Chapter 6

Exponential Distribution and
the Process of Radioactive
Decay

The problem of radioactive decay is one of the simplest examples which show the
connection between deterministic models and stochastic approach. We emphasize that
the stochastic model is not an alternative to the deterministic approach, rather it is a
generalization: a satisfactory stochastic model gives a derivation for the deterministic
model and more.

The deterministic model for radioactive decay A — A* is a simple linear differ-
ential equation

dNa
e ENa

where N4 is the number of atom A and k is the rate of decay. To solve this ODE with
initial condition N4(0) = Ny, we have

Na(t) = Noe™*. (6.1)

If we observe the decay of atom A one by one, then one realizes that the time at
which A transforming to A* is random. Hence the microscopic process of radioactive
decay has to be modeled by a stochastic model. Specifically, if we denote X as the
lifetime of A, X is a continuous, positive random variable. How do we determine the
probability distribution for X? The basic assumption for the stochastic model is that
the decay of A, as a random event, is independent of the time the atom being in A. In
other words, the conditional probability

Prob{X > t+ h|X >t} = Prob{X > h}.

As we will soon see, this assumption is sufficient to determine the probability distribu-
tion of X. It is known as the exponential distribution.
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6.1 Exponential Distribution

The exponential distribution has the very important property known as memoriless:

G

Prob{X >t+h|X >t} = —= = e ™ = Prob{X > h}.

At

In fact, this nice property is the defining character of the exponential distribution. Con-
sider a RV X with

Prob{X > t+ h} Prob{X >t + h|X > t}Prob{X > t}

Prob{X > h}Prob{X > t}.

Let
G(t) = Prob{X > t},

then
G({t+h) =G({)G(h)
G'(t+h) =G ®)Gh) = Gt)G'(h)
G'(t) _ G'(h)

G(¢) G(h)
= G'(t) = —)\G(t)
i.e., X is exponential
Prob{X <t} =1-G(t) =1-e . (6.2)

6.2 Microscopic versus Macroscopic M odels

What is the relation between Eqgn. 6.1 and Eqn. 6.2. Afterall, both are mathematical
models for the radioactive decay. The relation lies upon the a system of N number of
independent atoms with very large N. From Eqgn. 6.2, we note that at any time ¢, the
atom is still in A with probability e=** and in A* with probability 1 — e~*¢. Thisis a
binary distribution. Hence, for Ny iid, we have

No! No—n
Prob{N; =n} = W‘)_n)!e—w (1—e)™ (6.3)

where RV N is the number of atoms being A at time t. So the expectation and variance
for N; are

E[Ny] = Noe™™,  Var[N] = Noe ™ (1 — ™)

which indicates that Eqn. 6.1 is simply the mean of the N;. The stochastic model,
however, also provide an estimation for the variance. It is shown that for a large Ny on
the order of 1029, the relative broadness of the distribution
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Var[N¢] 1
——— x — & 0.
E[N,)? No
This proves that the deterministic model is a very good approximation if one deals with
large number of atoms, i.e., macroscopic. It also shows when studying system of only
a few number of atoms (microscopic), the stochastic model is more general.
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Chapter 7

Poisson Processes

A Poisson process is associated with the repeatedly happening of an event along a one-
dimensional axis (called time). These evetns can are represented by points randomly
distributed on the time-axis.

(i) all events are independent in each disjoint interval;

(i) the probability of having number of events in a very small interval (¢,¢ + 7) is

Pl(T):)\T+O(T), and Po(T):].—Pl(T)
where A is called the intesity of the Poisson Process. Then we have:

(AT)kef)\T

Pi(r) = —4

Proof 3 To show this, we note that
Py(t + dt) = Py(t)Po(dt) = Po(t) [1 — Adt + o(dt)]

= Fy(t) = =APo(t)
and since Py (0) = 1, we have
P() (t) = e>‘t.
Fork > 1,
Py, (t+dt) = Pr(t)Po(dt)+ Py—1 Py (dt)+o(dt) = Py (t)(1—Adt)+Pr—1 (Adt)+o(dt),
Py(t+ dt) — Pr(t)
dt

dPy(t)
dt

To solve Egn. 7.1, we introduce 1 (t) = Py (t)e*, and equation for ¢ (t):

= —AP(t) + APy—1(t) + o(1),

= —APy(t) + APy—1 (). (7.1)
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= —M(t) + Mpe—1(2) + Mpr(?)
= Mpr-1(t)
with condition v, (0) = 0. We therefore have
k k
Yr(t) = ()‘]:!) , and P(t) = ()}:!) —A

7.1 Propertiesof a Poisson Process

There are two aspects of a Poisson process: the distribution for the time intervals
and the distribution for the corresponding counting process.
(i) ifZy, Zs>, ..., Z,, are independent Poisson random variables, then

Z=71+Z+ ..+ %,

is still Poisson.

Homework. Try to use the method of generating function to show that the random
sum of
N; + N5 + ... + Nk,

where K is a Poisson RV with mean A, and N’s are iid binary RVs with Prob{N =
1} = pand Prob{N = 0} = 1 — p, is still Poisson.

(ii) The waiting distribution. What is the probability distribution of first arriving
event? Let’s denote the time by a RV Ty, then

Prob{T; <t} = 1-— Prob{T, >t}
= 1- Prob{N, =0}
= 1— e*kt

where N; is the number of event before time ¢ (counting process). The pdf for T is
obtained by derivative:
fr,(t) = Ae M,

Hence, Poisson process is intimately related to the exponential distribution.
Similarly, let’s consider T:

Prob{Ty <t} = 1— Prob{Ty >t}
1— Prob{N; =k —1}

k-1 £,—At

Il
£=0
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Again, differentiation with respect to ¢, we have pdf:

k—1 _ B
fr.(t) = %Prob{Tk <t} -3 ML = A(At)be M

vart 7
L ’“i A e O e
i o
)\()\t)k—le—)\t
(k—1)!
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which is called gamma distribution. When & = 1, T}, is called exponentially dis-

tributed.

(i) We now show that gamma distribution of order & is just the sum of k exponential

distributions:
Ty,=T1+ (To—T1)+ (T3 —Ts) + ... + (T, — T_1),
where the waiting times for sth event T; — T;_; are independent.

Proof 4 We first find out the characteristic function for gamma distribution:

/oo )‘()‘t)k_le_xt e—istdt - _ A /OO ()‘t)k_l de—()\-i-is)t
o (k=1 Atis) )y (k=1

A /00 )‘()‘t)k_2 67(/\+is)tdt
tis) )y k=2)

o
<A+is) '
A

oo
=/ e Ae~istdt
A+1is 0

is the characteristic function of an exponential distribution.

Note that

(iv) The mean of the gamma distribution is

3%
O\ + i)k

ik\F k

= 3 Ty

o ( 2\
0s \ A +is _0_

as expected. 1/ is the mean waiting time.

s=0

7.2 Uniform Distribution and Poisson Processes

If points generated by a Poisson process are labeled on a time axis, what is their
distribution? The answer is they are uniform with density A. This is not a very intuitive
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result. The key is that the statement is conditioned on a fixed total number of events in
an interval !

Let Ty, T», ... be the occurrence times in a Poisson process of intensity A. Con-
ditioned on N; = n, the random variable Ty, Ts, ..., T, are uniformly distributed on
the interval [0, ¢).

We prove a simplified version of this result: n = 1. We know joint pdf for RVs T
and Ts:

Prob{t <Ty <t+dt, 1 <Te <7+4dr} = Ne M2 qidr (r>1),

therefore,

Prob{t < T < t+dt, Ty > 7} = / e Me N Dtdr' = X (1—e ) dt, (> 1).

T

Hence,
Prob{t <Ty <t+dt,T2 > 7}
P <T Ty > = — —
TOb{t_ 1<t+dt| 2_7'} PTOb{TQZT} (t<T)
A1l —e2)dt
( ) (t<T)

Jo A1 —er)dt

dt
= — (t < 7).
p
This is a uniform distribution on [0, 7). Note that if without the condition,

Prob{t < T, <t+dt} = e Mdt (0 <t < o0).

This result shows how important the condition is to a probabilistic problem.

7.3 Poissonization

Poisson processes not only offer models for biological problems, they also provide
an approach to some problems that at first sight seem totally unrelated. Formulating
such problems in terms of Poisson processes is called Poissonization. The relation-
ship between a Poisson process and the uniform distribution is the foundation for this
approach.

Let’s consider, for instance, computing the expectation E(N,_,) of the total number
of children N, , born to a couple who stop reproducing when they reach their goal of
at least b boys and at least g girls. For simplicity, we assume that each birth represents
an independent trail with the two possible outcomes, boy, with probability p, and gilr,
with probability g = 1 — p.

How do Poisson processes possibly come into play? It is useful to view the births
as spaced events in time according to the random times generated by a Poisson process
of unitintensity (A = 1). Thus, on average n births occur during [0, n) for any positive
integer n. When births are classified by sex, the random number of boys born during
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[0,%) is independent of the random number of girls born during [0, ¢) for every ¢ >
0. Therefore, in essence there are two independent Poisson processes operating in
parallel. Let T and T, be the waiting time times until the birth of b boys and g girls,
respectively. The waiting time until at least  boys and g girls arrive is

T,y = mazx (Tp, Ty) .

Therefore,

E[Ty,] = /0 Prob{Ty , > t}dt

/DfMMHAMﬁ
0

/[pmmngﬂwm@gmﬁ
0
= / Prob{Ty > t}dt+/ Prob{T, > t}dt —/ Prob{T; > t}Prob{T, > t}dt,
0 0 0
and T and T, are gamma distributions. Hence

b—1 g—l

% ZZ:Mw pht. (7.2)

E[Tb,g

We now show that this result is consistent with an alternative derivation. It is easy
to show that the E[N, ,] satisfies the following difference equation:
E[Nyg] = p(E[Np-1,0] + 1) + ¢ (E[Np,g-1] + 1) = pE[Np_1,4] + ¢E[Np g1] + 1,
with boundary conditions

E[NO,g] = E[NO,g—l] +q+2pq+3p2q+...
1
= E[Nog-1]+ a

9/q,

and similarly,

E[Ny,o] = b/p.

We now show that Egn. 7.2 is the solution. We first note that for any b and g,
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b
Z (9+k) kgotl 4 ~ (b+0)! gt
k=0 kg = E'b‘
b g
_ (9+k—1 Pyt
= X SRS
k=0 £=0
b g
(g+k=11 , (g+k’— ) < (g+k)> O+0! 411 4
= MEIET S kg +Z +>° P"q
22 K(g - 1) P — ? 2!
b b 9
_ (g-l—k—l k g+k—1 k (g +kK)! k1 (b+0)! b4+1 ¢
= L HGo1 “Z P=d g P e
k=0 k=0 =0
b b g
o (g+k—1 k g+k k+1 (g+k)' k+1 (b+€)‘ b+1 ¢
= X - “Z Klg] P g P L
k=0 k=0 k=0 £=0
b )
_ (g+k-=1)! 4 g O+g)! i1 g b+0! pi1 e
= T A P A D D
k=0 £=0
b . 1 g—1 1
= %pkqg +Z (bgTb!E). b+1 4t (i.e., we have reduced g by 1)
k=0 £=0
b—1
k=0
Therefore,
PE[Ty_1,4] + qE[Tp g 1] +1
h—2g—1 b—1g9— 2
k+€
k=0 ¢{=0 k=0 =0
g—1 b—1 b—1g9-1
(b+€—1 gt (k+g-—1! 4 (k+0! 4 4
- 14+p) o ———Fptlg +qz T =Y Pq
£=0 (b ' g' k= ( 1)‘ k=0 £=0 k' g‘
_ g, b_ g 1(k+€
q p k=0 =0 k' K'
= E[Tb,g]

7.4 Radioactive Decay of Few Atoms and Bulk Mate-

rial

We have shown that the number of decay events up to time ¢ for total Ny atoms at

t=20is



Applied Stochastic Analysis 45

_ No!
~ n!l(No —n)!
On the other hand, it is well known that the arriving of a X-ray particle due to radioac-

tive decay is a Poission process. That means the number of decay event up to time ¢
is

Prob{N; =n} e NommAt (1 =AY

Prob{N; =n} = (urf') e k.

The relationship between these two models is that the latter is a bulk material with
Ny = oo but NgA = . In fact, it can be shown that in the limit of Ny — oo

No! —(No—n)At —At\7 NG _Noxt
_ 1-— _— — oA
n!(No — n)!e (1=e™) nl (A¢)

— (/J't)ne—,ut_
n!

This reveals that the intensity g for the Poisson process is in fact proportional to the to-
tal radioactive material. It is important to realize that for two independent exponentially
distributed RVs X; and X5, the distribution for Y = min{X;, Xz} is

Prob{Y >y} = Prob{X; >y} Prob{X, >y} = e 2.
Hence, the pdf for Y

fr(y) = 2xe 2N
which has twice the rate of Xs.
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Chapter 8

Mar kov Chains

8.1 A Genetic Mode (S. Wright)

We deal with fixed population of 2V genes composed of type a and A individuals.
Let X,, denote the number of type a gene in the nth generation. If X,, = j, that is

a:j A:2N —j,

then the make-up of the the next generation is determined by 2N independent binomial
trials with each trial giving a with probability p; = j /2N and giving A with probability
g; = 1 — j/2N. The process of generation after generation is a Markov process with
transition probability

: 2N -
PTOb{Xn+1 = k|Xn = J} = ij = ( k )p?q?N k.
If there are spontaneous mutations with probability o for each a — A prior to the
formation of the new generation, and probability 5 for each A — a, then one has

_d _
Pi=oN a2N+ﬂ(1 2N>

w= (1= o) rage -5 (1= ).
8.2 A Disease Spreading M odel

A very simple model for the spread of a disease assumes a population of total
N individualsi, of whiich some are diseased and the remainder are healthy. During
any single period of time, two people are selected at random from the population and
assumed to have an encounter. If one of the two people is diseased and the other not,
then with probability o (known as transmission coefficient) the disease is transmitted

and

47



48 Hong Qian/AMATH 423

to teh healthy person. Otherwise, no disease transmission takes place. Let X,, be the
number of diseased persons in the polulation at the end of nth period.

If X,, = j, then at the end of n + 1 period, there is either still j or j + 1 diseased
persons. The corresponding probabilities are:

o o 2(N—j)
P{Xn+1—g+1|Xn—]}—aN(N_1)

and 2j(N — j)
. . JUV —)
P{Xpi1=jlXp=jl=1—a2 "%

where N (N —1)/2 is the total number of possible number of pairing in the whole pop-
ulation, j(IN — j7) is the possible number of paring between a diseased and a healthy
individual, j(j — 1)/2 is the possible number of paring among the diseased popula-
tion, and (N — j)(N — j — 1)/2 is the possilbe number of paring among the healthy
individuals:

N-jN—-j—1) NN-1)

(N — j = .
+j(N —j) + 5 5

iG-1
2

8.3 Markov Matrix and Stationary State

A Markovian matrix of order n is a n x n square matrix P = [p;;]:

n
pij >0, > pij=1
i=1

It is easy to show that a Markov matrix has a right eigen vector (1,1, ..., 1) with corre-
sponding eigenvalue 1. Let’s denote the corresponding left eigenvector (u, 3, ..., i),

then
n
Z N:Pij = N;-
i=1

{p*} is called stationary distribution.

For a Markov chain with discrete steps and states, the transition probability - the
conditional probability from step n to n + 1 - is a Markov matrix. A markov chain
with a constant transition matrix at each step is called homogeneous. It is easy to show
that matrix P2 is the transition probability from step n to n + 2, and matrix P™ is the
transition probability from step n to n + m. In the limit of m — oo,

(P™)ij = -

Hence the stationary state is also the limiting distribution of a Markov chain, which is
independent of the initial distribution. To show this, note first that none of the eigen-
values of a Markov matrix is no greater than 1.

We now give two theorems which are sufficient and necessary for P;; being Marko-
vian.
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Theorem 9 A diagonalizable matrix P;; is Markovian if and only if:
P = Z Apafbh
where: o
Z akbk Z a}cbfc = 51']'
k

and:
X=1a >oza_1 0 =1for¥j, Al <1, A\ > 0.
k=0

Proof 5 The proof for neccesary condition can be in any text book on positive matrix.
Now let’s consider the sufficient condition:

P = ZAkakbk =a) + Z Aafbh
hence if the second term is non-negative, P;; > 0, if it is negative but ¢ # j:

P = a; +Z)\kakbk—a —|Z)\kakbk|>a —|Z|x\k|akbk

> a? —|Zakbk|—a —|Zakbk—ag|:a?—|—ag|20

if i = 7, then:
Py =a —|Z)\kakbk|>a —|Z)\k||2akbk|>a —|Zakbk—a0|
k=1
and:
ZP”—1+ZZAkakbk—1+Z/\k2akbk—1+Z/\k2afb?bf—1

i k=1

8.4 Reversibility of aMarkov Chain

Let’s now consider a 2-state markov chain:

1—p12 D12
P21 1—pau

Its stationary state is

* % D21 D12
(p1,p3) = ( > ) .

P12 + P21’ p12 + p21

That is
HiP12 = p3p21 (8.1)
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This result is similar to the equlibrium in chemical kinetics. The stationarity is sus-
tained by a balance.

Will such a balance necessary for the stationary state of a Markov chain? Let’s
consider a 3-state Markov chain:

1—pio—pi3 D12 D13
P21 1 —pa1 — pos D23
P31 P32 1—p31 —p32

Solving for the stationary state leads to

HiP12 — H5P21 = [13P23 — K3P32 = H3P31 — f1P13 (8.2)
Itis clear that Eqn. 8.1 implies that all terms in Egn. 8.2 equal 0. Clearly, this is not a
necessary condition for the stationarity. Such a situation is called reversibility or detail
balance, two important concept in equilibrium thermodynamics.
Detail balance requires that

D12P23P31

=1
D21P32P13
or p D12p:
P13 _ P12P23 8.3)
D31 D21P32

These formula should be familiar to chemists and physicits. Eqn. 8.3 suggests that the
reversible system has path independent properties. Hence a potential function can be
introduced. The potential function is the well-known free energy.

For irreversible system, its stationary state is sustained by a nonzero flux. Such a
flux generates entropy, and has to be “pumped” by external energy. This flux is known
in Onsager-Hill’s theory of irreversible thermodynamics.

8.5 Further Mathematicson Markov Matrix (Optional)

If all elements of a Markov matrix are positive, then the matrix is said irreducible.

Frobenius Theorem. If a matrix P is irreducible, then (a) it has an positive eigen-
value \q with corresponding eigenvector also being positive (probability distribution).
(b) Ao = 1. (c) Ap is the spectral radius of matrix P. (d) The eigenvector is unique.

(a) Let’s consider all the real numbers A to each of which corresponding a vector
T = (T1,Z2, ., Tp)

n
Zmi =1, z;>0, and zP <Xz (8.4)
i=1

We define A\g = sup{A} is the lowest upper-bound of all A.
One can show that Ag < nM where M is the largest element of P. That is to say
no x will give zP > nM . This is because for any z,

n n
(.’L‘P)z = Z-’Ekplm < MZ,’I:k = M.
k=1 k=1
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for all the component ¢ of the zP. On the other hand, if there was a y which satisfies
yP > nMy. Then there would be at least one j so that y; > 1/n. Hence

(yP); >nMy; > M

This is a contridiction. Similarly, one can show that Ag > nm where m > 0 is the
smallest element of P.

We now show that )\ is an eigenvalue of P. By the definition of A, we have a
sequence 7, s, ... — Ag and vector z!, 22, ... Since this sequence of vectors are
bound, i.e., their components lie in the interval [0, 1], there is a subsequence which
converge to z*. Clearly, x*P > Aoz*. We now show that z* P = Agz*, for otherwise,
2*P > Moz*. There we can finda A’ > g such that z* P > X'z*. That contradicts \g
being the upper-bound of \.

Therefore, A is positive and an eigenvalue of P. Its corresponding eiganvector is
positive.

(b) Following (a), we have:

1:21'::13,] :/\oziﬂ; :/\0
ij J

(c) Let X # Ao be any other eigenvalue of P. We now show |A| < A¢. This is
because
IAl|z| = |zP| < |z|P

where X is the corresponding eigenvector for A. Hence, as the upper-bound, Ao > |A|.

(d) Let’s have another eigenvector y # cx*, where ¢ is any constant. Then we can
find a p such that (x — py) is still the eigenvector of Ao, (x — py) > but with at least
one component being 0. This contradicts (a).

The probability distribution # = 2* is called the stationary distribution of the
Markov chain with transition probability P;;:

n
Z?T,P’LJ =Ty
i=1
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Chapter 9

Continuous Time Markov
Chains

9.1 From Deter ministic to Stochastic

Rate equations and mass-action. Let’s consider the simplest chemical reaction:
A=B

where the forward and backforward rate constants are k. and k_, respectively. A and
B can be the two possible conformation of a six-carbon ring (cyclohexane) molecule
which can be either a “boat” or a “chair” conformation. The freshman chemistry taught
us that two rate equations can be set up:

W~ ke, 01)
d[B]
e ky[A] — k_[B]. (9.2)

One can solve this equation, given initial a condition, to learn all about the kinetics this
simple chemical reaction.

However, if one looks only a few molecules, what do you expect? How about
when only a single molecule is under observation? This simple question leads to the
generalization of the rate equations above in terms of a Markov process. The above
equations are based on the “law of mass action”. “mass” here means a large number of
molecules.

The single molecule is constantly going back-and-forth between conformations A
and B. When it is in A, its probability of going to B is like the radioactive decay with
an exponential distribution, i.e., linear rate equation.

dPy _ dPpg _
W = k+PA, and dat = k+PA-

53
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Similarly, if the molecule is in B, then

dPy dPgp

— = =k_P d — = —k_Ppg.
Al an dt kP
Therefore we have a set of equations:
% = —kyPy+k_Pg, 9.3
P,
%; = kyPs—Fk_Pg. (9.4)

This is the model for unimolecular reation in terms of a continuous time Markov chain.

Analysis of the stochastic unimolecular reaction. We now carry out an analysis
for the stochastic model in terms of Egs. 9.3 and 9.4. Clearly, P4 + Pg = 1. What is
the interpretation for the stationary solution:

ke ok
T ky+ k) L

How is Egs. 9.3 and 9.4 related to Egs. 9.1 and 9.2?

The answer to the first question is that at stationary state, the molecule spends a
fraction of P4 time in state A and a fraction of Pg time in state B. To show this, we
note that the life-time of the molecule in state A (or B) is an exponential distribution
with pdf kye=*+t (or k_e—*-*). Hence the mean life-time (also known as the sojourn
time) is 1/k for state A and 1/%_ for state B.

To answer the second question, let’s consider a system of IV identical but indepen-
dent molecules, each follows the stochastic model. This leads to a binomial distribution
with expectations for RVs N4 and Np satisfying the Egs. 9.1 and 9.2.

Py

Continuous-time and discrete-time markov chain. The general continuous-time
Markov chain is a generalization of the Egs. 9.3 and 9.4:

dP
d—tl = —(AM2+ s+ ..+ AP+ A Po+ APy + o+ A Py
dPs
P AP — (Ao1 + Aas + o+ X)) P+ A1 Ps + ... 4+ A2 Py
(9.5)
dP,
W )\lnpl + )\ZnP2 + ---/\nfl,npnfl - (Anl + )‘n2 + ...+ )\n,nfl)Pn

This equation is sometime known as the master equation in physics. The n x n matrix
A = [X;;] has the following properties:
Aij 20 (1 #7), Aij = 0.

n
=1

J

It can be shown that all the eigenvalues are negative except one which is 0. We now
introduce an exponential matrix representation for the continuous-time Markov chain.
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If we choose At as a time step, then P;;(At) is a transition probability for a discrete-
time Markov chain. Solving the linear ODE in Eqgn. 9.6, we have

Pii(At) = [e*21] . (9.6)

ij
The matrix A is called infinitesimal transition rate:
A= lig DB =0
A—0 At
Note that P;;(0) = d;;.

9.2 SomeBasic Equations

The Chapman-Kolmogorov Equation. Let X (¢) be a homogeneous, continuous
time Markov chain on the states s1, s2,..., Sn,... SUppose P;;(t) is the probability that
the process is in state s; at time ¢, given it starts in state s; at time O:

Pij (t) = PT‘Ob{X(t + 8) = J|X(3) = z}
Then
oo
Pt +s) = z P, (t) Pik (s)- 9.7)
k=0
This equation states that in order to move from state s; to state s; intime ¢ + s, X (¢)

moves to some state sy, in time ¢ and then from sy, to s; in the remaining time s. This is
the continuous-time analog of matrix multiplication for discrete-time Markov chains.

Equation (1) can be transformed into differential equations for P;;(t) if we know
the infinitesimal transition rates A;; for the continuous-time Markov chains. For a very
small ¢, P;;(t) represents approximately the probability that the process has not escaped
from s;. Hence

Pii(t) = e Mt 4 o(t) = 1 — M\t + o(t),
where \; = — Zk# Aix- Similarly,

Now using the Chapman-Kolmogorov equation (1) we have

Pij(t + h) = Pij(t)Pjj(h) + ) Pix(t) Pi;(h)
kg

= Py (t)(1 — A\jh) + Y _ Pix(t)Aijh + o(h)
k#j

Therefore,
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The Forward Equation.

dpi;(t)
dt

= —X\Pi(t) + > Mej Pir(t) (9.8)
k#j

The forward equation are deduced by decomposing the time interval (0,¢ + h),
where h is positive and small, into two periods

(0,2), (t,t+h)

and examing the transitions in each period separately. The initial condition for the
differential equation is
P;;(0) = 6i;

A different result arises from splitting the time interval (0, ¢ + h) into the two periods
(0,h), (h,t+h)
and adapting the preceding analysis. We then have
The Backward Equation.

P50 _ 3Pyt + 3 haePeg ) (99

dt |
k#j

The forward and backword equations can be best understood if we consider Eqn.
9.6. Differntiate it with respect to ¢:

dP;;(t)
dt
Hence, the forward and backward equations are commutation of the product of matrix
A and P. Note that Eqn. 9.6 is a special case of the forward and backward equa-
tions which in general have time-dependent A’s. The master equation characterizes a
constant-rates continuous-time markov chain.

= AeM = eMA.

9.3 ThePureBirth Processes

A birth process is a Markov process X (¢) with a family of increasing staircase
functions. The X (t) takes value 1,2,3,... and increases by 1 at the discontinuous point
t; (birth time). The transition rates A;; are nonzero only if

Aiikl = M-
All other non-diagonal \;; are zero, and the diagonal

—Ai = i
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The pure birth process is a generalization of the Poisson process where u; = p.

Just as a Poisson process can be understood from either its counting process or the
time-invervals, a pure birth process can also be understood by considering the random
sojourn time Si. RV Sy is the time between the kth and the (k + 1)th birth events.

Hence,
n—1 n
P,(t) = Prob{z S, <t< Zsi} )
=0 1=0

It is easy to show that, as in a Poisson process, all Sy, have exponetial distribution with
respective mean .

A particular birth process which characterizes the growth of a population with iden-
tical and independent individuals is the Yule process which has A, n+1 = na. The a
is known as the growth rate per capita per time, the same « in the deterministic expo-
nential growth model dN (t)/dt = aN(t).

9.4 TheBirth& Death Processes

Similar to the birth processes, one can define a death process which has nonzero
Aii—1. The birth&death process is a generalization of the pure birth and pure death
processes. It is the continuous-time analogue of a random walk with non-uniform bias.

The stationary solution to a birth&death processes can be explicitly obtained. We
note that the stationary probability p{ satisfies

PiAijir1 = Pip1Ait1,ie (9.10)
Therefore, we have
i1
A1,
p=Cc]] = (9.11)
11 M1

The C inthe equation is a normalization factor which can be determined noting >~:° p§ =
1.

One specific Birth&Death process is the Kendall’s birth-death-immigration process
inwhich A; j_1 = ju, representing the rate of death, and A; ;11 = v+ ja representing
the rate of birth (oc ja) and a constant rate of immigration (v).

The equation for the probability distribution at time ¢ follows the systems of equa-
tions

dp;t(t) = —upo(t) + upi(t)
d%(ﬂ = —(w+jotiwpit) + @+ G - Da)pia () + G+ Dupia () (=1,2,..)

To deal with the time-dependent solution to this set of equations, we define generating
function

oo

G(s,t) =Y _pi(t)s, 0<s<1) (9.12)

J=0
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and we have:

0G(s,1)
ot

0G(s,1)
Js

= (as —p)(s — 1)

+v(s — 1)G(s,t) |

(9.13)

If the initial state of the Markov process is in state 4, then G(s,0) = s correspondingto
p;(0) = d;;. To obtain the moments for the birth-death-immigration process, the PDE

can be simplified to ODEs. Take the mean as an example,

_ 0G(s,t)
s

m
s=1

Hence, differentiating (9.12) with respect to s:

an _
dt ~ Otds

G(1,t) = (a—p)m(t) +v

and m(0) = 4. This ODE can be solved and we have

t
m(t) = ie~ Jila()-n()dz | / v(r)ed 1) =Nz g

0

For the special case of constant, time-independent o, &+ and v, we have

— jela—p)t v (a—p)t _
m(t) = ie +a—u(e 1).

When a < p, that is the birth rate is less than the death rate,

v

b—a

m(t) — as t—» o0

Another example for the continuous-time Markov chain is the non-homogeneous
Poisson process, which is a pure birth process with a(t) = p(t) = 0, but v is not a
constant but a function of time, »(¢). One can show that the Eq. (9.13) is valid even
when «, p and v are functions of time. Then for initial condition ¢ = 0, we have the

equation for a non-homogeneous Poisson process

%G(s,t) = v(t)(s — 1)G(s, 1)

G(S,t) — ¢~ (1-9) Jo v(r)dr

(fot V(T)dT)j

POj (t) — e~ Jov(m)dr J'
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9.5 Birth& Death Processwith Mutation

Interestingly, the population model for both linear birth and death, as well as mutation,
can be represented by the simple chemical reaction. Be more specific, let X and Y
are the numbers of individuals in two related populations, each with its own birth and
death. However, there is a mutation from population X to Y. Now consider a chemical
reaction system in which the number of molecules for species X and Y (by abusing
the notation intentionally) change with time according to the reaction scheme

A+Xd2X, X&B, X+CAX+Y, (9.14)

in which the parameters ), i, p are the birth rate, death rate, and mutation rate, respec-
tively. Similarly, for the Y, we have

A+Y Ny, v 4B (9.15)

The X', i’ might or might not be the same as the A, .
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