and £(0,1) = —4.

still with £ = {0, 1}. Figure 5.2 shows the set of (7, m) fulfilling 1 < 0, (5.13) and
(5.9) respectively. In the light of Dembo et al. (19944), stating that

‘MTL a.s. 1
as =
log n? 0*

if and only if (5.13) is fulfilled (with >), condition (5.13) must be very close to
optimal. Hence our condition must be stronger. The two examples above confirm
that, but a direct proof of this has not been found. Moreover, Dembo et al. (1994b)
find the simple and in practice relevant condition, that if m; = 75 and f is symmetric,
(5.13) is fulfilled if and only if f(x,y) does not equal fi(z) + fo(y) for all z,y € E.
This is unfortunately not sufficient for (5.9). <&

5.4 The counting construction

We want C'(t) to be approximately Poisson distributed, but to prove that directly
does not seem feasible. The size and ‘shape’ of £,, depend on the concrete realisation
of the underlying stochastic variables, and the dependencies between the indicators
1(M, > t) seem quite complicated. The route taken is to restrict our attention to
a smaller set of excursions to be defined below!, show that the sum over this set is
approximately Poisson distributed, and that the difference between that sum and
C(t) is asymptotically negligible.

strictly speaking we will consider something slightly more complicated than just a subset of
excursions
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ACE (B Yo oo Yo =mmmmmmmmm Yo Figure 5.3: The index set is
divided into vertical strips of
width [ — on the figure | = 3.
Along diagonals in each strip
we look for local scores ex-
ceeding the threshold. On the
figure two of these diagonals-
within-a-strip at position (2,1)
and (k,2l) respectively are
shown.

(20

(k,21)

We define for [ > 0 an index set

n

= {(k,r):(k,ql) | ke{0,....n}, ge{o,..., M}}.

One should think of this as a division of the score matrix into vertical strips of width
[ with I as an indexation of diagonals-within-a-strip, i.e. an index a = (k,r) € I
represents the diagonal (k+ 1,7+ 1),...,(k+ 1,7 + 1), cf. Figure 5.3.

We will approximate the number of excursions exceeding ¢ by the number of diagonals-
within-a-strip containing excursions exceeding t. To be precise, we will consider, for
a= (k,r) € I and t > 0, the variable

A
Vo = Vo(t) =1 <1§I§12§Sl§f()(k+h7ﬁ«+h) > t) .
Thus if an excursion exceeding ¢ is contained completely within the diagonal-within-
a-strip given by a then certainly V, = 1. The sum }_ _, V, does not exactly equal
the number of excursions exceeding ¢, though it will turn out to be a sufficiently
good approximation with

P (Z Va(t,) # C’(tn)> -0 (5.14)
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when n — oo in all cases of interest.

For generality, we formulate the following result for a subset Iy C I of the index set
I. This will be used in Chapter 6, cf. also the discussion at the end of this chapter.
In the setup for Theorem 2.6.1, we assume for all a € Iy a subset B, C I given.
This B, is the neighbourhood of strong dependence of V,, which may take various
shapes in practice. Furthermore, for a € I let

Fo=0V, | b¢ B,)

be the o-algebra generated by those variables Vj, not in the neighbourhood of strong
dependence of V. Theorem 2.6.1 can be rephrased as:

Theorem 5.4.1 Suppose thatl = 1,, andt = t, chosen such that for some sequence

()\n>n21
S EVL) A — 0, (5.15)
a€lp
forn — o0, and suppose that
> E(VEW) — 0, (5.16)
aefo,bEBa
S E(WV) — 0, (5.17)
a€lp,be B, b#a
Z E|E(‘/a"7:a) - E(‘/:l” - O’ (518>

a€lp
forn — oo, then

HD (Z Va) — Poi(\,)

acly

‘ — 0. (5.19)

In fact, the total variation norm in (5.19) is bounded by 2 times the sum of the four
left hand side terms above.

In a concrete situation we need to define the B, sets, define the sequences [ and ¢
suitably and verify condition (5.15) through (5.18). Finally we need to verify that
also (5.14) is fulfilled, in which case:

Corollary 5.4.2 If (5.19) holds and (5.14) is fulfilled too, then
/D (C(tn)) — Poi(A,)]| — 0 (5.20)

and
P(M,, <t,) —exp(—A,) — 0. (5.21)
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5.5 Proofs

The proof of Theorem 5.3.1 is divided into a number of lemmas. We need to verify
the conditions in Theorem 5.4.1, and to this end we need bounds on the expectations
E(V,Vy) =P(V, =1,V, = 1) for a # b. This is the subject of the following subsec-
tions and clearly the most difficult part of the proof. Then we collect the bounds
obtained to prove that the conditions of Theorem 5.4.1 are fulfilled when aligning
independent Markov chains under the assumptions given in Theorem 5.3.1. Finally

we prove that (5.14) holds and the Poisson approximation of ) _; V(t,) can be
translated into a Poisson approximation of C(t,).
For a = (k,r),b = (i,7) € I we always have that

E(V.Vy) = max Zf Xioth, Yrep) > t, max Zf i+hy Yjtn) > 1)

1<6<A<l 1<0<ALI

< U max P(%j F(Xisn, Yorn) > t, }; F(Xisn Yyun) > 1). (5.22)
=01 =02

To bound E(V,V;) we thus need to bound the probability on the right hand side
above. The same X- and/or Y- variables may enter both of the sums above in two
essentially different ways. Either there are shared variables from only one of the
sequences or there are shared variables from both. We will not give an exhaustive
treatment of every possible ways that such a sharing of variables can take place.
Rather, we treat the two essentially different cases for a specific arrangement of the
sharing in sufficient details for the reader to be able to convince himself that all
other arrangements can be treated similarly.

5.5.1 Positive functionals of a Markov chain

We make a useful and general observation about bounding the expectation of positive
functionals, e.g. probabilities, of a Markov chain. It allows us to assume parts of
the same Markov chain to be independent, stationary versions at the expense of
a multiplicative constant. We call it the decoupling argument and state it as the
following lemma:

Lemma 5.5.1 Let Z = (Zk)k;zg be an irreducible Markov chain on a finite state
space E and let O =k < - < ky < o0 be given. Then there exists a constant py
such that iof (Z});t) Rt Cfori=1,....N (kyy1 = 00) are N independent stationary

Markov chains wzth the same transition probabilities as Z, and Z = (Zk)kzo s given
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by Z = Ziif ki < k < kiq then for a positive functional
A EY — [0, 00)

it holds that

E(A(2)) < pvE(A(Z)). (5.23)
The constant py does not depend on the actual initial distribution of Z nor on the
functional A.

Proof: Assume N = 2. The general result follows by induction. Assume first that Z
is stationary and that (Z})f2, and (Z?)i>k, are independent and stationary. Then
Z has the same distribution as Z conditionally on Z,, = Z; , hence using that A is
a positive functional

E(A(Z); 2, = Z})
P(Z, = Z3,)

< pE(A(2)).

E(A(Z2))

2

with p= (3, Wg)fl, where 7 is the invariant distribution.

If Z is non-stationary with initial distribution v, say, we have that

Vg
zeE 7
1
< E,(A(2)).
~  min, 7, <(A(2))
So py = p/ min, 7, will do. In general py = p¥~1/ min, 7, can be used. OJ

5.5.2 Variables shared in one sequence

Recall the definition of ®, 8* and ®; for ¢ = 1,2 from Section 5.3. For # > 0 denote
by 7% = (r’(x,y)) and r? = (r(z,y, 2)) the right Perron-Frobenious eigenvector of
®(0) and P;(0) for i = 1,2 respectively. Due to irreducibility all coordinates of these
vectors are strictly positive. In this section we derive a result corresponding to an
overlap in the X-sequence, cf. Figure 5.4, and we thus work exclusively with the ®;
matrix. Similar derivations for an overlap in the Y-sequence using ®, are possible.

Assume in this section that (Z,),>1 is a stationary Markov chain with transition
probabilities @) independent of (X, Yy, )n>1.
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X

<
or---T°

j i+T i+T+I

Figure 5.4: A schematic figure of how two overlapping parts of the X-sequence are
compared with non-overlapping parts of the Y-sequence.

Let « < j and [ > 1 be given and define

S1((@e)es (Ye)k) = f (@, k)

k=1

J
So((@)is (edes (21)k) = > Fwhye) + f(wh, 2)
k=it1
i+l
Ss((Tr)k: (zr)k) = Z f(@e, 1)
k=j+1
together with S = S; + Sy + Ss.
For 6 > 0 define

o _ (@i yi)r] (%5, 45, 2)r° (Tigs, Zi1)
7”6(9507 yo)T?(%’, Yi, Zi)re(xjv Zj)

exp(—(0) — (7 — i)yn(0) — 1p(0))
and
L7 = 4%exp(09).

Note that 4% : ENo — [0,00) and S : EMo — R and hence £ : ENo — [0, 00) are all
functionals defined on the product space EMN.

Lemma 5.5.2 [t holds for all 0 > 0 that LO((Xi)k, Ye)k, (Zi)r) is a likelihood, i.e.

E(L(Xe)e: Yok (Ze)i) = 1, (5.24)
and, furthermore, for T +1 > j
E(ﬁg((Xk)lm i)k, Yi)rar)) < p (5.25)

for some p.
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Proof: The first part of the lemma follows by the same arguments as those presented
in Section 2.3. The only difference is that we make three different, successive expo-

nential changes of measures. The second claim follows by the decoupling argument
in Lemma 5.5.1. U

We restrict our attention to the case where 7'+ i > j, so that there is no overlap in
the Y-sequence. With abuse of notation, let Sy denote a stochastic variable too;

Sy = Y F(Xk,Ya)+ [(Xk, Yrin).

k=i+1

Similarly, let S; and S3 denote stochastic variables;

Sio= Y (X YR,
k=1

i+
Sy = > f(Xk Yo,

k=j+1

and also S = S; + Sy + 5.

Lemma 5.5.3 If 0 € (0,0*] and ¢1(0) < 1 there exists a constant K such that

P(S>s) < Kexp(—0s). (5.26)

Proof: We have that

_ LX)k, Ya)ks (Ya)7an)
P(S > 5) = E (Eg((ka’ (Yk)k, (Yk>T+k) ; S > S) .

The ~%-factor in £ can be bounded below uniformly by b, say, since all the entries
in the eigenvectors are strictly positive and since () < 0 by definition of 6* to-
gether with 1,(f) < 0 by assumption. Since we integrate over the set (S > s), the
exponential factor in £? can be bounded below by exp(fs). Hence the denominator
is bounded below by bexp(fs). Using (5.25) in Lemma 5.5.2 we get that

P(S > s) < pb ' exp(—0s).
0J

For variables shared in one sequence, the result in Lemma 5.5.3 is the prototypical
large deviation result we can obtain using a Markov chain exponential change of
measure. Of course, Lemma 5.5.3 holds for those 6 € (0, 6*] satisfying ¢o(0) < 1 if
the overlap is in the Y sequence instead.
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5.5.3 A uniform large deviation result

To handle the case with variables shared from both sequences we need a special large
deviation result for Markov chains that we will derive in this section. We first state
the useful Azuma-Hoeffding inequality for martingales with bounded increments, cf.
Lemma 11.2 in (Waterman 1995) or Lemma 1.5 in (Ledoux & Talagrand 1991).

Lemma 5.5.4 If (Z,,, Fin)m>o0 is a mean zero martingale with Zy = 0 such that for
allm>1

|Zm - m—l’ S Cm

for some sequence (¢y,)m>1, then

)\2
P(Zn > A) < exp (—W) '
k=1 "~k

Fix j > 1 and let in this section (X, Y;)._, be a stationary, irreducible Markov
chain with transition probabilities given by R and invariant distribution 7. Let
(Y )k>j+1 be an independent, stationary and irreducible Markov chain with transi-
tion probabilities given by @ and invariant distribution 7g. For an F? x E?-matrix
G define the norm of the matrix as

1G] Joc = max D G -

7 (zw)

Since the convergence of R¥ to 17y is geometrically fast we have that

(o]
D [IRF = 17pfo < 0.
k=0

For an E? vector f we let ||f||oc = max(,,) |f(2,y)| denote the max-norm. Then
clearly for any E? x E? matrix G, with G(f) the matrix product of G with the vector

£ NG (Do < {1fllse [1Glloo, and especially

1R5(f) = 1mr(Nllse < [l [1R* = 17k ]|oo-

For T' > 1 a fixed constant, we want to give an exponential bound of the probability

P (Z F(Xk, Yigr) > Zf(Xk,Yk)> (5.27)
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if E(f(Xy, Yier)) < E(f(Xg, Yx)) all k. This is achieved by introducing a relevant
martingale and then apply the Azuma-Hoeffding inequality.

Let F = o(X1, Y1, ..., X0, Yoo) (Fo = {0,02}),

J
Sjr = Z (X, Yierr) — f(Xi, Yi) - (Sor = 0),
k=1

and with Ej,T = E(Sng) let
Zp =E(Sjr — &1 Fm)- (5.28)

Then (Z,, Fm)?._, is a mean zero martingale with Zy = 0 (depending on 7', though
we have suppressed this in the notation). Notice that Z; = S;7 — & 7. If we can
bound the martingale differences

1 Zm = Zma| = [E(Sjr|Fm) = E(S; 7| Fn)]

with a constant, we can get the desired bound on (5.27) from the Azuma-Hoeffding
inequality.

Lemma 5.5.5 There exists a constant n independent of 7 and T such that

| Zm — Zm—1] <. (5.29)
Here n can be chosen as
0= 6[[flloc D 1R* = 1]l (5.:30)
k=0

Proof: The Markov property gives that for m < k < j
E(f(kaykﬂfm) = Rk_m(f)(Xma Ym)a
and with f(z) = 32, f(2,2)7q(2) and fr(z,y) = R'(f(z,"))(z,y)

R () (Xm, Yon) ke Cy
k—m (£
E(f( Xk, Yitr)|Fm) = gk+T(1J:z)((JC)§;;?/33)<Xm7 Y,,) Z E gj, ’
F(Xr) ke

where

Ci, = {k|m<k<k+T<j},
G = {k|m<k<j<htT)
Cy = {klm-T<k<m<k+T<j}
Cy = {klm-T<k<m<j<k+T}.
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Observing that
E(Sjr|Fm) = ZE (f (Xk, Yerr)|Fin) — ZE (f (X, Vi) | )

k=1 k=1

and subtracting E(S; r|F,,—1) from this, the martingale difference Z,,, — Z,,,_; is seen
to be a sum of the following two terms

J
tio= D E(f(XeYer)lFm) = E(F (X, Yerr)| Frnor)
k=m-T

J
ty = > E(f(Xe,Y2)|Fnr) — B (f(Xi, i) | Fon)

k=m

Since

[E (f (Xk, Vi)l Fn) = 7r(f)] = [R™(f)( X, Yin) — 7R ()]
< Sl IRY™ = 7R |,

the term t, is controlled by the following inequality

[ta| < 2[[f]loo Z [|R*™ — gl < 2Hf|\ooz 17" — 17p||. (5.31)

k=m

Noting that || f7]|se, ||.f]lees [|F (2, )||se < ||f]|so We observe that for k € C}
B (f (Xk, Yorr)|Fm) = 7r(fr)] < |1l IR = 17R||co,
for k € (s
B (f (Xk, Yirr)[Fn) = 7r(H)] < ([ flloo [|R*™ = 1|,
and for k € (3
B (f (X, Yirr)|Fn) = 7r(f(Xi N < (I flloo IR — 1atg|oo-

Since the three inequalities above also hold when conditioning on F,,_1, we obtain

ST E (X Yerr)|Fa) — E (F(Xk, Yier)| )|
keC1UCUCS
< 2| f]loo Z |RF™™ — 17R]|oo + 2[| f]]o Z |REH=™ — 17p|oo
keC1UCy keCsg

< 4| flloo D NIR" = Trgl|oc. (5.32)
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Obviously E (f (X, Yeir)|Fm) = E (f( Xk, Yirr)|Fn_1) for k € Cy, hence

1] < 41 fllos D IR — Lg|oc,

k=0

which together with (5.31) gives (5.29) with 1 chosen as (5.30). O

Theorem 5.5.6 If §;r < 0 it holds that

2
B(S;1 > 0) = P(Sjr — &0 = 1) < exp(——2L) (5.33)

2jm?

with n chosen as in Lemma 5.5.5.

Proof: This follows directly from the Azuma-Hoeffding inequality for the mean zero

martingale (Z,, Fm )’ _;, since it has increments uniformly bounded by 7. 0J

5.5.4 Mean value inequalities

We will apply the result in the previous section by considering the Markov chain
( Xy, Yk)izl under the exponentially tilted measure P%. and (Y} )g>;+1 under P.. To
do so, we will need to establish inequalities relating the mean of f(Xj,Yx) to the
mean of f(Xy, Yiir) (or f(Xgi7, Y)). Let in the following p* = EX. (f(Xg, Yx)) be
the stationary mean of f(Xj,Y:) under the exponentially tilted measure and let
wr = EX.(f(Xk, Yeer)) be the stationary mean when shifting the Y-sequence T'
positions.

Lemma 5.5.7 It holds that 77 @ mo(f) < p* as well as 7p @ w3(f) < p*.

Proof: We consider (Xj, Yx)r>1 under the tilted measure and an independent sta-
tionary Markov chain (Z),>1 with transition probabilities @, thus (Zy)r>1 has the
same distribution as (Y})r>1 does under the original measure. Then

(Xk7 Yk’7 Zk)kZI

is a Markov chain, and we consider the MAP given by

D F(Xk Zk) = f( Xk, Vi)
k=1
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The Markov chain has transition probabilities

_ (1, Y1)

szo,yo,zo),(acl,yhm) - T*(.TO yo) eXp(g*f(xla yl))Px07ﬂC1Qy0=y1Q20,Zla

and we introduce the ®*(#)-matrix

@*<0)(Io7yo,zo)7(961,y1721) = eXp<0(f(x17 Zl) - f('Tl? yl)))Rzkxo,yo,Zo),(zl,yl,zl)'

Clearly, with ¢*(0) = spr(®(¢)) we have that p*(0) = ¢*(6*) =1 (©*(0) is stochastic
and ®*(0*) has right eigenvector r*(z1, z1) /r*(x1,y1)). Moreover, (5.5) together with
(2.6) assures that @* is strictly convex, and since

05" (0) = 7} ® mo(f) — 1

by (2.7), it follows that 77 ® mg(f) < p*. The second inequality follows similarly. [

Lemma 5.5.8 The sequence (ph)r>1 is convergent and with
fioo = Hm pup
it holds that p’, < p*.

Proof: We first observe that
pp = Er (f(X1,Yier)) — 71 @ w5 (f)

for T" — oo, where 7} and 7 are the marginals of 7*.
We consider (Xy, Y;)r>1 under the tilted measure and let (Wy, Zy)r>1 be an inde-
pendent copy with the same distribution. Then

(Xk7 Wku }/14:7 Zk)kZI

is a Markov chain and we will consider the MAP given by

D (X Ze) + F(Wie, Ya) = f(Xi, Yi) = f(Wa, Z).
k=1

Introducing the corresponding ®*_(#) matrix and its spectral radius ¢ we derive,
by similar arguments as in the previous lemma, that ¢% (0) = ¢% (6*) = 1, that
©*.(0) is strictly convex, and that dpe’ (0) = 2u%, — 2u*. Hence pf, < p*. O

Interestingly, the inequality in previous lemma does not only hold in the limit but
actually for all T
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Lemma 5.5.9 For all T > 1 we have that

pr < pt (5.34)

Proof: With ST = >0 | f(Xk, Yisr) and S, = D7, f(X, Yi) we observe that

Sh 2 ST since under P = P, the X- and Y-sequence are independent, stationary

n

Markov chains. We then obtain by (2.8) for # > 0 that
1 1
- log E(exp(0ST)) = " log E(exp(6S,,)) — ¥ (0) (5.35)

for n — oo.

Consider first the case T'= 1 and the stacked Markov chain

( Xy Xiot1, Yio Yir1)r>1,

which under the tilted measure has transition probabilities

r*(wy, 1)

R?J:g,wo,yo,zo),(azl,wl,yl,zl) = T*(wo, ZO) exp(9*f(w1, Zl))P’lUOy’wlQ207216w07I15Z07yl'

Introduce the matrix

DY(0) (w0,w0,90.20), (@11 w1,20) = €XP(O(S (21, 21) — f (wr, 21)))Rao,wo,ymzo),(ﬂfhwhyl721)
and its spectral radius ¢7f(0) = spr(®;(#)). Clearly, ¢;(0) = 1 and we observe that

X g r*(wi, 21) .
@1(0 )(xo,wo,yo,zo),(xl,wl,yl,zl) - m exp(Q f(l'la Zl))Pwo,wlQz0,215w0,m15207y1'

The matrix ®3(0*) has the same spectral radius if we remove the eigenvector fraction,
and by (2.8) together with (5.35) we obtain that

B1(0%) = log }(6) = Tim ~ log Eexp(6°5L)) = ¥(6") = 0,

n—oo N,
thus p7(6%) = 1.
Furthermore, by (2.7) 0p;(0) = uf — p*. Using (5.5) (for T' = 1) together with (2.6)
we get that ¢ is strictly convex, hence
Py < p

A similar argument for general T is possible by introducing the stacked Markov
chain

(Xka cee 7Xk+T7 Yk7 cee 7Yk+T)k21
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X

<
Or1-—-——1T1°

i+T j j+T i+T+I

Figure 5.5: This figure shows the case with overlap in both sequence.

on ET x ET and the MAP given by
Z (X, Yier) = f(Xprr, Yiyr)-
k=1

The spectral radius ¢%(0) of the corresponding matrix ®4.(6) for this MAP fulfills
that ©5.(0) = @5(0%) = 1, Op’(0) = ph — p* and it is strictly convex by (5.5) and
(2.6). Thus p < p*. O
A similar result is possible when shifting the X-sequence instead. The interpretation
is rather pleasing. Under the tilted measure, the distribution of the Markov chain
(X, Yy )n>1 is designed so that the pairs (X,,,Y,,) ‘match’ well — using the score
function f. If we shift one of the sequences this matching is somehow destroyed, and
the lemma assures us that we can not under the tilted measure obtain an average
matching by shifting that is as good as if we don’t shift.

5.5.5 Variables shared in both sequences

We define for ¢, 7,1, T > 1 with ¢ < j

Sio= Y fXe Y, 8= Y f(XiYi)
k=1

k=i+1
_ J i+l
Sy = Y f(XeYier), Sz = > f(Xk, Yigr),
k=i+1 k=j+1

cf. Figure 5.5.

Theorem 5.5.10 There exists an € > 0 and some K (both independent of T') such
that

P(S) 4 Sy > t,55 + S5 > t) < K exp(—0*(1 + £)t) (5.36)
fort > 0.
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Proof: Assume first that the number of variables j — ¢ in the overlapping part is
small, less than #(4]|f||s) !, say, in which case we obtain the estimate

]P(Sl + SQ >, gg + 53 > t) < P(Sl > 3/4t,53 > 3/4t)
<

K exp(—3/20"t),
using the decoupling argument for the second inequality and then a standard expo-
nential change of measure argument. This implies (5.36) with ¢ = 1/2.

If instead j — i > (4] f||s) ' we observe that

P(Sy 4 Sy > t,5, + S5 > t)
< P(Sl + SQ > 1, §2 > SQ) + P(gg + 53 >, SQ > gg) (537)

With LY = r(X},Y;)/r(Xo, Yo) exp(6*(Sy + S2)) we obtain

- LY ~
Pﬂ(Sl + 52 >, SQ > Sz) = Pﬂ- <L—é*, Sl + SQ > t, Sg > SQ)
J

< b exp(—0)P; ;(Sy > Sh)

where PP} ; denotes the tilted measure up to index j. Using the decoupling argument
from Lemma 5.5.1, we can, at the expense of a factor p, assume that the sequence
(Xk, Yk’)i:i is a stationary Markov chain under the tilted measure and that (Y% )g>;+1
is independent and stationary under the original measure. Under this assumption it
follows that the mean of Sy — Sy equals (j —T — i) s+ 17 @mo(f) — (j —i)u*. Using
Lemma 5.5.7, Lemma 5.5.8, and Lemma 5.5.9 we can find a ¢ > 0, independent of
T, such that

(=T = t)pp +Try @mo(f) — (J —ip" < —(j — )¢
Hence Theorem 5.5.6 gives that

¢ —19) ¢t

P: (Sy > Sy) < - < S N
7r,]< 2 Z 2) —peXp( 2772 )—pexp< 8”][”00772

)
or, with & = ¢*(6"8|| f[[ocn®) ",
P(S) + Sy > t,55 > S,) < pb~exp(—0*(1 + £)t)

and (5.36) follows. Of course, a similar argument takes care of the second term in
(5.37). O
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Figure 5.6: For each diagonal-
within-a-strip given by a we
define a mneighbourhood of
strong dependence. This fig-
ure shows the neighbourhood
for some a = (k,r). The
‘arms’ of this cross correspond
to diagonals-within-a-strip, b,
sharing variables with a from
either the X- or Y-Markov
chain but not both. In the in-
tersection, b can share vari-
ables with a from both the
sequences. The dashed lines
mark the strips into which the
matrix is divided.

5.5.6 Proof of the Poisson approximation

Returning to the alignment of Markov chains considered in this chapter, we define
the neighbourhood of strong dependence B,, for a = (k,r) € I, by

B = {k—1,... k+20}x{0,2l,..., {%J 3!

B: = {0,....n}x{r—1Lrr+1}
and then B, = B! U B2. Note that max, |B,| = O(n). The set B} is a horizontal
strip of strong dependence and B? is a vertical strip of strong dependence. Of course,
the set should be properly modified close to the boundaries of the index set, and we

could chose to always consider B, N I. This boundary modification is insignificant
and will be ignored throughout.

Lemma 5.5.11 If we, for some x € R, let

_ log K~ +logn? +x
= 7

l=1,~ (logn®)?® and t=t, (5.38)

and define x,, € [0,0%) by x, = 0*(t,— t.]), then under the assumptions in Theorem
5.3.1, the conditions in Theorem 5.4.1 are fulfilled with

An = exp(—z + ).
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That s

(Z V) Poi(exp(—z + x,))

acl

‘ — 0.
Proof: According to Lemma 2.4.6

1<6<A<I

A
P(Vioo =1) =P < max Zf(Xk,Yk) >t — xn/9*> ~ In"?exp(—z+z,) (5.39)
=5

for n — oo. Since |I| ~ n?l~! and, due to stationarity, all the events (V, = 1) for
a € I are equally probable, it follows from (5.39) that

ZE(Va) = |I|P < max Zf(Xk,Yk) >t — xn/6*> ~ exp(—1 + x,),
k=5

1<0<ALI
a€el

or, since exp(—x + x,,) is bounded,

— 0

ZE ) —exp(—z + )

a€el

for n — oo.

Furthermore, we observe that |/|E(V{)) is bounded and that max, |B,| = o(|I|) for
n — 00, so condition (5.16) is fulfilled by

a|Ba
> E(VDE(WV) < |I] x max|B,| x E(Vop)® = O (ma%”’) - 0.
a€l,beB,

We prove that (5.17) is fulfilled by splitting the set B, into three disjoint sets and,
depending on the set, give a bound of E(V,V}) for b in each of these sets. For a € T
let

B,=C,UD}!uD?

with C,, D! and D? being the disjoint sets
C.=B'nB? D!=B\C, and D?=B>\C,

We see that C, is the centre of the set B,, and D! and D? are the remaining
horisontal and vertical parts.

Consider the case b € C, and b # a. Using (5.22) together with Lemma 5.5.10 we
can find an € > 0 such that

E(V,V,) < KI*exp(—0*(1 + ¢)t).
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Hence, observing that Y, |Cy| < 9|1]1 < 9n?,

> EWLW) < KON G, =0
a€l,beCy,b#a acl
for n — oo.

For b € D!, Lemma 5.5.3 with 6 = 3/40*(1 + ¢) for some € > 0 applies due to (5.9),
and together with (5.22) we obtain that

E(V,V,) < KI*exp(—3/20*(1 + ¢)t),
in which case

Z E(x/'a%) S Kl4n73(1+€) Z |D;Ll|

a€l,beD}, acl
< KI*n=30+98p% 0.

The two-dimensional process (X, Y:)r>1 is a stationary, irreducible Markov chain
on a finite state space, hence we can extend it to a doubly infinite, stationary process
(X, Yk )rez, which is exponentially S-mixing. The S-mixing coefficients thus satisfy

B(k) < Ky exp(—Kzk)

for some constants K, Ky > 0. For a = (r,r) € I we define I; = (—oo,r — ],
Iy =[r+1,r+1],and I3 = [r + 2l + 1,00), for which d(I; U I3, I5) = [ + 1. Then
clearly with I = Uz and J = I, F, C F; = 0(X,,,Y, | n € [ UI3) and V, is
measurable w.r.t. F; = 0(X,,Y, | n € I}. So Lemma 2.6.2 together with Theorem
2.6.4 imply that

]E|]E(Va|fa) - E(V;z)| < 2&(?],/’7‘]) < 2ﬁ(l + 1) < KeXp(_KQZ)'

For any non-diagonal a = (k,r) € I we can shift the X-process by stationarity to
reduce the problem to the previous one and thus to obtain the same bound. This
bound implies that

> E[E(ValF.) —E(Va)| < Kn®exp(—Ka(logn®)®) — 0
acl

for n — oo. O

Proof of Theorem 5.3.1: We prove that

P (Z Va(ty) # C’(tn)) — 0. (5.40)

a€cl
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We first show that the probability of (i) the existence of an excursion in &, exceed-
ing ¢ and crossing a boundary between two diagonals-within-a-strip and (ii) two
exceedances fall within the same diagonal-within-a-strip tends to zero. For a € I we
introduce the excursion containing a

eo = (1,7,A) if ae{(i+1,j+1),...,0+A7+A)},
and then using Lemma 2.6.7

P(Hael: M., >1t) K(|I|(logn)? exp(—0*t) + [I|n"?)

<
< Ki((logn)™ + (logn)~?) — 0.

The other way around, let £ be the set of excursions contained in the diagonal-
within-a-strip a = (k,r) € I, that is, with A= {(k+1,r+1),...,(k+ 1,7+ 1)}

e=(i,5,A) e & if (i+1,j+1),i+Aj7+A) €A
Then for a given a € I we get, using (2.22) and a decoupling argument, that
P(Je,e € EY: M, > t, My > t) < KI? exp(—20*t).

Hence the probability that two excursions exceeding ¢t occur within the same diagonal-
within-a-strip is

P(3a €l 3e,e €E Moy >t, Mo >t) < KPPn? =0

for n — oo.

Finally, there can be some problems close to the boundary of the score matrix.
Introduce the set &, C &4, with (i,7,A) € &, if

(1,7,A) € Eqyy and either i <[;i >mn—1, or j >n—1.
Thus &, consists of those excursions that occur close to the boundary — in the
enlarged n+1[ x n+1( score matrix, cf. the definition of 7, which allows for diagonals-

within-a-strip to extend a little beyond the boundary of the score matrix. Clearly,

P(3e € £: M, >t) < Knlexp(—0*t) < Kyln™t — 0.

One then just have to observe that the event (3, ; Va(tn) # C(t,)) is contained in
the union of the three events treated above, hence (5.40) holds. U
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5.6 Discussion

For notational convenience it was chosen to state and prove the results in this chap-
ter using a score function f that compares the sequences letter by letter. There is
actually no loss of generality in doing so, since if we want to consider more compli-
cated score functions depending on more letters, we can always stack the Markov
chain. In particular, the use of a score function like the one derived for the Markov
model in Chapter 4 is also covered by Theorem 5.3.1. In fact, Theorem 5.3.1 is
substantiable more general than it looks at first. By staking the process, it follows
from the theorem that when comparing independent sequences of n’th order Markov
chains, say, using a score function f : F* — E" — Z with a window of size w, one
can derive the same asymptotic theory for the maximal, local (gapless) alignment
score as derived by Dembo et al. (1994b) for the did case. Even in the framework of
11d sequences the theorem provides a generalisation to score functions that compare
more than one letter at the time. Of course, the conditions imposed for the theorem
to hold, especially (5.9), puts some restrictions on the generality, but it is neverthe-
less noteworthy that the same kind of extreme value theory extend to a vary large
class of processes and score functions.

It is unfortunate that we haven’t been able to identify sufficient conditions for The-
orem 5.3.1 that are equivalent with the condition (E’) in Dembo et al. (1994b) in
the 7id setup. Attempts of improvements should quite clearly be targeted at Lemma
5.5.3, which is the reason for assuming (5.9). Referring to Appendix A, this result
has be optimised as much as possible using the straight forward exponential change
of measure. Thus to achieve improvements one much invent another approach.

One can also allow for the sequences that are compared to have different lengths m
and n, say. In this case a similar result is valid for n, m — oo with
 log K* +log(mn) +

m,n 0

This can be derived using Iy C [ given by

IO:{(k:,r):(k;,ql) ke {o,...,m}, qe{o,...,w}},

and then apply Theorem 5.4.1. Some restrictions on the simultaneous growth of
m and n must be made in order for this to work. It is certainly sufficient that
0 < liminfm/n <limsupm/n < oo but weaker assumptions will do. From a prac-
tical point of view, one should just keep in mind that when m and n are of vastly
different size there could be problems with the Poisson and the Gumbel approx-
imations. Simulation studies can then be helpful in revealing to what extend the
approximations hold anyway. We refer to Chapter 7 for a simulation study explor-
ing a similar problem in the context of local structures as presented in Chapter

6.
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Notes

The results in this chapter are new. The general idea of using the Poisson approz-
imation by Arratia et al. (1989) for proving a result like Theorem 5.3.1 is, on the
other hand, not. A very similar technique of proof was used by Dembo et al. (1994b).
Indeed, Arratia et al. (1989) themselves apply the Poisson approximation to a simi-
lar sequence comparison problem. But even though Dembo et al. (1994b) was a great
inspiration for the results and proofs presented here, almost all of the details have
been changed. The counting construction presented here to approximate C(t,) seems,
in this authors opinion, to be more closely related to C(t,) and easier to work with
than the corresponding counting construction presented by Dembo et al. (1994b).
Moreover, they use to a great extend inequalities based on large deviation theory to
derive relevant estimates of probabilities, whereas the the method of choice in this
chapter is exponential change of measure. Furthermore, several new problems arise
due to the Markov dependence in the sequences. Most notably, the result correspond-
ing to Theorem 5.5.10 was derived in the id setup by a very smart permutation
argument, which essentially employs exchangeability of iid-variables. The alterna-
tive route presented here, which works for Markov chains, is an application of the
Asuma-Hoeffding inequality for martingales.



6
Local Folding of Markov Chains

6.1 Introduction

In Chapter 4 we discussed structures and the scoring of especially stem-loops. This
chapter contains an analysis of the maximal, gapless (g; = c0) score of local stem-
loop structures, allowing in principle an arbitrarily large hairpin loop (g = 0).
For the sequence being a Markov chain, we obtain a Poisson approximation of the
number of essentially different stem-loop structures with a score exceeding some level
t, and from this we derive a Gumbel approximation of the maximal local stem-loop
score.

6.2 Local folding structures

Let (Xi)g>1 be a sequence of stochastic variables taking values in a finite set £, and
let, for n > 1 given, Yy, = X,,_g41, K = 1,...,n. Thus (Y;)1<k<n is the time reversion
of (X&)1<k<n. Introduce the set

Ho={(,7,A) |0<j<j+A<nn—j+1<i<i+A<n}

which we in this chapter call the set of structures. As for alignments, there is a
one-to-one correspondence between the elements (7,5, A) € H, and structures of
the form

{n—j—A4+1i+A),(n—j—A+2,i+A—-1),....(n—7j,i+ 1}

The structures given by H,, are closely related to the alignments defined in Chapter
5, and the only difference is the restriction n + 1 < i + j. This reflects the physical
restriction of folding a sequence back onto itself to form a stem-loop.

105
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We assume a score function f : E X E — Z given and define for (i, j, A) € H,

A A
SAJ — Zf(Xk+i7Yk+J Zf Xk—i—l? n— k—j""l)
k=1 k=1

as the score of the structure (7,7, A). The score Sfj is thus in the terminology of
Chapter 4 the local stem-loop score of the structure given by (7, j, A) using gy = 0.

We can summarise the scores by the score matrix (7 ;) — still reflecting the con-
straints imposed by H,, — defined by 7; ; = 0 for ¢ + 7 < n + 1 and recursively

T = (Ti-1,-1 + f(X5, Y}))+ (6.1)

for i +j5 > n 4+ 1. Note that the score matrix is only non-zero below the ‘anti’-
diagonal, that is, below the diagonal going from the lower left corner to the upper
right corner. In is quite common in the literature on secondary structures to rotate
the score matrix 90 degrees counter clockwise, so that it becomes an upper triangular
matrix. We keep it this way to make it directly comparable with the alignment score
matrix from the previous chapter.

We want to count the essentially different excesses above a threshold in the score
matrix, but we will further impose a window of size w, 2 < w < n, to which we
will restrict our attention. One observes as for alignments that the maximum of Sfj
where (7,7, A) € H, is restricted by the window to satisfy i + j + 2A < n 4+ w can
be obtained as the maximum over T; ; with (7, j) satisfying ¢ + j < n 4w, i.e.

M= max SiAj = max T1;;. (6.2)
(i,5,A)€EHn ’ (i,5)
i+j+2A<ntw i+j<n+tw

Definition 6.2.1 Given a window size w, a structure (i,j, A) € Hy with i+ j +
2A < n+w is called an excursion if

Ti;=0, S5),;>0for0<d<A
and either Sfj:(),z%—A:n,j—i-A:n
or i+j+2A=n+w

Let &, ,, be the set of all excursions with window w.

For e = (4,7, A) € &,,, an excursion

s
M:maXS—maxT5-5
€T 0o<A T T gegen oIt

is the maximum over an excursion, and we can introduce the counting of excesses.
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Definition 6.2.2 The essentially different excesses over t is defined as

Cow(t) = D 1M, > 1), (6.3)

eGSn,w

hence from (6.2) we get (Cpo(t) = 0) = (M < t).

6.3 Stem-loops in a Markov chain

We assume that the process (Xj)x>1 is a stationary, irreducible and aperiodic Markov
chain with transition probabilities P and invariant measure 7. It plays a role in
this chapter that the Markov chain is assumed stationary since the time reversion
(Yi)1<k<n is then also a time-homogeneous Markov chain. In fact, it is a stationary,
irreducible and aperiodic Markov chain too with transition probabilities

P gy = Ty Py
Tao
Assume for all 7 > 1 that there exists a cycle zy,...,x, (w.rt. P) and a cycle

H
Y1,y -, Yn (Wr.t. to P) such that

3

(@, yp) # Zf(%yykw (mod n))-

k=1 k=1

Furthermore, assume that there exists a cycle (z1,...,z,) (w.r.t. P) and a cycle
H
(Y1, -, yn) (w.r.t. to P) such that

Z [, yk) > 0.
k=1

Considering (X)r>1 as part of a doubly infinite sequence (Xj)rez, we observe that
n D —n
(Yk>k:1 = (Xk)k::—l'
The process (S,)n>1 defined by S, = >, f(Xi, X_y) is a MAP with
H(:ro,xl),(yo,m) = 5f(a:1,y1)

and transition probabilities for the underlying Markov chain being P ® P. This
Markov chain has invariant probability measure mp®7p. Assuming that the invariant
mean is negative,

p=rp@7p(f)= Y flz,y)mp(z)mp(y) <O,

z,yeL
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and defining the E? x E? matrix ®(0) by

H
q)((g)(tco,yo):(wl,yl) = exp(@f(xl, y1>>PIo,w1 Py07y1

with spectral radius ¢(6) = spr(®(0)), there is a unique solution 8* > 0 to p(#) = 1.
Likewise, K* is the constant defined for this MAP by (2.19) in Theorem 2.4.3.

In addition to ®; and @, defined in Section 5.3 (with @ = ?), we need to introduce
two further ®-matrices. Define for § € R

B1.(0) (o yoo) (o) = XP(OF(@1,01) + 0 (1, 21)) Prg.or Pyys P
B (0) osuno(ernan) = xPOF(x1,y1) + 05 (w1, 1)) Paoyar Paan Py

B5(0) (o oo (e o) = XD(OF(@1,01) + O£ (21,21)) Pag.ar Py P

B4(0)oswomorieriny) = XPOF(@151) + 0F (51,101)) Prg.as Pags Py

Note the subtle difference between ®; and ®3 and between ®, and &4 respectively.
The change is a permutation of the arguments to the second f, hence if f were
symmetric there would be no difference at all. We don’t want to assume that f
is symmetric, and we need to take all four ®-matrices into account. Let ¢;(0) =
spr(®;(0)) for i = 1,2,3,4 denote the spectral radii of the ®-matrices.

Theorem 6.3.1 Assume that u < 0 and that 8* and K* are chosen as described
above. Assume, furthermore, that

©i (29*) <1 (6.4)

fori=1,2,3,4. Then if we for x € R define

- log K* 4 log(n(w —01*) —w(w—1)/2) +x (6.5)

and Ty € 10,60%) by Tpw = 0 (tnw — [taw]), it holds that
ID(Cotn)) — Poiexp(— + 1)) | — 0 (6.6)
for n,w — oo such that (logn?)® = o(w). In particular
P(Miw < tnw) — exp(—exp(—z + Tp4)) — 0 (6.7)

for n,w — oo.
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Remark 6.3.2 The number of entries in the score matrix fulfilling that n + 1 <
i+j <n+w can be shown to equal n(w — 1) —w(w — 1)/2. If w = n we have that
n(w—1) —w(w — 1)/2 = n(n — 1)/2 corresponding to (approzimately) half of the
score matrix is being used. If we fix w and let n — oo we find, on the other hand,
that n(w — 1) —w(w —1)/2 ~ n(w —1). The condition imposed on the simultaneous
growth to co of n and w may seem a little strange. It basically means that w can not
grow arbitrarily slowly compared with n, and in the line of proof presented here, it
turns out that (logn?)3/w — 0 is a sufficient condition. It may very well be improved
slightly, but it seems irrelevant to do so.

6.4 Proofs

We define the index set I as follows
Iy = {(k:,ql) | ke {0,...,n}, ¢€{0,..., L%J}, n+1+3l§k+ql§n+w}.

The index set Ij is non-empty if 1+ 3/ < w and one should generally think of w > (.
Below we choose | ~ (logn?)?, so if (logn?)? = o(w) for n — oo the set I is indeed
non-empty for large n. As for alignments we introduce for t > 0 and a = (k,r) € I
the stochastic variable

A
V,=Valt) =1 <1§rg3g§lh§:; F(Xpen, Yoin) > t) ,
which count if there is an excursion exceeding ¢ within the diagonal-within-a-strip
indexed by a. There is a very subtle reason for restricting our attention to indexes
a = (k,r) satisfying n + 1 + 3l < k + r and not just n + 1 < k + r. It corresponds
to simply ignoring a sub-diagonal strip of width 3/ in the score matrix. A strip that
is asymptotically negligible for n — oo under the conditions that [ ~ (logn?)? and
(logn?)3 = o(w). The reason is to get rid of some very nasty dependencies close to
the diagonal, which arise due to the folding of the sequence back onto itself.

The neighbourhood of strong dependence also needs to be redefined for this setup.
For a = (k,r) let

B! — {k—z,...,k+21}x{0,1,25,...,mzmlo

B = {0,....nyx{r—Lnrr+1}nI

B = {0,....nyx{n—k+1—-In—k+1ln—k+1+1}NI

B! = {n—r+1—z,...,n—r+1+21}x{o,z,zz,...,Hl}mo
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Figure 6.1: An example of
the neighbourhood of strong
dependence for the diagonal-
within-a-strip, a, in the case of
folding a sequence back onto
itself. The neighbourhood be-
comes slightly more compli-
cated in this case compared to
aligning two independent se-
quences, because the reuse of
variables is more intense. Here
we see the case where the win-
dows size w = n.

x

Y

a=(k,r)

5K o e

and put B, = Bl U B> U B3 U B}. Intersecting with I in the definitions above is a
restriction of the four sets to the triangular part of the score matrix we are interested
in. On Figure 6.1 we see an example of the neighbourhood of strong dependence in
the case where w = n.

Lemma 6.4.1 If we, for some x € R, let

log K* + 1 D) = wlw — 1)/2
L= by~ (logn?)?  and  t =1, — el los(n(w 9*) ww—1)/2) +

and define T, € [0,60%) by Ty = 0" (thw — [tnw]), then under the assumptions in
Theorem 5.3.1, the conditions in Theorem 5.4.1 are fulfilled with

An = exp(—z + ).

That s

D <Z Va> — Poi(exp(—z + mnw))H — 0.

a€ly

Proof: The proof is to some extend a copy of the proof of Lemma 5.5.11. There are,
however, some details that need to be handle carefully.
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X

i j i+1 i+T i+T+1
|
|

<
or—---17°
1

Figure 6.2: In the fold-back setup there are, in addition to the two different cases
from the ordinary alignment setup, also two essentially different cases where the
overlapping part is turned around before realignment. Either as shown here the
overlap is in the X-sequence, or the overlap is in the Y-sequence (which is the
X-sequence reversed, but there is a difference).

First of all observe that due to the assumption that (logn?)3/w — 0 for n,w — oo
it holds that [Io| ~ (n(w — 1) — w(w —1)/2)I"'. And since
P(V,>t,) =PV, >t, —2,/0°) ~ (n(w—1) —w(w —1)/2) exp(—z + z,)
as follows from Lemma 2.4.6 (the convergence is uniform in a), we have that

> E(Va) ~ Dol (n(w — 1) — w(w — 1)/2) " Texp(—z + z,) ~ exp(—z + 2,

a€ly
or, since exp(—x + x,,) is bounded, |Zaelo E(V,) — exp(—z + z,,)| — 0
Furthermore, E(V,)E(V;) ~ (n(w — 1) — w(w — 1)/2) 2% exp(—2(z + z,)) and
max, |B,| = O(n) = o(|Iy]), so

> E(VE(W) < K|lo| max|Bq| (n(w — 1) — w(w — 1)/2) 1> — 0
acl,beB,

for n,w — oo.

To verify that condition (5.17) in Theorem 5.4.1 holds, we divide the neighbourhood
of strong dependence B, into five disjoint sets;

C.,=B'nB? D!=BN\C, and D?=B\C,

together with B3 and B?. By exactly the same arguments as in the proof of Lemma
5.5.11, it follows that

> E(V.V;) — 0 and

aEIo,bECa

S OEW.W%) — 0

a€ly,beD},
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for i = 1,2 using for the second limit that ;(3/46%) < 1 for i = 1,2. To take care
of a € Iy and b € B! for i = 3,4 we need the conclusion from Lemma 5.5.3 but for
the overlap as depicted in Figure 6.2. The result is easily verified by a proof similar
to that of Lemma 5.5.3. Thus due to the assumption ¢;(3/40*) < 1 for i = 3,4 we
can obtain, for some ¢ > 0, the estimate

E(V,V,) < KI*exp(—3/20*(1 + ¢)t)

for a € Iy and b € B! for i = 3,4. And therefore

Y. E(VW) < Kl(n(w—1) —w(w —1)/2)7214 % B

(ZEI(),I)EBZ1 s
< KPn(w—1) —w(w —1)/2)73/20+)
xKi(n(w—1) —w(w — 1)/2>3/2 50

Finally, we need to verify condition (5.18). For this, we embed (X} )g>1 into a doubly
infinite, stationary Markov chain (Xj)rez, which is exponentially S-mixing, thus

B(k)=E sup |P(A|F o) —P(A)], < Kiexp(—Ksk).
AG]'—[k,oo)

For a = (k,r) we let m = n —r+ 14 3l < k and define [; = (—oo,m — I,
L=m+1m+l), Is=[m+2+1,k=1], I, =[k+1,k+1] and I5 = [k+20+1, c0).
With I = I;UI3UI5 and J = I, U I, we clearly have that F, C F; =o(X,, | n € I)
and V, is F; measurable. Hence from Lemma 2.6.2 and Theorem 2.6.4 we obtain
that

E[E(Va|Fa) —E(Va)| < Ta(Fr, Fy) < 78(1+1) < K exp(—Kol).
This implies that

Y EIE(VF) —E(Va)| < K(n(w— 1) — w(w — 1)/2)” exp(— K> (logn?)*) — 0

a€ly

for n,w — oc. O

Proof of Theorem 6.3.1 The idea is again to show that

P (Z Va(tn,w) 7é C(tn,w)) — 0,

acly

and the technique is the same as in the proof of Theorem 5.3.1. That is, we can
show that all the excursions in &, , exceeding t occur with probability tending to
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1 in such a way that they each and every one of them are counted exactly once by
> aety Valtnw).

The only difference where one has to be a little careful is what happens close to the
boundary and with the sub-diagonal strip that we ignored in Iy. The probability of
any excursion exceeding t occurring in these regions can, however, as in the proof of
Theorem 5.3.1 be seen to be bounded by Knlexp(—6*t) — 0 for n,w — oo — using
again that [/w = (logn?)?/w — 0. O

6.5 Discussion

Though the result is very similar to that of Chapter 5, it is a genuinely new result —
even if we consider a sequence of 7id variables — and it seems to be a novel idea to take
this approach to search for local structures in sequences. It should be emphasised
that we look specifically for local stem-loop structures, and this is what makes the
theory very similar to that of local alignments.

If the reader is confused by the introduction of a window, it may be beneficial to first
think of w = n, which corresponds to no window. Introducing a window effectively
means to restrict our attention to a part of the score matrix. It is then no surprise
that the Poisson approximation is still valid with a mean that is suitably modified.
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Searching for Small Folding
Structures

7.1 Introduction

The development of the results in Chapter 6 was inspired by some recent discoveries
in biology. Certain small RNA-molecules were found to play a role in the regulation
of gene expression. It was observed that RNA can interfere with the translation
of messenger RNA (mRNA) by complementary binding to the mRNA and thereby
preventing translation or directing degradation of the mRNA (C. Lee & Ambros
2001, Lau et al. 2001, Lagos-Quintana et al. 2001). It was also found that RNA-
molecules with this function were transcribed from the cells own DNA, and such
RNA-molecules were, due to their size of approximately 21-22 nucleotides, named
micro RNA (miRNA). A characteristic feature of miRNA is that the molecule is
transcribed into a so-called precurser of size approximately 100 nucleic acids pos-
sessing a stem-loop structure. This structure seems to be important for the way
the molecule is afterwards ‘prepared’ by cutting out the actual miRNA from the
precurser.

Our interest in miRNA is as an example of RNA-genes or non-coding, functional
RNA. By RNA-genes we mean chromosomal DNA that is transcribed into RNA and
show some function in the cell other than ‘just’ being messenger RNA. A classical
example is transfer RNA (tRNA) that assists the ribosome (which also contains
RNA-parts) in the translation of mRNA into protein. We are interested in the finding
of such RNA-genes in the DNA by computational methods, and the main idea
presented here is to search for small sequence parts that posses a stem-loop structure.
The stem-loop is a characteristic feature for miRNA that seems to be appropriate for
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distinguishing miRNA, but for other kinds of RNA-genes other (structural) features
might be more important.

The main points treated in this chapter are how the miRNA stem-loop structure
can be modelled and used to find miRNA-like RNA in large DNA-sequences, and
how we can evaluate, improve and optimise the search technique based on the theory
developed in Chapter 6 (and some extrapolation). In this setup we also discuss, using
simulations, the applicability of the extreme value theory developed.

7.2 Modelling miRNA

We present a dataset consisting of 59 miRNAs from the worm C. elegans for which
we fit relevant models. Null-models are fitted using the C. elegans genome, and we
construct score functions by the approach in Chapter 4. The dataset contains 59
sequences from the alphabet

E ={a,c,G,u}

each consisting of between 72 and 110 letters. This dataset was kindly extracted
in 2002 by Morten Lindow, University of Copenhagen, from the Rfam database
(Griffiths-Jones et al. 2003). Today, the number of miRNAs found in C. elegans has
increased in the database, but we strick to the original dataset for this analysis.
Together with the sequence of letters comes a predicted structure, which is found by
computational methods. Using predicted structures for the estimation of a model
may seem as a problem, but we argue that this is not so. The point is that we want
to fit a model for the sequence of letters for a given structure, which we believe to be
a stem-loop. The structure prediction programs predict structure from the sequence
as the minimal energy structure under a specific choice of energy function — or one
may prefer to say that the predicted structure is the most likely such structure
under a corresponding Gibbs measure. In all cases the predicted structure turns out
to be a stem-loop for the dataset considered. Hopefully, this transformation of the
sequence, which we use to fit a model, captures some of the essential features of
the letter composition in the miRNA. We can view the use of predicted structures
as a missing data problem, which we solve by imputation. Though this may not be
optimal, we will not pursue a discussion of alternative methods.

In Figure 7.1 we see an example of a miRNA from C. elegans called mir-1. The
figure shows the characteristic stem-loop structure of the precurser for miRNA. We
see the hairpin loop at the right and a few internal loops and bulges along the stem.
Most of the letters form canonical Watson-Crick pairs, that is AU and CG-pairs.
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5 —-Ggua UA AG C GC AUC
ACCG CCG C UGCAUACUUC UUACAU CCA UA CUAU A

UGGU GGC G[AUGUAUGAAG AAUGUA GGUJAU GGUA U
3 —UGA GG AA A A A AA

Figure 7.1: The miRNA mir-1 (5 — UGGAAUGUAAAGAAGUAUGUA — 3’ in square
brackets) in the surrounding precurser, which form a (predicted) stem-loop structure.

Together with GU pairs, which also occur a few times in the structure, we refer from
hereon to such pairs as canonical pairs. Pairs different form the canonical pairs are
not found in the structure. For instance, around the middle of the stem we find a
lonely ¢ on the upper strand opposing a lonely A on the lower, but they are not
regarded as forming a pair - on the contrary, they form an small internal loop. If
we only allow for canonical pairs we end up with a model and a score function
that prohibits all other pairs in a structure. Thus the stem structure for the mir-1
precurser would essentially be broken up into six contiguous parts formed by allowed
pairs only. Without a finite gap penalty function for the internal loops, the score
function would not be able to ‘connect’ these six parts together. This is of course
undesirable. We could just allow for a finite gap penalty function, but we want
to make an analysis first without introducing gaps to be able to apply the theory
developed. A solution is to regard the symmetric internal loops as if they also form
pairs. We therefore basically include all the symmetric loops, which pari up in an
obvious way, into the structure and then fit a model to the data. The internal loops
are short and rather rare compared to the number of canonical pairs, but with the
inclusion of these non-canonical pairs we obtain a non-degenerate model and thus
a score function allowing for all pairs to occur. Moreover, since the non-canonical
pairs are rather unlikely, they receive a negative score as we show below.

With this approach of preparing the data we obtain, using maximum likelihood
estimation, the estimate © specifying the alternative hypotheses under the #id model.
Using chromosome 1 (one of the strands) from C. elegans we obtain an estimate \
specifying the null hypothesis. There are 2220 pairs in the miRNA dataset used to
fit v and roughly 15 million letters in chromosome 1 used to fit A.

v A
A C G U
A 0.01 0.01 0.01 0.20 0.32
c|0.01 0.01 0.21 0.01 0.18
G |0.01 0.18 0.01 0.05 0.18
U021 0.01 0.05 0.01 0.32

Observe that had we used the complementary strand in chromosome 1 for the es-
timation of A, we would for these data obtain the same estimate. These estimates
result in a log-likelihood ratio score function f being:
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A C G U
—-2.30 —-1.59 —-2.07 0.64
-1.35 —-1.62 1.89 -2.08
-1.71 1.74 —-1.55 -0.19

0.70 —-1.63 —-0.10 —1.94

a Q>

Note the some of the asymmetry appearing in f compared to ¥ is a result of using
a higher precision of 7 in the computation of f than the two digits given above.
As discussed in Chapter 1, we typically use an integer version of the score function,
thus consider! instead of f the score function f; = I,(f):

A C G U
Al-9 -6 -8 3
c|-5 -6 8 -8
G|—=7 7 -6 -1
vl 3 -7 0 -8

We can make a few interesting observations about this score function. First of all,
the positive entries are not located on the diagonal but instead (with the ordering
of the letters used here) on the ‘anti’-diagonal. This is different from the score
functions used for alignment, and of course it just reflects that the preferred pairs
in a structure are pairs between different letters (canonical pairs) whereas preferred
pairs in an alignment are pairs between equal letters. Secondly, the score function
is derived from 7 with marginals clearly differing from A. Thus the score function
actually detects a combination of potential structural pairing and letter composition
bias. This results for instance in that CG pairs score more than twice as much as
AU pairs even though the two kinds of pairs are almost equally likely under the
v-measure. This phenomenon is sometimes referred to as a CG-bias, but perhaps it
is more correct to say that it is the genome that shows an AU-bias. It is of relevance
to investigate whether the score function just detects CG-bias or whether there is
more to it. We continue this discussion in the next section.

Furthermore, one can observe that the score function is slightly asymmetric, but
this author is not convinced that this is really important. Asymmetry can, however,
not be ruled out as a reasonable phenomenon. The asymmetry of the CG- versus the
GC-pair estimated for o corresponds to a (small) preference of the ¢ to be in the
3/-strand of the stem-loop.

lwe choose to keep the score function of moderate size to be able to apply the computational
methods discussed in Chapter 2 for computing K*, hence the moderate multiplication by 4
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A corresponding estimation is carried out using the Markov model. A problem occurs
due to the limited dataset and the many parameters in the transition matrix R
specifying the alternative hypotheses under the Markov model. Roughly half of the
transitions between non-canonical pairs don’t occur in the dataset even though we
include the symmetric internal loops as pairs in the structures. This is undesirable
as it will again lead to a score function that prohibits certain transitions. We make
an ad hoc solution and add a pseudo-count to all entries in the matrix of transition
counts, that is, we simply add one to all the entries. This results in the matrix, f%,
of estimated transition probabilities based on 1972 transitions:

AA CA GA UA AC cC GC ucC AG cG GG uG AU CU GU uu
AA | 0.05 0.08 0.05|0.10 | 0.03 0.05 | 0.15 | 0.03 0.05| 0.15 | 0.03 0.03 | 0.10 | 0.03 0.05 0.03
cA | 0.02 0.04 0.02]0.10|0.06 0.02|0.12 | 0.04 0.04 | 0.18 | 0.02 0.10 | 0.12 | 0.02 0.06 0.02
GA | 0.05 0.05 0.05|0.10 | 0.03 0.03 | 0.10 | 0.05 0.03 | 0.18 | 0.03 0.05 | 0.13 | 0.03 0.03 0.08
UA | 0.01 0.02 0.01 | 0.21 | 0.00 0.01 | 0.19 | 0.00 0.00 | 0.20 | 0.02 0.04 | 0.19 | 0.02 0.05 0.01
Ac | 0.02 0.02 0.02 | 0.14 | 0.02 0.02 | 0.19 | 0.02 0.02 | 0.12 | 0.05 0.02 | 0.19 | 0.02 0.05 0.05
cc | 0.03 0.03 0.03]0.20]|0.03 0.03|0.13|0.03 0.03|0.17 | 0.03 0.03 | 0.10 | 0.03 0.03 0.03
Gc | 0.01 0.02 0.01 |0.27 | 0.02 0.01 | 0.14 | 0.01 0.01 | 0.16 | 0.00 0.07 | 0.19 | 0.01 0.05 0.02
uc | 0.02 0.05 0.02 | 0.14 | 0.02 0.02 | 0.12 | 0.02 0.02 | 0.19 | 0.02 0.02 | 0.19 | 0.02 0.05 0.05
AG | 0.06 0.06 0.12 | 0.06 | 0.09 0.03 | 0.06 | 0.03 0.03 | 0.09 | 0.03 0.09 | 0.12 | 0.03 0.03 0.03
cG | 0.01 0.01 0.02|0.22|0.02 0.01|0.15|0.03 0.01|0.21 | 0.01 0.03 | 0.20 | 0.01 0.05 0.02
GG | 0.03 0.03 0.03 | 0.19 | 0.03 0.03|0.13 | 0.03 0.03|0.06 |0.03 0.10 | 0.13 | 0.03 0.06 0.03
uG | 0.01 0.02 0.01 | 0.19 | 0.03 0.03 | 0.18 | 0.03 0.01 | 0.20 | 0.02 0.04 | 0.17 | 0.02 0.04 0.02
AU | 0.02 0.01 0.01 | 0.12 | 0.01 0.01 | 0.26 | 0.01 0.01 | 0.21 | 0.01 0.06 | 0.19 | 0.01 0.05 0.01
cu | 0.03 0.03 0.03|0.06|0.03 0.03|0.22|0.03 0.03|0.19|0.03 0.03]0.09|0.03 0.03 0.09
Gu | 0.01 0.04 0.02|0.17 | 0.02 0.02 | 0.15 | 0.03 0.01 | 0.25 | 0.02 0.09 | 0.08 | 0.02 0.06 0.03
uu | 0.02 0.04 0.02 | 0.16 | 0.06 0.04 | 0.10 | 0.06 0.06 | 0.12 | 0.02 0.04 | 0.14 | 0.02 0.02 0.06

&
The transition probabilities P (and P) under the null hypothesis are estimated
again using chromosome 1 from C. elegans with roughly 15 million transitions:

. oy
P P
A C G U A C G U

0.42 0.15 0.16 0.27
0.34 0.19 0.19 0.28
0.35 0.19 0.19 0.26
0.19 0.20 0.19 0.42

0.42 0.19 0.20 0.19
0.26 0.19 0.19 0.35
0.28 0.19 0.19 0.34
0.27 0.16 0.15 0.42

aQ Q>
aQ Q>

Observe that for the permutation o = (AU)(CG) we apparently have that
—

~

P o(@)o(y) = Puy-

There is no particular reason that this should be the case since, in general, for an
arbitrary P

o) LPo(y),o@)

o(x)o(y) — To(a) :

H
P
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«—

A

The transition probabilities given by P ,(;)+(,) are the transition probabilities for

the complementary strand of the strand we used for estimating P. Tt is interesting,
like for the id case, that there is no apparent difference between the Markov chains
modelling the two strands.

The corresponding integer version, fo = I4(f), of the score function becomes:

AA CA GA | UA AC CC | GC UC AG | CG GG UG | AU | CU GU UU
AA| =5 0 =2 1| -4 3| 7 o -1 74 -1 -1} 0|-3 0 =3
CA| =7 -3 —6|-2 2 -1}, 6 -1 0| 7| -2 2| 2|—-4 1 -6
GA| -3 -2 -2 -1 =2 0] 5 o -2 74 -1 0] 2|-3 -3 -1
vaA| -9 -4 -7 1| -9 =5} 9|-10 -9 8| -1 -2 4|]—-4 1 -9
AC| =7 —4 -4 3| =5 -2| 6| -2 —-5| b 1 -2 21-3 -1 O
cc| 4 -3 =3 2| =2 0| 5| =3 —=2| 6 0 -3 1|-2 -2 -4
Ge| -9 -5 -7} 3| 4 -6, 5| -6 -6 6/—-10 0] 4]-6 0 —6
vec| -5 0 -3, 0 -3 -1 6| =5 =3| 7| -1 —=5| 4|-2 1 -4
Ac| -4 0 2| O 1 -1 2| -1 -4 4] -1 4| 0] -2 -2 =2
cG| -7 -8 -5 2| -4 -6 6| -3 -6 7| -6 =3| 4|-8 0 =7
GG| =b -3 3| 2| -2 0| 5| =3 =2 2, -1 2| 2|(-2 1 -4
vG|-10 -5 -7 1| -3 O 7| =5 =7 8| =2 =3| 3|—-4 0 -8
AU| =5 -4 -4} 5|-10 -6 8| =7 =7 7| -4 2| 0|-8 -2 -7
cu| -2 -1 -1 0| -2 -1 7| -3 =2| 7| -1 -3|—-1|—-4 —4 =2
Gu| =7 0 -3| 4| -4 3| 5| 4 =7 8] =3 1|-2|-6 -1 -7
vu|l -4 1 —-1| 3 1 1] 5| -1 1} 6| -1 -3 1|-5 —4 -4

It is hard to make an intelligent summary of the content of these 256 numbers. The
Watson-Crick canonical pairs have been framed to make the reading of the table
easier — it is after all most important how these pairs score. Scrutinising the table
might reveal interesting observations. For instance, the ‘alternating’ transition UA to
AU scores higher than UA to UA. This can be explained by observing that transitions
under the null hypothesis from A to A are twice as likely as transitions from A to
U. And likewise for U to U transitions. On the other hand, under the alternative
hypothesis, the alternating transition UA to AU are almost as likely as the non-
alternating transition UA to UA, which makes ‘alternation’ a distinguishing feature
of the letter composition in miRNA. Otherwise, one should observe that transitions
to the canonical pairs in general receive a positive score whereas transitions to non-
canonical pairs receive a negative score. Moreover, the CG-bias phenomenon can also
be observed for this score function.
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7.3 Detecting miRNA

With the score functions found in the preceding section we can try to detect miRNA-
precursers within long sequences of DNA. For a given sequence x from F of length n
the method is simply to construct the score matrix 7' = (7};)o<i j<n given by (6.1) —
using x as a realisation of the stochastic process (X,,),>1 — and then search for high
scoring excursions. If we fix the window size w prior to computing 7', we can save
some computations. Realistic choices of n and w could be n = 15 x 10% and w = 200.
This would roughly correspond to searching a single C. elegans chromosome using a
window of size 200. We choose 200 as a window size sufficiently large for capturing
all the miRNAs in the dataset.

Then fixing a threshold sg, cf. the discussion in Section 4.4, we can classify the excur-
sions with a maximum exceeding sy as stem-loop structures and hence as potential
miRNAs. We want to use Theorem 6.3.1, given that the conditions imposed for the
theorem to hold are actually fulfilled, to approximate the specificity

1 —a(sg) =Py Mpw < s0) .
It follows from Theorem 6.3.1 that the distribution of
M, = 0" M, — log K7

asymptotically doesn’t depend on Ag nor on the score function f. This is a highly
useful observation and this normalisation of the maximal score will serve to make
the performance of different score functions comparable. With

a*(so) = a((so +log K7)/6"),
Theorem 6.3.1 implies that
1 —a*(sg) ~exp(—(n(w —1) —w(w —1)/2) exp(—So + Snw)) (7.1)

with s,,,, € [0,0"). Furthermore, the distribution of C; ,(s0) = C, 4 ((so+log K*)/6%),
the number of normalised excursion maxima exceeding sy, can be approximated by
a Poisson distribution with mean

Enw(s0) = (n(w—1) —w(w —1)/2) exp(—s¢ + Spw)- (7.2)

Fixing w, it follows from (7.2) that if &, ,,(so) is to be kept fixed, the threshold scales
approximately like logn. That is to say, changing n we should change the threshold
s roughly like log n to keep the mean &, ., (So) fixed. The asymptotic approximations
are of course in principle only valid for n and w tending to infinity and &, ,,(so) having
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a non-zero limit. Nevertheless, the approximation is often quite good for reasonable
choices of n, w and sq of practical interest, cf. Section 7.4 below.

Having established the approximation (7.1) we have an idea about how the speci-
ficity depends on the threshold. We will use the dataset to establish an empirical
approximation of the sensitivity as discussed in Section 4.4. Choosing a score func-
tion and a null model we can, for each of the 59 sequences in the miRNA dataset,
compute the score matrix and the corresponding normalised maximal score. This

result in a set of 59 normalised scores, s7,..., sy, and a corresponding empirical
sensitivity
T
B(s0) = 59 ;1(3,c > 50).

Thus [Z(sp) is the fraction of miRNAs in the dataset that would be found using
the threshold sq. It is of interest to understand the covariation of the specificity and
sensitivity as we change sg. In this setup, the (asymptotic) specificity is a monotonely
increasing function of sy (depending on n and w), and the function sy +— (3(so)
therefore contains all the information we need. Moreover, it is independent of n and
w and due to the normalisation it is also independent of the model parameters as
well as the score function. The behaviour of the function sy — (3%(sg) is therefore
suitable for comparing different models and different score functions.

Assume, for example, that we want to search for potential miRNAs using the inde-
pendence model. That is, we choose the score function f;, and we need to compute
the 6* and K* parameters under the relevant null hypothesis. Under the indepen-
dence model we assume that the sequence is a sequence of iid variables with distri-
bution . The average score using f; under ) is found to be u = —3.45. We may,
however, also be interested in other null hypothesis, e.g. a Markov chain or another
11d model, to investigate the performance of the score function f; in more details.
First of all, if we believe that the Markov chain given by P is a better description
of random sequences than the iid model, it might be more appropriate to evaluate
the performance of f; using the Markov chain as null hypothesis. Under the Markov
chain null hypothesis the average score is still —3.45 due to the fact that the invariant
measure of P is \. Secondly, as discussed in the preceding section, it is also of inter-
est to investigate whether the score function f; simply detects cG-bias. To do so we
consider the, relatively to )\, CG-rich uniform distribution \, = (0.25,0.25,0.25,0.25)
(which is also close to the marginals of ©). This results in an average score being
ty = —3.13 compared with the average —3.45 under A. The fact that the average is
still negative and rather close to the average under A show that the score function
detects more than just cG-bias. We compute in these three cases the following values
of the constants 6* and K*:
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One also verifies that the ¢;(3/40*) < 1 condition for i = 1,2,3,4 is fulfilled in all
three cases, and it is trivial to check that the rest of the conditions for Theorem
6.3.1 to hold are fulfilled too.

Computing the empirical scores of the miRNAs using f; and normalising using either
of the null hypotheses give, as shown in Figure 7.2, three different empirical sensi-
tivity functions. Due to the normalisation they are comparable. We observe that the
difference between the #d null hypothesis A and the Markov null hypothesis Pis
negligible. The picture is a little different when comparing with the uniform null hy-
pothesis. The difference between the two empirical sensitivity functions, comparing
the two 2id hypothesis A and Au, quantifies in some sense the information contained
in the score function due to the cG-bias in miRNA. For example, assume that we
want to search a sequence of length 100,000 using a window of size 200, and that
we want the sensitivity to be approximately 80%. On Figure 7.2 we read of that to
reach the desired sensitivity the normalised threshold sy should be approximately
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13 under A and 11 under \,. By (7.2) we find that under the cG-rich null hypothesis
Ay there will be roughly exp(2) ~ 7.4 times as many randomly occurring stem-loops
exceeding the threshold as under A In numbers, fixing the sensitivity to be 80% we
have that &, ., (s¢) ~ 45 under A and Enw(S0) =~ 334 under \,. Thus in a CG-rich
sequence (as modelled by A,) the score function f; clearly looses some of it ability
to distinguish true stem-loops from random stem-loops compared to an ‘average’ se-
quence as modelled by \. The difference is, however, not alarming, and the cG-bias
is definitely not the only feature of miRNAs that f; captures.

7.4 A simulation study

To test the validity of the extreme value theory we conducted a simulation study. For
relevant applications, as discussed above, the window size w is usually much smaller
than the length n of the sequence in which we search for local stem-loop structures.
We fix a rather small window size w = 200 and compare the theoretical results
with simulations for n ranging from 400 to 15 millions. We use the score functions
computed above and carry out two studies — one where we simulate under the #id
model and use the corresponding #d score function and one where we simulate
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Figure 7.4: By the asymptotic extreme value theory, the normalised maximal local
structure score should follow a Gumbel distribution. The figure shows under the #d
model the QQ-plots of the normalised empirical scores versus the theoretical Gumbel
distribution for w = 200 and n ranging from 8000 to 15 millions.

under the Markov model and use the corresponding Markov score function. In both
simulation studies we simulate, for each n, 200 sequences of length n under the null
hypothesis and compute the maximal local structure score using the relevant score
function. As discussed, the normalised score

M =0 M, —log K7

has an asymptotically parameter independent distribution. We compare the nor-
malised simulated scores with the relevant Gumbel distribution. We investigate the
following two issues; (i) does the normalised score grow roughly like logn as indi-
cated by the theory — even if w is fixed and much smaller than n, and (ii) does the
asymptotic Gumbel distribution fit the simulated scores?
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We have summarised the results of the iid simulation study in Figure 7.3 and Figure
7.4, which show the normalised empirical and theoretical medians as a function
of logn and the QQ-plots of the empirical versus the theoretical quantiles. The
empirical scores are in a surprisingly good agreement with the theoretical results.
On Figure 7.3 we see that the median of the maximal score indeed seems to grow
roughly like log n and that it falls close to the theoretical median in the whole range.
There is, however, a slight tendency that the theory overestimates the median for
large n. This is not surprising and can be explained as an effect of the fixed window
size. As n — oo and w = 200 is fixed, the size of the local structure that is needed
to reach the theoretically predicted maximal local score comes in conflict with the
limitations imposed by the window. In fact, the size of the local structures that can
be found is bounded due to the fixed window size and there is an upper limit on the
size of the maximal score that can be achieved. As n — oo and w is fixed the maximal
local structure score will thus converge to a fixed finite value almost surely. Despite of
this, the theory still fits well in the wide range of n’s considered here. Moreover, the
QQ-plots clearly show that the Gumbel distribution is an adequate approximation of
the fluctuations of the maximal score. There is a lattice effect which can be observed
on the QQ-plot as a vertical clumping of the empirical scores. Despite of the lattice
effect, the Gumbel distribution seems to fit the empirical scores well.
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Figure 7.6: The figure shows under the Markov model the QQ-plots of the normalised
empirical scores versus the theoretical Gumbel distribution for w = 200 and n
ranging from 8000 to 15 millions.

Figure 7.5 and 7.6 show the corresponding results for the Markov chain simulation
study. The conclusion is the same. The theory seems to fit the simulated data well
in the wide range of n’s from 400 to 15 millions keeping w = 200 fixed. The same
tendency of the theory to slightly overestimate the maximal score is still observed
for large n and for the same reasons.

7.5 (Gaps and optimisation

It is natural to try to improve our search technique even further by introducing a
finite internal gap penalty function. In that case we have no theory to support us. It is
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Figure 7.7: As we change the gap penalty parameter «, the (estimated) normalisation
constants changes. Computing for each choice of the gap penalty parameter the
normalised optimal score for each of the 59 miRNAs in the dataset results in a set
of comparable distributions. Here we compare the boxplots using the 7id model and
11d scoring as well as the Markov model and Markov scoring. At the right hand side
on each of the graphs we have the boxplot for the gapless empirical distribution,
which corresponds to a = oc.

commonly believed for local alignments that the asymptotic Poisson approximation,
and hence the asymptotic extreme value approximation, is still valid for certain
finite gap penalty functions (Altschul et al. 1997). At least if the gap penalties are
sufficiently large, cf. the discussion in Section 4.2.2. We believe that this is true for
local structures also. In that case, even allowing for a finite internal gap penalty
function, there exist constants #* and K* such that we can normalise the maximal
score to have a distribution that is asymptotically independent of the score function
and the null hypothesis. Clearly, we don’t have any analytic representations of these
constants as we don’t have any theory to support their existence. Nevertheless, it has
been proposed (Altschul et al. 2001) that they can be estimated from simulations.

It will take us to far away from the main track of this thesis to go into a detailed (em-
pirical) investigation of whether such an extrapolation of the theory is valid. There
are also many interesting aspects related to the actual estimation of the parameters
6* and K* that we will not discuss. We refer to Altschul et al. (2001) and the refer-
ence therein for more details on these issues. Instead, we will try to give a hint about
how much better we can actually do by allowing gaps. It is clear that the lower the
gap cost is the higher the score achieved for the miRNAs will be. However, lowering
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the gap cost will also increase the maximal score in random sequences modelled by
the null hypothesis. It seems plausible that the best performance is achieved for
some ‘intermediate’ gap penalty function. What we will do is to introduce a linear
internal gap penalty function g;(n) = an and investigate for different choices of «
the effect of gaps on the normalised empirical scores for the miRNAs. We normalise
by estimating 6*(«) and K*(«) for each « using the approach described by Altschul
et al. (2001). We let « be integer valued and running from 5 to 29. In Figure 7.7 we
show, for both the 7id and Markov case, the distributions of the normalised scores
represented as boxplots for each value of the gap penalty parameter. Due to the
normalisation these distributions are directly comparable. We observe that as « in-
creases from 5 to around 10-13 the majority of the scores increase and thereafter
gradually decrease again. For a — oo we get a distribution comparable with that of
not allowing for gaps, as it is also shown in Figure 7.7. Depending of what we want
to optimise, different gap penalties may be optimal. The boxplots show that there
is little to gain by changing the threshold if we want the sensitivity to be close to
100%. On the other hand, if we want to optimise the median, which corresponds to
obtaining the best specificity with a 50% empirical sensitivity, the figure shows that
in both cases o = 13 is optimal. If we want to optimise the 25% quantile, which
corresponds to obtaining the best specificity with a 75% empirical sensitivity, we
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find that for the #id case a = 11 is optimal and for the Markov case o = 12 is
optimal. The difference between o« = 11, 12 and 13 is, however, negligible.

Figure 7.8 shows the empirical sensitivity function with no gaps and with o = 13
for both the d case and the Markov case. With or without gaps we see a slight
improvement in going from the 7d to the Markov scoring?. There is a larger effect in
allowing for gaps and the best curve corresponds to the Markov scoring with gaps. It
should be remarked that we haven’t taken into account the optimism in the empirical
sensitivity function. By optimism we mean the overestimation of the sensitivity
B (s0) by BZ(so) due to the fact that the score function has been constructed from
the same dataset of miRNAs as the empirical sensitivity is computed from. This
optimism might be larger for the Markov scoring than for the #id and this point is
definitely worth investigating in more details.

7.6 Discussion

The purpose of this chapter was to illustrate how the theoretical results obtained can
be applied and to what extend the asymptotic theory holds for finite n and w. By
the simulation study we have illustrated that the theoretical results can indeed be
applied for realistic choices of n and w. Moreover, we have illustrated the usefulness
of the asymptotic theory by the ability to normalise the maximal scores in a way
that make their distribution independent of the score function as well as the null
hypothesis. In this way we can directly compare the performance of different score
functions, say. This could also be done without the theory by using e.g. simulations,
but this is very time consuming for large n, and it will always give results depending
on a concrete choice of n and w. The theory provides us with a picture that is
independent of n and w.

To turn the procedure presented here into a really useful search procedure for finding
miRNA might require some more work. Indeed, applying for instance the Markov
score function and a linear gap penalty function with @ = 13 and with a threshold
chosen to be 18 we obtain an empirical sensitivity of 81%, thus we would locate 4
out of 5 miRNAs from the dataset. The (extrapolated) theory predicts, however,
that searching a single chromosome of C. elegans with roughly 15 millions letters
would still result in on average 45 random stem-loop structures with a normalised
score exceeding 18. Actually running a search on a C. elegans chromosome results
in many more findings due to at least the following two reasons; (i) other stem-loop
structures that are present for other reasons, and (ii) repetitive patterns that by

2Tt is not entirely fair to make this comparison directly as we change score function as well as
null hypothesis. In Section 7.3 we saw, however, that changing the null hypothesis and keeping the
11d score function didn’t really have an effect.
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accident can form stem-loops. The first findings might be interesting in themselves
whereas the second findings should somehow be filtered out.

There are several possibilities of improving the search by including e.g. evolutionary
conservation of miRNA between species, or one could take advantage of the way
that miRNA works by being complementary to parts of the mRNA. Such issues will
hopefully be investigated in future research projects.

7.7 Notes

The miRNAs of C. elegans have been investigated thoroughly during the last years,
and a detailed study employing some computational search procedures similar to the
one presented here has been reported in Lim et al. (2003). The novel idea presented
here is to apply the theoretical results for normalisation, which provides a means
for comparing different search techniques. This method (or at least some further
extension of the method) should be valuable for searching for other types of noncoding
RNA as well, which possess other types of distinguishing structural features. As
mentioned, miRNAs work by interfering with the translation of messenger RNA.
An excellent and easily accessible review of the research in RNA interference and
miRNAs can be found in the Scientific American paper “Censors of the Genome” by
Lau & Bartel (2003).
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Appendix

A.1 Computations with Laplace transforms

In this thesis — in particular in Chapter 5 — computations with and assumptions
about the spectral radii of ‘@-matrices’ play a very important role. Most of these
computations are easier to understand and come out much cleaner in the setup of
comparing #id variables instead of Markov chains. In the id setup, the spectral radii
computations boil down to computations with Laplace transforms, which may be
of independent interest. In addition, these computations allow us to comment on
the conditions imposed by Siegmund & Yakir (2003) for a Poisson approximation to
hold. By the arguments presented here, their condition can easily be generalised a
little.

We consider two stochastic variables X and Y taking values in a set E, and we
assume that f: F x E — R is a given function. Let the distribution of X be m; and
the distribution of Y be my and let 7 = m ® mo. We will not assume that E' is finite,
but that the Laplace transform

p(0) = E(exp(0f(X,Y))) = /eXp(Qf(%y))?T(d%dy) (A1)

of the distribution of f(X,Y") exists (is < co) for all § > 0, that up = E(f(X,Y)) <0
and, furthermore, that f(X,Y") takes positive values with positive probability. In
this case, p(#) — oo for § — oo, and since dyp(0) = p < 0 there is a unique solution
0* > 0 to p(f) = 1 due to convexity of . We define the measure 7* by

CZ: (z,y) = exp(0” f(x,y)).

We let 77 and 75 denote the marginals of 7*.

133



134 Appendix

A.1.1 Mean value inequalities

Under 7*, the mean

T :/f(x,y)ﬂ*(dx,dy) = /f(w/y) exp(0” f(z, y))m(dz, dy)

is positive, and we ask how this mean relates to the mean of f under 7§ ® 75 as well
as under 7 ® mp or m ® 7.

Introducing the Laplace transform?

i (6) = / exp(0((z,2) + F(w,y) — f(z,y) — f(w, 2)))n* © 7*(dz, dy, dw, dz),

we see that ¢ (0) = ¢ (0*) = 1, and with

o= [ S @ midedy
we obtain 0p% (0) = 2u%, — 2u*. Hence if just
P(f(X,Z) + fWY) # f(X,Y) + f(W, Z)) > 0 (A.2)

with D(X,Y, W, Z) = 7 ® m, the Laplace transform ¥ is strictly convex implying
that p> < p*. Compare this result with Lemma 5.5.8.

We observe that if E is finite and m(x) > 0 and mo(x) > 0 for all z € E, (A.2) is
equivalent to the existence of z,y, z, w € E such that

fl@,2) + f(w,y) # f(z,y) + f(w, 2). (A-3)

If this is not the case we can fix some wy, 29 € E such that for all x,y € F

f(z,y) = f(z,20) — f(wo, 20) + fwo,y) = fi(z) + f2(y)

with e.g. fi(z) = f(z,20) — f(wo, 20) and fo(y) = f(wo,y). On the other hand, if
f(z,y) = fi(z) + fa(y) for some f; and fy then (A.2) clearly doesn’t hold.

Likewise, we can consider the Laplace transform

Q" (0) = /eXp(G(f(x,z) — f(z,9)))7" @ my(dx, dy, dz),

for which ¢*(0) = ¢*(6*) = 1, and with

i = / f (@, y)m; ® malde, dy)

lwith notation (%, chosen so that it is comparable with the notation in Section 5.5.4



Computations with Laplace transforms 135

we have that 0¢*(0) = fi* — p* . So if
P(f(X,2) # [(X,Y)) >0

with D(X,Y, Z) = m®m, the Laplace transform ¢* is strictly convex, hence i* < p*.
Compare with Lemma 5.5.7. In the 7id setup there is no result corresponding to
Lemma 5.5.9.

A.1.2 Two-dimensional Laplace transforms

The idea to consider the Laplace transforms of the previous section actually comes
from a two-dimensional Laplace transform point of view. A two-dimensional point
of view that is closely related to Condition 5.9. With

er(0m) = [ exp(OF(z,1) + nf(2,2)7 © malde, dy.de),
we observe that ¢;(6,0) = ¢1(0,0) = ¢(#). Thus in particular,

§01(07 0) = (,01(9*, 0) = @1(0, 0*) =1. (A4)

The ¢-spectral radius appearing in Condition (5.9) corresponds to (6, 6) in this
setup. Differentiation yields that

vspl(()? 9*) - (IEL*7 /“L*>7

and since Vi (0,6%) is orthogonal to the tangent at (0,6*) of the convex contour
curve given by ¢1(6,n7) = 1, we get from (A.4) that g* < p*. To get a sharp
inequality, one needs to know whether ¢, is strictly convex. This two-dimensional,
geometric argument has been boiled down to a one-dimensional Laplace transform
argument using ¢* above. In fact, ¢* is equal to ¢, evaluated on the line given by
n=0"—4.

A corresponding two-dimensional point of view for discovering @7 is of course pos-
sible. We skip the details and instead work out more consequences of the two-
dimensional Laplace transform ;.

With e a unit vector in [0,00)? (in the 1-norm) we let v* > 0 be the solution of
v1(ve) = 1 (assuming that there is such a solution). We observe that for e = (0, 1)
and e = (1,0) we have v = 6*. Moreover, due to convexity of the contour curve
given by ¢1(0,n) = 1, we have that v* > 6* for all e. In particular, for e = (1/2,1/2)
we see that ¥ > 6* corresponding to ¢1(0*/2,60*/2) < 1. Compare with Condition
(5.9).
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Let (Xpn)n>1, (Yn)n>1 and (Z,)n>1 be independent sequences of iid variables such
that the X’s have distribution m; and the Y’s and Z’s have distribution 7y, and
define

S, = Zf(Xn,Yn) and
k=1

Sy = Y f(Xn, Zn).
k=1

For any s > 0 and any unit vector e it follows by an exponential change of measure
that

P(S; > 5,52 > s) < exp(—s7).

Due to convexity (again) and symmetry, the maximal v is found for e = (1/2,1/2).
Thus using this exponential change of measure technique we obtain the best possible
two-dimensional, exponential inequality by considering ; on the diagonal (6,6).
This is the rational behind the assumption made in Condition (5.9) — we can not do
better by making other, non-symmetric exponential changes of measure. We also see
in the light of the exponential inequality above, that (5.9) really is an assumption
about the simultaneous excess of a level s when comparing two sequences, one by
one, with a third using f.

Finally, one should relate the derivations presented here with Theorem 3 in Sieg-
mund & Yakir (2003) and their condition for a Poisson approximation to hold.
Without referring to the two-dimensional Laplace transform setup presented here,
they choose to consider a not necessarily optimal exponential change of measure.
They assume that ¢(6*,7) = 1 has a solution * > 0 and choose to consider the
direction e o (6*,n*). Furthermore, they essentially assume (in the case n = m
in their notation) that n* > 6*/2, which implies by a convexity argument that
©1(3/40%,3/40*) < 1. Their results are actually valid under the more general as-
sumption that ¢,(3/46%,3/40*) < 1 holds (if n = m).
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