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ABSTRACT

We prove a representation theorem for { X;} (¢ denotes time), an r-th order categor-
ical Markov chain. We prove that the conditional probability P(X;|X¢—1,- -+, X¢—r)
can be written as a linear combination of the monomials of past process responses
X1, -+, X;_,. Simulations show that the “partial likelihood estimation” and the
representation together give us satisfactory results. We also check the performance
of “BIC” criterion for selecting optimal models and find that to be quite satisfac-
tory. An advantage of this model over pre-existing models is its capacity to admit
covariates as linear terms by extension. For example, we can add some seasonal
processes to get a non-stationary chain for daily precipitation values.



1 Introduction

In this report, we study r-th order categorical Markov chains and more generally,
categorical discrete-time stochastic processes. By “categorical”, we mean chains
that have a finite number of possible states at each time point. Such chains have
important applications in many areas, one of which is modeling weather processes
such as precipitation over time, the genesis of the paper. In fact, we use these chains
to model the binary process of precipitation as well as dichotomized temperature
processes. In r-th order Markov chains, the conditional probability of the present
given the past is modeled. Such a conditional probability is a function of the past r
states, where each one of them only takes finite possible values.

It is useful and intuitively appealing to specify or model a discrete process over
time by the conditional probabilities rather than the joint distribution. However, one
must check the consistency of such a specification i.e. to prove that it corresponds
to a full joint distribution. In the case of discrete-time categorical processes, we
prove a theorem that shows the conditional probabilities can be used to specify
the process. Also we prove a representation theorem which states that every such
conditional probability after an appropriate transformation can be written as a linear
summation of monomials of the past processes. In fact, we represent all categorical
discrete-time stochastic processes over time, in particular r-th order Markov chains
and more particularly stationary r-th order Markov chains. For the binary case the
result is a consequence of an expansion theorem due to Besag [2]. However, Besag
did not provide a rigorous proof and the statement of the theorem is flawed as also
pointed out by Cressie et al. in [4]. We provide a rigorous statement and proof
in Section 5. To generalize the result to arbitrary categorical Markov chains, we
prove a new expansion theorem which generalizes the result to the case of arbitrary
categorical r-th order Markov chains (rather than binary only).

The result simplifies the task of modeling categorical stochastic processes.
Since we have written the conditional probability as a linear combination, we can
simply add other covariates as linear terms to the model to build non-stationary
chains. For example, we can add seasonal terms or geographical coordinates (lon-
gitude and latitude). The theory of partial likelihood allows us to estimate the
parameters of such chain models for the binary case. By restricting the degree of
those polynomials or by requiring that some of their coefficients be the same, we can
find simpler models. Simulation studies show that the “BIC” criterion (Bayesian
information criterion) combined with the partial likelihood works well in that they
recover the correct simulation model.

2 Markov chains

Let {X;}ier be a stochastic process on the index set T', where T'=7Z, T = N (the
integers or natural numbers respectively) or T = {0,1,--- ,n}. It is customary to



-2 -

call {X;}ier a chain, since T is countable and has a natural ordering. {X;}ier is
called an rth-order Markov chain if:

P(Xy|Xi1,--+) = P(Xy| X1, , Xy—y), VEtsuch thatt —r € T.
We call the Markov chain homogenous if

P(Xt = xt‘Xt—l =Tp1, 0, Xy = ﬂft—r) =
P(Xt’ = $t|Xt’—1 =Ty 1, Xy = xt—r)a

Vt,t' € T such that t — r and ¢’ — r are also in T. Note that Markovness can be
defined as a local property. We call { X, };er locally r-th order Markov at ¢ if

P<Xt|Xt—17"') = P(Xt|Xt—17"' 7Xt—7")-

Hence, we can have chains with a different Markov order at different times.

Let X; be the binary random variable for precipitation on day ¢, with 1 de-
noting the occurrence of precipitation and 0 non-occurrence. In particular, consider
the precipitation (PN) for Calgary site from 1895 to 2006. This process can be
considered in two possible ways:

1. Let Xy, Xo,---, X346 denote the binary random variable of precipitation for
days of a year. Suppose we repeatedly observe this chain year—by—year from
1895 to 2006 and take these observed chains to be independent and identically
distributed from one year to the next. With this assumption, techniques de-
veloped in [1] can be applied in order to infer the Markov order of the chain.
However, this approach presents three issues. Firstly independence of the
successive chains seems questionable. In particular, the end of any one year
will be autocorrelated with the beginning of the next. Secondly this model
unrealistically assumes the 0-1 precipitation stochastic process is identically
distributed over all years. Thirdly and more technically, leap years have 366
days while non-leap years have 365. We can resolve this last issue by for-
mally assuming a missing data day in the non-leap years, by dropping the last
day in the non-leap year or by using other methods. However, none of these
approaches seem completely satisfactory.

2. Alternatively, we could consider the observations of Calgary daily precipitation
as coming from a single process that spans the entire time interval from 1895
to 2006. In this case, we will show below that we can still build models that
bring in the seasonality effects within a year.
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3 Consistency of the conditional probabilities

To represent a stochastic process, we only need to specify the joint probability
distributions for all finite collections of states. The Kolmogorov extension theorem
then guarantees the existence and uniqueness of an underlying stochastic process
from which these distributions derive, provided they are consistent as described
below. (See [3] for example.)

To state the version of that celebrated theorem we require, let 7" denote some
interval (that can be thought of as “time”), and let n € N = {1,2,...,}. For each
k € N and finite sequence of times ¢y, - - ,#, let v4,..4, be a probability measure on
(R™)*. Suppose that these measures satisfy two consistency conditions:

1. Permutation invariance. For all permutations 7 (a bijective and one-to-one
map from a set to itself) of 1,--- |k and measurable sets F; C R,

(Fy %X Fy)=uv4 4, (Fﬂ—lu) X X Frr—l(k)) :

Vr(1)eetr)

2. Marginalization consistency. For all measurable sets F; CR", m € N :

Uty oty (F1 X -2 X F) Fix - X F,xR"x - xR").

= yt1~~'tktk+17~~-7tk+7n (

Then there exists a probability space (2, F,P) and a stochastic process X :
T x§ — R"such that: vy, 4 (Fy x -+ x F}) =P (Xy, € Fi,..., X, € Fy) for
all t; € T, k € N and measurable sets F; C R", i.e. X has the v, 4 as its
finite-dimensional distributions. (See [6] for more details.)

Remarks:

1. Note that Condition 1 is equivalent to
Vtw(l)'“tw(k’) (Fﬂ'(l) X T X Fﬂ'(k)) - thu.tk (Fl X T >< Fk) N
This is seen by replacing Fy X -+ - X Fy by Fr(1) X -+« X Fr) in the first equality.

2. We are only concerned about the case n = 1. This is because we consider
stochastic processes, a collection of random variables from the same sample
space to R! = R.

When working on (higher order) Markov chains over the index set N, it is
natural to consider the conditional distributions of the present, time ¢, given the
past instead of the finite joint distributions, in other words

Pt(ﬂﬂor“ ,xt) = P(Xt = xt‘thl =Ty, -, Xo= 330),
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for {X;}ienvo plus the starting distribution
P(XO = .T()).

However that raises a fundamental question — does there exist a stochastic process
whose conditional distributions match the specified ones and if so, is it unique? We
answer this question affirmatively in this section for the case of discrete-time cat-
egorical processes, in particular higher order categorical Markov chains. We also
restrict ourselves to chains for which all the joint probabilities are positive. Let
Moy, My,--- C R be the state spaces for time 0,1,---, where each one of them is
of finite cardinality. A probability measure on the finite space M, can be repre-
sented through its density function, a positive function Py : My — R satisfying the

condition
> Py(m) = 1.
me Mo

The following theorem ensures the consistency of our probability model.

Theorem 3.1 Suppose My, My,--- C R, |My| = ¢, < oo, t = 0,1,---. Let
b Py : My — R be the density of a probability measure on My and more gen-
erally forn = 1,..., Py(xo,21, "+ ,xn_1,.) be a positive probability density on
M, Y(zg, -+ ,xp_1) € My X -+ X M,_1. Then there erists a unique stochastic
process (up to distributional equivalence) on a probability space (2, %, P) such that

P(Xn - xn|Xn—1 =Tn-1,""" 7X0 - l'()) - Pn(x()axh e 7xn—1>xn>-

To prove this theorem, we first consider a related problem whose solution
is used in the proof. More precisely we consider stochastic processes {X;}ienugoy,
where the state space for X; is M;, 1 = 0,1,2,--- and finite. Suppose p, : My X
My x -+ - x M, — R is the joint probability distribution (density) of a random vector
{Xo, ..., Xy}, ie.

pn(l’o,-.. ’a’,’n) :P(ongjo’... 7Xn:1:n)

It is clear that given the {p, }nen, other joint distributions such as

P(Xy, = x4y, -+, Xt = x¢,) are obtainable by summing over appropriate compo-
nents. Now consider the inverse problem. Given the {p,},en and some type of
consistency between them, is there a (unique) stochastic process that matches these
joint distributions? The following lemma gives an affirmative answer.

Lemma 3.1 Suppose M, C R, t = 0,1,--- are finite, pg : My — R represents a
probability density function (i.e. Y . .\, p(xo) = 1) and functions p, : My x - X
M, — Rt U{0} satisfy the following (consistency) condition:



Z pn(an Tt 7xn) = pn—l(x()a T axn—l)-

Tn€Mp

Then there exist a unique stochastic process (up to distributional equivalence) { Xt }renufoy

such that
P<X0 =T, >Xn :xn) :pn<x07"' 7$n)

Proof
Eristence: By the Kolmogorov extension theorem quoted above, we only need to
show there exists a consistent family of measures (density functions)

{Qtly”'ytklk S N7 (tlu T 7tk> S Nk}

such that q; ... + = ps. We define such a family of functions, prove they are measures
and consistent.
For and sequence, ¢y, - ,tg, let t = max{t;,--- ,tx} and define

Qt1,~--,tk(xt1>"' 7xtk) = Z pt(l“l,"' 737t)-

xueMu7u€{17'" 7t}7{t17"' 7tk}
We need to prove three things:

a) Bach ¢, ... 1, is a density function. It suffices to show that ¢ is a measure because
the ¢, ...+, are sums of such measures and so are measures themselves. But p,
is non-negative by assumption. It only remain to show that p; sums up to one.
For t =1 it is in the assumptions of the theorem. For ¢ > 1, it can be done by
induction because of the following identity

Z pie(xo, -+ xy) = Z Pe-1(Zo, -+, 24)

z; €M;,i=0,1,---t z;€M;,i=0,1,--- t—1

where the right hand side is obtained by the assumption » M, Pn = Pn—1.

b) In order to satisfy the first condition of Kolmogorov extension theorem, we need
to show

Qtl,---,tk@tu T 7xtk> = Qtrry ster) (mtwu)’ T 7xtﬁ(k))a
for m a permutation of {1,2, -, k}. But this is obvious since max{t,--- ,tx} =
max{tﬁ(l), s ,tﬂ(k)}.

c¢) In order to satisfy the second condition of Kolmogorov extension theorem, we
need to show

E Gty tiye st (xtﬁ Crr Tyt 7xtk> =ty et (56,51, Tt Lyt ,l‘tk),
ItiEMti
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where the notation~above a component means that component is omitted.

To prove this, we consider two cases:

Case I: t = max{ty, - ,t;} = max{ty,--- ,&;,--- 1}, then

E Aty s, (xt17 Ty Tyt 7xtk) =

T, GMti

Z Z pe(zo, -+ 1) =

xtieMti xueM’leue{l: 7t}7{t17"' 7ti7"' 7tk}

Z pi(zo, - 1) =

T € Muu€{l, o th—{t1, iy st}

Piy oo £ty (xtu Tt Lyt 7Itk>

Case II: max{ty,--- ,1;,--- ,tp} =t <t =t

§ iy, s, b (xtla IR TP 7Itk) =

T, GMti

Z Z pe(zo, -+ 1) =

xtieMti xueMu7ue{17 7t}_{t17"' Wiy 7t]€}

Z pilzo, -+ xy) =

IEuGMu,UG{I, 1t}_{t17"' 7{1'"" 7tk}

Z Z filzo, - @) =

@y € Muyu€{l, e '} ={t1, ol by} To€Move{t'+1, 1}

Z pr(xg, -+ ,xp) =

Ty €My el ¥} —{t1, iy tr}

iy, 5t (Itu BT thk)‘

Uniqueness: Suppose {Y;}ienugoy is another stochastic process satisfying the condi-
tions of the theorem with the p| Lty @S the joint measures.

/ —_ —_—
Pi,...t =Pt = P1, t,

by the assumption. Taking the sums on the two sides, we get p;, .. ; = pt; ... 1, Now
the uniqueness is a straight consequence of the Kolmogorov Extension Theorem. B

Remark:

3. Note that we did not impose the positivity of the functions for this case.
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Now we are ready to prove Theorem 3.1.

Proof

Existence: In Lemma 3.1, let

o = F,

p1: My x My — R, pi(wo, 1) = po(wo) P1(70, 71),

Dot My X My x -+ x My, = R, pp(xg, -+ ,2n) = pp_1(xo, -+ s Tn1)PnlT0, -+, Zn).
To see that the {p;} satisfy the conditions of Lemma 3.1, note that

TnE€EMnp
Z pn—l(x(h e ,.’,Un_l)Pn(l'(), e 7:ETZ) -
Tn €My,
pnfl(x[)a e 71.7171) Z Pn(x07 T 7:Cn) -
TnEMnp
pn—l(x07 e 7xn—1)-

Lemma 3.1 shows the existence of a stochastic process with joint distributions
matching the p;. Furthermore, the positivity of the {P;} implies that of the {p;}.
Thus all the conditionals exist for such a process and they match the P; by the
definition of the conditional probabilities.

Uniqueness. Any stochastic process satisfying the above conditions, has a joint dis-
tribution that matches those of the {p;} and hence by the above theorem they are
unique. |

4 Characterizing density functions and r-th order
Markov chains

The previous section saw discrete-time categorical processes represented in terms of
conditional probability density functions. However such densities on finite domains
satisfy certain restrictions that can make modeling them difficult. That leads to the
idea of linking them to unrestricted functions on R in much the same spirit as a
single probability can profitably be logit transformed in logistic regression.

To begin, let X be a random variable with probability density p defined on a
finite set M = {my,--- ,m,}. The section finds the class of all possible such ps with
p(m;) >0, i=1,--- ,nand g : R — R, a fixed bijection. The following theorem
characterizes the relationship between p and g.

Theorem 4.1 Let g : R — R a bijection. For every choice of probability density
ponM={my,- - ,m,}, n>2, there exists a unique function f: M —{my} — R,
such that



1

p(m1> = 1 + erMi{mﬂ h(x)a (1)
_ h(z)
Plo) = 13 S ert—toy M@ 7 .

where h = go f. Moreover, h(z) = p(x)/p(my). Inversely, for an arbitrary function
f:M—{mi} — R, the p defined above is a density function.

Proof
FEzistence: Suppose p : M — (0,1) is given. Let h(x) = p’(’sz), r # my and
f:M—{m}—R, f(x) =g ' oh(zx). Obviously h = g o f. Moreover

1 1
L+ en—(myy M) 1+ > wer—{mi} P(E)/p(m1)
1
T+ (L= plm0) plm) 2™
and
h(x) p(x)/p(m1)

=
&

thereby establishing the validity of equations (1) and (2).

Uniqueness: Suppose for fi, fo, we get the same p. Let hy = go fi, hy = go fo, by di-
viding 2 by 1 for hy and hs, we get hy(x) = p(x)/p(my) = ha(x) hence go f1 = go f.
Since ¢ is a bijection f; = fs. |

Corollary 4.1 Fixing a bijection g and my € M, every density function corresponds
to an arbitrary vector of length n — 1 over R.

Theorem 4.2 Fiz a bijection g : R — RT, m{ € M;. Let M;,i =0,1,--- be finite
subsets of R with cardinality greater than or equal to 2 and M! = M; — {m}}, Vi.
Then every categorical stochastic process with positive joint distribution on the M;
having starting density Py : My — R and conditional probabilities P; at stage i given
the past, can be uniquely represented by means of unique functions:

go: My — R

Gn i Mo x - x My, x M, — R



forn=1,..., where
1+ erMo—{m(l)} ho(l’)
ho(l‘) 0
Py(x) = , T F#my € Mo, (4)
L+ erMo—{m?} hO(m) 1
and hg = g o go. Moreover hy(x) = %.
-0

The conditional probabilities P; are given by

1
Pn('xﬂa"’ 7xn*17mn) = ) <5)
! 1 =+ ZmeMn—{m?} h”(‘r)
h(x)
Py(xg, -+ ,xp_1,x) = , x#ml e M,, (6)
1 + ZmeMn—{m?} hn(l’) !

where, hy = g gn. Moreover hy(zy, -+ 1) = proe=tomizna Xomro),

Conversely, any collection of arbitrary functions go, g1, -+ gives rise to a unique

stochastic process by the above relations.

Proof
The result is an immediate by Theorems 3.1 and 4.1. |

Remarks:

4. We can view the arbitrary functions go, - - , g, on M§, Mo x M{, -+, My x -+ X
M,y X M/ as arbitrary functions gy on M, gi(.,z1), 1 # mi on My
and g, (., z,), T, #my on My X -+ X M,_1. As a check we can compute the
number of free parameters of such a stochastic process on My, -+, M,. We
can specify such a process by cycy - - - ¢, — 1 parameters by specifying the joint
distribution on My x M; x M,. If we specify the stochastic process using
the above theorems and the g; functions, we need (mgo — 1) + mgo(my — 1) +
momq(mg — 1) + -+ +memyq -+ - my,_1(m, — 1) which is the same number after
expanding the terms and canceling out.

5. In the case of r-th order Markov chains, ¢, (g, - ,z,) only depends on the last
r 4+ 1 components for n > r.

6. In the case of homogenous r-th order Markov chains, M; = M,, Vi. Fix
mo € My and suppose | My| = ¢o. We only need to specify go to g,, which are
completely arbitrary functions. We only need to specify go on M} and g, on
My < --- x M. This also shows every homogenous Markov chain of order
at most r is characterized by (co — 1) > _;_, ¢{, elements R.
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To describe processes using Markov chains, we need to find appropriate para-
metric forms. We investigate the generality of these forms in the following section
and use the concept of partial likelihood to estimate them. We find appropriate
parametric representations of g, which are functions of n + 1 finite variables. In the
next section we study the properties of such functions. We call a variable “finite” if
it only takes values in a finite subset of R.

5 Functions of r variables on a finite domain

In this section, we study the properties of functions of r variables with finite domain.
First, we present a result of Besag [2] who studied such functions in the context of
Markov random fields. However the statement of the result in his paper is inaccu-
rate and moreover it gives no rigorous proof of his result. We present a rigorous
statement, proof of the result and generalization of Besag’s theorem.

5.1 First representation theorem
Theorem 5.1 Suppose, f : [[;_; ., Mi — R, M; being finite with |M;| = ¢; and
0€ M;, Vi, 1 <i <r. Let M| = M; — {0}. Then there ezist a unique family of
functions

{Giy iyt M, X M, % - x M =R, 1<k<r, 1<i <ipg<---<ip <1},

such that

Flanmn) = f(0,0,0) + Y wiGilw)+

Z (T - w3) Gy (g ) + o (e - 20) G (21,005 20).

1< <t << <r

Proof Denote by I4 the indicator function of a set A and Ny = {(z1,--- ,2,) :
D i1 Iioy (i) <k}
Existence: The proof is by induction. For i =1,--- | r, define
0,-++,0,2:,0,---,0) — f(0,-+-,0
€

where z; is the i coordinate. Then let fi(z1,- - ,2,) = f(0,-+-,0)+ >0, 2:Gi(x;).
Note that f; = f on V.
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Next define G;, 4, : M, x M;, — R by

Gi1,i2 (‘ril ) $i2> =

f(07 707‘7:7:170"' ,071'1'2,0,"' 70)_f1(07 707xi170"' 707$i2707"' 70)

?

Liy Ty

where, x;,, z;, are the it" and it" coordinates, respectively. Using the {G;, ;, },
we can define f, on Ny by

fQ(l.lf" ,I’r) :f<0’ 70)+leGl($l)+ Z xi1$i2Gi1,i2($i17$i2)-
=1

1<iy <ip<r
Or equivalently,
f2(£C1,~~~ 7x1") :fl(xl"' 7377‘)+ Z :UhxizGil,iz(xilaxiz)'
1<i1<i2<r

It is easy to see that fo = f on Ns.

In general, suppose we have defined G, ... ;,_, and fi_1, let
Gi1,~--,ik (mila e 7xik) =
f(07 7()"%‘1'1’0”' 707'Tik707"' a()) - fk:—l(oa"' 707xi170"' aovl‘ikuoa”' 70)
le DY xlk )

for (zi,- -+, x;,) € Mj x -+ x M .
Also let

fk(xh“' a‘rT) - fk—l(xlu e 7'rT’> + Z xil t 'xikGi1,~~~,ik(xi17 e 7xik>

1< <t < <1 <1

We claim f = f; on Ng.

To see that, fix © = (x1, -+ ,x,). If  has less than k nonzero elements, the
second term in the above expansion will be zero and

felxr, - a) = foma(@n, o 2) = flan, -2y,

by the induction hypothesis and we are done.
However if z has exactly k nonzero elements

= (21, 2.) = (0,--,0,2;,,0,---,0,2;,,0-),
Then

E Ty “.xikGila“'»ik(xiN”. 7‘rik) =

1<iy <dp <o < <r

Ljy = 7xjij17"'vjk('Ij17 T 7xjk)‘
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Hence
fk(xlv"' ’xr) = fk—l(l'l,"' ,J}T) + (lev"' 7xjk)Gj17"'ajk<xj17.” 7xjk)
= fe—a(zy, - )+
f( 70737]'1707”' 707xjk707”')_fk71<"' 707xj1707”' 707xjk707”')
Ljy wr L,

Ljy = Ly

= flzy, @)

By induction, f = f, on N, = [[,_; .., M;. Hence, the family of functions satisfies
the conditions.
Uniqueness: To prove uniqueness, suppose

{Giy i - M, X M, x oo X M, =R, 1<k<r, 1<ip<ipg<---<ip<r}

and

{Hip ooy s M, X My < -o- X M =R, 1<k<r 1<id <ig<---<ip<r}

are two families of functions satisfying the equation. Also assume fC and f{ are the
summation functions as defined above corresponding to the two families. We need to
show Gy, .. i, = Hiy .. iy, on M x---x M . We use induction on k. It is easy to verify
the result for the case k = 1. Now suppose, © = (2, -+ ,x;,) € M X M, x---xX Mj, .
Then by definition

Gil,-”,ik(xip'” 7xik) —
f(Oa 7073:2'170"' 7O7$ika07"' 70)_ka—1(07"' 7073:72170"' 7Oaxik707"' 70)
xil-..l’ik

and

Hih-n,z'k(l'ily"' 795ik) =
f<07 707xi170"' 7O7xik707'” 70)_.](.]51(07 707371'170'” 707xik707"' 70)

Ty v Ty,
But by induction hypothesis, f&, = fIL, so we are done. u
We can think of this representation of f as an expansion around (0, --- ,0).
However, (0,---,0) has no intrinsic role and we can generalize the above theorem

as follows.
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Theorem 5.2 Suppose, f: M = Hi:LmJ M; — R, M; being finite and |M;| = ¢;.
For any fizved (p1,--- ,pr) € M, let M! = M; — {u;}. Then there exist unique
functions

{Hij iyt M, X M, x - x M =R, 1<k<r, 1< <ig<---<ip <7}

such that

T

fen, - ) = flun o)+ Y (0 — ) i)+

=1

Z (:Uh - :uil) e (xlk - Mik>Hi1,-“,ik (xip T 7$ik)+

1<) <o <<t <1

ot (= ) (w2 = ) - (2 — ) Higop (0,0 ).

Proof Let N; = M; — p; (meaning that we subtract p; from all elements of
M;) so that N; and M, have the same cardinality. Also let N = Hi:l,-~~,r N; and
N! = N; — {0}. Then define a bijective mapping

¢iiNi —>Mz’,

Gi(wi) = i + i
This will induce a bijective mapping ® between N and M that takes (0,---,0) to

(g1, , ). Now consider fo® : [[._, .. N; — R. By the previous theorem,
unique functions

(Givroin i NL XN X oo x NI SR 1<k <r 1<y <ip<-or <y <7}

exist such that

fod(wy, - 2,)=fod(0,,0)+ > zGi(x:)+

> Tiy iy Gy iy (T, o+ T) + o+ 21 2. Grgep (21, -0+, ).

1< <t < <1 <1

Hence,

F@i(z1), -+ be(r) = F(61(0), -, 6,(0)) + Za:tixm

E Tiy + Tiy Gy i (T, oo T3) + o+ 2@ 2,Grgp (21,000, 1)

1< <ig <+ <ip <1
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We conclude,

oy, e p) = [, o) + S wiGile)+

i=1
E Tiy + Tiy Gy i (T, oo 3) + o+ 2122 2,Grap (21, -0+, 1)
1<y <ig <+ <ig <r
This gives:

r

Flon e = Fli e o) + 3@ — )Gl — o)+
=1
Z (xil - /’l’il) T (Ilk - /“Lik)Gilf"fik (Iil T Mgy Ty T /’Lik)+
1<y <o <<t <r

s (= ) (T = p2) e (0 — )G (T — pa, 0 T — ).

To prove the existence, let

Hil,m,z‘k (5172‘1, c ,l'z'k) = Gil,m,ik (%‘1 — Mgyt 3 Ty, — Mk)-

The uniqueness can be obtained as in the previous theorem. |
We call this expression the Besag expansion around (g, - -, ;).

Corollary 5.1 In the case of binary {0,1} wvariables, the G functions are simply
real numbers, since M x --- X M; has eractly one element: (1,---,1). Hence, we
have found a linear representation of f in terms of the x;, - - - x;, .
Corollary 5.2 Suppose that {X;} is an r-th order Markov chain, X; taking values
in My = {0,1} and the conditional probability

P(Xt = 1|Xt—17 T 7X0)7

is well-defined and in (0,1). Let g : R — RT be a given bijective transformation.

Then
(Xy =1|Xsy =41, , Xo = 0)

(Xi=01Xp 1 =240, , Xo = xo)}’
is a function of t variables, (xy 1, ,xq), fort <r and is a function of r variables,

(Ti1,- -+ ,x4—y), for t > r. Hence there exist parameters of, {of, . ; Yi<iy, i<t for
t <r and of, {al, .. ; Yi<iyiv<r fort > 1 such that fort <r

. P
gt(xtfla"' 71‘0):9 I{P
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P(X; =1|X—4,---, Xo)

-1
I X X, X))

t
oh+ 3 Xl
i=1
Z a;,...,ikXt—il e Xy, et
1<y <ig<-<ip <t

o X1 X o+ X

and fort >r

o, P(Xi=1Xq,--, Xo)

() —
T O PX, = 0| Xy, Xo)

r
t E t
O{O + Xt_laz + c
i=1
t
E O‘il,---,ikXt*h .. ‘Xt—z‘k + -4
1<y <dg << <1
t
alg...rXt—lXt—Q -+ Xo.

t

In the case of homogenous Markov chains the ozf), Qg

t>r.

. do not depend on t for

The above corollary shows that the conditional probability of a Markov chain after
an appropriate transformation can be uniquely represented as a linear combination
of monomial products of previous states.

One might conjecture that the same result holds for all categorical-valued
Markov chains (with a finite number of states) using the above theorem. This is
not true in general since the {Gj, ... ;, } are functions. In the next section, we prove
another representation theorem which paves the way for the categorical case. As it
turns out, we need more terms in order to write down the transformed conditional
probability as a linear combination of past processes.

5.2 Second representation theorem

In this section, we prove a new representation theorem for functions of r finite
variables. We start with the trivial finite-valued one-variable function and then
extend the result to r-variable functions. The proof for the general case is non-
trivial and is done again by induction.

Lemma 5.1 Suppose f: M — R, M C R being finite of cardinality c. Letd = c—1.
Then f has a unique representation of the form

f(z) = Z ', Yo € M

0<i<d
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Remark.

7. The lemma states that, if we consider the vector space V= {f : M — R}, then
the monomial functions {p; }o<i<d, where p; : M — R, p;(x) = z' form a basis

for V.

Proof First note that the dimension of V' is ¢. To show this, suppose M =
{my,--- ,m.} and consider the following isomorphism of vector spaces,

I:V —R¢
f'_> (f(m1)7 7f(mc>>

It only remains to show that {p; }o<i<a4 is an independent set. To prove this suppose,

Z ar' =0, Vo€ M.

0<i<d

That would mean that the d-th degree polynomial p(z) = Y7, iz’ has at least
¢ = d + 1 disjoint roots which is greater than its degree. This contradicts the fun-
damental theorem of algebra. |

Theorem 5.3 Suppose M; is a finite subset of R with |M;| = ¢;, i = 1,2,--- .
Letd; = ¢; —1,M = Hi:L__’T M; and consider the vector space of functions over
R, V =A{f: M — R} with the function addition as the addition operation of the
vector space and the scalar product of a real number to the function as the scalar
product of the vector space. Then this vector space is of dimension C' = Hi:me i

and {x - 2 Yo<i <dy - 0<ir<d, forms a basis for it.

Proof To show that the dimension of the vector space is C, suppose M =
{my,--- ,m.} and consider following the isomorphism of vector spaces:

I:V —R,

fr=(flm), -+, f(me)).

To show that {z%' - - Yo<iy<d; . 0<ip<d, forms a basis, we only need to show
that it is an independent collection since there are exactly C' elements in it. We
proceed by induction on r. The case r = 1 was shown in the above lemma. Suppose
we have shown the result for » — 1 and we want to show it for . Assume a linear
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combination of the basis is equal to zero. We can arrange the terms based on powers
of x,:
po(@i, -+ xooy) + xepi(, - xe1) + oo+ 2l pa(2y, - @) =0, (7)
V(zy, - x,) € My X -+ X M,.

Fix the values of o, -+ ,2/_; € My x --- x M,_;. Then Equation (7) is zero for ¢,
values of z,. Hence by Lemma 5.1, all the coefficients:

pO('r/h"' 733;71)71)1('1./17”' 7',]:;"71)7”' 7pd(x/17'” 71’;71)7

are zero and we conclude:

p[)(,l'l’-.- 73;'7,_1) = Oapl(xl,"' ’xr_l) = 0’ ’pd<x1’... ’l»r_l) — O7
v(xlf" 7377“71) S M1 X X Mrfl-

Again by the induction assumption all the coefficients in these polynomials are zero.
Hence, all the coefficients in the original linear combination in Equation (7) are zero.
|

Corollary 5.3 Suppose X; is a categorical stochastic process, where X; takes values
in My, |My| = ¢, =dy +1 < 0o. Also assume that the conditional probability

P(Xt = xt|Xt71 =Tt—1,""" >X0 = 330)>

is well-defined and in (0,1). Fixm} € M;. Let g : R — RT be a bijective transforma-
tion, then there are unique parameters {o, . ;, teN0<io<di—1,0<i1<ds1,0<in<ds—o,- 0<ir<do
such that

P(Xt = xt’thl =Ty, ,Xo = 950) = Pt(ﬂfo, e 7%),

where
1
P, .. . iy _ 8
t(x()) y Lt—1, ml) 1 + ZyeM_{mtl} ht(y)7 ( )
h(z)
Pi(zo, - 21, ) = ,x #mb € M, (9)
1+ ZyEM—{ml} hi(y) !
fOT’ ht(.ﬁCo, e 73;15) =go gt(xO, cee L Tp_q, xt) and
gt<l’0, oy L1, .fEt) = Z Odgo,'“,itxio—ﬂ e x?—t?

0<io<d¢—1,0<i1<d¢ 1, ,0<it<do
!
(330,"' ,.Tt) € Mg X X Mt,1 X Mt'

On the other hand any set of parameters a§07,,,’it gives rise to a unique stochastic
process with the above equations.
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Corollary 5.4 Suppose that {X;} is an r-th order Markov chain where X; takes
values in My a finite subset of real numbers, |M;| = ¢, = d;+1 < oo, the conditional
probability

P(X; = 2| X1, -+, X0),
is well-defined and belongs to (0,1). Fiz m{ € My and let M = M, — {m;} and
g:R — R" be a given bijective transformation. Then

g (Z’ T ) _ g—l{ P(Xt = */Et‘thl =Tp_1," " 7X0 — .1.0)
sy T yL0) —
t\ Lt P(Xt = mt1|Xt—1 =Xp_1, " 7X0 — :EO)

2

is a function of t + 1 wvariables for t < r, (x;, -+ ,x9) and is a function of r + 1
variables,(xy, -+ ,x4_y), for t > r. Hence there exist parameters

t
{ iy e iy Yo<io<di—1,0<i<dy 1, 0<iy<dg, TOT <1

and
t
{0y i Yo<io<di—1,0<i1<di_y, - ip<dy_,, TOTT>T

such that fort <r

g_l{ P(Xt = xt|Xt71 =T 1,7, Xg = 960) .
_ 1 — _ -
P(Xt — mt|thl = Tg—1,""" 7X0 - xO)
t 10 it
§ Qi iy Te—0 """ Lplys
0<io<d;—1,0<i1<dt—1,-,0<i¢<do

(fljo,"' ,.I't)GMQX"'Mt,1 XMt/,

and fort > r

g—l{ P(X; = x| Xy 1 =29, , Xo = ) )=
_ 1 _ _ -
P(Xt = mt|Xt—1 =Tt—-1,""" >X0 = 330)
t 20 7
E Qo in Lo " Ty
0<ip<d¢—1,0<i1<dt—1, ,0<ir <dt—r

(SC(),"' ,ZEt)GM()X"'Mt_l XMt,

In the case of homogenous Markov chains the aﬁhm ;. do not depend on t fort >r.

N2

One might question the usefulness of such a representation. After all we have
exactly as many parameters in the model as the values of the original function. In
the following, we explain the importance of linear representations of such functions.

1. A vast amount of theory has been developed to deal with linear models. Gen-
eralized linear models in the case of independent sequence of random variables
is a powerful tool. As we will see in sequel, these ideas can be imported into
time series using the concept of partial likelihood.
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2. Although we have as many parameters in the model as the values of the original
function, the representation gives us a convenient framework for modeling, in
particular for making various model reductions by omitting some terms or
assuming certain coefficients are equal.

3. Although this is a representation for stationary r-th order Markov chains (or
representation for arbitrary locally r-th order chains at time t), this repre-
sentation allows us to accommodate other explanatory variables simply by as
additive linear terms and extend the model to the non-stationary cases. This
cannot be done in the same way if we try to model the original values of the
function.

Example 5.1 As an example consider a categorical response variable Y and r cat-
egorical explanatory variables

X17 Ty XT7
are given. Suppose the X; takes values in the M; which include 0. Our purpose is
to model Y based on Xq,---,X,. In order to do that, we consider the conditional

probability
PY =ylXi=21,-, X, =x,).

Again, we assume that the conditional probability is well-defined everywhere and
takes values in (0,1). The above theorem shows that after applying a transformation
the conditional probability can be written as a linear combination of multiples of
powers of the X;.

Although, the theorem above shows the form of the conditional probability
in general and paves the way to the estimation of the conditional probabilities by
estimating the parameters, the large number of parameters makes this a challenging
task which might be impractical in some cases. In the next section, we introduce
some classes of r variable functions that can be useful for some applications.

5.3 Special cases of functions of r finite variables

The first class of functions we introduce are obtained by power restrictions. We
simply assume that g, can be represented only by powers less than k. Suppose X;
takes values in 0,1, ,¢; — 1. Then for a k-restricted power model the g;, t > r is
given by:

P
0<i1<dy,,0<ir<dr, ;ij<k

In particular, we can let £ =1 and get

Bo + Z BiXi—i.
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This is useful especially for binary Markov chains.

The second class of functions are useful in the case when relationships exist
between the states in terms of a semi-metric d. Suppose {X;} is an r-th order
Markov chain and X; takes values in the same finite set M = {1,--- ;m}. Also let

d: M x M — R,

be a semi-metric being a mapping on M that satisfies the following conditions:

v

d > 0;
d(z,z) < d(z,y) +d(y, 2);
d(x,z) =0.

Then we introduce the following model:

~1 P(Xt = j|Xt*17 T 7Xt*7‘) .

© :Oé+ Oéld "X*’L’
g P(X;=1X¢ 1, , X¢y) 0. ; 540, Xii)

for j =2,--- ,m. For this model
P(X;=1X\q,+  Xp)=1— > P(Xy=j|Xio0,+, Xiy).
j:]‘?”. 7Ct71

Finally, we introduce a simple class for the binary Markov chain of order r.
For any bijective transformation ¢ : R — R*

-1 o P(Xt - ]-|Xt—17 e 7Xt—7‘)

= N;_
PO, = 01X, 1, X, ot

9

where N;_| = Z;Zl X;_j. For example in the 0-1 precipitation process example seen
in the Introduction, N;_; counts the number of the days out of r days before today
that had some precipitation.

6 Generalized linear models for time series

Generalized linear models were developed to extend ordinary linear regression to
the case that the response is not normal. However, that extension required the
assumption of independently observed responses. The notion of partial likelihood
was introduced to generalize these ideas to time series where the data are dependent.
What follows in this section is a summary of the first chapter in Kedem and Fokianos
[5], which we have included for completeness.
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Definition 6.1 Let F;, t = 1,2,--- be an increasing sequence of o-fields, Fy C
F1 C Fo,--- and let Y1, Ys, -+ be a sequence of random variables such that Y; is F;
measurable. Denote the density of Yi, given Fy, by fi(ys;0), where 8 € RP is a fived
parameter. The partial likelihood (PL) is given by

N
PL(O:y1,- - yn) = [ filwi:6).
t=1

Example 6.1 As an ezample, suppose Y; represents the 0-1 PN process in Calgary,
while MT; denotes the maximum daily temperature process. We can define F; as
follows:

1. Fr=0{Y;_1,Y, o, -+ }. In this case, we are assuming the information available
to us is the value of the process on each of the previous days.

2. Fy = o{Y,1,Yi 0, MT,_ 1, MT;_o,---}. In this case, we are assuming we
have all the information regarding the 0-1 process of precipitation and maxi-
mum temperature for previous days.

3. Fy = oY 1,Y, o, MTy, MT, 1, MT; o,---}. In this case, we add to the
information in 2 the knowledge of today’s mazximum temperature.

The vector ¢ that maximizes the above equation is called the maximum partial
likelihood (MPLE). Wong [7] has studied its properties. Its consistency, asymptotic
normality and efficiency can be shown under certain regularity conditions.

In this report, we are mainly interested in the case: F; = o{Y;_1,Y; 2, - }.
We assume that the information F; is given as a vector of random variables and
denote it by Z;, which we call the covariate process:

Zy=(Zn,  , Zy).

Zy might also include the past values of responses Y, Y; 1,---.

Let puy = E[Y;|Fi-1], be the conditional expectation of the response given the
information we have up to the time ¢.

Kedem and Fdokianos in [5] address time series following generalized lin-
ear models satisfying certain conditions about the so-called random and systematic
components:

e Random components: For t =1,2,--- | N

Y0, — b(0,)

f(yt; 0;, ¢‘ft71> = eXP{ at<¢)

+c(ys ¢)}-
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e The parametric function ay(¢) is of the form ¢/w,, where ¢ is the dispersion
parameter, and w; is a known parameter called “weight parameter”. The
parameter 6; is called the natural parameter.

e Systematic components: For ¢t =1,2,--- | N,

g(ue) =me = Zﬁg (t-1j = Zi1 5,

Jj=1
for some known monotone function g called the link function.
Example 6.2 Binary time series: As an example consider {Y;}, a binary time

series. Let us denote by m; the probability of success give F;_1. Then for t =
17 2, 7N}

f(e; 0, 6| Fi1) = exp(y; log(l )+10g(1 — 7))

with E[}/t|‘7:t—1] = Ty, b(9t> = —10g<1 — 7Tt) = log(l + eXp(Qt)), V(’ﬂ't) =
m(l—m), ¢ =1, and w, = 1.
The canonical link gives rise to the so—called “logistic model”:

g(m) = 0i(m;) = log( ) =1 = Z; 0.

¢
1 —

In order to study the asymptotic behavior of the maximum likelihood esti-
mator, we consider the conditional information matrix. To establish large sample

properties, the stability of the conditional information matrix and the central limit
theorem for martingales are required. Proofs may be found in Kedem and Fokianos

5].

Inference for partial likelihood

The definitions of partial likelihood and exponential family of distributions imply
that the log partial likelihood is given by

Zlogf Yi; O, | Fi1) =

Z{W;t_ b(o + ey, 0)} = Z{ytu(zg_lﬁit(_qj;(u%‘l)) +elynd)} = > L,

where u(.) = (go u(.))™" = u~(g7*(.)), so that 6, = u(z_13). We introduce the
notation,

0 0

v:(a_ﬁl7...,a_ﬁp

)/
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and call VI(/3) the partial score. To compute the gradient, we can use the chain rule
in the following manner

8lt . 3lt 89t (9,ut 877t

9B; 9B, Op, O, 9B;°

Some algebra shows

N

o Yy — Mt(ﬂ)
Sn(B) = VI(B) = Zpoyy o g
N §;<lan o?(B)
2

where, 07 () = Var[Y;|F,_1]. The partial score process is defined from the partial
sums as

d Opts Yy — p1s(3)
St = = s— .
(8) = vI(B) éfalwm 05

One can show the terms in the above sums to be orthogonal:

Oy Yy — pe(0) Ops Yy — p1s(0)

ElZi\yo————"Z =0, s<t.
Gy B Vo )
Also, E[Sy(8) = 0].
The cumulative information matrix is defined by
O Yy — e (B)
Gy Cov|Z ——|F
; Do o2E) P

The unconditional information matrix is simply
Cov(Sy(B)) = Fn(B) = E[GN(B)].
Next let

Hy(B) = —vV'I(B).
Kedem and Fokianso ([5]) show that

Hy(B) = Gn(B) — Ry(8),
where

t l(Y;/ (ﬁ))a

and dy(68) = [0%u(n:)/On;].
S, satisfies the martingale property:

E[Si11(0)|Fi-1] = Si(B).
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To prove the consistency and other properties of the estimators, we need:
Assumption A:
A1l. The true parameter 3 belongs to an open set B C R.
A2. The covariate vector Z; almost surely lies in a non random compact set I" of
RP, such that P[>, Z, 1Z!_, > 0] = 1. In addition, Z/_,f lies almost surely in
the domain H of the inverse link function h = ¢g~! for all Z,_; € I" and 8 € B.
A3. The inverse link function h-defined in (A2) is twice continuously differentiable
and |Oh(X)/OA| # 0.
A4. There is a probability measure v on R? such that [, z2'v(dz) is positive definite,
and such that for Borel sets A C RP,

N

1

N Z ‘[[Zt—leA] - V(A)
t=1

Theorem 6.1 Under assumption A the mazimum likelihood estimator is almost
surely unique for all sufficiently large N, and

1. the estimator is consistent and asymptotically normal,

~

EEY
in probability, and

VNG - B8) % N,(0,G7Y(5)),

in distribution as N — oo, for some matriz G3.

2. The following limit holds in probability, as N — oo:

VN(3 = 8)— —=G"1(B)Sn(B) & 0.

L
VN
7 Simulation studies

This section presents the results of some simulation studies about the partial like-
lihood applied to categorical r-th order Markov chains. We also investigate the
performance of the BIC to pick the appropriate (“true”) model. In particular, we
generate samples from a seasonal Markov chain X; where,

B 2
366

We consider this Markov chain over 5 years between 2000 and 2005 and assume

Zi1 = (1, Xy_1, cos(wt)), w

lOg'Lt{P(Xt = 1|Zt—1)} = ﬁ,Zt—la
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betal beta2 beta3
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Figure 1: The distribution of parameter estimates for the model with the covariate
process Z;_1 = (1, X;_1, cos(wt)) and parameters (8; = —1, 0, = 1, 83 = —0.5).

where 3 = (—1,1,—-0.5).
To generate samples for this chain, we need an initial value of the past two
states, which we take it to be (1,1). We denote the process X;_; by X* for simplicity.
To check the performance of the partial likelihood and estimates of the vari-
ance using Gy, we generate 50 chains with this initial value and then compare the
parameter estimates with the true parameters. We also compare the theoretical
variances with the experimental variances.

simulated sd theoretical sd

By Bo  fBs  sd(f) sd(f2) sd(Bs)  sd(fh) sd(f2) sd(f3s)

-0.985 1.02 -0.415 0.067 0.104 0.0730 0.061 0.121 0.0731

Table 1: The estimated parameters for the model Z;_; = (1, X;_1, cos(wt)) with pa-
rameters 3 = (—1,1,—0.5). The standard deviation for the parameters is computed
once using GG, and once using the generated samples.

In Kedem and Fokianos [5] other simulation studies have been done to check
the validity of this method.

To check the normality of the parameter estimates, we plot the three param-
eter estimates histograms in Figure 1.

Next we check the performance of the BIC criterion in picking the optimal
(“true”) model. We use the same model as above and then compute the BIC for a
few models to see if BIC picks the right one. We denote X; ; by X* and cos(wt)
by C'OS for simplicity. For an assessment, we simulate a few other chains.
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Model: Z;_4 BIC parameter estimates

1 2380.0 -0.605

1, X1 2267.12 (-1.03, 1.11)

1, X' X2 2273.75 (-1.064,1.091,0.101)
1,X',COS 2217.73 (-1.00,0.970,-0.558)
1,X',SIN 2274.49 (-1.037,1.117,0.026)
1,X',COS,SIN 2225.087 (-1.00,0.970,-0.559,0.028)

1, XY X2 XtXx? 2281.142 (-1.055,1.0615,0.0647,0.077)

1, X' X2, X'X2,C0S 2232.424 (-0.985,0.943,-0.0870,0.0915,-0.564)

1, X', X2 X'X2 COS,SIN 2239.834 (-0.981,0.957,-0.0946,0.0723,-0.575,0.0232)

Table 2: BIC values for several models competing for the role of the true model,
where Z;_; = (1, X',C0S), 8= (-1,1,-0.5).

As we see in Table 2, the true model has the smallest BIC so BIC performs
well in this case. Also note that models which include the true model have accurate
estimates for the parameters associated with 1, X', COS, while giving very small
magnitude for other parameters associated with other covariates in the full but not
true model.

Model: Z;_4 BIC parameter estimates

1 2537.353 0.0799

1, X1 2329.58 (-0.649,1.417)

1, X' X? 2245.584 (-1.022,1.144,0.998)

1, X' CoS 2265.96 (-0.553,1.236,-0.617)

1, X', SIN 2336.71 (-0.648,1.415,-0.0433)
1,X',COS,SIN 2273.01 (-0.552,1.235,-0.617,-0.0480)
1, XY X2, Xtx? 2251.32 (-1.08,1.287,1.140,-0.278)

1, X' X2, X'X2,COS 2213.706 (-0.936,1.11,0.966,-0.175,-0.511)
1, X1, X2 X1x2 COS,SIN  2221.275 (-0.927,1.101,0.940,-0.160,-0.549,-0.0441)
1, X' X2,COS 2206.865 (-0.899,1.0263,0.875,-0.515)

Table 3: BIC values for several models competing for the role of true model given
by Z;_1 = (1, X', X%, COS), 3= (-1,1,1,-0.5).

Table 3 presents the true model in the last row. Ignore that row for a moment.
The smallest “BIC” corresponds to 1, X!, X2, X1 X2 COS, which has an component
X1X? added to the true model. However, the coefficients of this model are very close
to the true model and the coefficient for X' X? is relatively small in magnitude. The
true model has the smallest BIC again and the parameter estimates are close to the
correct values.
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8 Concluding remarks

In summary, this report shows that a categorical discrete-time stochastic process
can be represented using a small number of ascending joint distributions

p0(170)>]?1($0, xl),pz(%, r1, xz), SR

We showed that a categorical discrete-time stochastic process can be represented
using the conditional probabilities Py(Xy), P1(X1|Xo), Pa(Xa| X0, X1),---. A para-
metric form was found for the conditional probability distribution of categorical
discrete-time stochastic processes. The parameters can be estimated for stationary
binary Markov chains using partial likelihood.
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