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Abstract In this paper, recursive equations for waiting time distributions of r-th
occurrence of a compound pattern are studied via the finite Markov chain imbedding
technique under overlapping and non-overlapping counting schemes in sequences of
independent and identically distributed (i.i.d.) or Markov dependent multi-state trials.
Using the relationship between number of patterns and r-th waiting time, distributions
of number of patterns can also be obtained. The probability generating functions are
also obtained. Examples and numerical results are given to illustrate our theoretical
results.

Keywords Recursive equation - Simple and compound patterns - Waiting time -
Finite Markov chain imbedding - Probability generating function

1 Introduction

In the past three decades, distribution theory of runs and patterns has been studied
widely and extensively (Fu 1996; Hirano and Aki 1993; Koutras and Milienos 2012;
Chang 2005; Koutras 1997). In particular, waiting time distributions and distribu-
tions of number of occurrences of patterns in a sequence of multi-state trials have
been applied in various areas, for example reliability (Cui et al. 2010), quality control
(Chang and Wu 2011; Fu et al. 2003), DNA sequence analysis (Nuel 2008), nonpara-
metric test (Lou 1996) and Eulerian and Newcomb numbers in combinatorial analysis
(Fu et al. 1999).
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514 Y.-F. Hsieh, T.-L. Wu

Recently, two approaches, the finite Markov chain imbedding (FMCI) technique and
probability generating function (or double generating function), have been widely used
for obtaining the waiting time distributions and distributions of number of occurrences
of patterns. The FMCI technique was first proposed by Fu and Koutras (1994). The
idea is to turn a statistic of interest into a Markov chain, avoiding the complexity of
dealing with the statistic directly. Then the distribution can be obtained using a unified
formula based on transition probability matrices of the imbedded Markov chain (see,
e.g., Fuand Lou 2003). The generating function approach for waiting time distributions
was introduced by Aki (1992). The probability generating function is obtained as a
solution of a system of conditional probability generating functions. Since then, the
generating function approach has been extended to double generating function and has
been developed for general waiting time distributions by many authors (see, e.g., Inoue
and Aki 2007, 2009). One advantage of this approach is the efficiency for symbolic
computation, while the FMCI technique is powerful for numerical computation.

Many authors have developed various algorithms to accelerate the computational
speed (see, e.g., Zhao and Cui 2009). One important stream is to find the recursive
formulae which require less memory space. Han and Hirano (2003) derived recursive
equations for sooner and later waiting time distributions of two simple patterns using
overlapping indicator function. They also obtained the probability generating function
for the sooner waiting time distribution of a compound pattern. Inoue and Aki (2005)
studied the generalized Polya model with m + 1 different balls in a urn and obtained
recursive equations for the probability generating function of joint distribution of
various run statistics. Recently, Chang et al. (2012) gave recursive equations for the
distributions of number of occurrences of a compound pattern based on the double
generating function which can always be expressed as a ratio of two polynomials.

Although there are many works on the recursive equations for waiting time distri-
butions and distributions of number of occurrences of patterns, none of them covers
the general settings, namely compound patterns, Makov dependent trials and overlap-
ping and non-overlapping counting schemes. In this manuscript, we derive recursive
equations for waiting time distributions and distributions of number of occurrences of
a compound pattern under general settings, based on the FMCI technique. In Sect. 2,
notations and basic results of the FMCI technique are introduced. In Sect. 3, the
recursive equations for distributions of r-th waiting time are derived. The probability
generating functions are also given for r = 1. An example and numerical results are
given in Sect. 4. Summary and discussion are given in Sect. 5.

2 Notations and preliminary results

Let X,,,n = 1,2, ..., be a sequence of first-order homogeneous Markov dependent
m-state (m > 2) trials taking values in the set I' = {ay, az, ..., a,} with initial
distribution P(Xo = ) = 1, and transition probabilities P(X| = a;|Xo = ) = p;
and P(X, = aj|Xy—1 = a;) = pi;j,forn =2,3,...,andi,j = 1,...,m. The
simple and compound patterns studied here are defined as follows:

Definition 1 Let A = lL _; Aj and A is said to be a compound pattern generated by
L distinct simple patterns where A; = b - - b;i is a simple pattern with sz e I' for
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Recursive equations in finite Markov chain imbedding 515

all j =1,...,[;. The length [; of A; is fixed and the symbols in a simple pattern are
allowed to be repeated.

Let W(A;) be the waiting time until the first occurrence of A;, and W(A) =
min{W(A;) : i = 1,..., L} be the waiting time until the first occurrence of A =
UiL=1 A;. For a given integer r > 1, the random variable W (r, A) denotes the waiting
time until the 7-th occurrence of A. Let I'(A;) denote the set of all subpatterns of A;,
excluding A; itself, I'(A) = U,'L:1 T'(A), THA) =T(A)DU{A;}and TT(A) =
UiL:1 I't(A;). It has been shown that the waiting time variable W (r, A) is finite
Markov chain imbeddable (see, e.g., Fu 1996), and there exists an imbedded Markov
chain {Y,} defined on the state space

Q={AU{(l,0):0eTUTT(A),£=0,...,r —1}U{a}, (1

having transition probability matrix M, of the form

It follows from the FMCI technique (Fu and Lou 2003) that the distribution of
W(r, A) is given by

P(W(r,A) > n) = £,N"1, 2)

where &, is the initial distribution with P(Yp = ) = 1 and 1 is a column vector with
all elements 1. With minor modification in the transition probability matrix, Eq. (2)
holds for both overlapping and non-overlapping counting schemes (see, e.g., Chang
2005).

Given a compound pattern A, let X,,(A) be the number of occurrences of A in
X1, X2, ..., Xpn. Itis well known that X, (A) and W (r, A) have the following rela-
tionship

X,(A) <r ifandonlyif W(r, A) > n, 3)
and the probability P(X,(A) = r) can be computed by

P(Xp(A)=7r)=P(W(r+1,A) > n)— P(Wr, A) > n). )

3 Recursive equations for distributions of waiting time W(r, A)

We study the recursive equations for distributions of W (r, A) under overlapping and
non-overlapping counting schemes in this section. Given a compound pattern A =
U,-LzlAi, we define A; \ j = bli e bfﬁj by removing the last j elements of A;, and
that A; is concatenated to Ay is denoted by A; - Ax. For example, let Aj = ACT and
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A> = GT,then A1\ 1 = AC, A1 \2=Aand A; - A, = ACTGT. An indicator
function is defined by

1 ifow - (Aj\j)=Ak, o e TUT(A),
0 otherwise.

In (A \ J) = [ (5)

Note that the indicator function determines whether one pattern overlaps another. If
In (Ai\j) = lorlu;(Ar\j) = 1forsome j, then patterns A; and Ay have an overlap
of I; — j orl; — j elements, respectively, and if /5, (A; \ j) =0and I, (Ar\ j) =0
for all j, then they do not overlap. For example, let A = ACT, A, = GT and
A3 = CTTG, then 15, (A3 \ 2) = 1 and I5,(A2 \ 1) = 1 show both A and A,
overlap A3, but Aj and A3 do not overlap since I, (A2 \ j) =0and Io,(A1\j) =0
for all possible j.

3.1 Non-overlapping counting scheme

Given a compound pattern A = UiL=1 A, let {W(r, A) = n, LO(A;)} denote the
event that W(r, A) = n and the last (r-th) pattern occurring is A;. It follows that the
probability P(W (r, A) = n) can be expressed as

L
PW@r, A)=n) = Z P(W@, A) =n, LO(A))).

i=1

Under non-overlapping counting, the event {W(r, A) = n, LO(A;)} can be con-
sidered in the following sense: let us fix A; to be the r-th pattern observed at time
n (Xp—t41 = b, ., X, = b};) and the (r — 1)-th pattern must occur before time
n — I; + 1. However, due to the existence of overlapping between and within the
simple patterns, the event that the r-th pattern occurs between times n — [; + 1 and
n — 1 may exist and should be excluded. We give an example to illustrate the above
idea.

Example 1 Consider a binary sequence with possible outcomes {S, F} and let A =
A1 U Aj be a compound pattern generated by A = SFS and A, = SS. Forr = 2,
let us consider the event {W(2, A) = n, LO(A1)} where the second pattern A
occurs at time n. As seen in Fig. 1, A is observed at time n (X,,—» = S, X,,—1 =
F, X, = §) and the first pattern occurs before n — 3 4 1, say at time k. Under this

1-st pattern 2-nd pattern
1-st pattern 2-nd patlern Ll keeosid 13 52 al i@
F F[s F s =

1-st pattern 2-nd pattern

k-1 k+++-n4 n3 n2 n-l n

k-1 k-+-n4 n3 n2 n-l n

Fig. 1 An illustration of non-overlapping counting scheme
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Recursive equations in finite Markov chain imbedding 517

circumstance, if X,,_4 = F, X,,_3 = F, then the event {W(2, A) = n, LO(A1)}
occurs; however, if X;,_4 = S, X,,_3 = F, then the second pattern A actually occurs
at time n — 2. Similarly, if X,,_3 = S, then the second pattern A, actually occurs at
time n — 2. Therefore, those possibilities should be excluded in the consideration of
event {W(2, A) = n, LO (A1)}, since the overlapping part will not be counted toward
forming a new pattern under non-overlapping counting. The cases where the actual
r-th pattern may occur earlier than time n can be determined by the indicator function
LM(Ai\j)

Throughout this section, the initial condition of the recursive equations for waiting
time distributions is P(W(r, A) > 0, Xo = ) = 1. To maintain consistent notation,
pj = P(X1 = aj|Xo = ¥) is sometimes written as py;. By convention, we let
PW(r,A) =n) =0and PW(@r,A) >n, X, =z) =0ifn <Oandr = 0.1In
view of Example 1, by the concept of the forward and backward principle of the FMCI
technique, we establish the following theorem.

Theorem 1 Ler {X,} be a sequence of Markov dependent m-state trials and A =
UiL=1 A; be a compound pattern. Then the recursive equations for the distribution of
W (r, A) under non-overlapping counting are given by

L
PW@r, A)=n) = Z P(W@r, A) =n, LO(A))),

i=1
where

P(W(r. A) = n, LO(A)
li—1
=D PWA) >n—1i X, =2p [[ 2y
j=1

zel

.0
041

li—1
o Z PW@r —1LA)>n—1li, Xp—y; = Z)pz;b’i H pbj‘ib;ﬂ
j=1

zel
-1 L J

=2 2 I\ DPW (&) =0~ j LOAD) [T py i
j=1k=1 =1

PW(r,A) >n—1i, Xy, =2)

=D PW(,A) >n—1li =1, X—jj—1 = Y)py:z
yell

L
=D LG)PW(r A) =n —1;, LO(Ap)),
k=1

and I, (b;‘k) equals 1 if 7 = bkk, and 0 otherwise.
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Proof Let B; = Hl]’:ll Pyipi > and define the subsets
=1 5bjbj,
Cy = {4},
Ci(z) = {(¢,w) : w e T UTT(A) and w ends with element z},
t=0,...,.r—1,zel.

It follows from the FMCI technique that

P(W(r,A)>n—1i, Xy_jyp1 = b, .... X, =b})

=D PWA) > n—li Xy = DP X1 = by, X = b} | Xy, = 2)

zel’

= > N [U'(Co@) + -+ U (Cra) | b,y B

zel

+H5oN" U (Gt @)py Bi i =1 L,

where U (Cy(z)) is a column vector (0, ...,0,1,...,1,0,..., 0)/ with ones at the
locations associated with the states in Cy(z). Along with {X,,—j,+1 = b’i, L X, =
bfi }, some states in C,_1(z) may comprise a new pattern before time n and some may
not (r-th pattern occurs exactly at time n) as illustrated in Fig. 1. Thus, for each A; and
z € I, Cr_1(z) can be partitioned into subsets C r+_1 (z) and C}_,(z), where C, r+_1 (2)
stands for the set of states which will comprise a new pattern when combined with
subpatterns of A; = b‘i . b};, and states in C;‘fl(z) will not. Note that Crtl(z) and
CY_,(z) depend on pattern A; but we suppress the index i for simplicity. Then we
have

PW(r A >n—1j, Xy_j51 =b..... X, = b))

=D PWG =1 A)>n—1j, Xyt =2)p, Bi

zel

+oN" ! [U'(CE ) + U'(C )| pyy B

- z P(W(r—1.8) >n—1i, Xn_i; =2)p Bi

zel
+PW(r, A) =n, LO(A)))
-1 L J
+ 3D I AN DPW G A =n = j LOAD [T Py -
j=1k=1 =1

The last term follows from the definition of the indicator function given in Eq. (5). For
anyz €T,
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Recursive equations in finite Markov chain imbedding 519

P(W(r’ A) >n _liaanl,' =Z)

=D PWE A >n—1i— 1, Xy ;1 = Y)py::
yell

~PW(r,A) =n—1l, Xy, = 2)

=> PW@rA) >n—1i— 1, Xy 1 =Y)py::
yel

L
=S LG PW (L A) =n — 1, LO(AL).
k=1

This completes the proof. O

Next we study three special cases of our general Theorem 1 for » = 1, includ-
ing compound Makov dependent, compound i.i.d. and simple i.i.d.. The distribution
of waiting time until the first occurrence W (1, A) = W(A) can be deduced from
Theorem 1. For simplicity, let P(W*(A;) = n) = P(W(A) = n, LO(A;)). Let
Doway(s) = Do s"P(W(A) >n—1,X,_1 = z), and @w(a)(s) and ¢y=(a,)(s)
be the probability generating functions of the sequences {P(W(A) = n)}>2 | and
{P(W*(A;) = n)};2 ,, respectively. Then we have the following corollary for com-
pound Markov dependent case.

Corollary 1 Let {X,} be a sequence of Marakov dependent m-state trials and A =
U iL:1 A; be a compound pattern, then

(1) the recursive equations for the distribution of W (A) are given by

L
P(W(A) =n) =D P(W*(A;) =n),

i=1
where fori = 1,2,...,L
PW*(Ai) =n) = D" P(W(A) > n —lj, Xu—ty = 2P, B;

zel
-1 L

=D D In (A \ DPWH(AR) =n —;)Hpb b

1r+l
j=1k=1

and

PW(A) >n—1j, Xp—; =2) = Z PW(A) >n—1i =1, Xy—j;—1 = y)Py;;
yell

L
= > LB)PW*(A) =n—1y),

k=1

and
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(i1) the probability generating function for the distribution of W (A) is given by

Pw(a)(8) = dwrap(s) + -+ -+ dwxap)(s),

where (Qwxa)(S), ..., Pwr(a,)(8)) satisfies the following simultaneous equa-
tions, fori =1,...,L,

Swa () = 5" py B+ 5" D pyi Bi®awa) ()

zel
li—1 L
=D In (A \J)spr,, O an ),
j=1k=1

where ®,wa)(s), z € ', are solutions, in terms of Gw=a,)(s), of the following
simultaneous equations

L

Do) (s) = s7p: + Zspy;z‘DyW(A)(S) - Zsh(bﬁ)(ﬁw*(z\k)(s)-
yell k=1

Proof For part (i), it is a direct consequence of Theorem 1. Now we prove part (ii).
We have

o] 00 L
Pwa)(s) = D s"P(W(A) =n) = D 5" > P(W*(A;) =n)
n=1 =1 =
= dwrapn () + -+ dwray (5).
It follows from part (i) that, fori =1, ..., L,

Pw=an(s) = D s"P(W*(A;) = n)

n=1

oo
=s"pyBi+ D 5" D PW(A) > n—1li X, = 2P Bi

n=Ilj+1 zel
00 li—1 L
D0 % WNVLTRTEEN ) Y
n=l;  j=1k=1 '
=5 ipb’i B + i1 sz;hﬁ Bi @ wa)(s)
zel
-1 L
_ J i *
Z};IM(A \ J)s HP;, ;b;l__,+]¢w (a0 (8
J

and foreachz € T,
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Recursive equations in finite Markov chain imbedding 521

o
Dowa)(s) = D s"P(W(A) >n—1,X, 1 =2)
n=2

o0
= s2pz + Zs" ZP(W(A) >n—2,X,-2=y)Py:
n=3 yel

L 00
— D sLbp) D s"PW*(Ax) = n)

k=1 n=1

L
= 57po+ D 5Py ®ywin) () — D SLBE)dweag) (5.

yel' k=1

The proof is completed. O

The second special case is when {X,} is a sequence of i.i.d. trials and A is a
compound pattern. Let @y (a)(s) = Z;’;l s"P(W(A) > n — 1) and the relationship
between @w a)(s) and Py (a)(s) is given by

s(pwy(s) — 1)
D) (s) = — W
s—1
The following corollary can be derived immediately from Theorem 1 or Corollary 1.

Corollary 2 Let {X,} be a sequence of i.i.d. m-state trials and A = UiLzl Aj bea
compound pattern, then

(1) the recursive equations for the distribution of W (A) are given by

L
P(W(A) =n) = > P(W*(A) =n),

i=1
where for eachi = 1,2,...,L,
li

P(W*(Ai) =n) = P(W(A) > n — li)HPb;
t=1

li—1 L
=2 D A\ DP(W? (Ak>_n_,)Hpbl
j=1k=1 =1

and
PWA)>n—0;))=PWA)>n—1; —1)—P(W(A)=n-—1;),

and
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(i1) the probability generating function for the distribution of W (A) is given by

ewn) () = Pwxa(8) + -+ dwxa,)(5),

where (Qwxa)(S), ..., Pwr(a,)(8)) satisfies the following simultaneous equa-
tions

li
dwran(s) = st~ Hpb;q’W(A) (s)
t=1
Li—1 L

= D> Ing (A \J)S]HPbt W ().

j=1k=1

The third and simplest case, where {X;} is a sequence of i.i.d. trials and A is a
simple pattern, is given in Corollary 3.

Corollary 3 Let {X,,} be a sequence of i.i.d. m-state trials and A = by ---b; be a
simple pattern, then

(1) the recursive equation for the distribution of W (A) is given by

l
P(W(A) =n) = P(W(A)>n—D]]p,

t=1

-1 J
D I\ DPW A =n— ) [] P

j=1 =1

where I (A \ j) = In(A\ j), and
(ii) the probability generating function for the distribution of W (A) has a closed form
given by

1

H”pbs’
1-s+[]_,» s—(s—nz RISVt |

Remark 1 Our Theorem 2 covers the general case, including r-th occurrence, com-
pound pattern and Markov dependent trails. Han and Hirano (2003) mainly focused on
the waiting time distributions of two simple patterns and gave the probability generat-
ing function for a compound pattern. Their results can be considered as special cases
of our general Theorem 2. In particular, for » = 1, i.i.d. and simple pattern case, the
probability generating function given in Eq. (6) coincides with the result in Remark
3.1 of Han and Hirano (2003).

ow ) (s)= . (6)
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3.2 Overlapping counting scheme

Under non-overlapping counting scheme, from the classification of states of the imbed-
ded Markov chain, only states in U, C j‘_l (z) would cause the r-th pattern to occur
earlier than time  and only states in U< C*_, (z) would cause the r-th pattern to occur
at time n, when combined with pattern A; located at time n. However, under overlap-
ping counting scheme, certain states in U, C¢(z), possibly forall¢ =0, 1,...,r—2,
may cause the r-th pattern to occur earlier, while some states may cause the r-th pat-
tern to occur at time 7, when combined with pattern A; located at time n. Thus, for
each A;, Cy(2), £=0,...,r —2and C,_1(z) can be partitioned as follows:

Ce(z2) = C,(z,NUC; (@ NUCS(z.r), £=0,....,r =2,
Cr1(x) =C}_(z.r)UCT | (z.r), z €T,

where CZ (z, r) consists of states that would lead to the occurrence of r-th pattern
before time n when combined with some subpatterns of A;, CZ‘ (z, r) consists of
states that would lead to occurrence of r-th pattern at time n when combined with A;,
and C, (z, r) is the remaining subset.

We give an example for illustration. Consider a simple pattern A = 11111, n =
100 and r = 5. Let A be fixed and located at time 100. It is easy to see that state
2,111) € C;(l, 5), at time ¢ = 95, combined with the subpattern 1111 cause the
fifth pattern to occur earlier at time r = 99, and the fifth pattern would occur atz = 100
for state (3,1)e C5(1, 5), while these will not happen under non-overlapping counting
scheme. In a similar fashion to non-overlapping counting scheme, by classifying the
states of the imbedded Markov chain, we establish the following theorem.

Theorem 2 Let {X,} be a sequence of Marakov dependent m-state trials and A =
UiL:1 A be a compound pattern. Then the recursive equations for the distribution of
W (r, A) under overlapping counting are given by

L
P(W@r,A)=n) = Z P(W(@r, A) =n, LO(A))),
i=1

where

P(W(r,A) =n, LO(A)))
= Z P(W(r, A) > n =1, Xy—t; = 2P,y Bi

zel’

=2 PWG = 1.A) > n—1li, Xoot, = 2)p_p1 B
zel
Li—1 L

=D D In(AN\ D[PW(r, A) =n — j, LO(AR)

j=1k=1
J
— PWr—1LA)=n—j, LOAD][]ry .

i 9
WO —r41
t=1
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and

P(W(ra A) >n _livanli :Z)

=D PW@rA)>n—1i—1, Xy ;1 = y)py::
yel
L

~ ST LBHPW A) =n — 1, LO(AD).
k=1

Proof
PW(r,A) > n —li, Xp_jir1 = blo o Xo = b))

=D 6N [U(Co@) + -+ U €1 ()] Py B

zel

= > &N UG @)+ + UG @) | Py B
zel
+P(W(r, A) =n, LO(A}))
li—1 L
+ DD I A\ HPW(r, A) —n—J,L0<Ak>>Hpb,

j=1k=1 =1

)

i
bl,- —t+1

Note that we know
Cfar—1)=CfzrUuCizr), zeTl,

then the first term on the right hand side of the last equality in Eq. (7) is

> 6N Uy )+ UC @) | by B

zel

= > &N [U'(Co@) + -+ U (Cra@)| oy B

zel

— >N U @ =)+ + U@ = )] oy B
zel
=D PWG =1L A) >n—1i, Xyt, = 2)p Bi
zel
Li—1 L

=D D I\ PP -1, A)—n—J,LO(Ak))HPbI B

j=1k=1

bl H—l

Substituting the above result back to Eq. (7) completes the first part of the proof. The
second part of the proof is the same as the proof of Theorem 1. O
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Remark 2 The recursive equations for P(W(r, A) > n) can be used to obtain the
distribution of X,,(A) via the relationship in Eq. (3). Nevertheless, the recursive equa-
tions for P(X,(A) = r) can also be derived using Theorem 1 and Theorem 2 along
with Eq. (3) and

P(W(r,A) =n,LO(A)) = P(Xp—1(A) =7 = 1, LOx(Ay)),

where {X,—1(A) =r — 1, LO,(A;)} represents that r — 1 patterns occur until time
n — 1 and also the r-th pattern occurs at time n. The details are left to the reader.

Remark 3 Fu (1996) derived the recursive equations for P(X, (A) = r), based on the
backward multiplication of transition probability matrices, which directly involved
the transition probability sub-matrices of the imbedded Markov chain. The sizes of
the sub-matrices also depend on the size of the compound pattern A. Our recursive
equations do not involve the transition probability matrix of the imbedded Markov
chain, however the results indirectly relate to the FMCI technique as the idea and
proofs originated from the FMCI technique.

4 Numerical examples

We provide an example to illustrate the theoretical results and show the performance
of the proposed method.

Example 2 Consider a compound pattern
A =CAACCTGTTGUAGAGCGAUAGAGAG.

1. Let {X,} be a sequence of i.i.d. four-state trials with probabilities P(X| = A) =
0.6, P(X1=C)=02,P(X; =G)=0.1and P(X; = T) = 0.1. With respect
to i.i.d. with overlapping and non-overlapping counting schemes, we denote by
I-O and I-N, respectively.

2. Let {X,} be a sequence of Markov dependent four-state trials with initial prob-
abilities P(X; = A) = 0.6, P(X; = C) = 0.2, P(X; = G) = 0.1 and
P(X1 =T) = 0.1 and transition probability matrix

A]102 03 02 03
_C102 03 03 02
T G|01 03 02 04

T (04 01 02 03

P

With respect to Markov dependent with overlapping and non-overlapping counting
schemes, we denote by M-O and M-N, respectively.

The distributions of W (r, A), forr = 1, 5, 10, 20, under case M-O are given in Fig. 2.
Also, the distributions of X,,(A) for n = 500, 000 under two cases I-O and M-O
are given in Fig. 3. Figure 3 gives us an observation that, for the same pattern, the
probabilities can be rather different using different models or, say, if choosing a wrong
model.
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Fig. 2 The distributions of W (r, A) forr =1, 5, 10, 20 under case M-O
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Fig. 3 The distributions of X, (A) under cases I-O and M-O with n = 500,000
5 Summary and discussion

In this manuscript, based on the FMCI technique and the partition of the state space
of the imbedded Markov chain, we have derived the recursive equations for distri-
butions of waiting time of r-th occurrence of simple and compound patterns under
overlapping and non-overlapping counting schemes when the trials are i.i.d. or Markov
dependent. The probability generating functions for » = 1 are also derived. From the
dual relationship between W (r, A) and X,,(A), the distributions of X, (A) can also be
obtained.

The result for probability generating function is improved as a solution to two
systems of simultaneous equations of fixed sizes L and m, respectively, where L is
the number of simple patterns and m is the size of I', while the result for probability
generating function in Chang (2005) is the solution to w simultaneous equations where
w is the size of the state space of the imbedded Markov chain and it grows as the lengths
of the simple patterns increase.
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All the numerical results are calculated by the computing software MATLAB. From
the figures in Sect. 4, our recursive equations are able to compute the probabilities
for r = 250 and n = 500, 000. As a byproduct, if we calculate the probability
P(X10.000(A) = 10) for example, then we automatically obtain the probabilities
P(X,(A) =r)foralln < 10,000 and r < 10.
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