Chapter 2
Markov Chains and Their Extensions

Abstract This chapter deals with likelihood-based inference for ergodic finite as
well as infinite Markov chains. We also consider extensions of Markov chain models,
such as Hidden Markov chain, Markov chains based on polytomous regression, and
Raftery’s Mixture Transition Density model. These models have less number of
parameters as compared to a higher order finite Markov chain. Lastly, we discuss
methods of estimation in grouped data from finite Markov chains.

2.1 Markov Chains

Let X = (Xop,Xy1,...) be an M-state Markov chain with the state-space
S = {l,..., M} and the one-step transition probability matrix (t.p.m.) P =
(pijDImxm, pij = 0,Y(, j) and zy:l pij = 1,Vi. We assume that all states
communicate with each other and are aperiodic, which implies that all states are
non-null persistent and hence the chain is ergodic. Let {r;,i = 1,2, ..., M} be the
unique stationary distribution of the Markov chain X. It then follows that for all , j,

pl.(]t.) — mj >0, ast — oo.

Let (X0, X1, ..., X7) bethe T + 1 successive observations from the above Markov
chain. The conditional likelihood (given the initial observation Xg) is given by

L(P) = TT{Zo Px.xi1- Thus,

T-1
In(L(P)) = > > Nijlnpij Ny = > 1[X; =i, X141 = j].
i =0

We need to maximize In(L(P)) with respect to p;;’s, subject to the constraints that
> jpij= 1, Vi. Let A;’s be the Lagrangian parameters. We set
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M
f=I@P)+D x| D pij—
i=l1 j

Then, if p;; > 0, it can be easily shown that

. N::
pij = N_'li’ where N,'+ = E N,'j.
i -
J

Let Z; = I[X; =i, X;4+1 = j]. We note that Z; is a Bernoulli random variable. Let
{pi,i =1,2,..., M} be the initial distribution of X. Then,

T—1 -1 M
EINj1=> E[Z]= Z > (pep i)
t=0 t=1 k=1

Since p,(fl — 7, Zt 1 pkl)/T — m;. Thus, E[N;;/T] — m;pij. Further, we
observe that

T—1 M M
Var[Nijl= > > (pkpk, pz,) 1 (pkp,ﬁ?pij) +> > (pkp,i,)pl,) i pij
=1 k=1 k=1 st

and that V[N;;/T] — 0 as T — oo. It follows that, for all 7, j, N;;/T — m;pj;
in probability and hence p;; — p;; in probability. We observe that the above con-
vergence holds for any initial distribution {p;,i = 1,2, ..., M}. Itis easy to derive
the Fisher information matrix from the above likelihood. It follows from Theorem
1.5.1 (and also from Theorem 1.1 of Billingsley 1961) that the joint distribution
of V/T( pij — pij) i, j € S (written in a suitable vector form) is asymptotically
multivariate normal with the mean vector 0 and variances and covariances given by

V(T (pij — pij) = mipij(1 = pij)
Cov(vT (pij — pij)s NT (Pix — pi)) & —7i pij piks j # k.
Cov(VT (pij — pij)s VT (pix — pu)) ~ 0, if i #1.

It may be remarked that the likelihood function and hence the variance-covariance
matrix resemble the likelihood function and variance-covariance pattern of M inde-
pendent multinomial distributions respectively.

Goodness of fit of a Markov chain

1. LRT and Pearson’s X? statistics for testing the order. The first order Markov
property can be judged by testing against the second order. Under the assumption
of the second order, the ML estimate of p;jx = P[X;42 = k|X; =i, X, 11 = j]is
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. . N;j - . .
given by pijx = o, where Nije = 357 11X, = i, Xo1 = j, Xpq2 = k] and
Nij+ = 2k Nijx. We assume that the vector valued Markov chain {(X;, X,11),
t > 0} is irreducible and aperiodic. Thus, the LRT statistic is given by

. . 2
2 ZNijklnPijk_ZNij In pij ¢ ~ Xu—12m
ijk ij

as the difference in the numbers of parameters of the two models is M2(M — 1) —
M(M — 1) = (M — 1)>M. The corresponding Pearson’s X 2-statistic is given by
(Nijk = Eij)* .o
X2 = z —L=_ %" where Ejjx = Nit+DPijPjk-
- Eijk
ijk J
The degrees of freedom are the same as that of the LRT. One can similarly obtain
ML estimates of an L order Markov chain and develop a large sample chi-squared
test for an L-th order Markov chains against a Markov chain of order (L + 1).

2. Estimation of the true order of a Markov chain (Selection of a Markov model).
The above method of testing an order L against L + 1 is sequential in nature. We
continue to test until an r-order model is not rejected against the (r + 1)-th order
model. Since this procedure involves a series of tests to be carried out in a sequential
manner, the probability of selecting the underlying true model (of unknown order)
may not asymptotically converge to 1. A better and theoretically valid procedure
is to apply the information criteria such as akaike’s information criterion (AIC) or
bayes information criterion (BIC) . These are defined below. Let K be the number
of parameters of a model under consideration.

AIC =2suplnL(O) — T,
0
BIC =2supln L(#) — K In(T).
0

Both the log-likelihood and the number K of parameters change from model to model.
We select the model which has the smallest AIC/BIC. Katz (1981) has shown that
the BIC procedure gives a consistent estimator of the true order of a Markov model.
The AIC frequently overestimates the true order. Another advantage of both AIC
and BIC is that they can be applied even if the models are not nested. A construction
of LRT requires the nested property, e.g., the L-th order Markov model is included
in the (L + 1)-th order Markov model.

3. Time homogeneity. The assumption of time homogeneity can be tested by dividing
the data into several non-overlapping blocks of consecutive observations of moderate
length. We then compute p;; for each (i, j) obtained from each of such blocks and
plot the estimators against the time. If the transition probabilities vary a lot over
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time, such plots would reveal changes. (A formal test is difficult to construct.) The
procedure can be carried out based on overlapping blocks also.

4. Distribution of patterns. Application of a two-state Markov chain to a sequence of
dry (the state 1) and wet (rainy) (the state 0) days over a monsoon at a place requires
fitting of distributions of lengths of wet and dry cycles or spells. Length of a wet cycle
equals r with probability poo”~! po1. Observed distribution of wet cycle lengths can
be compared with the distribution with estimated parameters. Visual inspection of
plots suffices in most of the cases. The Pearson’s X? statistic can be computed while
comparing with other models. It may be pointed out that the X2 statistic does not
have a chi-square distribution. We refer to Table 2.10 (p. 76) of Guttorp (1995) for
such an application.

2.2 Parametric Models

A parametric model with M states for X is given by specifying p;; as functions of 0,
a p-dimensional parameter, i.e., as p;;(0) = Py[X;y1 = j|X; = i]. The parameter
space is ®, an open subset of p-dimensional Euclidean space. We make the following
assumptions.

1. The set D = {(i, j)|pij(®) > 0} does not depend upon 6.
2. Each of the functions p;;(6) is twice differentiable with respect to 6,,
r=1,2,..., p. The second derivatives are continuous.

3. The appropriately constructed matrix 31%;9), @(i,j)eD, r=1,2,...,pof
order d x p is of rank p where d is the number of elements in the set D.

4. V0, X is an irreducible, non-null persistent, aperiodic Markov chain .

The above assumptions can be described as extensions of Cramer regularity
conditions, assumed usually in the case of i.i.d. observations. Let m;(6) denote
the unique stationary distribution of X. For the time being, we assume that the
chain is in equilibrium, i.e., Xo follows the distribution ; (0). It is easily seen that
InL(©®) = > N;jlnp;;(0) + > I[Xo = i]m;(6). We ignore the second term as

L] 1
before. Consequently, the likelihood equations are given by

wz > BP;Jé(@)N_l'J'g: =1,2,....p

- (. 1eD r Pij( )

Further,
PInLO) |:N," ?pij®)  Nij  9pij(®) ap"f'(e)]
00,00, o= Lpij(®) 96,00 (pi(©)* 06, 96, ]

Now, since N;; = ZtT;()l I[X; =i, Xt41 = j], in view of stationarity, we have
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E(N;j) = Tm;(0)pi;(0).

2
Since Zj pij(0) =1, Z([’ fep Ti aaé;,_ég?) = 0 in view of the regularity conditions.
The Fisher Information Matrix is defined by

1) = (( lim lE |:BlnL(9) BIHL(G)] )) .
T—oo T 00, 06

In view of the regularity conditions, it is then given by

10) = ((1:56))),

where

i (0) 9pij(0) dpi;(0)
s ®) == 2. -l-(e) aue z;Je
ipep Pii r s
The expected values in the above expressions have been derived with respect to
the joint distribution of (X, X1) under the assumption of stationarity. Let 6 be a
consistent solution of the likelihood equations. It follows that

JT@é-0) 2N, (0, (1(9))—1) .

An estimator of the Fisher Information matrix is needed in construction of confidence
regions and tests of hypotheses. In practice, it is easier to use the observed Fisher
Information matrix, whose (i, j)-th element is given by

9% 1n L(0)

Fij@) = 36,00
r A

0=0

and the corresponding estimator of /(9) is given by
i) = ((F,-j(é)/T)).

Another estimator of 7(0) is [ (é), which is obtained by replacing 6 by in I ).
However, this requires a theoretical derivation of the expectations involved, which
could be tedious in some cases.

Goodness of fit of parametric finite Markov chain. models: This is similar to
goodness-of-fit procedures for parametric multinomial models. We note that under
Hy, X follows the above parametric model, E g, (N;;) = Tm; (0) p;j (), the estimate
of which is given by E;; = N; p;; (é), under Hy. Thus, the Pearsonian X? statistic
is given by
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~\2

oy (Nij - Ni+Pij(9))
X = =
(. 1)eD Nitpij(©)

and its asymptotic null distribution is x> with (the number of elements in the set D) —
M — p as the degrees of freedom. The LRT statistic has the same asymptotic distri-
bution, under Hy.

One can consider the Q—Q plot of (Nij — Niypij (é))/,/Nier,-j (é) for (i, j) € D
by regrading them observations from N (0, 1). Such a plot may reveal cells which
have a sizable contribute to the LRT or X2, cf. Davison (2003), p. 235.

Testing for sub-models. Under the above stated conditions, we also get the chi-
square distribution of the LRT for the null hypothesis Hy : 6 € ©®g, provided that
the regularity conditions hold for the parameter space ®q. The degrees of freedom
for the chi-square are given by the p — po, where pq is the number of (distinct)
parameters corresponding to Hy.

Example 2.2.1 Consider the two-state Markov chain with its t.p.m. given by

0 1
0f1—-6 6
1 ( 0 1-— 9) ’
The null parameter space is ®g = (0, 1) and for all 6, D = {(0, 0), (0, 1), (1, 0),
(1, D}. The vector of derivatives of the elements of the t.p.m., taken row-wise is
given by (—1, 1, 1, — 1), whose rank is 1. Besides, the chain is irreducible and
aperiodic with (1/2, 1/2) as the unique stationary distribution. It is straightforward

that the MLE is given by 6 = (No1 + N1o)/T. The asymptotic null distribution of
each of the statistics X2 and LRT is Xlz-

Example 2.2.2 Let ® = (0, 1) and let the t.p.m. of a Markov chain be given by

(5:20)

The Markov chain is reducible and not ergodic. One can directly study the behavior
of the MLE and verify that it is not consistent, for any initial distribution.

Example 2.2.3 The hypothesis that X is a sequence of i.i.d. random variables within
the hypotheses that X is a first order Markov chain can be represented as a parametric
model where p;; = r; foralli, j, where 3 ; 7; = 1. Obviously, 7; = N;/T. The
LRT and the Pearson’s X? statistics are respectively given by

T N;;
—2lnA:—ZZln< f)
= NiN;
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oY (Nij — NiN;/T)?
B N;N;/T

iJ

Under Hy, both have a chi-square distribution with M(M — 1) — M — 1 = (M — 1)?
d.f. Similarity with testing for independence in a contingency table is obvious.

Example 2.2.4 Let us suppose that X is a second order Markov chain. (For veri-
fication of various conditions, it may be noted that a second order Markov chain
can be represented as a first order vector-valued Markov chain {Y;, 7 > 0} where
Y, = (X, X;41).) Let us assume that p;jx > O for all i, j, k. The hypothesis
that {X,, ¢t > 0} is a first order Markov chain represents a parametric model with
pijk = pjk for all i, j, k. This justifies the large sample distributions of the two
statistics for testing the first order against ( within) the second order, stated earlier.

Example 2.2.5 Consider the Markov chain with the t.p.m.

1 2 3 4 5
03/4 0 1/4 0
06 1-6 0 0
00/21-6/2 0 0
00 0 1-62 62
00 0 6 1-6

O N O R S

where 0 < 6 < 1. It is easy to see that there are two persistent and minimal closed
classes viz., {2, 3} and {4, 5}. The state 1 is transient. The regularity conditions in
terms of continuity and differentiability are satisfied. But the probabilistic conditions
of a parametric model are not satisfied. It can be shown that the MLE is consistent,
however its asymptotic distribution is a mixture of two normal distributions, if Xo=1.

Example 2.2.6 Testing for a specified stationary distribution

The hypothesis of interest is Hy : w; = m;(0) where 7;(0), i =1,2,..., M is the
specified stationary distribution of the Markov chain. We construct the LRT for this
problem.

Consider the simple case M = 2 first. Let (;19(0), 71 (0)), with 7¢(0) + 71(0) = 1,
be the stationary distribution under Hy. For the sake of notational convenience, let
us denote the specified stationary distribution by (g, 71). The log-likelihood

Noo In poo + Noi In po1 + Nioln p1o + NiiIn p1y
needs to be maximized subject to the constraints that

(1) o poo + (1 — 7o) p10 = 70
(2) mo(1 — po1) + (1 — mo)(1 — p11) =1 — mp.
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However, since poo + po1 = 1 and p1o + p11 = 1, we need to consider only one
of these two constraints. We take the constraint (1). By the Lagrange’s multiplier
theorem, we set

g = Noo In poo + Noi In(1 — poo) + Nio In p1o + Ni1 In(1 — pio)
+ A(mopoo + (1 — mo) pro — o).

Then, we have the following equations to get ML estimator under H

g Noo  Noi

= + Amg = 0.
opoo  poo 1 — poo
0 N N
BT M L —ma=0.
pio po 1—pio
g
35 = P00 + (1 —mo)p1o — 7o = 0.

The above system can be solved by an iterative scheme. For an M state Markov
chain, we set

M M—1 M M M
g:ZNijlnpij+Z)»i 7T0i—z 70j Pji +Z’7i zl’ij_l ;
i=1 j=1 i=1 j=l

i,j=1

where A;’s and n;’s are the Lagrangian parameters. The LRT has a large sample
X/%/I— | distribution, under Hy.

Another strategy is to construct the Wald’s test . We compute the stationary distribu-
tion of 13, the MLE of P and compare it with 7; (0). Let 7;, i = 1,2, ..., M be the
stationary distribution of P. To construct the Wald’s test for Hy, we need to compute
the variance-covariance matrix of 7;, i = 1,2, ..., M.

There are three vectors to be compared: the observed proportions of various states,
;i = 1,2,... M (the stationary distribution of ﬁ) and 7; (0). The first vector is
almost the same as the stationary distribution of P fora large T.

It is more convenient to construct a Wald’s test based on a quadratic form in observed
proportions of various states. Let U;(i) = I[X, = i], i = 1,2,...,M, t =
1.2,....T.Then, % = Ur(i) = 3., I[X, =i]/T.Let p{;) = P[X, = j | Xo=i]
denote a ¢-step transition probability. Then,

T
Cov (Ur (1), Ur())) = =5 D > Cov(Us(i), Ui (j))

T
1
s=1 1=1

~

S
1
T2
N

[
M'\!
M~

[ﬂipl-(j‘-t_xl) — JT,'JT]':I .

1t=1
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The stationary probabilities can be estimated by the observed proportions 7;’s.
Powers of P can be used to estimate pi(t.)’s in the above.
Another and possibly simpler procedure to estimate the above variances and covari-
ances is as follows. In view of the stationarity, the covariance Cov(Us (i), U;(j)) is
a function of |t — s| only. Consider then Cov(U;(i), U4(j)),d > 1 which can be

estimated by

. 1 - -
Cov(U1(1), Ua()) = 77— Z (Us() = U1, D) (Usa+2() = U2, )

T—d—L
T—-d-L =

s

2.1)

where U (1, 1) = 74— 33 2" UsDand U 2, j) = 7= 27 20" Usrarr ()
and L = L(T) is a sequence of integers such that L — oo and /L/T — 0.
In practice, for large T', the two means U (1,i) and U (2, j) can be replaced by
the mean of all the observations, however, in such a case, it is possible that for
some samples, the corresponding estimator of the variance-covariance matrix of
(UT( 1), Ur 2),..., UT(M )) is not non-negative definite. We notice that the above
estimator does not depend on the assumed Markov model and it can be shown to be
consistent for sequences more general than Markov chains. Under the assumption
that the covariances of larger lags are negligible, it focuses on the more dominant
terms of the covariance. It is a special case of estimators that we discuss in some more
detail in Sect.6.6. Under the assumptions that we have made, the Markov chain is
geometrically ergodic (i.e., | pf]t.) —7j| < Cp', 0 < p < 1). Asremarked in Example
1.3.2, it is Geometrically Strong Mixing ( It can be shown that such an estimator of
the variance is consistent, cf. Theorem 6.6.1).

Let 3 be a consistent estimator of the variance covariance of the vector of observed
proportions of states = (71, 2, ..., ty)’ and let T1(0) = (71(0), m2(0), ...,
737 (0))'. Then, the Wald test-statistic is given by

X2=T (ﬁ - 1'[(0))/ S+ (ﬁ - n(())) , 2.2)

where AT denotes the Moore-Penrose g-inverse of a matrix A. Under Hy, the test-
statistic X2 has asymptotically a X]%,[_l distribution under Hj.

Markov chains with infinitely many states

We take the state-space as S = {0, 1, 2, ...}. Under the assumptions of Theorem 1.1
of Billingsley (1961), it follows that there is a consistent solution of the likelihood
equations which is asymptotically normal with mean vector 0 and the variance-
covariance matrix [7(6)]~!.

Example 2.2.7 Poisson Markov Sequence
A Poisson-Markov sequence {X;,t =0, 1, ...} is defined as follows:
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Al. {Y;, t = 0,1,...} is a sequence of i.i.d. Poisson random variables with
E(Yp) = X.

A2, PlZip1 =z2lXi =x, .. ] = ()ZC) prl—p)—

A3. Y;isindependent of X, X1, ..., X;—1, Zo, Z1, ..., Z;, foreach t.

A4 Xt+l - Z[+1 + Yt+1~

In applications of a Poisson Markov sequence, X; stands for the total number
of members of the population at time ¢ and Y; are new recruits or newly joining
members, whereas the random variable Z; denotes survivors from the earlier day.
Assumption A2 is equivalent to the assumption that an existing member survives for
yet another time unit with probability p, irrespective of its age and independently
of other members of the population. Assumption A3 says that Y;, the number of
new arrivals, is independent of the existing and past members (density-independent
recruitment). This is, in fact, a discrete version of the M |M|oco queuing system.

It follows that the one-step transition probability is given by

min(i,j) l ) e_)t)\’j_z
pij =PlXip1 = jlIX,=il= > ( )pm P
=\ G-

We notice that p;; > 0 V (i, j), thus the Markov chain is irreducible and aperiodic.
Further, p;; is thrice differentiable in p and A.
Now,
E(Xiy1|1X) = E(Zig1 + Y11 Xy) = pXy + AL

If we assume that the process is stationary, E(X;+1) = E(X;) = u (say), which
implies that up +A = por u = A/(1 — p). A similar argument for variance implies
that Var(X;) also equals u for all ¢, if we assume stationarity. This suggests that the
stationary distribution of the process is Poisson with mean . This is proved based
on the following result, which is easy to prove.

Lemma 2.2.1 If U has a Poisson distribution with mean X, and if the distribution
of V given U = u is Binomial(u, p) then V is Poisson with mean Ap (if U = 0, we
define V. =0).

We recall the following well-known result for Markov chains.

Theorem 2.2.1 A Markov chain {X;,t =0, 1, ...} is strictly stationary, if and only
if, Xo and X1 are identically distributed. Their common distribution is a stationary
distribution .

Proof Let P[Xg = jl = pj, j € S. Then, P[X| = j] = Zi P[Xo=1i,X1 =
j1=72; pipij. Thatis, p; = >, pipij VJj,which satisfies the Definition 1.1.4 of
a stationary distribution.

Now suppose that Xg ~ Poisson(n). Therefore, X; ~ Poisson(np + A) by the
Lemma and the Assumptions Al and A2. Then X( and X are identically distributed
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if and only f n = np + A. Thus, if n = A/(1 — p), the stationary distribution of
the process is Poisson with mean u = A/(1 — p). Hence, the process is non-null
persistent for all A, p. We thus see that all the assumptions of a parametric model
are satisfied.

Case I. Suppose {X;, Y}, t =0, 1, ..., T are both observed. In this case, maximum
likelihood estimation of parameters is very easy to carry out.

Case II. Now suppose that only X;’s have been observed. We re-parametrize the
model in terms of i and p. In this case, one can show that X is a good approximation
to the MLE of u (see Guttorp (1995), page 100). Estimation of p needs to be carried
out by using iterative numerical procedures, such as Newton-Raphson. The Fisher
Information matrix is rather involved and we may use the matrix F as its estimator.

2.3 Extensions of Markov Chain Models

Models based on the Logistic Regression.
Consider a two-state Markov chain. Let us write
P[X+1 = 11X, = 0]

In = Po (base-line probability)
P[X:+1 = 0]X; = 0]

P X;m1=1X,=1
P =X =11
P[Xi1 = 01X, = 1]

and

The t.p.m. can be written as

1 efo
14-ePo 14ePo
P =
1 ePoth1

14+ePotP1 14ePotB1

Though this appears to be only a re-parametrization, it serves to be useful and
convenient. The above model in a compact form is written as

P[Xiy1 = 11X/]

n = Bo+ 1 X;.
P[X;41 = 0[X,] '

The second order Markov chain with two states is modeled as

P[XI—H = 1|Xt7 Xt—l]
n =Po+ Bi1X: + B Xi—1.
P[X;41 = 01X, X,—1] ' '

The number of parameters in the above model is 3, whereas the saturated second
order two-state Markov chain has 4 parameters. However, it must be pointed out that
in such a model, unlike the saturated model, the transition probabilities are functions
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of the coding or numerical labels used to denote states of the chain. If the state-space
refers to say linguistic classes, such as consonants and vowels, the above model need
not be realistic.

An L order Markov Chain can be similarly defined by

P[X; = 1|Xt—19 Xi2,..., Xi—L]
P[X[ = O|Xl717 XI*Z’ ceey X[*L]

L
=Bo+ D BiXi.
=1

The above model has L+ 1 parameters as opposed to the saturated model which has 2
parameters. A further advantage of such an approach is that we can incorporate time-
dependent regressors also. Let {z;} be the sequence of values of regressors (possibly
vector valued). Either the sequence {z;} is deterministic or if it is stochastic, the
model is a conditional one. We write

PIX, =1Xi—1, Xi—2, ..., Xi—1, %]
P[Xl = 0|Xl717 Xf*Za ey XI*L’ Zl]

L
In =Bo+ D BXi+vu
=1

A major advantage of this approach is that we can use any statistical package which
analyzes logistic regression models.

M state L order Markov chain it based on Polytomous regression model. The logistic
regression model for two categories can be extended to several categories, which
is known as polytomous or multinomial (logistic) regression model. A polytomous
regression model can be used to define an L order Markov chain with M states. Let
P[Xp41=il=P[X141 =i|X1, X2,...,X.], i=1,2,..., M. Then,

P[Xp41 =] :
In— =Poi+PuX1+-+pBriXe, i=12,....M—1.
P[Xp+1=M]
~ 1
P[Xpy1=M]=

1+ Z,’Aifl >ty explfoi + BuiXe)

The above model has (L 4+ 1)(M — 1) parameters, far less than the corresponding
saturated L-order model, which has M L(M — 1) parameters. Thus, such a model
has the advantage of having less parameters and any software which analyzes the
polytomous logistic regression data can be easily used to get the maximum likelihood
estimators and estimators of their asymptotic variance-covariance matrix. Most of the
packages include tests for significance of regression parameters. Such procedures can
be used for testing of an order of a Markov chain . Analysis of higher order Markov
chain models can also be carried out based on log-linear contingency table models,
see Davison (2003).

Raftery’s Mixture Transition Distribution Model
As observed earlier, a higher order M-state Markov chain model has too many
parameters. An important higher order model with a significantly less number of
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parameters is due to Raftery (1985) and it is known as the Mixture Transition Dis-
tribution (MTD) model . The MTD model of order L is defined by

PIX; =x|Xic1=x-1, ..., Xee = x—1, ..., X1 = x1, Xo = Xx0]
L
= Z)‘lpxt—lxw
=1

whenever the conditional probability on the left-hand side is defined. In the above,
P = ((pij)) is an M x M stochastic matrix and {A;,/ = 1,2, ..., L} constitutes
a probability distribution. A probabilistic interpretation of the above model is as
follows. Nature chooses the lag [ with probability A;. If the chosen lag is r and if
X:_, =1, the conditional probability of X; = j given the chosen lag and the entire
past is p;;. The number of parameters of an MTD model of order L is (L — 1) +
M (M — 1), far less than the corresponding saturated model which has M LiM—1)
parameters. Adke and Deshmukh (1988) have shown that, if the matrix P is positively
regular, i.e., if there exists a  such that all the elements of P’ are positive, the MTD
model has the property that P[X,.; = j|X; = i] converges to 7j, as t — 00
for every i, j, where 7; is, in fact, the unique stationary distribution of a Markov
chain whose one-step t.p.m. is given by P. If X follows the distribution 7}, the
MTD model is stationary with 7; as the common distribution of X; for all ¢. This
result is useful in establishing properties of the MLE. Further, the MTD model is
a parametric Markov model of order L and it can be shown to satisfy the Cramer
regularity conditions . For a detailed discussion of MTD models including numerical
procedures for estimation of parameters, we refer to Berchtold and Raftery (2002).

2.4 Hidden Markov Chains

Let {Y;, t > 1} be a stationary, irreducible, and aperiodic Markov chain on the state-
space {1,2, ..., M} with P as the one-step t.p.m. and {m;,i = 1,2,..., M} as the
unique stationary distribution. The chain {Y;,# > 1} is not observable. We observe
the process {X;,t > 1}, the state-space of which is {1, 2, ..., N}. The conditional
distribution of X, is given by

P[Xl =k|Yt =,]7 thl,...Y],thl,thz,...,X]]: P[Xf =k|Yt 2]] ZCI]k’

where O = ((gx)) is an M x N matrix. The random sequence {X;, > 1} on
the state-space {1,2, ..., N} is known as a Hidden Markov chain. (In literature,
{(X;, Y1)t > 1} is sometimes described as a Hidden Markov chain.) In general,
{X:,t > 1} does not satisfy Markov property. There are three important issues to be
addressed.

(1) To derive likelihood function, i.e., P[X| = x1, Xo = x2, ..., X7 = x7].
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(2) To carry out state estimation, i.e., to derive the predictive distribution of the
underlying chain :

PlY; =y Xi1=xt,...,.Xr=xr], t=1,2,...,T.

Prediction of Y7, j > 1 may also be of interest.
(3) To carry out maximum likelihood estimation of the two unknown matrices P
and Q

It is easy to see why (1) is involved: the likelihood function is a sum over T
variables which correspond to the unobserved statesof Yz, r = 1,2, ..., T.However,
there exist recursive algorithms for (2) and (3) above, which are easy to implement.

Forward Algorithm. Define

ait)=PX1=x1,...., X1 =x—1, Y, =i], t=2,3,...,T, i=1,2,...,. M,

a; (1) = P[Y1 =i] =m;.

The last equation defines the initialization of the algorithm. If any of the event

X1 =x1,..., X;—1 = x;—1 is not well-defined, we take that event as €2 instead of

¢, the empty set. In a recursive algorithm, we assume that «; (1) are given for all i

and find «;(¢) forV i andV t =2, --- , T. We further define
a(T+1)=P[Xy=x,Xo=x2,..., X7 =x7, Y741 =I].

Then, it is easily seen that the likelihood function is given by
M
PIXi=x1,X2=xp,....Xr = x7]= > (T +1). (2.3)
i=1

Next, by the defining properties of the two processes, we get

@;(2) = P[X1 =x1, Y2 =]
M
=> PIXi=ux,Y1=j.Y2=i]
j=1

M-

aj()gjx pji-
1

~.
Il

In general,

M
ai(t+1) =D a;j(")qjxpji- (2.4)
Jj=1
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Next, we discuss the following Backward algorithm.

Backward Algorithm. Let
Bit)=PX;=x,....Xr=xr|Vr=il, t=12,....T, i=12,...., M,
Bi(T +1)=1.
We note that

Bi(1) = P[X1 =x1,..., X7 =x7|Y1 =]
Bi(DHm; = P[X1=x1,..., X7 =x7,Y1 =1],
Bi(T) = P[Xt =x7|YT =il = Gixy-

The Backward algorithm involves expressing S;(z) in term of (B;(r+1),...,
Bm(t +1)). We observe that

Bi(t) = PIX: = x;, ..., Xy = xr|Y; =]
=PlX;=x,.... X7 =x7., Y, =il/m;.

Then, from the properties of the Hidden Markov chain,

Bi(t) =

M
PIX: =x1, Xep1 = x40, -, Xy =x7, Vi1 = jIY: =]

~
Il
<N

PIX: =x1, Xep1 = x40, -, X7 = x7, Y, =i, Y1 = j1/P[Y: =]

I
M=

~.
I
<N

I
M=

PlY; =i, Xy = x1, Vi1 = J, Xeq1 = Xp41,

~.
I
<N

Xit2 =Xi42, ..., X7 =x7]/P[Y; = i]

M=

PlY; =ilP[X; = x/|Y; = i]P[YH-l =jIXi=x, Y, =1]

~.
I
_

P[Xt+l =Xt+l»--wXT =xT|Yt+l =j, X =x,Y =i]/PlY; =1i]

Gix, PijBr+1(J)-

~
I
-

e
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Let X = (X1, X2,..., Xr) and X = (x1, x2, ..., x7). Combining Backward and
Forward Algorithms, we have

PIXy=x1,....X: =x, Xs1 = x40, ..., X7 =x7, Y, =]
=PXi=x,....Y =i, X =x, Xep1 = X141, ..., X7 = x7]

=P Xi=x1,.... X1 =x_1,Y, =]
x P[X: = x¢, Xiv1 = X415 .- X7 = x7|Y; =]
= a; (1) Bi (1).

Thus,
PIX=x,Y; =i]=0a; ()i (1)

and therefore,

M
PIX =x]= D ai(0)Bi().

i=1

Now, if we had observed Y1, ..., Yt also, the ML estimates of p;; and g;; would

dUmBE) ; 11Y,=i. X, =k]
% (Cf Sect. 11) and qik = % respec-

tively. The Baum-Welsch algorithm which we discuss below, computes conditional
expectation of I[Y; =i, Y;+1 = jland I[Y; =i, X; = k] given the observations X.
We have

have been p;; =

pi(i, j) = PlY, =i, Y1 = jIX =x]
PlY, =i, Y1 = j,X=x]
P[X =x] '

Now, from the properties of a Hidden Markov chain,

PlY; =i,Y 41 =), X=x]

=PlXi1=x1,...,. Xec1=x-1,Yr =0, X =x, Y141 = J,
Xi41 = X415 -+, X7 = X7]

= a;i(1)qix, pijBj(t + 1).

Hence, the likelihood is given by

M M
=D > aeDqey pocBil + 1),
=1 k=1

and
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@i (1)qix, pij Bj(t + 1)

pe(Q, j) = . (2.5)
ol AL oo (D qex, ek it + 1)
We may observe that the likelihood is also given by
L(P,Q)=P[X|=xi,..., X7 =x7] = Z@(l)m (2.6)

We do not use the likelihood (2.3) or (2.6) for ML estimation, however, it is needed
while comparing the Hidden Markov model with competing models. The recursive
algorithm is as follows. The current estimate of p;; is given by

ﬁ'-: Z[pt(ls.])
Y Zthpt(ivj).

Let

M
yit) =D pi(i, j)

j=1

be the probability that the state i is observed at time ¢. Let A(k) = {t|I[X; = k]}.
The current estimate of g; is then given by

N
i (1)
i = Zp0 1O @)
Z[:l Vi (t)

We begin the algorithm with arbitrary estimates of the matrices P and Q and update
their values as given above. The procedure continues until successive values differ
by a pre-assigned tolerance. The algorithm is known as Baum-Welch or Forward-
Backward algorithm. It is, in fact, one of the early versions of the EM algorithm,
frequently used in the context of incomplete observations or samples with miss-
ing data.

For State Estimation, we need to obtain

argmax P[Y1 =y1,....Yr =yr| X1 =x1,..., X7 =x7].
ViseensIT
=argmax P[Y1 =y1,.... YT =yr, X1 =x1,..., X7 =x7].

V1s-es YT

To do so, we apply the Viterbi Algorithm which is also recursive in nature. Let

§;(t) = 4y yax PlYi=y,.... Y a=yn-1.Yi=jiXi=x1,...., X1 =x-1].

The initialization is carried out by
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i) =m;, j=1,2,.... M,
the stationary distribution of the chain {Y;, r > 1}. It can be shown that
Sjt+1) = i:Ln%?-.?.(“M[ai (D Pijqjx ]

Now, let

Vit + 1) = arg max [§; () pijqjx, ]
i=1.2,..M

The variable v (¢) records the “node of the incoming arc” that has resulted in this
most probable path. The algorithm terminates with

Yra| = §i(T+1
TeL= max i(T+1)
and .
Y, = W§t+l(t + 1),
which are predictors of Y1, Y2, ..., Yr. In the above algorithm, if there are ties, we

break them randomly. Also, the algorithm assumes that the model parameters are
known. In practice, it is implemented by replacing the unknown parameters (P, Q)
by their MLEs.

The above discussion of the Backward-Forward algorithm is based on Manning and
Schiitze (1999). We refer to MacDonald and Zucchini (1997) for a thorough account
of Hidden Markov processes on general state-spaces and their applications.

2.5 Aggregate Data from Finite Markov Chains

Model I. Here, we observe N i.i.d. finite Markov chains, each having the t.p.m. P.
Ateach timeunitt = 1,2, ..., T, we observe the number of Markov chains in the
state i. However, transitions from a state i to a state j of these individual Markov
chains are not available. Let N (¢, i) = Number of units or Markov chains in the state
i at time 7.

Notice that >". N(z,i) = N Vt. Itis easy to see that

M
E[N(, j)INt—1,1),..., Nt -1, M)] = ZN(I — L, i)pjj.
i=1

This leads to a regression model, where the vector Y is the responses N (¢, j)’s for
t =2,3,...,Nand j = 1,2,..., M. The regression vector § is the transition
probabilities p;;’s written in a conveniently chosen column form. Random variables
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N(t — 1,i)’s act as regressors to lead to a regression setup E[Y] = X8, in standard
notations of regression analysis. We then have the Ordinary Least Square(OLS)
estimator B = (X'X)"!X'Y. (One may take only the first M — 1 elements of each
row of P and N(t,i) fori = 1,2,..., M — 1). We note that variances of the
response variables are not the same, also, they are not independent. We then need to
consider the Weighted Least Squares (WLS). Both OLS and WLS estimators ignore
the property that the transition probabilities are non-negative. ( It is known that the
OLS satisfies the condition that each of the row sum is 1, ( cf. Lee et al. (1970),
p- 34)) Thus, a better strategy is to minimize

Y —XB)'(Y — XB)

subject to the constraints (i) p;; > 0, V (i, j) (i) Z],W:] pij = 1 Vi Thisisa
constrained optimization problem (in fact, a Quadratic Programming Problem) and
it can be shown to have a unique solution. A software package such as MATLAB or
GAUSS can be used to get a solution to the optimization problem.

It can be shown that the sequence of M x 1 random vectors {(N (¢, 1), ..., N(t, M)),
t > 1} forms a Markov chain. Further, the conditional distribution of the random
vector (N (t, 1), N(¢,2), ..., N(t, M)) is amultinomial distribution with parameters
N and the cell probabilities >, (N(t — 1,i)/N)pi1, > ;(N(t — 1,i)/N)pi2, ...,
Zi (N(t —1,i)/N)pipm. Verification of the regularity conditions is straightforward.
Model II. 1t is not necessary that we observe the same N individuals throughout.
Thus, at each time, we observe N(¢,i), i = 1,2,..., M and Zi N(t,i) = N(t)
which need not be the same for all 7. Technically, the 7' random vectors

{(NA, D, ..., N(I, M)}, {NQ2,1),.... N2, M)}, ..., {N(T,1),..., N(T, M)}

are independently distributed. Now,

EIN(t+1, )= D mipij,

1

where m;; is the probability that a randomly chosen person (at time ¢) is in the
state i. This is a case of moment estimation, where we first estimate 7r;; by the
observed proportions N (¢, i)/N(t). Replacing this estimate in the above, we again
get the situation similar to Model I and employ the LSEs. Lee et al. (1970) have an
extensive review of the various methods to estimate the transition probabilities.

In each of the above cases, we can allow either T to tend to oo or N(¢) to tend to
oo for each ¢ (or both). In either case, it can be shown that LSE/MLE is consistent
and asymptotically normal with appropriate norming. When the process reaches
equilibrium, for large N, the relative frequencies of M states at time ¢ are close to the
unique stationary distribution and therefore to each other. Since they act as regressors,
the matrix X of the above regression model turns out to be nearly singular. This
leads to a multi-collinearity problem. Inderdeep Kaur and Rajarshi (2012) discuss
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ridge-regression estimators which offer a considerable improvement over the LSE
in terms of the total mean squared error.

Books by Guttorp (1995), Davison (2003) (Chap. 6) and Lindsey (2004) are good
sources of inference in Markov chains and related topics.
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