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OUTLINE

Part |lll: Continuous-Time Markov Chains - CTMC
e Summary of Notation, Gillespie Algorithm

e Applications:
(1) Simple Birth and Death Process [MATLAB PROGRAM]
(2) SIR Epidemic Process [MATLAB PROGRAM]

(3) Competition Process
(4) Predation Process

Part IV: Comparison of Stochastic Processes
e Brief Introduction to SDEs

e Applications:

(1) Simple Birth and Death Process, DTMC, CTMC, SDE
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Part III:

Continuous-Time Markov Chains - CTMC
Notation and Terminology

Discrete random variable: X (t), t € [0, 00), with values in

{0,1,2,...N} or {0,1,2,...}

Markov property:

Any sequence of real numbers 0 < t) < t1 < -+ < t,, < tpi1,s

Prob{X(tn+1) = ’I:n_|_1|X(t0) = ’I:(), X(tl) = ’I:l, e ooy X(tn) = ’Ln}
=  Prob{X (tni1) = ins1| X (tn) = in}.

Probability mass function of X (t): {p;(t)}2,, where

1=0"

pi(t) = Prob{X (t) = ¢}.
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Transition Matrix for the CTMC has Properties
similar to DTMC.

Transition probabilities:
p;i(t,s) = Prob{X(t) = j|X(s) =1}, s<t
Stationary or Homogeneous Transition Probabilities:

pji(t, 8) = pji(t — s)

Generally, the transition matrix is a stochastic matrix,

ijz'(t) =1

unless the process is explosive (blow-up in finite time).
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Forward and Backward Kolmogorov Differential

Equations.
Generator matrix
Q = P'(0)
Forward Kolmogorov differential equations expressed in matrix form:
dP(t)
= QP(t
_ = QP(b),

Backward Kolmogorov differential equations expressed in matrix form:

dP(t)
dt

= P(1)Q,

where P(t) = (pji(t)) is the matrix of transition probabilities and
Q = (gj:) is the generator matrix.
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The Poisson Process

Assumptions in the Poisson process {X(t),t € [0,00)}:
(1) X(0) =o.

(2) Infinitesimal probabilities:

pji(At) = Prob{ X (¢t + At) = 7| X (¢) = 1}

([ AAt + o(At), j=1i+1
) 1= )dAt+o(AL), =1
~\ o(Av), j>i+2
| 0, j < i.

The probabilities depend only on the length of time At.
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The Transition Matrix and_Generator Matrix for
the Poisson Process.

ﬂ:—AAt 0 0 --\
AAt 1 — AAt 0 e

P(At) = 0 AAt 1 — AAt .- | + o(AL).
0 0 LAt  /

\

Note column sums of the matrix are one.

FA 0 0 .-
A —-X 0 .-

Q=P@O=] 0 X =X ---].
0 0 X .-
\ : : : )

Column sums of Q are zero.
Diagonal elements are nonpositive
Off-diagonal elements are nonnegative.
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Poisson Probabilities
Because X (0) = 0, it follows that p;o(t) = p;(t), dp/dt = Qp

dp;fft) = —Apo(t), po(0) =1
dﬁit) = —Api(t) + Api—1(t), pi(0) =0, i > 1.

The system can be solved sequentially

e—}\t

2!

pO(t) = e_Ata pl(t) — Ate_Ata p2(t) — (At)z

Poisson probability distribution with parameter A\t

e—)\t

pi(t) = (At)"

i=0,1,2,....

il

with mean and variance

m(t) = At = o*(t).
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Waiting Times Between Jumps

The distinction between discrete versus continuous time Markov chains
is that in DTMC there is a “jump” to a new state at times 1,2,...,
but in CTMC the “jump” to a new state may occur at any time ¢t > 0.
The collection of random variables {W;} denote the jump times or

waiting times and the times T; = W;,; — W, are referred to as the
interevent times.

0 \I}Vl \in <IV3 \;V4

Figure 1: One sample path of a CTMC, illustrating waiting times and
interevent times. The process is continuous from the right.
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An Example of an Explosive Process

If the waiting times approach a positive constant, W = sup{W,;},
while the values of the states approach infinity,

lim X (W;) = oo,

1— 0O

then the process is explosive. We will assume the process is
nonexplosive.

Figure 2: One sample path of a CTMC that is explosive.
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Embedded Markov Chain

Waiting times: {W,,}°°
Interevent times: {1,,}2° ,, T, = Wy11 — W,
Define a new random variable for state of the CTMC at the nth jump:

Y, = X(W,), n=0,1,2,....

Embedded MC: {Y,,}>° .

The embedded Markov chain is a DTMC, useful for classifying
states as transient or recurrent in the associated CTMC.
Example: Transition matrix for embedded MC of Poisson process (all
states are transient):

/000;\

1 0 0 :
T=|(0 1 0

0 0 1

L. J. S. Allen Texas Tech University



Null Recurrence and Positive Recurrence

Unfortunately, the concepts of null recurrence and positive
recurrence for a CTMC cannot be defined in terms of the embedded
Markov chain. Positive recurrence depends on the waiting times {W;}
so that the embedded Markov chain alone is not sufficient to define
positive recurrence.

In an irreducible, recurrent CTMC, let the mean recurrence time
for state 2 be ;.

If u;; < oo, then the CTMC is positive recurrent.

If n;; = oo, then the CTMC is null recurrent.
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The Interevent Time for a CTMC Model has an
Exponential Distribution.

The exponential waiting time between events characterizes CTMC
because the exponential distribution has a memoryless property. The
interevent time is 1T; = W, — W;, where W is the time of the ith
jump. The event may be a birth, death, immigration, or any other
event that changes the value of the state variable. The interevent time
T; € [0,00) is a continuous random variable.

To T T2 T3

——rt—————Pt+— P t+——>

~—
X(0)=2 H

|

| | |
0 Wl Wz W3 W4

Figure 3: A sample path or single realization X (t) of a CTMC,

t € [0,00) illustrating the jump times {W;} and the interevent times
{Tz}, X(O) = 2, X(Wl) — 3, X(Wz) = 4, X(Wg) — 3
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Interevent Time Theorem.
Theorem 1. Let {X (t),t > 0}, be a CTMC such that

o @)

3" pin(At) = a(n)At + o(At)

j:()aj#n

and
Pnn(At) =1 — a(n)At + o(At)
for At sufficiently small. Then the interevent time, T; = W, ,; — W;

given X (W;) = n, is an exponential random variable with parameter
a(n). Cumulative distribution function for Tj is

Fz(t) =1-— e—a(n)t.

The mean and variance of T are

E(T;) =

1 1
(1) and Var(T;) = [a(n)]2
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Stochastic Realizations

Theorem 2. Let U be a uniform random variable defined on [0, 1] and
T be a continuous random variable defined on [0, co) with cumulative
distribution

F(t) = Prob{T < t}.

Then T = F~1(U).

Proof. We want to show that Prob{F~1(U) < t} = F(t). The
function F is strictly increasing, so that F'—1 exists. In addition, for

t € [0,00),
Prob{F~'(U) <t} = Prob{F(F}U)) < F(t)}
= Prob{U < F(t)}.
Because U is a uniform random variable, Prob{U < y} = y for

y € [0,1]. Thus, Prob{U < F(t)} = F(t). O]
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In Biochemical Reactions the Preceding Formula
is referred to as the Gillespie Algorithm or

Stochastic Simulation Algorithm (SSA)

Cumulative Distribution: F(t) =1 — e~ (™)
Interevent time 7':

In(1 —U)

T=F'(U)=- ()

_ln(U)

a(n)

T is small if a(n) is large!
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Applications of CTMC

(1) Simple Birth and Death Process
(2) SIR Epidemic Process

(3) Competition Process

(4) Predation Process
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(1) Simple Birth and Death Process.

An event can be a birth or a death, 1 — 2+ 10r71 — 1 — 1.
Transition probabilities:

pii(At) = Prob{X(t+ At) = 35| X () =1}
[ diAt + o(At), j=1—1
— biAt + o(At), j=1i+1
o 1—(b+d)iAt + o(At), jJ =1
| o(At), jF£i1—1, 4, i+ 1.

Given X (W;) = n, a(n) = (b + d)n. Interevent time T; is

~ In(U)
(b + d)n.

T; is small if n is large!

L. J. S. Allen Texas Tech University



(1) Simple Birth and Death Process.

Two events: a birth occurs with probability

b+d

and a death with probability

The corresponding ODE is

dn
P (b —d)n, n(0) =N

with solution
n(t) = Nelb=dt,
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Three Sample Paths

Figure 4: Three sample paths of the simple birth and death process with
X(0)=2,b=2andd =1.
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Generator Matrix and Transition Matrix for the
Embedded MC

Generator matrix:

(0 d 0 0 \
0 —-b—d 2d 0
Q=1|0 b —2(b+d) 3d
0 0 2b —3(b+d)

¥

Transition matrix for the Embedded MC:

(1 d/(b+ d) 0 0 \

0 0 d/(b+ d) 0
T=10 b/(b+d) 0 d/(b+ d)

0 0 b/(b+ d) 0

\ N

The embedded Markov chain shows that zero is an absorbing state and
the remaining states are transient.
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PGF of the Simple Birth and Death Process

An explicit solution to the transition matrix P(t) is not possible but
we can determine the moments of this distribution by using a technique
known as the generating function technique.

Generating Function Technique: Let the pgf be denoted
P(z,t) = ) pi(t)z"
i=0

Multiply the differential equation dp/dt = Qp by z* and sum:

> zidi;it) = D 2'[b(i — D)pi_1(t) + d(i + 1)piss(t) — (b + d)ipi(t)] .

1=0 1=0

1 =1,2,... p;(0) = 6;N. Interchange differentiation and integration:

OP oOP N
o = [d(1 — 2z) + bz(z — 1)]5, P(z,0) = z.
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Application of the Method of Characteristics

f

N
et@=0(bz —d) — d(z — 1) g
et(@=b)(bz — d) — b(z — 1) ! 7

(SRS

P(z,t) = <
if b =d.

po(t) = P(0,t):

.

b — de(d_b)t

d_de(d—b)t N
. if b#£d
bt %V ,
T+ bt , it b = d.
\

Po(t) = <

Mean and Variance:

(b+d) p_ayn
— ‘e

b—a e _1), b£d

m(t) = Ne® ¥ and o%(t) = N

m(t) = N and o’(t) = 2Nbt, b = d.
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Probability of Extinction in the Simple Birth and
Death Process

Probability of extinction, po(t), has a simple expression when t — oo.

Taking the limit,

1, if b<d

po(co) = [lim po(t) = (d)N it b>d
b 9

See DTMC random walk model with probabilities p and g of
moving right or left, respectively.
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(2) SIR Epidemic Process

Deterministic Model:

ds S
a - PNt
a_ ﬂEI—'yIZI(BE—'y)
dt N N
dR
E — "YIa

Ry — BS(0)/N

Y

If Ry > 1, there is an outbreak (increase in number of infectious
individuals).
If Ry < 1, there is no outbreak.

In the stochastic model, what is the probability of an outbreak and
what is the final size?
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Probability of No Outbreak

Prob{AS(t) = 1,AI(t) =j|(S(1),I(1))})
SSWI®) At +o(A), (i) = (~1,1)
vI(t) At + o(At), (4, 4) = (0,—1)
=y 1- %S(t)I(t) + »yI(t)] At
+o(At), (¢,7) = (0,0)
| o(Ab), otherwise.

Probability of no outbreak (extinction) can be approximated by the
birth and death process for large N, S(0)/N = 1, Ry = 3/,

1(0) = k:
o= (3 - ()= (a)
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Three Sample Paths of the SIR Stochastic
Process, Rg = 2

Number Infectious

Figure 5: 8 = 0.5, v = 0.25, N = 100, I(0) = 2
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Final Size in the SIR Model, v =1,
S(0)=N—-1,and I(0) =1

Deterministic Model

Stochastic Model (Expected Final Size):

L. J. S. Allen

N

3 20 100 1000

05| 187 197 200

1 574 1352  44.07
2 16.26  80.02 797.15
5 | 19.87 99.31 993.03
10 || 20.00 100.00 999.95

N

3 20 100
05 | 1.76  1.93
1 || 334 6.10
2 | 812 3834
5 | 15.66 79.28
10 || 17.98 89.98
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Probability Distribution for the Duration of an

- [ ]
Epld6m|c
0.7
- — Ry=05
______ R0=2
0.5} v:2
>
20.4¢
o)
3
0.3+
o
0.2
0.1
‘_._‘_,_._,_‘—‘—"“‘ ::::
Ot S ‘ )
’ 10 = .

Final size

Figure 6: Probability distribution for the final size of a stochastic SIR
epidemic model when I(0) =1, S(0) =19, v =1, and 3 = 0.5, 2,
or 5 (Ro = 0.5, 2, or 5).
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(3) Competition Models

Lotka-Volterra competition, two species compete for the same
resource. The deterministic model has the following form:

diBl
— = m1(&10 — A111 — a12332)
dt
dCBz
—dt — wz(azo — Q211 — azziL’z),

where z;(0) > 0, a;; > 0 for 2 = 1,2 and 5 = 0,1,2. There are
four different outcomes depending in the parameters and the initial
conditions.
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Stochastic Competition Process.

Let X;(t) and X>(t) be random variables for two competing species,
X1,X2 € {0,1,2,...} and t € [0,00). Let p(; j)(t) = Prob{X;(t) =
1, X2(t) = 7}. Suppose the birth rates are \;(X;, X>) and death rates
are p;(X1, X2) so that the deterministic model is of the form

dx i
dt

= Ai(@1, ©2) — pi(x1, 22), ©=1,2.

One example is

Ai(X1, X2) = a;X; and pi(Xi1, X2) = Xi(ain X1 + a;i2X>).

Prob{AXl(t) = 1, AX>(t) = j|(Xu1(t), X2(t))}

a10X1(t)At + o(At), (¢,5) = (1,0)

azX2(t)At + o(At), (¢,3) = (0,1)

X1(t)[a11X1(t) + a12X2(t)|At + o(AlL), (¢2,5) = (—1,0)
= X2(t)[a2nX:1(t) + a22X>(t)]At 4+ o(AL), (¢,5) = (0, —1)

1 — Xl(t) [alle(t) —|— a12X2(t)]At
— Xz(t) [alel(t) —|— aszz(t)]At —I— O(At), (’L, J) = (O, O)
o(At), otherwise.
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Stochastic Competition Process.

It follows from forward Kolmogorov differential equations,

dpi,j)
dt

= (7 — 1,j)p(7;_1,j) + X2(2,J — 1)p(i,j—1)
+ pa(2 4+ 1, 3)Pe+1,5) + 23,3 + 1)Pi,5+1)
— [A1(2,7) + Xa2(dy7) + p1(2, 3) + p2(2, 3)] Pi.j)-

Differential equations for the means are

dE[Zil(t)] = aE[X1(t)] — anE[(X1(t)’] — a1 E[X1(t) Xa(t)]
dE[fi(;(t)] = axE[X:(t)] — anE[X:1(t) X2(t)] — anE[(X:(t))’].

The two differential equations for the means depend on five
unknown variables and cannot be solved explicitly. However, the
form of these equations is similar to the deterministic differential
equations. Specific assumptions (e.g., normality or lognormality)
about E[(X(t))*(X2(t))!] are required to approximate the higher-
order moments of the distribution known moment closure assumptions.
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An Example of a Competition Process.

Let aijg — 2, Ay — 1.5, aij] — 0.03, a2 — 0.02, Az — 0.01, and Ao — 0.04. A
stable positive equilibrium exists,

(251, 3_32) — (50, 25)

At t = 5, the means and variances are estimated from 1000 sample paths,
mx,(5) = 49.9, mx,(5) = 23.2,

ox,(5) = 9.4, ox,(5) = 6.8.

80 T T T T 50

40}

Population sizes

Figure {: aio = 2, ayg = 1.5, a1 = 0.03, a2 = 0.02, as; = 0.01, ass = 0.04,
X1(0) = 50, and X>(0) = 25. The dotted lines indicate the equilibrium values.
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(4) Predator-Prey Process.

The Lotka-Volterra predator-prey model has the form

dx
E — w(alo—amy)
dy
o = y(az1x — az),

where a;; > 0. The equilibrium is neutrally stable:

(a20/a217 alo/alz)
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Predator-Prey Process.

Let X (¢) and Y (t) denote random variables for the size of the prey
and predator populations respectively, in a stochastic Lotka-Volterra
model. Assume the transition probabilities satisfy

Prob{AX(t) =1, AY (t) = 7[(X(t),Y (1))}

( a10X (t) At + o(At), (i,7) = (1, 0)

a2 X (1)Y (t)At + o(At), (¢,7) = (0,1)

a12 X (t)Y (t) At + o(At), (¢,7) = (—1,0)
= { a20Y (t)At + o(At), (¢,7) = (0,—1)

1 — X(t)[a10 —|— ale(t)]At
— Y (t)][az + a1 X (t)]At 4+ o(AL), (i,3) = (0,0)
o(At), otherwise.

L. J. S. Allen Texas Tech University



An Example of the Lotka-Volterra Predation
Process.

300 i T i 120

N

[é)]

o
T

100

N

o

o
T

[or]

o
T

Predator
(2]
o

Predator and prey
o
o

_

o

o
T

0 5 10 15 20 0 50 100 150 200 250
Time Prey

Figure 8: A sample path of the Lotka-Volterra predator-prey model is compared to
the solution of the deterministic model. Solutions are graphed over time and in the
phase plane. The parameter values and initial conditions satisfy a9 = 1, azy = 1,
a2 = 0.02, a2; = 0.01, X (0) = 120, and Y (0) = 40. Solutions with the smaller
amplitude represent the predator. Equilibrium (100, 50).
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Part 1V:

Comparison of Stochastic Processes
Introduce Diffusion Process and SDEs

Continuous Random Variable: X (t), t € [0, c0) with values in

(—o0,00) or [0,00) or [0,DM].

Markov property: Given any sequence of times, to < t; < -+ <
t'n,—l < tnv
PI‘Ob{X(tn) S y|X(t0) = X, X(tl) = T1g ey X(tn_l) = a:n_l}

PI‘Ob{X(tn) S y|X(tn_1) = $n_1}.

Probability density function (pdf) of X (t): p(x,t),
b

Prob{X (t) € [a,b]} = / p(x,t) dx.

a
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Discrete Random Walk and the Diffusion
Equation

Consider a random walk on the set {0, =Ax, +2Ax,...}. Let p = probability
of moving to the right and g = probability of moving to the left, p + g = 1. Let
{X(t)} be DTMC for this random walk, where t € {0, At,2At,...}, X(t) €
{0, XAz, +2Ax, ...}, and p,.(t) = Prob{X (t) = x}. Define u(x,t) = p(t).
It follows that

u(x,t + At) = pu(x — Az, t) 4+ qu(x + Ax, t).

Expanding the right-hand side of the preceding equation using Taylor’s formula about
the point (x, t),

et LA — B [u(w,t) .\ aug: Y ae)+ 82;5:32, 1) (Ax)® 0((Am)3)]
tq [a(az, o Q) 5, DD (Be) 0((Aa:)3>]
= e ) + (@ - p) 2D pp  PUBDAD o (agy)
Subtracting w(x, t) and dividing by At,
HeLrShoed | g pfen0fs, et o (40).
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We make the assumptions

, (Ax)?
Iim =0
At,Az—0 At
Ax

li —q)—— =
At,ilgl—»o(p a) At ©

. (Ax)?
Iim =D
At,Axz—0 At

Letting At and Aax approach zero, then

Ou du D d*u
= —c + x € (—oo, 00).

Bt ox 2 Ox2’

the diffusion equation with drift, where ¢ = drift coefficient D = diffusion
coefficient. When p = 1/2 = q, symmetric, the limiting stochastic process is known
as Brownian motion, ¢ = 0,

ou B D 8%u
ot 2 8x?’

x € (—oo, 00).

If D = 1, Standard Brownian motion or Wiener Process.
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Wiener Process

du 10%u € ( )
— = - x — o0, 00).
ot  28xz?’ ’
For u(x,0) = d(x), the solution is the pdf of the Wiener process W (t):

exp (_az_) , « € (—oo,00)

which is also the pdf of a Normal distribution with mean zero and variance t:

p(xz,t) =

W (t) ~ N(0,t).

Sample paths of the Wiener process are continuous but nowhere differentiable.

0 0.2 0.4 0.6 0.8 1
Time
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The Forward and Backward Kolmogorov
Differential Equations Follow From these
Assumptions.

The backward Kolmogorov differential equation for a time-
homogeneous process is

Op(y, = t) 32p(y, z,t)

ox

op(y, x, )
ot

= a(x) + 2 b()

The forward Kolmogorov differential equation for a time-homogeneous
process is

Op(y,x,t) _ _8la)p(y,2,1)] | 18 [b(y)p(y, ,1)]
ot - Oy 2 dy? .
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An It6 Stochastic Differential Equation (SDE)

The pdf p(x,t) with p(x,0) = d(x — o) then p(x,t) is a solution
of the forward Kolmogorov differential equation:

op(zx,t) . _8 la(z,t)p(x,t)] 4 182 [b(x, t)p(x,t)]
ot ox 2 dx? '

A sample path of the process { X (t),t € [0,00)} is a solution of the
Ito SDE of the form:

dX (t) = a(X(t),t)dt + Vb(X (t),1)dW (t), X(0) = z

where W (t) is a Wiener process.
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Some Comparison of the Simple Birth and
Death Process

CTMC Transition probabilities:

pji(At) = Prob{X(t+ At) = j|X(t) =i}
[ diAt + o(At), j=1—1
. biAt 4+ o(At), j=1+1
= Y 1= (b+d)iAt + o(Al), j =i
| o(At), jF#i1—1, 1, 1+ 1.

DTMC and CTMC have the same probability of extinction:

1, b<d
— d\ *
Po(o0) (g) . b>d
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SDE for a Birth and Death Process:

dX(t) = (b—d)Xdt+ /(b+ d)X(t)dW (t), X(0) = k.

CTMC and SDE have the same mean and variance. The mean is the
same as the ODE model (b # d):

b+d
E(X) = keb—t Var(X) = k—(b + d)e(b_d)t(e(b_d)t — 1)

See Lectures by E.Allen, J. Xiong and J. M. Ponciana

L. J. S. Allen Texas Tech University



Acknowledgements

® Professors Lou Gross and Suzanne Lenhart for the invitation to
co-organize this tutorial at NIMBioS.

e Co-organizers and lecturers, Professors Edward Allen, Jie Xiong,
and Jose Miguel Ponciano, for their hard work in preparation for this
tutorial.

e Participants that made this tutorial possible.

L. J. S. Allen Texas Tech University



