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the Appendix.
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Chapter 1

Infinitesimal specification of continuous time
Markov chains

Abstract The basic building blocks of our models are counting processes, that is,
nonnegative-integer-valued processes that are constant except for jumps of +1. In
this chapter, we introduce the notion of an intensity for a counting process and show
how a counting process model can be specified by specifying a functional form for
its intensity. The counting process corresponding to the intensity can be determined
either as the solution of a stochastic equation or as the solution of a martingale prob-
lem. By writing a lattice-valued (e.g., Z?-valued) Markov chain in terms of counting
processes that count the number of jumps of each of a countable number of types,
we can specify the chain by specifying the intensities of the counting processes as
functions of the state of the Markov chain.

1.1 Poisson and general counting processes

The basic building blocks of the models we will consider are counting processes,
that is, processes N such that N(¢) is the number of times that a particular phe-
nomenon has been observed by time . We assume that these observations occur one
at a time, so we have the following definition.

Definition 1.1. N is a counting process if N(0) = 0 and N is constant except for
jumps of +1.

If N is a counting process and 7 < s, then N(s) — N(r) is the number of observa-
tions in the time interval (z,s]. The simplest counting process is a Poisson process.

Definition 1.2. A counting process is a Poisson process if it satisfies the following
conditions:

1) Numbers of observations in disjoint time intervals are independent random vari-
ables, i.e.,if 1o <t] < -+ <ty, then N(ty) —N(t,—1), k= 1,...,m are independent
random variables.
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2) The distribution of N(¢ +a) — N(¢) does not depend on ¢.

Theorem 1.3. If N is a Poisson process, then there is a constant A > 0 such that,
fort <s, N(s) —N(t) is Poisson distributed with parameter A(s —t), that is,

P{N(s)—N(t) =k} = M[x(m).

We will refer to N as a unit Poisson process if L = 1.

Proof. For an integer n > 0, let N, (¢) be the number of time intervals (%, %},k =

0,...,[nt] that contain at least one observation. Then N, () is binomially distributed
with parameters [nt] and p, = P{N(1) > 0}. Consequently,

P{N(1) =0} = P{N,(1) = 0} = (1 —pa)".

Taking logs and noting that the left hand side does not depend upon n, we may
conclude that np, — A = —log P{N(1) = 0}, as n — oo. The rest follows by the
standard Poisson approximation of the binomial. a

Let N be a Poisson process, and let Sy be the time of the kth observation, that is,
the kth jump of N. Then

P{S; <t} =P{N(1) > k} =1 —k)il (M)ie*“, 1>0.
i=0

i!
Differentiating to obtain the probability density function gives

AA e M >0

1
fs(t) { 0 1 <0,

and we see that Sy is I"-distributed. The proof of Theorem I.3|can be refined to give
the following:

Theorem 1.4. Let Ty = S| and for k > 1, T, = S;, — Sy_1. Then T\, T, ... are inde-
pendent and exponentially distributed with parameter A.

Watanabe’s characterization of Poisson processes [47] is essential for our ap-
proach to more general counting processes. {.%"} will denote the filtration gener-
ated by N, that is, Z" = 6(N(s),s < t) is the information obtained by observing N
on the time interval [0,7].

Theorem 1.5. (Watanabe) If N is a Poisson process with parameter A, then N(t) —
At is a martingale. Conversely, if N is a counting process and N(t) — At is a mar-
tingale, then N is a Poisson process with parameter A.

Proof. The fact that for a Poisson process N(¢) — At is a martingale, that is,

E[N(t+5)—A(t+5)|F¥] =N(t) — At, (1.1)
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follows from the independent increments property and the fact that E[N(¢)] = Ar.
Assuming the conditions of the converse, let {s;} be a partition of (z,7 + r]. Then

E[eiG(N(t+r)7N(t)) |<%N]

n—1
=1+ Z E[(e®Worr1)=Nlse)) _ 1) 0N O).ZM
k=0

=1+ Z E| ( N(si1)=N(sk)) _ 1 _ ( — 1)(N(sks1) —N(Sk))) eiO(N(sk)—N(t))|

n—1
+ Y Alsirn —si) (€ = DE[P NN ZN),
k=0

where the second equality holds by the martingale assumption which implies
E[N(si1) = N(si) | Z8] = A(see1 — i)

We claim that as max(sg1 — sg) — 0, the first conditional expectation on the right
hand side of the final equality in the equation array above converges to zero. To see
this, simply move the sum inside the conditional expectation and note that

n—1

Z (eie(N(SkJrl)*N(Sk)) —1—(® = 1)(N(sps1) —N(sk))) O (sk)=N (1))
k=0

<A4AN(1)

and that the expression inside the first parentheses is zero if N(sg1) — N(sx) is O
or 1. Thus, as maxy(sg+; — sx) — O the conditional expectation converges to zero
by the dominated convergence theorem for conditional expectations (see Appendix
[A.1.2). Consequently, letting maxy (sg41 — s¢) — 0, we have

E[ei(-)(N(t+r)—N(t))| ] _ 1+)L / E iO(N(t+s)— ())|</N]d
and E[e 0N+ -N@)| ZZN] = Ale =1 which implies both the independent incre-
ments property and the fact that N (¢ +r) — N(¢) is Poisson distributed with parameter
Ar. (See Section[A.5]) O

The filtration of interest may involve more information than just observations of
N, and the calculations in the previous proof are still valid for any filtration {.%; }
satisfying with .ZN replaced by .%,, that is, M defined by M(t) = N(t) — At is
a martingale with respect to {.% }. In particular, N will be compatible with {.%} in
the following sense.

Definition 1.6. A Poisson process N is compatible with a filtration {.%}, if N is
{%}-adapted and N(r +-) — N(¢) is independent of .%; for every ¢ > 0.

Lemma 1.7. Let N be a Poisson process with parameter A > 0 that is compati-
ble with {%#,}, and let T be a {% }-stopping time such that T < oo a.s. Define

aN
‘/l

)
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N:(t) = N(t+1t) —N(1). Then N; is a Poisson process that is independent of %
and compatible with { F 4 }.

Proof. Let M(t) = N(t) — At. By the optional sampling theorem,
EM((t+t+r)AT)|Frpy] = M((T+1)AT),
so
EIN(t+t+r)AT)=N(t+0) AT)|Frpi] =A((T+1+r)AT — (T +1) AT).
Letting T — oo, by the monotone convergence theorem,
E[N(t+t+7r)—N(t+1)|Frps) = Ar,

which shows that N is a {%¢, }-martingale. By Theorem we may conclude
that N; is a Poisson process, and by the proof of Theorem we further conclude
that N (¢ +-) — N¢(¢) is independent of F; ;. 0

If N is a Poisson process with parameter A and N is compatible with {.%, }, then
P{N(t+At) > N(1)|.Z,} = 1 —e *" ~ AA1. (1.2)

The parameter A is refered to as the intensity for the Poisson process, and
suggests how to extend the notion of intensity to more general counting processes.
Note that if Y is a unit Poisson process, then for A > 0, N(t) = Y (Ar) defines a
Poisson process with intensity A.

At least intuitively, a nonnegative, {.% }-adapted stochastic process A(:) is an
{% }-intensity for N if

t+At
P{N(t + A) > N(1)|. 7.} ~ E[/ A(s)ds|. 7] ~ A(1)At.
Jt
The following makes this definition precise. (See [33]].)

Definition 1.8. Let N be a counting process adapted to { %}, and let S, be the nth
jump time of N. A nonnegative {.% }-adapted stochastic process A is an {.% }-
intensity for N if and only if foreachn=1,2,...,

1Ay
N(t AS,) 7/ A(s)ds

0

is a {%; }-martingale.
If lim,,_,. S, = oo, this requirement is equivalent to the requirement that

N(t) — /0 "A(s)ds

be a local {.% }-martingale.
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1.2 Modeling with intensities

In general the intensity for a counting process at time ¢ may depend on the behavior
of the counting process prior to time ¢, and it may also depend on other stochastic
inputs. Consequently, if we want to specify a counting process model by specifying
its intensity, we need to specify a nonnegative function that depends on the past of
the counting process and perhaps other stochastic inputs.

With this idea in mind, let Z be a stochastic process that models “external noise”
or the “environment.” To avoid measurability issues, assume that Z is cadlag (that is,
Z is right continuous with left limits at all # > 0) and E-valued for some complete,
separable metric space (E,r). Dg[0,o0) will denote the space of cadlag, E-valued
paths, and D°[0, ) will denote the space of counting paths (zero at time zero and
constant except for jumps of +1) that are finite for all time, while D>*[0, ) will
include paths x that hit infinity in finite time with x(7) = o beyond that time.

The Borel c-algebra for Dg[0, o) is the same for all of the standard topologies
on Dg[0,e0) and is simply the o-algebra generated by the evaluation functions 7, :
x € Dg[0,00) — x(t) € E.

Our model intensity will satisfy the following:

Condition 1.9
A :]0,0) x Dg[0,00) x D€[0,00) — [0, 00)
is measurable and satisfies A(t,z,v) = A(t,7',V'), where 7' (s) = z(s At) and V' (s) =

v(s At) (A is nonanticipating), and

1
/ A(s,z,v)ds < oo
0

forallt >0, z € Dg[0,%) and v € D°[0,00).

Let Y = {Y(u),u > 0} be a unit Poisson process that is {¥, }-compatible and
assume that Z(s) is %-measurable for every s > 0. (In particular, Z is independent
of Y.) Consider

it
N() = ¥( / A(5,Z,N)ds). (1.3)
0
Theorem 1.10. There exists a unique solution of up 1o Seo = lim,_, S, where

Sy, is the nth jump time of N. Further, ©(t) = [5 A(s,Z,N)ds is a {4, }-stopping time,
and for eachn=1,2,...,

Sn
N(AS,) — / A (5. Z.N)ds (14)
0

is a {9y, }-martingale. (In Deﬁnition F1=%1)-)

Proof. Existence and uniqueness follows by solving from one jump to the next.
Next, let Y"(u) =Y (r Au) and let
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N () = Y'( /O A (s,Z,N")ds).
If 7(¢) = [y A(s,Z,N)ds < r, then N'(t) = N(t). Consequently,
(z() <r} = {/OIA(S,Z,N’)ds <re4,

with a similar statement for {7(t A S,) < r}. Since M(u) =Y (u) —u is a {94, }-
martingale, by the optional sampling theorem, for 7 > 0,

EM(t((t+v)AS) AT) Doy = M(T((t +V)AS)) AT()AT) =M(T(t ASp) AT).

Letting T — oo, we see that (1.4)) is a martingale. O

The stochastic equation gives one way of characterizing a counting process
modeled by specifying its intensity. A second common (and equivalent) approach
is suggested by Watanabe’s theorem, Theorem [I.5] and the martingale properties
given in Theorem[I.10] that is, we can require the counting process to be a solution
of a martingale problem (see [33]).

Definition 1.11. Let Z be a cadlag, E-valued stochastic process, and let A satisfy
Condition A counting process N is a solution of the martingale problem for
(A,Z) if foreachn=1,2,...,

tASy
N(tAS) —/ A(s,Z,N)ds
0

is a martingale with respect to the filtration
Fr=0(N(s),Z(r): s <t,r >0).

Clearly, the solution of (1.3)) gives a solution of the martingale problem. In fact,
essentially every solution of the martingale problem can be obtained as a solution
of (I.3). The following theorem is a consequence of Watanabe’s theorem.

Theorem 1.12. If N is a solution of the martingale problem for (A,Z), then N has
the same distribution as the solution of the stochastic equation (I.3).

Proof. First, suppose [, A(s,Z,N)ds = oo a.s. Let y(u) satisfy

Y(u) = inf{ : /0 "A(5,Z,N)ds > u}.

Then, since y(u+v) > y(u),

~Y(u+v)ASy AT

E[N(y(u+v)ASnAT)—/

A(5,Z,N)ds| Z,
A (8,Z,N)ds|- Ty

Y(u)ASpAT
— N(Y(u) AS A T) — / A(s,Z,N)ds.
0
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A monotone convergence argument lets us send 7" and » to infinity. We then have
EIN(y(u+v)) = (u+v)[Fyu) = N(y(w)) —u,

so Y (u) = N(y(u)) is a Poisson process. Since y(7(¢)) = ¢ we have that

N(O) = NOr(e(@) = Y (5(0) = ¥ ([ 2(5.Z.N)ds),

and is satisfied for this choice of Y. Finally, since %y D o(Z(s),s > 0), Y is
independent of Z.

If [;°A(s,Z,N)ds < e with positive probability, then (perhaps on a larger sam-
ple space) let Y* be a unit Poisson process that is independent of .%; for all # > 0
and consider N¢(¢) = N(t) + Y*(&t). Then N? is a counting process with intensity
A(t,Z,N)+¢€, and since [y (A(s,Z,N) + €)ds = oo, we may follow the steps above
to conclude that there is a Y for which

NE(r) = ye(/ot(/x(s,z,zv) +e)ds).

As € — 0, Y¢ converges to

- N(y(u)) u<7(e)
nw—{N@quw4@» 1> 7(e0)

(except at points of discontinuity), and N satisfies (I.3) for this choice of Y. a

1.3 Multivariate counting processes

The models we wish to specify often involve more than one counting process, so
we want to be able to specify multiple interdependent intensities. Let D$[0,00) =
D[0,0)? be the collection of d-dimensional counting paths.

Condition 1.13 Fork=1,...,d,
Ak 2 [0,00) x Dg[0,00) X Dg[0,00) — [0, 0)

is measurable and nonanticipating with
t
/ Y Mi(s,zv)ds < oo, z€ Di[0,00),v € D0, 00).
0 %%

Let Z be cadlag and E-valued and independent of independent Poisson processes
Yy,...,Y,. Consider the system of equations

Nk(t):Yk(/Otkk(s,Z,N)ds), k=1.....d, (15)
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where N = (Ny,...,Ny). Setting S, = inf{r : Y, Ny(¢) > n} and Se = limy_ye Sy,
existence and uniqueness holds (including for d = o) up to S.. For t > S.., we
define N (1) = lim, 0o N(Sy).

For each k, it is not hard to see

(NS,
M,:‘(t):Nk(t/\Sn)—/O Ae(5,Z,N)ds

is a martingale, but it is not immediately clear that the M} are martingales with
respect to a common filtration. To construct the appropriate filtration, we need to
understand filtrations and martingales indexed by directed sets.

Suppose .7 is a directed set (see Appendix with partial ordering u <v. Let a
collection of c-algebras ¥, C %, {¥,,u € .#} be a filtration in the sense that u < v
implies ¢4, C ¢,. A stochastic process X indexed by .# is a {¥, }-martingale if and
only if E[|X(v)|] <eoforall v € .# and for u < v,

EIX(0)|9] = X (u).

An #-valued random variable 7 is a stopping time if and only if {T < u} € ¥,,
u € .#, and as in the .# = [0, o) case, define

Ge={Aec F:An{t3u} €Y, uc 7}

Lemma 1.14. Let X be a martingale, and let T1 and T, be stopping times assum-
ing countably many values and satisfying 71 = To a.s. If there exists a sequence
{um} C I such that limy e P{T2 =y} = 1, limyseo E[|X () [17,<4,,3c] = O,
and E[|X(12)|] < oo, then

EX(n)| 7] =X (). (1.6)
Proof. ([36]) Let I' C .# be countable and satisfy P{7; € I'} =1 and {u,,} C .

Define
o { T, on{T <Xupm}
! Uy on {7 S uy}C.
Then 7" is a stopping time, since
{7" 2w} = ({7" 2w} 0 {m 2un DU T 20 {7 2 })
= ({m 2u}0{m 2 un ) U ({um 2} {7 2w })
= (Upverv=uv=u, {% 2 v U {un 2w} 0{7 2w ).

ForA e %,
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X(2§)dP = / X(s)dP
/Aﬁ{r{":z} 2 seF,;jum An{t"=r}n{t)'=s}

X (up)dP

Aﬁ{rf":t}ﬁ{rﬁ”:s}

sels=2upy

X (up,)dP
/Aﬂ{r;":z} (u )

- X(1)dP = / X(¢")dP.
An{t*=t} () An{t*=t} ( 1)

Hence E[X(7}')|-%¢| = X(7{"), and letting m — oo, we have (1.6). O

Let ¥ = [O,oo)d, where < denotes componentwise inequality. For u € .7, set
G, =0 Yi(s) sk <ug,k=1,...,d). Then

My (u) = Yy (ug) — ug

is a {%, }-martingale. For
1
N() = Yi( / Aa(s,Z,N)ds),
0

define 7(t) = [y A(s,Z,N)ds and t(t) = (11(),...,74(t)). By the same argument
as in the proof of Theorem|1.10} 7(¢) is a {¥, }-stopping time, and similar arguments
give the following.

Lemma 1.15. Let 7, = 9y,). If © is a {F;}-stopping time, then ©(o) is a {4, }-
stopping time.

Lemma 1.16. If T is a {9, }-stopping time, then T\") defined by

(n) [T2"]+1
=
is a {¥,}-stopping time.

Proof. Forue .#,

[ 2"]

{o 2u} = nufg” <} = e{[B2")+ 1 < (2"} = efme < =

}

which isin ¥,. a
Note that ’L',E") decreases to Ty.

Theorem 1.17. Let Condition[I.13|hold. Forn=1,2,..., there exists a unique solu-
. 7 .
tion of up 10 Seo, T (t) = [y M(s,Z,N)ds, k =1,...,d defines a {¥,}-stopping

time, and
tASy

N(t AS,) — / (s, Z,N)ds
0
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is a {9y, }-martingale.

Proof. Approximating 7(¢) by discrete stopping times as in Lemma|l.16] the result
follows from the fact that M (u) is a {4, }-martingale and Lemma O

Definition 1.18. Let Z be a cadlag, E-valued stochastic process, and let A = (41,...,44)
satisfy Condition [I.T3] A multivariate counting process N is a solution of the mar-
tingale problem for (A,Z) if for each k,

tAS,
Nt AS,) — /O (s, Z,N)ds.

is a martingale with respect to the filtration
F=0(N(s),Z(r): s <t,r >0).
For t > S.., we define N(¢) = lim,_,o N (Sy).

Theorem 1.19. Let Z be a cadlag, E-valued stochastic process, and let A = (A1,...,Aq)
satisfy Condition[I.13] Then there exists a unique solution of the martingale problem
for (A,2).

Proof. Existence follows from the time-change equation, and uniqueness follows
by Theorem 2 in [40] which essentially shows that every solution of the martingale
problem can be written as a solution of the time-change equation. (See also Theorem
3.11 of [37].) O

1.4 Continuous time Markov chains

In most presentations, continuous time Markov chains are specified in terms of a
g-matrix, where for i # j, g;; gives

P{X(I+Al)=j|X(l‘)Zi}%qijAl‘. (1.7)

We will assume that X takes values in a subset S of a discrete lattice in R¢ and
specify intensities of jumps,

P{X(t+At)-X(t) = §|F1} = L(X(2))At.
Of course, we could write
Ix(n)x()+g = M(X(1)),

but using our approach

X(1)=X(0)+ Y Ri(1)&,
1
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where R, is a counting process counting the number of jumps of type {;, and hence

<m+;m£%a@mmg (1.8)

For the moment, assume that there are only finitely many (4;, ;) and that the A,

are bounded. Then
!
/z, ))ds = Y / A (X )ds)—/ M(X(s))ds
0

is a martingale, and for a bounded function f,

FOK0) = FXO) + E [ (006 +8) ~ FK(5-)))aFi ()
X(O)+ E [ (006 +8) ~ F K0 ))dFi )
+;AM®UMﬂﬂw+m—ﬂnmw&

For our purposes, we can define a stochastic integral for cadlag processes U and V
by

/OtU(s—)dV(s—) =1m Y Ut At)(V (tig1 A1) =V (5 A1),

where {#;} is a partition of [0,00) and the limit is taken as max;(f;y; — ;) — 0,
provided the limit exists in probability. If V is a {.%; }-martingale and U is {.% }-
adapted and bounded by a constant, then it is easy to check that each of the approx-
imating sums is a martingale. Under our current assumptions, the limit will also be
a martingale, or if we relax the boundedness assumptions on the Ay, at least a local
martingale.

Setting

le FOe+8) — F()), (1.9)

it follows that
f@@»—ﬂxw»—/%fau»w
=T [ U0 +8) S X ()R )

is a martingale. (See Appendix [A.3]) We call A as defined in the generator for
the Markov chain.

Now we drop the finiteness and boundedness assumptions, but we do require
¥ A1(x) < oo for each x. Define

1% = inf{r : |X(£)] > K.
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Then

E[Z l/\TK /XATKZAZ dS <t sup Z)&[(x)

l [x[<K |
and

P~ X))~ [ Afx(9)ds

is a martingale. Assume that if f has finite support, then limy,_.,Af(x) = 0. In
addition, if img ;e Tx = Teo < o0, we define X (¢) = oo for t > ... Then

FX()) - FX(0) - / AFX()ds (1.10)
=% [ UK+ 8) X)) )

is a martingale.
For a finite or countable index set %, we assume the following:

Condition 1.20 ¢ A;(x) >0, x€S, [ € Z.

o {€RY 1€ R, suchthat x €S and X(x) > 0 implies x+§ € S.

o ForxesS Yieqhi(x) <

e For f with finite support in S and A defined by , limy . Af(x) =

The last condition is a modest restriction and is clearly satisfied for the chemical
reaction network models we will consider in Chapter We define A f(e0) = 0.

Definition 1.21. Let A satisfy Condition A right continuous, SU {eo}-valued
stochastic process X is a solution of the martingale problem for A if there exists a
filtration {.%; } such that for each f with finite support, is a { % }-martingale.
If 7. is finite with positive probability, then there may be more than one solution
of the martingale problem. If in addition to the martingale requirements, we require
that X () = oo for t > T.., then we say that X is a minimal solution of the martingale
problem.

Theorem 1.22. Assume A satisfies Condition Then the solution of

—I—ZYI/M

ez

with X (t) = oo for t > T.. is the unique minimal solution of the martingale problem
for A.

The martingale property implies

EL/(X())] = ELAXO)]+ [ EWFK(s

and taking f(x) = 1,y (x), we have
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PIX(0) =3} =PIX(O0) =)+ [[(EAb— 6P () =3-4)
72/1, )P{X(s) =y})ds

giving the Kolmogorov forward or master equation for the one-dimensional distri-

butions of X. In particular, defining py(r) = P{X(t) =y} and v, = P{X(0) =y},
{py} satisfies the system of differential equations

ZAI —8)pyg (e ZAZ (1.11)
with initial condition p,(0) = v,. We also require
py(t)>0and Y p,(1) <1, t>0. (1.12)
y

Lemma 1.23. Assume Condition Let {vy} be a probability distribution on S,
and let X(0) satisfy P{X(0) =y} = vy. The solution of the system of differential
equations satisfying and py(0) = vy is unique and the unique solution
satisfies Y, py(t) = 1 if and only if the solution of satisfies P{T = oo} = 1.

Proof. Set A(y) =¥, Ai(y). The forward equation can be rewritten as
_ '
G VMO Gy g (s (113)
Define p§0) () = 0 and iterate

k1
O Jaly—)pY, (s)ds.
Let S, be the nth jump time of the time-change equation (T.8). Note that

1
PV (e) = P{X (1) = 3,81 > 1},
and in general
k
P (1) = P{X () = y,5c > 1}
Observe that T., = oo if and only if Sw = o0, 50 if P{Te =0} =1,

1= Z P{X(t)=y} = hm Z P{X(t) =y, >1}.
yeZd “yezd

Since every solution of (1.13) and (1.12) satisfies p,(t) > p§k> (1), Xy pﬁk) (t)y —>1

implies pgk) (t) — py(t) giving uniqueness for (1.11). O
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Remark 1.24. Since pﬁk) (t) is monotone in k, it converges to the minimal solution

(that is, the smallest solution) of the forward equation and that gives the distribution
of the minimal solution of (I.8]).

As the name suggests, a Markov chain is an example of a Markov process, that
is, a stochastic process that has the following Markov property.

Definition 1.25. An SU {eo}-valued stochastic process X is Markov with respect to
a filtration { %} if it is {.% }-adapted and

E[f(X(t+9))[F] = E[f(X(1 +5))[X(1)],

for all s,# > 0 and f € B(SU{e}). X is strong Markov with respect to {.% } if for
each finite { % }-stopping time T,

E[f(X(t+5))|F] = E[f(X(7+5))1X(7)],

forall s > 0and f € B(SU {eo}).
Let X be the the minimal solution of (I.8). Note that there exists a mapping

H :]0,00) X S x D[0,00)" — Dgu{m}[o,‘”)

such that
X (1) = H(t,X(0),{¥;}).

Let 7 (r) = [y A(X (s))ds. For each t > 0,
Ykr(u) = Yk(Tk(r) +u)— Yk(Tk(r)), k=1,....m,

are independent Poisson processes independent of .#; = ;).
Define X"(s) = X(r+s). Then

X7 =X70)+ DI ([ A ()G

and
X'(t) =H(t,X"(0),{¥¢}),

that is, the future of X" is a function of the present, X" (0), and inputs, {¥}, that are
independent of the past. The same holds if r is replaced by a {.% } stopping time 7.
Consequently, X is strong Markov, and since H does not depend on r or 7,

PIX(y+1) =yX(y) = x} = P{X (1) = y|X(0) = x}.

Problems

1.1. Prove Theorem[[.4]
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1.2. Let A(n), n=0,1,... be positive and bounded (to avoid explosions), and let ¥
be a unit Poisson process. For

N = ([ AN (),

show that
P{N(t+Ar) = N(1)| ZN} = e V)AL

where {Z} is the filtration generated by N, so that
P{N(t+At) > N(1)|.ZN} = 1 — e 2WVOA < L(N(1)) At

1.3. Let Ny be a Poisson process with parameter A, and let £;,&, ... be a sequence
of Bernoulli trials with parameter p. Assume that the & are independent of Ny, and
define

No(t)
Ni(t)= ) &
k=1
and
No(#)
Na(t)= ) (1-&)

a) What is the distribution of N;? N,?

b) Show that N; and N, are independent.

c) What is P{N(t) = k|No(t) = n}?

d) Let S be the first jump time of Ny. For k > 1, find the conditional density of S;
given that Ny(¢) = k. (Hint: First calculate P{S; < s,No(¢) =k} for s <r.)

1.4. Let Y1,...,Ys be independent unit Poisson processes, and let A;(r) and A, (n)
be positive, n =0, 1,.... Let

M) =4[ Mi(s))as)
Na1) = ol [ 2a(Nas))ds)
N3@) = ([ Vs (6)) A D (s (5))d)
[ a3 6)) = A (N5 (5)) A AN (5)))ds)
Nu(r) = YS(/Ot A1(N3(s)) A Az (Na(s))ds)
15[ (aNa(s)) — A (N3 (5)) A Ao (Na(5))d).

1. Show that N3 has the same distribution as N; and N4 has the same distribution
as V.
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2. Suppose that € > 0 and |4, (n) — A2 (n)| < €. Let 7y =inf{z : N1 (¢) # N2(¢) } and
Ty = inf{t : N3(¢) # Na(r)}. Give a stochastic lower bound for 7 (that is, find a
random variable o] such that P{t; >} > P{o; >t} for all ) and a stochastic
lower bound for 7,. In particular, show that 7; is stochastically less than 7.

1.5. Show that the solution of

hits infinity in finite time.
More generally, show that if A (n) > 0 satisfies

=1
ngb?l(n)

< oo,

then with probability one, the solution of

N = ¥([ 2V

hits infinity in finite time.

1.6. Consider the infinite server queueing model

0() =113 1o [ HQ(s)ds).

Use martingale properties to compute E[Q(¢)] making sure to justify all the steps in
the calculation.

1.7. Let X, (¢) be a linear death process

Xi (1) :N—Y(/Ot Xy (s)ds).

Let Ay, ...,Ay be independent exponential random variables with parameter pt and
define

N
Xz(f) = Z 1{A,->t}-
i=1

Show that X; and X, have the same distribution. (In other words, a linear death
process models a population in which there are no births and each individual has an
independent, exponentially distributed lifetime.)

1.8. Let {A,k =0,1,...} be independent, unit exponential random variables. De-
fine

=

A — A
pe(t)=P{ ) TZSI<ZT2}~
I=k+1 =k

Show that {p;} satisfies
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Pil(t) = (k+1)2pir (£) — K pilt),

that is, {pi} is a solution of an equation of the form (1.11)), and show that the con-
clusion of Lemma([I.23]is in general false, if the requirement (I.12)) is dropped.






Chapter 2
Models of biochemical reaction systems

Abstract We introduce the most common stochastic model for biochemical reac-
tion systems. These models are used extensively in cell biology, with applications
ranging from gene interaction and protein regulatory networks, to virology, to neu-
ral networks. The models are most useful when the abundances of the constituent
molecules of a biochemical system are low, in which case the standard deterministic
models do not provide a good representation of the behavior of the system.

2.1 The basic model

It is useful to understand that a biochemical reaction system consists of two parts:
(i) a reaction network, and (ii) a choice of dynamics. The network is a static object
that consists of a triple of sets:

(i) species, ., which are the chemical components whose counts we wish to
model dynamically,
(i) complexes, €, which are non-negative linear combinations of the species that
describe how the species can interact, and
(iii) reactions, %, which describe how to convert one such complex to another.

For example, if in our system we have only three species, which we denote by
A, B, and C, and the only transition type we allow is the merging of an A and a B
molecule to form a C molecule, then we may depict this network by the directed
graph
A+B—C.

For this very simply model our network consists of species . = {A,B,C}, com-
plexes ¢ = {A+ B, C}, and reactions Z = {A+B — C}.

Before formally defining a reaction network, we provide a slightly less trivial
example.

19
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Example 2.1. Suppose there are two forms of a given protein: “active” and “inac-
tive.” Denote by A the active form of the protein and denote by B the inactive form.
We suppose that there are only two types of transitions that can take place in the
model: an active protein can become inactive, and an inactive protein can become
active. However, we further suppose that an inactive protein B is required to catalyze
the inactivation of an active protein A. That is, we suppose that the two possible re-
actions can be depicted in the following manner

A+B 2B, (R1)
B—A, (R2)

where, for example, the reaction (RT) captures the idea that both an A and a B
molecule are required for the deactivation of an A molecule and the result of such a
reaction is a net gain of one molecule of B and a net loss of one molecule of A.

We again see that there are three sets of objects necessary to give a full descrip-
tion of the above network. First, we need a set of species, which in this case is just
& = {A,B}. We require a directed graph in which the vertices are linear combi-
nations of the species. These linear combinations are the complexes, which for this
model is the set ¥ = {A+ B, 2B, B, A}. Finally, we associate the edges of the graph
with the reactions, Z = {A+B — 2B, B— A}. A

Definition 2.2. A chemical reaction network is a triple {., ¢, %} where

() .7 ={S1,...,S,} is the set of species,
(ii) € is the set of complexes, consisting of non-negative linear combinations of
the species,
(iii) Z = {yk = ¥} : Yi, ¥, € € and y # y; } is the set of reactions.

The notation we use throughout is to write the kth reaction as
Y viiSi = Y viuSis 2.1)
i i

where the vectors yi,y; € ZZ, are associated with the source and product complex,
respectively. Note that we abuse notation slightly by writing y, — y,, as opposed to
(2.1). We define §; := y}, — yx € Z" to be the reaction vectors of the network.

It is most common to forgo formally giving each of the three sets necessary for
a reaction network, as it is easier to simply give the directed graph implied by the
reaction network. For example, the network

S+E=C—S+P, E=0, 2.2)

corresponds to the reaction network with . = {S,E,C,P},4 = {S+E, C, S+
P E 0}, andZ={S+E—-C,C—>S+E,C—S+P,E—0,0—>E}.

Note that the empty set appearing in is a valid complex. It is used to model
the inflow or outflow (or degradation) of molecules.

Having a notion of a reaction network in hand, we turn to the question of how
to model the dynamical behavior of the counts of the different species. We describe
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the basic Markov model here and will consider deterministic dynamics at the end of
the chapter. The precise connection between the two models will be considered in
Chapter @] when scaling limits of the stochastic models are considered.

Returning to Example [2.1]for the time being, let X; () and X>(¢) be random vari-
ables giving the numbers of molecules of type A and B present in the system at time
t, respectively. Denote by R;(¢) and R,(t) the counting processes determining the
number of times reactions and have occurred by time ¢. Clearly, X satisfies

X() = X(0)+Ri (1) (‘11) +R(0) (_11 > .

From the results of Chapter|[I] the counting processes R; and R, can be specified by
specifying their respective intensity functions. For the time being, we delay the con-
versation regarding what the appropriate form for these intensity functions should
be and simply denote them by A; and A,. The process X then satisfies the stochastic
equation

X(1) = X(0) —|—Y('/0[ 2 (X(s))ds) (—11) +Y2(/Ol 2 (X (s))ds) <ll> ,

where Y1,Y, are independent, unit Poisson processes. We note that the generator
(T.9) for the process of Example [2.1]is

AF(0) =M @)+ G) = F() + @) (fr+ &) = f(x),  x€Zy,

where §| = —e| +e2, { = e] — e;, and the forward or master equation (I.11) is
Px(t) = prg (A (x = &) + Py () A2 (x = &) — pa(t) (A1 (x) + A2(x)),
for x € Z2,.

Returning to the general reaction network of Definition 2.2] for each reaction
Yk — Yy, € Z we specify an intensity function Ay : Z2 ; — R>¢. The number of times
that the kth reaction occurs by time ¢ can then be represented by the counting process

Relt) = Vel [ MK (5))ds),

where the Y; are independent unit Poisson processes. The state of the system then
satisfies the equation X () = X (0) + Y R (¢) ., or

X() = X(0) + L1l [ A(X(5)ds) i 2.3)
k

where the sum is over the reaction channels. (Recall that §, = yﬁc —yx.) The generator
for the general model is

Af(x) =Y M@)(f(x+ &) — f(x), (2.4)
k
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where f : Z‘éo — R is any bounded function, whereas the Kolmogorov forward
equation is
Zlk —8)pr—g (¢ Z)Lk (2.5)

We now specify the intensity functions, or kinetics. The minimal assumption that
can be put on the kinetics is that it is stoichiometrically admissible, which simply
says that Ax(x) = 0 if x; < yy; for any i € {1,...,n}. Stoichiometric admissibility
ensures that reactions can only occur if there are sufficient molecules to produce
the source complex and guarantees that the process remains within Z2 , for all time.
The most common choice of intensity function Ay is that of stochastic mass-action
kinetics. The stochastic form of the law of mass-action says that for some constant
K, termed the reaction rate constant, the rate of the kth reaction should be

x) = & [ [ ! (yi) = KkH (2.6)
i=1

yk!

Note that the rate is proportional to the number of distinct subsets of the molecules
present that can form the inputs for the reaction. This assumption reflects the idea
that the system is well-stirred. The reaction rate constants are typically placed next
to the arrow in the reaction diagram. The following table gives a representative list
of reactions with their respective intensities under the assumption of mass-action
kinetics,

Reaction | Intensity Function
0 g M },1 (x) = K1
SIB S| Ax) =Kk
S1+5, 3 55 A3(x) = K3x1x2
281 % o[ Aa(x) = Kaxi (61 — 1)

where similar expressions hold for intensity functions of higher order reactions.

2.1.1 Example: Gene transcription and translation

We give a series of stochastic models for gene transcription and translation. Tran-
scription is the process by which the information encoded in a section of DNA is
transferred to a piece of messenger RNA (mRNA). Next, this mRNA is translated
by a ribosome, yielding proteins. We will give a series of three examples, with the
first, Example [2.3] only including basic transcription, translation, and degradation
of both mRNA and proteins. Next, in Example[2.4] we allow for the developed pro-
teins to dimerize. Finally, in Example [2.5] we allow the resulting dimer to inhibit
the production of the mRNA, and hence the protein and dimers themselves. This
inhibition is an example of a negative feedback loop in that the protein product (i.e.
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the dimer) inhibits the rate of its own production. We note that each of our models
leaves out many components, such as the RNA polymerase that is necessary for tran-
scription, and the ribosomes that are critical for translation. Instead, we will assume
that the abundances of such species are fixed and have been incorporated into the
rate constants. More complicated, and realistic, models can of course incorporate
both ribosomes and RNA polymerase.

Example 2.3. Consider a model of transcription and translation consisting of three
species: . = {G,M, P}, representing Gene, mRNA, and Protein, respectively. We
suppose there are four possible transitions in our model:

Rl) G RG+m (Transcription)
R2) M Bmip (Translation)
R3) M™o (Degradation of mRNA)
R4) P % g (Degradation of protein)

where, as usual, the reaction rate constants for the different reactions have been
placed above the reaction arrows.

We denote by X (1) = (X;(t),Xa(t),X3(t)) € Z3, the vector giving the numbers
of genes, mRNA molecules, and proteins at time ¢, respectively. The four reaction
channels have reaction vectors

0 0 0 0
gl: 1 ’ sz 0 ) C3_ -1 ’ C4_ 0 )
0 1 0 -1

and respective intensities k1, K2X;(7), duXi(t), dpX>(t). The stochastic equation
governing X () is

X(1) = X(0)4Y, (k1)1 + Ya (0 / "X (s)ds) G+ Ys(du / " Xo(s)ds)Cs
0 0 (2.7)

Hildp | X3(5)ds)Ca,

where Y;, i € {1,2,3,4} are independent unit Poisson processes, and we have as-
sumed that X;(¢) = 1. Note that the rate of reaction 3 is zero when X»(r) = 0 and
the rate of reaction 4 is zero when X3(z) = 0. Therefore, non-negativity of the num-
bers of molecules is assured. See Figure [2.1]for a single realization of the stochastic
model together with the associated deterministic model (see below for a defi-
nition of the deterministic model of a chemical reaction system). A

Example 2.4. We continue the previous example but now allow for the possibility
that the protein dimerizes via the reaction 2P B D. The degradation of the dimer

is allowed by the reaction D d# 0. The set of species for the model is now . =
{G,M,P,D} and, keeping all other notation the same as in Example we let
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Counts

—mRNA - stochastic
—Protein - stochastic
40r ---Protein - deterministic
---mRNA - deterministic

Fig. 2.1 A single trajectory of the model in Example with choice of rate constants k; = 200,
K = 10, dy = 25, and d), = 1. The associated deterministic model with the same choice of rate
constants is overlain (dashed).

o

X4 (1) denote the number of dimers at time 7. The stochastic equation for this model
is

0 0 0
X(0) = X(0)+% (it) | § | +¥alrs /Oth(s)ds) Y+ ¥l /Oth(s)ds) .
0 0 0
[0 ] 0
Yi(dp /0 Xs(s)ds) | ) | +¥s0s /0 X3(5)(X(5) — 1)ds) | %)
1

+Y6(dd /OtX4(S)dS) 0 )

where Y;,i € {1,...,6}, are independent unit Poisson processes. See Figure for a
single realization of the stochastic process together with the associated deterministic
model. A

Example 2.5. Continuing the previous examples, we now allow for the dimer to in-
terfere with, or inhibit, the production of the mRNA. Specifically, we assume the
dimer can bind to the segment of DNA being translated, at which point no mRNA
can be produced. Because the resulting dimers inhibit their own production (through
the mRNA), this is an example of negative feedback. We must now explicitly model
the gene to be in one of two states: bound and unbound. We let G remain the no-
tation for the unbound gene, and use B to represent a bound gene. Let X5(¢) give
the number of bound genes at time ¢. Note that X; + X5 give the total number of
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Fig. 2.2 A single trajectory of the model in Example [2.4| with choice of rate constants k1 = 200,
K =10, dyy = 25, d, = 1, k3 = 0.01, and dy = 1. The associated deterministic model with the
same choice of rate constants is overlain (dashed).

genes. We continue to assume that X;(¢) + Xs(¢#) = 1. Now the set of species is
& ={G,M,P,D,B} and we must add the reactions corresponding to binding and
unbinding to our model,

G+D 2B,

Koff

where Ko, Koff > 0 are the reaction rate constants. The stochastic equations are now
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0 0
t 1 t 0
X(1) = X (0)+¥1 (ki / Xi(s)ds) | 0 | +1a(ko / Xo(s)ds) | 1
0 0 0 0
0 0
0 0
t -1 t 0
Y (du /0 X (s)ds) 8 S+ Ya(dp /0 X (s)ds) —Ol
0 0
0 0
t 0 " 0
Y5(Ks / Xs(5)(Xa(s) = 1)ds) | =2 | +Ye(dy / Xa(s)ds) | 0
0 1 0 —1
0 0
—1 1
' 0 " 0
Y5 (Kon /0 Xa(5)X1(5)ds) f)l Y (Ko /0 Xs(s)ds) (1)
1 -1

Note that the rate of the first reaction has changed to incorporate the fact that mRNA
molecules will only be produced when the gene is free. We note that this example
can be easily modified to have the dimer only slow the rate of production, or even
raise the rate of production. If the rate of production is raised, then this would be
an example with positive feedback. See Figure [2.3] for a single realization of the
stochastic process modeled above (i.e. with the negative feedback) together with the
associated deterministic model. Note the strikingly different behavior between the
stochastic and deterministic model. Sample MATLAB code which produces real-
izations of this process is found online as a supplementary material. A

2.1.2 Example: Virus kinetics

The following model of viral kinetics was first developed in [45]] by Srivastava et
al., and subsequently studied by Haseltine and Rawlings in [30], and Ball et al., in
[LO].

Example 2.6 (Viral infection). The model includes four time-varying species: the
viral genome (G), the viral structural protein (S), the viral template (7'), and the
secreted virus itself (V). We denote these as species 1, 2, 3, and 4, respectively, and
let X;(z) denote the number of molecules of species i at time ¢. The model has six
reactions,
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30- ---Protein - deterministic J
---mRNA - deterministic
--Dimer - deterministic
—Protein - stochastic
—mRNA - stochastic
—Dimer - stochastic

30
Time

Fig. 2.3 A single trajectory of the model in Example with choice of rate constants k1 = 200,
K =10, dy =25,d, =1, k3 = 0.01, dg = 1, kon = 2, kogr = 0.1. The associated deterministic
model with the same choice of rate constants is overlain (dashed). Note that the negative feedback
loop has allowed for strikingly different dynamics between the two models. Sample MATLAB
code which produces realizations of this process is found online as a supplementary material.

Ri: THT+G6, Ry G°%°1, Ry: 7715,
Ry: T°%0, Rs: S0, Re: G487y

where the units of time are in days. The stochastic equations for this model are

Xi(1) = X,(0) + ¥; ( /0 "X (s)ds) " (0.025 /0 "X, (s)ds) Y (7.5 X 1076 /0 "X, (s)Xz(s)ds)
Xo(t) = X (0) + Y5 (1000 /0 'x3(s)ds> s (z /O 'xz(s)ds> " (7.5 X 1076 /0 "X, (S)Xz(s)ds)
X3(1) = X3(0) + 1 (o 025 /0 "X, (s)ds> A (0.25 /0 tX3(s)ds)
(

1
X4(t) = X4(0) + Y5 [ 7.5 % 10*6/x. (s)Xz(s)ds).
J0
(2.8)
Note that the rate constants of the above model vary over several orders of mag-

nitude, which will in turn cause a large variation in the molecular counts of the
different species. See Figure [2.4] for a single realization of this process. A
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Fig. 2.4 A single trajectory of the model in Example|2.6] Note that the y-axis uses a log scale.

2.1.3 Example: Enzyme kinetics

We consider a standard model in which an enzyme catalyzes the conversion of some
substrate to a product.

Example 2.7. Let S be a substrate, £ be an enzyme, SE be an enzyme-substrate
complex, and P be a product and consider the reaction network

StE = SE 8 pyE,
K2

which is a slightly simplified version of (2.2). Letting X1, X2, X3, X4 be the processes
giving the counts of species S, E,SE, and P, respectively, the stochastic equations
for this model are

t

X (l) =X (0) - (/Ot K1 X1 (S)X2 (s)ds) —|—Y2(/0 K X3 (s)ds)

Xo(1) = X2(0) — ¥; /0 X1 (5)Xa (5)ds) + Yo /O X3 (5)ds) + Ys /0 s Xa(s)ds)

Xs(1) = X5(0) 1 Vi /0 1 (5)Xa (5)ds) — Yo / X (5)ds) — n( /0 ' s X (5)dls)

0

Xa(t) = X4 (0) + Y3 /0 K Xs (5)ds).

We will study stationary distributions for variants of this model in Chapter[3] and de-
rive Michaelis-Menten kinetics from a multi-scale analysis of this model in Chapter

ik A
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2.2 Deterministic models of biochemical reaction systems, and
first order reaction networks

Consider a chemical reaction network {.,%,%} in which the counts of the con-
stituent species is so high that a deterministic model accurately captures the dynam-
ics of their concentrations (see Chapter . Let x(t) € R%,, be the vector for which
x;(t) models the concentration of species S; at time ¢. Then, recalling that for the
kth reaction, y, — y;, we take § =y} — yx € Z9, the most common choice for the
deterministically modeled system is

X(1) =Y wex(r) &, 2.9)
k

where for two vectors u,v € RZ,, we define u’ = []%_, " with 0° = 1. The choice
of rate function &’k is called deterministic mass-action kinetics.

We delay until Chapter [4] the arguments for how the deterministic model can be
realized as a scaling limit of the stochastic model. Here, we simply consider a special
situation in which the ODE model accurately captures the mean behavior of
the corresponding stochastic model.

Definition 2.8. We say a reaction network {7, €, Z} is a first-order reaction net-
work if for each y, — y; € Z, we have |y;| € {0,1}.

That is, a network is a first-order reaction network if reactions are only of the
form
0— =%, or S —x,

where * can represent any linear combination of the species. Note that Example [2.3]
is a first-order reaction network, whereas Examples and[2.6]are not.

It is relatively easy to show that if {., €, %} is a first order reaction network
then E[X (¢)] is a solution to the system (2.9), where k;, are the reaction rate constants
for the stochastic model. The key observation is that in the case that the system is
first-order, the intensity functions are linear. For example, in the case that the kth re-
action is of the form @ — *, the associated intensity function is simply ki, whereas in
the case that the kth reaction is of the form §;, — *, the associated intensity function
is K.X;, . In either case we may conclude that E[A; (X (s))] = A& (E[X (s)]). Letting Ry
be the counting process for the kth reaction channel, we know from Chapter [I] that
Ri(t) — J5 A(X (s))ds is a martingale and so,

E[X;(t)] = E[Xi(0)] +E[;Rk(t)§ki]
= EX(0) +E[ | LAl ()i s (2.10)

= ERO0) + [ FAER )G ds
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and differentiating shows the assertion to be true. Second, and higher, moments can
be calculated in a similar manner.

Example 2.9. Consider the reaction network

2
0=23S,
u

where A, > 0. The reaction ® — S models the arrival of molecules S, whereas
the reaction S — @ models their degradation. Note that the corresponding Markov
model is the same as that for an M /M /oo queue.

Let X (¢) denote the number of molecules of S at time ¢ > 0, and let A be the gen-
erator for the stochastically modeled system. Assuming X (0) = x is deterministic,
and taking f(y) =y to be the identity function, we have

EX(0)) = ELF (X)) =x+EL | Ar(X(5))as]
:x—&—E[/OI (A(X(s)+1=X(s))) +uX(s)(X(s) — 1 —X(s))ds]

—xt /Ol@ — LE[X(s)])ds.

Solving yields
E[X(1)] :xe_“’—kﬁ(l—e_“’). (2.11)

The second moment, and hence the variance, of the process can be calculated in a
similar manner. Letting f(y) = y?, we have

EIX() = E/(X())) = B[ [ AF(X(s))as
=24 B[ AX6)+ 12 = X62) + X6 ((X() ~ )P =X (5?) a]
:x2+E[/0t7L(2X(s) +1) 4+ uX(s)(—2X(s) + 1) ds]
— 24 (22 +,u)/0tE[X(s)]ds+/lt—2u /(:E[X(s)z] ds.

Using (2.T1)), we conclude that E[X (¢)?] satisfies

RQA+u)(—e M ux+Atp+e M A+ux—2A)

E[X(t)’] =x*+ 2

+ At

_2u /OIE[X(S)Z] ds.
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Solving the above equation yields

2

E[X(1)] = (1 +22> xe M 4 (1 - f‘t> M4 (1—207H) iz

2
4 e 2H (x2 — ZQ —x+ 22) .
u u
Solving for the variance we find

Var(X (1)) = E[X(1)%] — E[X (1)]?
— ﬁ (1 —ef‘”) +xe (1 —e™H).

Note that for this example lim,_,., Var(X(z)) = % = lim;_, EX (1), a fact that will
be explained in more detail in Chapter 3] A

Problems

2.1. Consider the reaction network
05 s 85,80

Compute the expectations E[X;(¢)], E[Xa(t)]-
2.2. Consider the reaction network for a pure birth process

S =25,
where A > 0. Compute E[X(7)] and Var(X(¢)).
2.3. Consider the reaction network for a birth and death process

0L shos,

where A, 1 > 0. Compute E[X ()] and Var(X(z)).

2.4. Consider the reaction network introduced in Example 2.9

0=S,
u
where A, > 0. Derive the equations for the time evolution of the mean of the
process by noting that E[X(¢)] = Y. kP{X(¢) = k}, differentiating, and using the
Kolmogorov forward equation (2.3).






Chapter 3

Stationary distributions of stochastically
modeled reaction systems

Abstract We consider stationary distributions for stochastic models of chemical re-
action networks. In particular, we provide conditions on the network of a model that
guarantee the model admits a stationary distribution that is a product of Poissons.

3.1 Introduction

One of the main objects of study in the analysis of deterministically modeled chem-
ical reaction systems are the fixed points for the system of equations (2.9). In the
deterministic modeling context, key questions related to fixed points include:

e For what class of models are there fixed points, and how many are there?
e When there are fixed points, what can we say about their local or global stability?

The second question has received a remarkable amount of attention over the past ten
years as it relates to one of the main open problems in the field, the so-called Global
Attractor Conjecture, which states that the equilibria for a deterministically modeled
system satisfying certain easily checked criteria (as detailed in Theorem [3.5)) are all
globally asymptotically stable relative to their invariant manifolds [3}|16]. The right
hand side of is a polynomial, and so it is not surprising that algebraic methods
have been successfully employed in a number of areas related to fixed points of
mass-action systems [[16} |39} 41]].

Analogous questions are asked about the stationary behavior of the correspond-
ing stochastic model:

e When will a chemical system admit a stationary distribution that charge all states
of the state space?
e (Can we characterize the resulting stationary distribution?

Of course, simple example networks such as A — 0, whose corresponding stochastic
model converges to zero, or ) — A, whose corresponding stochastic model increases
without bound, show that not all reaction networks admit stationary distributions

33
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that charge all states. In particular, see [8]] for a large class of networks with station-
ary distributions that only charge states on the boundary of Z%,,.

3.2 Network conditions, complex-balanced equilibria, and the
deficiency zero theorem

It is clear that the network () — A induces both a deterministic and stochastic model
that grows unboundedly in time. Just as obvious is the fact that the network A — 0
induces models that decay to zero as time goes to infinity. Significantly less obvious
is the long-time behavior of the dynamical models associated with more complicated
networks such as

S+E=SE=P+E, E=0, (3.1)

which is a variant of the model of Example[2.7] The following definitions and results
help us relate properties of the network architecture to those of the associated dy-
namical systems. Most of the terminology and results in this section stem from the
works of Horn, Jackson, and Feinberg [21,|32]]. See also [20, [29]] for survey articles.

Definition 3.1. A chemical reaction network, {., 4", %}, is called weakly reversible
if for any reaction y, — y; € Z, there is a sequence of directed reactions beginning
with y; as a source complex and ending with y; as a product complex. That is, there
exist complexes y1,...,y, such that y, — yi,y1 — y2,...,yr = yx € Z. A network
is called reversible if y, — yx € % whenever y, — y, € Z.

Note, for example, that the reaction network @]} is reversible, and hence weakly
reversible, whereas the network

S+E=SE—-P+E, E=0,
is neither reversible nor weakly reversible. The network

A — B

N (3.2)
c

is weakly reversible, but not reversible.

Now consider the unique directed graph implied by a reaction network. That is,
consider the graphs of the form (3.1) and (3.2). We term each connected component
of the resulting graph a linkage class and denote the number of linkage classes by
£ € Z>. For example, the reaction network (3.1)) has two linkage classes, whereas
the reaction network has only one.

It is easy to see that a chemical reaction network is weakly reversible if and only
if each of the linkage classes of its graph is strongly connected.
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Definition 3.2. § = spany,, —>y;e%}{y;< — yi} is the stoichiometric subspace of the

network. For ¢ € R"” we say ¢+ S and (¢ +S) NRZ ) are the stoichiometric compati-
bility classes and non-negative stoichiometric compatibility classes of the network,
respectively. Denote dim(S) = s.

For example, the network

A=B, 24=2B (3.3)

() G)(3)

and stoichiometric subspace {x € R? : x; +x, = 0}, whereas the network

has reaction vectors

0=A=B, 2A=2B

has reaction vectors

() (6)-()-(4) (3)(5)

and stoichiometric subspace RZ. It is straightforward to show that for both stochas-
tic and deterministic models, the state of the system remains within a single stoi-
chiometric compatibility class for all time. For example, letting R; be the counting
processes giving the number of times the kth reaction has taken place, we see

X(1)—X(0) =) Ri(t)G €S = X(1) € X(0) +S5,
k

for all # > 0. Note that for a given non-negative initial condition X (0) € Z%, the
state space for the stochastic model will be a subset of the set (X (0) +5) NZ% so
long as the kinetics are stoichiometrically admissible.

Definition 3.3. The deficiency of a chemical reaction network, {7, €, %}, is 6 =
|€'| — £ —s, where |€| is the number of complexes, £ is the number of linkage classes
of the network graph, and s is the dimension of the stoichiometric subspace of the
network.

For example, the network (3.3) consists of four complexes, two linkage classes,
and the dimension of the stoichiometric compatibility class is one. Hence, the de-
ficiency is 4 —2 — 1 = 1. On the other hand, the network (3.2) consists of three
complexes, one linkage class, and the dimension of the stoichiometric compatibility
class is two. Thus, the deficiency is 3 — 1 —2 = 0. Zero is a lower bound on the
deficiency of a network.

Proposition 3.4. The deficiency of a network is non-negative.
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Proof. Let C; C ¥ be the complexes in the ith linkage class, and let S; be the span
of the reaction vectors of the edges in the ith linkage class. Then dim(S;) < |C;| — 1
and,

M\

/
dim(s) <) Zc|—£_|<g|

i=1

O

An equilibrium, ¢ € R, of the deterministic model (2.9) is said to be a complex-
balanced equilibrium if for each complex n € €,

Y wck= ) ek, (3.4)

{kn=yc} {kn=y;}

where the sum on the left is over reactions for which 7 is the source complex and
the sum on the right is over those reactions for which 7 is the product complex.
See [20] or [29] for a proof of the following.

Theorem 3.5. Let {7, €, %} be a chemical reaction network with deterministic
mass-action kinetics. Suppose there is a complex-balanced equilibrium, ¢ € RY,
satisfying (3:4). Then, there is precisely one equilibrium in the interior of each
positive stoichiometric compatibility class and each such equilibrium is complex-
balanced.

Hence, it makes sense to talk about a complex-balanced system. The following
result by Feinberg makes a connection between the deficiency of a network and its
ability to admit complex-balanced equilibria [20, 21].

Theorem 3.6. Let {7, €, %} be a chemical reaction network with deterministic
mass-action kinetics. If the network has a deficiency of zero, then there exists a
complex-balanced equilibrium ¢ € RY ) if and only if the network is weakly re-
versible.

3.3 Stationary distributions for complex-balanced models

Denote the closed, irreducible components of the state space of a countable Markov
chain by {I"}. All stationary distributions of the chain can be written as

n=Y ornr, (3.5)
T

where o > 0, Y o = 1, and where 7 is the unique stationary distribution satis-
fying 7 (I') = 1, for those I" for which a stationary distribution exists.

The following result and proof first appeared in [6], though earlier relevant work
is found in [35]].
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Theorem 3.7. Let {7, €, %} be a chemical reaction network and let {x;} be a
choice of rate constants. Suppose that, modeled deterministically via 2.9), the sys-
tem is complex-balanced with complex-balanced equilibrium c € RY,. Then the
stochastically modeled system with intensities 2.0) has a stationary distribution
consisting of the product of Poisson distributions,

n X
C:

(x) = H ﬁe_c", x € Z5,. (3.6)
i=1 i

If 7%, is irreducible, then is the unique stationary distribution, whereas if
7 is not irreducible then the mr of equation (3.5) are given by the product-form
stationary distributions

and ©ir-(x) = 0 otherwise, where Mr is a positive normalizing constant.

Remark 3.8. It is important to note that the same rate constants {kj} are used for
both the deterministic and stochastic models.

Proof. Let m satisfy (3.6) where ¢ € R” , is a complex-balanced equilibrium. The
forward equation (1.11)) implies 7 is a stationary distribution if it simultaneously

satisfies
Y Al —E)m(x— &) ZM 3.7)
14

for each x € Z2,, and ¥ czn . m(x) = 1. The second condition holds automatically,

so we just need to check the first. Plugging 7 and into equation (3.7) and
simplifying yields

ZKkCyk ‘k H {2y — Z k (x—yi)! Hl{xf>}/k} (3.8)

The key step in the proof is to note that we may write the above sums as
/ 1 L
ZKkCyk yk H l{xi>y[k} Z Z Kiec™e (x—y.)! H 1{@2)’21(}
nes {k:y;(:n} X=Y): /=1
and
Z (x— H Lazygy = Z Z H Lazyays
k Yi)! NET {kye=n}

where the enumeration {k : y; = n} is over reactions for which 7 is the product
complex and the enumeration {k : y, = n} is over reactions for which 1 is the
source complex. Hence, equation (3.8) will be satisfied if for each complex 1) € €,
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1 n

_ 1 L
Z Kee™ Hl{x@m} = Z Kkmé]:lll{wzfn}' (3.9)

{ky=n} (r=m)tz] {kye=n}

Both the state x and the complex 1 are fixed in the above equation, and so multiply-
ing (3.9) through by ¢(x — n7)! > 0 yields the equivalent equation

Z K'kCyk = Z KkCn = Z K'kCyk,

{ky=n} {kye=n} {kye=n}

which is simply (3.4).
To complete the proof, one need only observe that the normalized restriction of
7 to any closed, irreducible subset I" must also be a stationary distribution. (]

Note that in light of Theorem the conclusions of Theorem [3.7| hold for any
choice of rate constants if the network is weakly reversible and has a deficiency of
zero.

We present a series of examples demonstrating the usefulness of Theorem[3.7]

Example 3.9. Consider the network of Example [2.9]

A
0=23S,

n
where A, i > 0. This network has a deficiency of 6 =2 —1—1 =0, and is weakly
reversible. The equilibrium of the corresponding deterministically modeled system
is ¢ = A/u and the state space is all of Z>(. Hence, the stationary distribution of
the stochastic model is Poisson with parameter A /pt. Note that this model is iden-
tical to the simplest model of an infinite server queue. This example along with the
next two are well-known in the queueing literature as is the form of their stationary
distributions. A

Example 3.10. Consider the network
Ky
S1 =39,
K2
where k7, k2 > 0. Suppose that X;(0) +X>(0) = N so that X;(r) + Xa(¢) = N for all

t > 0. This system has a deficiency of zero and is weakly reversible. A complex-
balanced equilibrium to the deterministically modeled system is

K LS|
C = ? )
KI1+K K +K

and the product-form stationary distribution for the system is therefore

where M > 0 is a normalizing constant. Using that X; (¢) + X»(¢) = N for all ¢ yields
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- ( ) M X1 N—Xl M X1 (1 )fol
X1) = —_— = C —C
1 X1!(N—X1)! x1!(N—x1)! 1 ! ’

for 0 < x; < N. After setting M = N!, we see that X; is binomially distributed.
Similarly,

N
m(x2) = (x2> 1=V,

for 0 < x, < N. Note that due to the conservation relation, X; and X, are not inde-
pendent under this stationary distribution. A

The following example shows how to generalize the conclusions of the previous
two.

Example 3.11 (Stationary distributions for first order reaction networks). We denote
by SSC (for single species complexes) the class of first order reaction networks for
which all complexes consist of either a single species or the empty set. For example,
the network

0+ S— 28,

is a first order reaction network, but is not contained in SSC. It is known that a
weakly reversible SSC network admits a product form stationary distribution of the
form [22,35]. We show here how this fact follows trivially from Theorem 3.7}

First, it is relatively straightforward to show that all SSC networks have a defi-
ciency of zero (see Problem [3.2). Therefore, Theorem is applicable to all SSC
networks that are weakly reversible. Consider such a reaction network with only one
linkage class (if there is more than one linkage class we can consider the different
linkage classes as distinct networks/systems).

We say that the network is open if @ € €, and otherwise say it is closed. In the
case of an open, weakly reversible, SSC network we see that S = R", the state space
is all of Z%, and Z%, is irreducible. Thus, by Theorem the unique stationary

distribution is
n C{Ci

7(x) :gje “, x € Z5,,
where ¢ € R, is the complexed balanced equilibrium of the associated (linear) de-
terministic system. Therefore, when in distributional equilibrium, the species num-
bers are independent and have Poisson distributions.

Now suppose the network is closed, weakly reversible, and is a single linkage
class SSC network. Suppose further that X;(0) +--- 4+ X,(0) = N. Then, Iy = {x €
Zly:x1 4+ +x, =N } is closed and irreducible (see Problem . By Theorem
in distributional equilibrium X (¢) has a multinomial distribution. That is, for
any x € Z% satisfying x; +xp +---+x, =N

N N!
S e e 3.10
F(X) (Xl,xz,...,x,,)c xll...xnlcl Cns ( )
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where ¢ € RY; is the equilibrium of the associated deterministic system normalized
sothatY,c; = 1. A

We now turn our attention to reaction systems with nonlinear intensity functions.
Example 3.12. We modify the model of Example[2.7)and consider the open network
S+E = ES = P+E, E=0=S. 3.11)

The network (3.11)) is reversible and has six complexes and two linkage classes.
The dimension of the stoichiometric subspace is readily checked to be four, and
so the network has a deficiency of zero. Theorem applies and so the stochasti-
cally modeled system has a product-form stationary distribution of the form (3.6).
It is readily checked that the unique closed, irreducible communicating class of the
stochastically modeled system is all of Zio, and so in equilibrium the species are
independent and have Poisson distributions. A

Example 3.13. We again modify Example and consider now the open network

K] K K3
S+E = ES = P+E, 0 = E, (3.12)
K_1 K> K3

where a choice of rate constants has now been made explicit. The network is re-
versible, there are five complexes, two linkage classes, and the dimension of the
stoichiometric compatibility class is three. Therefore, Theorem [3.7)implies that the
stochastically modeled system has a product-form stationary distribution of the form
(3:6). Unlike in Example there is now a conserved quantity

Xs(l‘) -‘rXEs(l‘) +Xp(t) =N,

where N > 0. Therefore, after solving for the normalizing constant, we have that for
any x € Z4  satisfying x, +x3 +x4 =N

X1 X1
_o € N! . C N ’
mx)=e L ———— 2t =e 1L rePat,
xl!xZ!X3!X4! )Cl! X2,X3,X4

where ¢ = (k3/K_3,c2,¢3,c4) has been chosen so that ¢; + ¢3 + ¢4 = 1. Thus, when
the stochastically modeled system is in distributional equilibrium we have that: (a)
E has a Poisson distribution with parameter k3/x_3, (b) S, ES, and P are multino-
mially distributed, and (c) E is independent from S, ES, and P. A

Problems

3.1. What are the deficiencies of the models in Examples[2.3]and 2.6
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3.2. Show that all SSC networks have a deficiency of zero. Give an example of a
first order network with a deficiency of one.

3.3. Let {7, €, %} be a closed SSC network with only one linkage class. Show that
Iy={xe Z’éo x4+ +x, =N} is aclosed and irreducible component of the state
space.

3.4. Find the stationary distribution for the stochastic model associated with the

reaction network
Ki
2P =D,
K2
and initial condition Xp(0),Xp(0). Note that this is the standard model for protein
dimerization.

3.5. Find the stationary distribution of the model with network
K1 K>
0=S5, 25 =25.
K_1 K_»
3.6. Find the stationary distribution of the model with network

K]
A = 2A.

K-1






Chapter 4

Analytic approaches to model simplification and
approximation

Abstract Models of biochemical reaction systems typically have large state spaces
and complex structure. Stochastic limit theorems provide one approach to deriving
less complex and more tractable models. Specifying models as solutions of Poisson
time-change equations enables exploitation of the law of large numbers and central
limit theorem for the driving Poisson processes to give analytic derivations of the
simplified models.

4.1 Limits under the classical scaling

The state vectors of the models of reaction systems introduced in Chapter 2] give the
numbers of molecules of the chemical species in the system. In classical chemistry,
the state of a reaction system is usually described in terms of chemical concentra-
tions rather than numbers of molecules. These descriptions are, of course, related,
the chemical concentration of a species being the number of molecules of the species
divided by Avogadro’s number Ny (=~ 6 x 10%3) times the volume v of the reaction
mixture.
For a well-mixed, binary reaction,

Si 48> = *, .1

the reaction rate should vary inversely with the volume, so we set N, = Nyv and
assume that the rate function for (.1 has the form

vaxlxz, 42)

where x| and x, are the numbers of molecules of species S; and S, respectively. If
we rewrite (4.2)) in terms of the concentrations ¢; = N, 'x;, we have

K
—x1x3 = Nykejca = NyA(c).
N,

43
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For unary reactions S; — x,
Kx; = NyKcq,

and for 28] — *,

K
N (x1 — 1) = Nykci(c; — N, 1) = Nyxe?. 4.3)
v

Consequently, the equation for the species numbers in a system with m reactions
becomes

X(1) = X(0)+ Y. %M, /0 " (C(5))ds) e,
k=1

where C(t) = N, 'X(t), and
) =C(0) + Y N V(N / " (C5))ds) & (4.4)
k=1 0

In the light of , we should write A)Y (c) instead of A¢(c), but to keep the notation
simpler, we will just write A.

Even if the volume v is very small, N, is still very large, and if we consider a
sequence of equations

M) =cN0)+ i N7y (N / t M (CN(5))ds)&, (4.5)
k=1 0

where for N = N,,, CY = C, C should be approximately equal to limy_s CVN, if the
limit exists.
For simplicity, assume that m < eo, and set F (x) = Y} | Ak (x) &, so (4.5) becomes

(1) =V (0) + MV (1) + /0 "F(CY(5))ds,
where

m _ 1
MY = Y NI [ 2 (9)ds)
k=1 0
and Y, (u) = Y;(u) — u. Assuming a local Lipschitz condition,
[F(x) = F(y)| < Kalx—yl,  |xl, [y <a, (4.6)

set

X(t) = x(0) + /O "F(x(s))ds, @)

and define 7 = inf{t : |CV(¢)| V |x(¢)| > a}. Gronwall’s inequality, Section
gives
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IC (e A = x(e Ay < (ICY(0) = x(0)| + sup_|MY(s)[)e"".

s<tAyy
Note that " )
M) = YNV [ A€ ()ds) G
k=1 0
is a martingale with

a

Ay m
B )P = GEL[T Y ()i,

and hence by Doob’s inequality, Section[A.2.1]

Ay m
Elswp (A < GEL[ T YA oG
s<t =1
— su y ()| &)?
< o LA

Consequently, we have the following theorem. (See Chapter 11 of [19]].)

Theorem 4.1. Let CV satisfy and x satisfy (@) Suppose that for each a > 0,
the Lipschitz condition holds and that the solution of exists for all time. (It
is necessarily unique by the Lipschitz assumption.) If C¥ (0) — x(0), then for each
e>0andeacht >0,

im P{sup|C"(s) —x(s)| > €} =0.

1
N—yo0 SSt

Theorem [4.1]is essentially a law of large numbers and could have been proved
by a direct application of the law of large numbers for the Poisson processes which
ensures

lim sup [N"'¥,(Nu) —u| =0 a.s.

N—>c0 u<ug
If one has a law of large numbers, then one should look for a central limit theorem,
or in the case of stochastic processes, a functional central limit theorem, that is a
limit theorem that captures the sample path behavior of the rescaled process.

With this goal in mind, consider

vV () = VN(CY (1) - x(1)

with CV and x as above, and assume V¥ (0) — V(0). Assuming that F is continu-
ously differentiable, the stochastic equations give



46 4 Analytic approaches to model simplification and approximation

V) =V 0)+ ) %m [ 2@ s+ [ VN 6) ~ Fix(s))as
+Z YkN/ A(CV (s))ds) +/ VF (x(s)))V™ (5)ds.

By Theorem {1} we know that fj A«(CN(s))ds — [§ A« (x(s))ds, and the standard
central limit theorem implies that for u > 0,

WY () = %ﬂ(zvu)

converges in distribution to a Gaussian random variable with mean zero and variance
u. More precisely, the functional central limit theorem (Lemma@ holds; that is,
WkN = W, where the W, are independent standard Brownian motions.

Applying this functional convergence theorem for the WkN along with the contin-
uous mapping theorem (Theorem , we have VN = V satisfying

+ZWk / A (x(s))ds) & + / VF (x(s))V(s)ds. (4.8)

Assuming that V(0) is Gaussian, the linearity of implies V is a Gaussian
process. Taking expectations, we see that E[V (¢)] satisfies

EWV ()] = EVO)]+ [ VFO)EV(5)ds.
Setting t
K= [ R &e Alts)as
one can also show that
EWV (V)] = EVOV(0)T]+K(0) + / VEE)EW (5)V(5)lds
+ [ EVVEIVF () s

and letting I'(r) denote the covariance matrix,

[(6) = F(0)+K(1) + /0 "V (x(s))T(s)ds + /0 "I (s)VF (x(s)) ds.
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4.2 Models with multiple time-scales

Reaction networks modeled in cellular biology typically involve species numbers
with orders of magnitude much smaller than the 10?3 of Avogadro’s number, and
for some species, the numbers may be much too small to be reasonably modeled by
continuous variables. Even for those species present in sufficient numbers (10° or
even 10°) to be modeled using continuous variables, expressing the species abun-
dances as concentrations, as in the previous section, may not be appropriate, and
there may be no normalization of species numbers that is appropriate for all species
in the network. In addition, the rate constants in the models may vary over several
orders of magnitude. Consequently, we want to explore the possibility of deriving
simplified models, as in the previous section, by normalizing species numbers and
rate constants in different ways.

Let Ny > 1, where Ny no longer has an interpretation in terms of Avogadro’s
number. For each species S;, define the normalized abundance (or simply, the abun-
dance) by

Zi(t) = Ny “X;(t),

where ¢ > 0 should be selected so that Z; = O(1). Note that the abundance may be
the species number (; = 0) or the species concentration or something else.
Since the original rate constants, which we will denote by k;, may also vary over

several orders of magnitude, select ff and K so that k| = KkN(l)3 *and K = O(1). For
binary reactions, for example, the rate function expressed in terms of the normalized
abundances becomes

Br+ai+o; /
NO e KiZiZj = KgXiXj.

Note that we can write o; + a; = yi - o, where we recall that the kth reaction is

Yk = Yo
As before, we define a sequence of models satisfying

ZY (1) =ZY(0)+ Y. N %Y ( /0 NP2, (ZN (5))ds) G,
- .

where as before, {; = y; — yx. Then the original model is Z = 7ZMNo . The assumption
that Ny is “large” suggests attempting to derive approximate models by taking limits
as N — oo. In these derivations, we want to exploit the possibility that the model has
“multiple time-scales.” To make clear what we mean by this terminology, consider
a change of time variable replacing t by N'¢, and define Z""¥ as the solution of the
system

2" =2V (1) = 2 (0) + LN~ “¥i( /0 NTBE R (2N (5))ds) G (4.9)
k

Assuming that the va’y neither blow up nor converge uniformly to zero, each species
has a natural time-scale ¥; determined by requiring
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o = max{¥% + B +yx-a: G, #0}.

For y = ¥, none of the normalized reaction terms on the right of {#.9) should blow
up, and at least one should be nontrivial. Since the ¥; need not all be the same, one
may obtain different, nontrivial limiting models depending on the choice of time-
scale 7.

This approach to deriving rescaled limits is explored in detail in [10] and [34].
In particular, [34] develops systematic approaches to the selection of the scaling
exponents o; and 3. Here we simply derive limits for two examples.

4.2.1 Example: Derivation of the Michaelis-Menten equation.

Classically, the Michaelis-Menten equation of enzyme kinetics is derived from the
deterministic law of mass action under the assumption that the concentration of sub-
strate is much larger than the concentration of enzyme. In [17], Darden derives the
Michaelis-Menten equation from the Markov chain model under similar assump-
tions. We repeat that derivation using the stochastic equation representation we have
developed here.

We consider the simplest system introduced in Section[2.1.3]

S+E =SE—P+E,

and we assume that the number of substrate molecules is O(N) and the total number
M of free enzyme and bound enzyme molecules is fixed and independent of N.
Setting ZJ (1) = N~'X}(), we assume that the rate constants scale so that

XE ) = Xe0) -1 [ 078 (XY 0)ds) + v [ X (5)ds)
Y (N /0 "X (5)ds)

20 = O =N [ A X )a)
N (N /0 "X (5)ds),

where M = XX (1) + X%}, (t) does not depend on 7 or N. In particular, we can substitute
M — X} for XJ.. We assume that Xg(0) does not depend on N and that Z§ (0) —
Zs(O) = ZS(O) < oo,

For the equation written this way, the natural time-scale for the enzyme is y =
—1 and the natural time-scale for the substrate is ¥y = 0. It is easy to check that
(XfEV"*l ,Zév’fl) converges, as N — oo, to the solution of
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t t
<5Ng=&my4u4ma@ﬂ?@ﬂwuuméxg@m)
t
1355 /0 Xg! (5)ds)
Zg (1) = Zs(0).

For v = 0 and hence (Xg’O,ng’O) = (X¥,ZY), the law of large numbers for the

Poisson process implies that as N — oo,
t
2V (1) - Z) (0) - / (kXY () — k1 ZY ()X (s))ds 0, (4.10)
0

almost surely, uniformly on bounded time intervals. Since Z (0) — z5(0) < oo, the
integrand in (4.10) is uniformly bounded, so at least along a subsequence, Zg’ con-
verges to a continuous function zg. Similarly, dividing the equation for X fgv by N, we
have

/0 "zl ()XY (s)ds — 1 /0 "m— X (s))ds — K3 /0 "m— XY (5))ds)
- /Ot(Klng(s)—&-Kz—&-K3)X,15V(s)ds— (K + 13 )mt — 0,

which, by Problem[d.T[b), implies

t t
/Xg(s)ds—>/ Md&
0 0 K]ZS(S)+K2+K‘3

at least along the subsequence described above.
Consequently

2(0) = 0 -N 1 [ 0z ()% ()ds)
4W”EWQA}&®m)
~ 20~ [ 0z X))+ [ X))

! m(k + K3)
— 25(0 _K/ __matk)
ZS() } O(m K1ZS(S)+K2+K3

! mK1K3z5(s)
— 2o(0 7/ _ mKiKszs(s)
z5(0) 0 Kizs(s) + Kk + K3

s0 ZY — zg satisfies

mxKi K3zs(s)
K1 Zs(S) + K+ K3

)

2s(t) = 25(0) - [
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which is the Michaelis-Menten equation.

4.2.2 Example: Approximation of the virus model

We now consider the virus model introduced in Section and studied earlier in
[45]], [30Q], and [[10] using the rate constants from the original paper [45]]. The system
is

Xi (1) = X1 (0) + i /0 "X (s)ds) — ¥3(0.025 /0 "X (s)ds)
Ys(7.5% 1076 / X (5)Xa (5)ds)
0
X (1) = X2(0) + 3 /0 1000X; (s)ds) — ¥5(2 /0 Xa(s)ds)
Ys(7.5% 1076 / X ()X (5)ds)
0
X (1) = X3(0) + ¥2(0.025 /0 Xi (s)ds) — ¥4(0.25 /0 X (s)ds)

Taking Ny = 1000, we scale the rate constants so that

K| 1 1

K 0.025 2.5N, 3
i 1000 No
K| 0.25 0.25

K% 2 2
K, 75x10°° 075N,

that is, we take B; = B4 =5 =0, o = —2/3, B3 = 1, and B¢ = —5/3. Scaling the
species numbers, we take oy =2/3, oy = 1, and o3 = 0.
With the scaled rate constants, the normalize equations become

2V0) = 2O+ NP1 ([ 2 )as) -N 20w [ 2V (s)as)
_N2Y4(0.75 /0 "2V ()2 (s)ds)

20 = 2O +N W [ 20~ N2 [ 2 (5)as)
_N1Y4(0.75 /0 "2V ()2 (s)ds)

7Y (1) = ZY (0) + 1»(2.5 /0 lz{V (s)ds) —Y4(0.25 /0 ,ng (s)ds).
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With these choices of the o; and f3;, we see that the natural time-scale for S; is
¥ =2/3 and the natural time-scale for S, and S3 is Y= 0.
Assuming (Z(0),25(0),Zy(0)) — (Z1(0),2»(0),Z5(0)), taking the limit with
Y= 0, we have
Z0(t) = 7,(0)

Z(t) = Z2(0 +/z3 )ds) 2/

20) = 7:(0) + 1>(2.5 /0 20(5)ds) — ¥3(0.25 /0 "Z0(s)ds).

This system is an example of a piecewise deterministic or hybrid model, that is,
one component is discrete and stochastic while the other is an ordinary differential
equation with coefficients depending on the stochastic component.

For y = 2/3, the system becomes

2V200) = 2P0 =N W [ 2 )as) NP2 [ 2 s)as)
NPy (N*30.75 /3 2V ()22 (5)a)

2P 0) = AP0+ N W [ 2205y NP2 [ 2 5)as)
Ny (V2075 / 2V ()22 (s5)ds)

2P0 =200 )+Y(N2/325/ 213 (5)ds) — Y4(N2/3025/ 2V (5)ds).

As N — oo, dividing the equations for Zév’ /* and ZN 2/3

t ot
/ Zév’2/3 (s)ds— 2/ Z;v’z/3 ()ds =0
0 JO

t t
2.5 / 7?3 (s)ds —0.25 / 23 (s)ds — 0,
0 0

by N%/3 shows that

which together imply

t t
/Z§’2/3(s)ds—5/ Ziv’2/3(s)ds—>0.
0 0

. o . N.2/3
Applying these limits in the equation for Z;

Zzlv,z/ 3 can be given that ensure that, at least along a subsequence, Ziv’z/ 3 converges

to a continuous function z;. Then applying Problem 4.1 we have

t
/ N2 ()22 (s )ds%S/Zl(s)zds
0

, estimates on the increments of
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and the following theorem.

Theorem 4.2. For each € >0 andt > 0,
N2/3

lim P{ sup |Z
N—yoo {0§s§t| !

(s) —zi(s)| = €} =0,
where z; is the solution of

21(t) = z21(0) + /0 t7.5z1(s)ds) - /0 t3.7511 (s)?ds. (4.11)

Problems

4.1. Let xp,x : [0,00) — [0,00) and z,,z : [0,00) — R be measurable functions and z
be continuous, and assume that for all 7 > 0, sup,, |2(s) — za(s)| — 0.

a) Suppose
t t
/ Xn(s)ds —>/ x(8)ds < oo,
0 0
for all # > 0. Show that

/Ot Zn(8)xn(8)ds — /Otz(s)x(s)ds,

for all > 0.
b) Suppose T > 0, infy<7 z(s) > 0, and

/Ot Zn(8)xn(8)ds — /Otz(s)x(s)ds,

forall 0 <t < T. Show that

t t
/ Xn(s)ds — / x(s)ds,
0 0
forall 0 <t <T.

4.2. Consider the following model for crystallization that was studied in [30]. The
system involves four species and two reactions

K i
2A3B A+C-3D.

Rawlings and Haseltine assume X4 (0) = 10, X5(0) =0, Xc(0) = 10, and k| = &} =
1077,

a) Set up the system of stochastic equations for the model.
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b) Select appropriate values for Ny and the scaling exponents, and derive a simpli-
fied limiting model.

4.3. Consider an enzyme reaction of the form
S+E=SE—-P+FE E=F+G 0—G—0.

a) Are any linear combinations of species conserved? (Conservation relations re-
duce the number of equations you need to formulate the model.)

b) Assume that E, SE, and F are present only in small numbers and that § is present
in much larger numbers. Assume that the reactions SE — S+ E, SE — P+ E,
E=F+Gand 0 - G — 0 are all fast, scale the model so that there are two
time-scales, and identify the limiting models to the extent that you can.

4.4. Consider the network @ — S| — S» — 0. Suppose the reaction S| — S is de-
terministic, that is, after a molecule of S; is created, it takes a deterministic amount
of time to convert to a molecule of S,. Assuming a “classical” scaling, prove a law
of large numbers and a central limit theorem for the network.

4.5. Consider the network 0 — §1 = S, — 0. Use a continuous time Markov chain
model, but now assume that the reversible reactions are much faster than the input
and output reactions. Under appropriate scaling, prove a law of large numbers and a
central limit theorem for the network.






Chapter 5
Numerical methods

Abstract It is often the case that one would like to simulate a few paths of a par-
ticular model in order to gain insight into its possible behavior. Sometimes one
would like to go further and simulate many paths in order to perform Monte Carlo
experiments and produce estimates of expectations. In this chapter, we provide an
overview of numerical methods for stochastically modeled biochemical systems. We
briefly introduce the basic ideas behind Monte Carlo estimation and discuss ways
to generate the necessary random variables via transformations of uniform random
variables. We introduce two methods that provide statistically exact sample paths,
and one method that provides approximate sample paths. Finally, we introduce the
multi-level Monte Carlo estimator for the efficient computation of expectations.

5.1 Monte Carlo

When analyzing a stochastic model, one often wishes to approximate terms of the
form E[f(X)], where f : Dg[0,00) — R is a scalar-valued functional of a path which
gives a measurement of interest. Examples of functionals f include

f(X(T)) =X;(T), yielding estimates for mean values at a specific time,
f(X) =171 [} g(X(s))ds, yielding time averages,

fX(T)) =X(T)X;(T), yielding covariances,

f(X) = 1yx(r)ep} yielding probabilities,

though this list is far from exhaustive.

Suppose for the time being that we can generate realizations of X exactly via a
computer, and that E[|f(X)|] < e. The strong law of large numbers tells us that if
X(1),X[2),- - -, are independent realizations of X then with a probability of one

lim FX) +-+ (X)) B[ (X)),

n—soo n

55
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This of course implies the beginnings of a strategy: generate large numbers of inde-

pendent realizations {X[i] }*_,, and use the approximation

™=

E[f(X)]~ =) f(X)- (G.D

1
n;

Il
—_

We are now immediately confronted with the following question: how good is the
approximation (5.1)? This question can be answered via the central limit theorem,
which for completeness we restate here. We point the reader to Appendix [A.4] for
more details related to convergence of distribution.

Theorem 5.1 (Central limit theorem). Let X},Xy),... be a sequence of inde-
pendent and identically distributed R-valued random variables with E[X};] = u €

(—oovoo) and Var(X[,]) — 62 < oo, IfSn :X[l] 4. +X[n]r then

Sp—ny
6n1/2

=Z,asn— oo,

where Z is a standard normal.

The conclusion of Theorem [5.1] says that for any x € R, we have

; Sn—ni _ 1 " —s2/2
llmP{Gnl/ZSx}—r e ds.

n—oo 271 J -

Returning to our estimator n~' Y7, f(X};) in (5.I), the central limit theorem
implies that for € > 0,

g

where Z is a standard normal. Note that ¢ is most likely unknown to us, so letting
52 be the usual unbiased estimator for the variance of a population, we take

P{ <£}zP{—\/sﬁ£<Z<\/sﬁ£}. (5.2)

n
Letting i, = n' Y7, f (X)) we conclude that the probability that the true, un-
known, value E[f(X)] is in the interval (i, — €, li, + €) is approximately given by
the right hand side of the above equation. The interval (i, — €, I, + €) is termed a
confidence interval.

2 L 0%) ~ EL )]

SS}QP{_WSZSM}
(e} (0]

3 L 70%) ~ ELF(X)

Example 5.2. Suppose that after n = 1,000 trials we observe [, = 13.45 and s2 =
3.26. Then, since 2&(1/1000 x 0.119/4/3.26) — 1 2 0.95, where P is the cumula-
tive distribution function for a standard normal random variable, the 95% confidence
interval is (13.45—0.1119,13.45+0.1119). A
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5.2 Generating random variables: Transformations of uniforms

In order to generate realizations of stochastic processes on a computer, it is crucial
that we are able to generate random variables efficiently. There are now sophisti-
cated algorithms that are found in almost all mathematics software packages that
generate pseudo-uniform random variables defined on the interval [0, 1]. A discus-
sion of the quality of these pseudo-random variables is not appropriate for this text,
and we will simply assume here that the uniforms so generated are, in fact, actual
independent uniform random variables.

Supposing now that we may generate uniform random variables, we consider
how to transform them to get random variables with other distributions. First, note
that if g : R — R is a nondecreasing, right continuous function and we define

g (1) =inf{x: g(x) >} =min{x: g(x) >1},

then {x: g(x) >t} = {x:x > g ()}, and hence, if X is a random variable with
cumulative distribution function Fy, then fort € R

P{g(X) <t} =P{X <g (1)} = Fx(g"' (1))
Similarly, if g is right continuous and nonincreasing and

¢ (1) =inf{x: g(x) <1} =min{x: g(x) <1},
then {x: g(x) <t} = {x:x>g '(r)}, and hence,

P{g(X) <t} =P{X2g (1)} =1—Fx(g ' (1)-).

Example 5.3. Let U ~ uniform[0, 1], A > 0, and let g : (0,1] — R be

g(x)=—In(x)/A =In(1/x)/A.
Then g(U) is exponentially distributed with parameter A > 0.

First note that for r < 0, we obviously have that P{g(U) < ¢} = 0. Next, when
t > 0 we have

P{g(U) <1} = P{In(1/U)/A <1} = P{U > e*’“} —1—e M,

A

We will also need to generate discrete random variables.

Example 5.4. Suppose that a random variable X takes values in the discrete set K =
{ki,kz,...} with associated probabilities P{X = k;} = p;, where }; p; = 1. Note
that K could be finite or countably infinite. Define g : [0,1] — K in the following
manner: g(x) = k; if and only if
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Jj—1 J
Y pi<x<Y pi
i=1 i=1

where we define sums of the form Z?:l a; to be zero. If U ~ uniform[0, 1], then g(U)
has the same distribution as X.
To see this, simply note that for U ~ uniform[0, 1],

. .
i=1 i=1

5.3 Exact simulation methods

We provide two methods for the generation of statistically exact sample paths of
stochastic models of biochemical processes. In Section [5.3.1| we provide the algo-
rithm which simulates the embedded discrete time Markov chain concurrently with
the exponential holding times. This algorithm is commonly called “Gillespie’s algo-
rithm” in the current context. In Section we provide the next reaction method
which simulates the random time change representation (2.3).

5.3.1 Embedded discrete time Markov chains and the stochastic
simulation algorithm

Let X (#) be a continuous time Markov chain. Supposing that {t;}%_ are the transi-
tion times of X, we define Z; = X(¢;) for all j > 0. The Markov chain Z is called
the embedded discrete time Markov chain associated with X (¢). Conversely, note
that the process X (7) is completely determined by the embedded chain Z; and the
(exponentially distributed) holding times {1 —1;}7.

The stochastic simulation algorithm, or Gillespie’s algorithm, proceeds by simu-
lating the embedded discrete time Markov chain concurrently with the exponentially
distributed holding times. Specifically, we simulate the discrete time Markov chain
with transition probabilities

A (x) e
po =4 Tt 0 Ty =46
o else

in order to account for the transitions in the model, and simulate an exponential
random variable with a parameter of }; Ax(x) to account for the holding time in



5.3 Exact simulation methods 59

state x. To generate these random variables, we simply use the methods detailed in
Section[3.2

In the algorithm below, all uniform random variables are assumed to be mutually
independent. Also, note that the algorithm below only provides the state of the sys-
tem at the jump times {r;}°”_,. The process is, of course, defined for all 7 by taking
X(t) =X(t;) forallt € [tj,tj;1). See [25[26] for one development of the following
algorithm.

(Stochastic simulation algorithm / Gillespie’s Algorithm)
Initialize: Given: a chemical reaction network with intensity functions A; and jump
directions {t, k= 1,...,R, and initial condition xo. Set j =0, fo =0, and X (zp) =
X0 € Z’;O'

Repeat the following steps.

Forall k € {1,...,R}, calculate A (X(z})).

Set Ao(X (1)) = Ly (X (1))

Generate two independent uniform(0,1) random numbers 7;; and r ;.
Set A = ln(l/rjl)/ﬁo(X(tj)) and tit1 = tj—‘rA.

Find u € [1,...,R] such that

RARE ol

1 p-l 1 u
20X (1)) k; Ae(X (1)) <rpp < mkgmxm)),
and set X (1,41) = X (¢;) + Gu.
6. Set j <+ j+1.

Note that the above algorithm uses two random numbers per step. The first is
used to find when the next reaction occurs and the second is used to determine
which reaction occurs at that time.

Sample MATLAB code that implements the stochastic simulation algorithm on
the model found in Example [2.5|can be found online as supplementary material.

5.3.2 The next reaction method

Simulation of the random time change representation (2.3) is called the next reac-
tion method in the present context, see [1, [23]]. Before presenting the algorithm, we
provide a motivating example.

Example 5.5. Consider the reaction network
K]
S=28,
K2

which has associated stochastic equation
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ot 1
X(0) =X(0)+ ¥ 1X()ds) ~Ba( [ X ()X ()~ 1)ds),
where X (¢) provides the count of S at time . We now think about how to simulate
this process forward in time with the main observation that X is simply a function
of the Poisson processes Y| and Y. Further, as Poisson processes can be constructed
via their exponential holding times, we suppose that {e,e12, ... } and {e21,e22,...}
are independent unit exponential random variables and suppose further that for k €
{1,2} the jump times of the process Y are given by exy, e + €k, .. .. Finally, for
allt > 0 we define Ty (¢) = J; k1X (s)ds, Ta(t) = [5 k2X (s)(X (s) — 1)ds and for each
ke {l1,2},
P(r) = inf{s > Ti (1) : Ye(s) — Yi(Ti(r)) > O}

That is, P(¢) simply gives the time of the next jump of Y; after time 7;(¢).
In order to simulate the above representation, we now simply note that P,(0) =
ex1 for each k € {1,2}, and that the process X (¢) is constant up to time

— in [PLO)=T1(0) P>(0) —T5(0)
4 { M(X(0) 7 22(Xx(0) } (5.3)

since no counting process will change until one of [j 4 (X (s))ds = tA(X(0)) hits
ex1 = P(0), and since T (0) = 0 for each k.

Now suppose that the minimum was achieved by reaction 2 at time A. In this
case, we set 1] = A, X(#;) = X(0) — 1 (since it was reaction 2 that happened), and
update

Ti(t)) = Ot‘zk(x(s))ds:tl.xk(X(O)), for each k € {1,2}.

Next, we note that P; (¢;) = P;(0) (since that point was not reached), but that
Pz([[) = inf{s > Tz([[) : Yz(S) > YQ(Tz(Z] ))}

Note that, in fact, 75(#;) = ez (since we have now hit that point) and P (¢;) =
€21 + epp. Continuing, we may now conclude that the process is constant from #;
until #; + A for A satisfying

— min Pi(t))=Ti(t1) Pr(t)) —Ta(t1)
4= { W) | En) }

The algorithm now proceeds by continually updating 7; and P; as above and asking
which reaction will be the next to achieve the minimum in (5.3). A

In the algorithm below, we consider a chemical reaction network with intensity
functions A; and jump directions {;, k = 1,...,R. For each k and all r > 0 we let

) = [ X (5))ds, and PLe) = infls > Ty(0): %ils) > K(Th(o)-
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All generated uniform random variables are assumed to be mutually independent.

(Next Reaction Method)
Initialize: Given: a chemical reaction network with intensity functions A; and jump
directions {, k=1,...,R, and initial condition xy. Set j =0, ) =0, and X (19) = xo €
7. For each k, set Ty(to) = 0 and Pi(t0) = In(1/ryo), where rzo are independent
uniform[0, 1] random variables.

Repeat the following steps.

1. Forall k € {1,...,R}, calculate Ax(X(¢;)).
2. For each k, set
_ [ ®t) = Tilt))) /M (X (1), 3f A (X (7)) # O
Aty =
0o, lf)uk(X(tj)):O )
3. Set A = ming{A#}, and let u be the index where the minimum is achieved.
4. Settjp g =tj+Aand X(tj41) = X(tj) + Cy.
5. Foreach k € {1,..., M}, set Ti(tj11) = Ti(tj) + A (X (t5)) - A.
6. Set Py(tj;1) = Pu(t;) +1n(1/r;), where r; is a uniform(0,1) random variable,

and for k # u set P(tj41) = Pe(t;).
7. Set j < j+1.

Note that after initialization the Next Reaction Method only demands one random
number to be generated per step.

Sample MATLAB code that implements the next reaction method on the model
found in Example [2.5|can be found online as supplementary material.
5.3.2.1 Time dependent intensity functions
Due to changes in temperature, volume, or voltage (in the case of a model of a
neuronal system such as Morris-Lecar or Hodgkin Huxley), the rate parameters of a

system may be functions of time. That is, we may have A; () = A (X (¢),7), and the
stochastic equations for the model become

X(1) = X(0) + ¥ %( /0 "X (s),8)ds) . (5.4)
k

The next reaction method as presented above is easily modified to incorporate this
time dependence. The only step that would change is step 2., which becomes:

2. For each k, find Az, satisfying

1+Al
/, WX (s),5)ds = Pelt;) — Ti(1).

Note, in particular, that the integral ranges from ¢ to ¢ 4+ At;.
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5.4 Approximate simulation with Euler’s method / 7-leaping

Each of the above statistically exact algorithms is based on an exact accounting
of all the reaction events that take place. In highly complex systems such exact
algorithms become computationally burdensome since the number of computations
scales linearly with the number of reaction events. Conditioned on the current state
X (1), the holding time is exponentially distributed with mean A, = 1/Y; A (X (¢)).
If A, < 1 for all ¢, then the time needed to produce a single sample path can be
prohibitive. This problem is greatly amplified by the fact that these simulations are
usually paired with Monte Carlo techniques that require the generation of many
sample paths.

To address the problem that A, may be prohibitively small, approximate algo-
rithms, and notably the class of algorithms termed “tau-leaping” methods introduced
by Gillespie [28]], have been developed with the explicit aim of greatly lowering the
computational complexity of each path simulation while attempting to control the
bias (see, for a small subset of this rather large literature, 2,15, 7, 28} 38} 44]). Tau-
leaping is essentially Euler’s method in that for some time discretization parameter
h > 0, the process generated by tau-leaping can be represented via the equation

20 = 2(0) + L[| 4Zon ()G 3)

where 1 (s) = |s/h] - h fixes the state of the process at the left endpoint of the dis-
cretization. Note that if {z;} is the discretization of [0,e0) with 7j| —#; = h for all
j > 0, then we have

[ azon(s)as = ¥ Az i 1),
i=0

which explains why tau-leaping can be understood as an Euler method. While the
most straightforward version of tau-leaping is presented below, more general proce-
dures (i) determine a new  at each step [2} [14}[27], and (ii) guarantee that trajecto-
ries can never leave the positive orthant [2} [13} 15 146]]. Implicit [43], midpoint [7]],
and Runge-Kutta methods [12] have also been developed.

The following algorithm simulates the process (5.3) at the discretization time
points {#;}, and, unlike the exact methods, does not provide values of Z between
tj and ;4. Below, for x > 0 we will write Poisson(x) to denote a sample from the
Poisson distribution with parameter x, with all such samples being independent of
each other and of all other sources of randomness used.

(Euler tau-leaping)
Initialize: Given: a chemical reaction network with intensity functions A; and jump
directions §, k= 1,...,R, and initial condition xo. Fix A > 0 and set j = 0, 7o = 0,
and X (o) = xo € Z~,.

Repeat the following steps.
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1. Settj,y =t;+h.

2. For each k, let Ay = Poisson(Ax(Zy,(1;))h).
3. Set Zy(tj41) = Zu(t;) + Xp A

4. Set j j+1.

5.5 Monte Carlo and multi-level Monte Carlo

The exact and approximate methods outlined so far in this chapter can be combined
in interesting ways in order to efficiently approximate expectations.

5.5.1 Computational complexity for Monte Carlo

We return to the context of Section 5.Il We let X be a realization of a chemical
process and consider the computational complexity, or number of computations,
required by a computer to approximate E[f(X)] via Monte Carlo to O(€) accuracy
in the sense of confidence intervals. Equation (5.2)) implies that to achieve such an
order of accuracy, we must get the standard deviation of our estimator,

to be O(¢). Since

Var(fi,) = “var(£(x)),

n

we see that the number of independent sample paths required is O(e~2Var(f(X))).
If we let N > 0 be the order of magnitude of the number of computations needed to
produce a single sample path using an exact algorithm, then the total computational
complexity becomes O(Ne~2Var(f(X))).

Since for many models of interest the term N is very large (e.g. for some models,
simply generating a few dozen paths is prohibitive), approximate algorithms, and
notably tau-leaping methods (5.3) are often employed for the Monte Carlo compu-

tation. In this case, we let
n

~ 1
ny = - Y F(Zugw),

i=1
where Z, ; is the ith independent approximate path constructed with a time dis-
cretization parameter of /. Note that

E[f(X)] -1} = (E[f(X)]| —E[f(Z)]) + (E[f(Zo)] — 17 ) - (5.6)

Supposing that we are using a weakly first order numerical method so that E[f(X)] —
E[f(Z;)] = O(hy), and still supposing that we want to approximate E[f(X)] to an
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accuracy of € > 0 with a given confidence, then, (i) we must choose hy = O(€)
so the first term on the right of (5.6), the bias, is O(€), and (if) we must generate
O(e~2Var(f(Z;))) paths so the Monte Carlo estimator for the second term on the
right of @, the statistical error, has a standard deviation of O(€). We then find
a total computational complexity of O(e~3Var(f(Z,))). This computational com-
plexity can be less than that required by an exact algorithm, O (¢ 2N Var(f(X ).
when e ! < N.

Note that in both cases above the variance of the random variable being estimated
was a critical parameter in the computational complexity of the problem. Variance
reduction methods can sometimes yield large savings in computational time, with
one such method briefly introduced in the next section.

5.5.2 Multi-level Monte Carlo (MLMC)

In the diffusive setting, in which the noise enters the system via Brownian motions
as opposed to the Poisson processes of the current context, the multi-level Monte
Carlo (MLMC) approach of Giles [24], with related earlier work by Heinrich [31]],
has the remarkable property of lowering the standard O(£~3) cost of computing an
O(&) accurate Monte Carlo estimate of E[f(X)] down to O(¢~log(€)?). Here, we
are assuming that a weak order one and strong order 1/2 discretization method, such
as Euler—Maruyama, is used.

We can motivate the general multi-level philosophy by observing that we are not
obliged to use the same discretization level, /4, for every sample path of an approx-
imate algorithm. Given that a smaller / incurs a higher cost, it may be beneficial
to mix together samples at different A-resolutions. We show how to do this in the
present setting by following the work [4} 9.

The MLMC estimator of [4] is built in the following manner. For a fixed integer
M, and ¢ € {ly,lp+1,...,L}, where both ¢y and L depend upon the model and
path-wise simulation method being used, let iy = TM ¢, where T is our terminal
time. The value of M can be specified by the user, but reasonable choices for M are
M e {2,3,...,7}. Note that

L
E[fX))=E[f(X)-f(Z)]+ Y, Elf(Z)—f(Zi-)]+E[f(Zy)], (5.7

(=ly+1

where the telescoping sum is the key feature. At this point, it certainly appears we
have made things worse, as now we need estimators for each of the expectations
above. Continuing on, we define independent estimators for the multiple terms by
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1 &

Or = *Z Xg) = f (Ze)),

N 1 o

O, = —Zf o~ (5.8)
~ 1

O = *Z (Zej) = f(Zi—r ),
where £ € {{p+1,...,L}, and note that

0=0:+Y O (5.9)

is an unbiased estimator for E[f(X)]. The above observations are not useful unless
we can successfully couple the process (X,Z;) and (Zy, Zy—1) together in a way that
significantly reduces the variance of the estimator Q. at each level. Defining

A(X, Zp,s)=min{A(X(s)), (22 o ne(s)) }

to be the minimum of the respective intensity functions, the coupling introduced in
[4] for the processes X and Z; is

X(1)=X(0)+Y _Yk71(/0tAk(X,ZL,s)ds)

Pl [ X () —Ak<x,zL,s>}ds>] 4
(5.10)

Z(t) = 7(0)+ Y _Yk71(/0tAk(X,ZL,s)ds)

sl [ Ta(zom(s) —Ak<x,zL,s>}ds>} 3

which forces the marginal processes to jump together through the counting pro-
cesses Y 1 (+). There is a similar coupling for the processes (Z;,Z,_;); see [4]. Note
that arguments similar to those in Problem[T.4]explain why these processes have the
correct marginal distributions. Numerical simulation of the coupling (5.10) can be
carried out via any exact algorithm, whereas the coupled processes (Zy,Zy_1) can
be simulated via a version of tau-leaping. Numerical examples in [4] demonstrated
speedups by factors of over 100, with no loss in accuracy.

We turn to the question of why the multi-level Monte Carlo estimator reduces
to O(e7%1In(g)?) the computational complexity of approximating E[f(X)] to an
order of accuracy of O(g). We let X denote our generic exact process and for
£e€{0,1,...,L}, where L is to be determined, we let Z; be an approximate pro-
cess constructed with a time discretization of b, = T /M. The function f still gives
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our statistic of interest. For simplicity, we assume that we cannot generate realiza-
tions of the process X, which is common in the diffusive setting. If the processes
)£ can be simulated, as in the case considered here, we simply add the estimator
Ok to the construction below and the analysis changes somewhat [4]. We make the
following running assumptions on our processes.

Running Assumptions.

1) E[|f(X(1))]] < oo, forallz > 0.
2.) There is a constant C; > 0 for which |E[f (X (¢))] — E[f(Ze(¢))]]| < Cihg.
3.) There is a constant C; > 0 for which Var(f(X) — f(Z)) < Cahy.

The assumptions are satisfied, for example, if the numerical method is order 1 ac-
curate in a weak sense, and order 1/2 accurate in a strong sense. For £ € {0,1,...,L}

we let O be as in (®:8) and let 0= Yi 0 O,. Note that Q is an unbiased estimator
for E[f(Z.)] and

E[f(X)] =0 = (E[f(X)] - E[f(Zu)) + (E[f(Z1)] - 0).

In order to provide an estimate of accuracy € > 0 in terms of confidence intervals it
is sufficient to ensure that the bias, E [fF(X)]—E[f(Z))],is s O(¢) and that the standard
deviation of Q is of order €; that is, that the variance of Q is of order €.

Handling the bias is straightforward. Choose L = O(|In(¢g)]) so that by, = O(¢)
and so

[ELf(X)] - E[f(Z)]| = O(e),

where we used the running assumption 2.).
Turning to the statistical error, we note that since the estimators are built using
independent paths

Var(Q) = Var (ZL: @) = ZL: Var(Qy).
(=0

=0

Further, by the running assumption 3.), for £ € {1,...,L} we have
~ 1 1
Var(Q,) = n—ZVar(f(Zg) —f(Zi-1)) < ;Zczhf-

Since Var(Qg) = O(ny ') we have that for some constant C > 0,

~ Lol 1
Var(Q) <C (Z —hy+ ) )

=1 "o

Choosing ng = O(e7?) and ny = O(¢~2hyL), a straightforward calculation shows
that

Var(0) = 0(¢?),
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as desired. We now compute the computational complexity of generating the above
described sequence of estimators. First, the cost of generating Qy is of order

2 -2

# required paths x # steps perpath=€¢ “x 1 =¢

Next, the computational complexity of generating @ for¢e€{1,2,...,L} is of order
# required paths X # steps per path = £ 2hyL x hf_1 =& 2L

Hence, the total computational complexity is of order

L
Y e lLtet=e2(L*+1).
(=1

Recalling that L = O(|1In(¢€)|) completes the argument.

We note that the gains in computational efficiency come about for two reasons.
First, a coordinated sequence of simulations is being done, with nested step-sizes,
and the simulations with larger step-size are much cheaper than those with very fine
step sizes. Second, while we do still require the generation of paths with fine step-
sizes, the variance of f(Z;) — f(Zy—1) will be small, thereby requiring significantly
fewer of these expensive paths in the estimation of Qq.

The reduction in computational complexity predicted by the analysis above is
observed in examples.

Problems

5.1. Find a 99% confidence interval for the experiment detailed in Example [5.2]
Find both a 95% and 99% confidence interval for the case n = 10,000, ,ﬁn =13.45
and s2 = 3.26.

5.2. Using Gillespie’s algorithm, simulate and plot a single trajectory of
2
Sl 4T\ SZ;

up to time 7 = 10 under the assumption that S;(0) = 15 and S>(0) = 0. Find a
95% confidence interval for E[X;(10)] using 1,000 independent simulations of the
process.

5.3. Using the next reaction method, simulate and plot a single trajectory of the
model in Examplewith k1 =200, K, = 10, dyy = 25, d,, = 1, an initial condition
of 1 gene, 10 mRNA, and 50 protein molecules, and a terminal time of 7" = 8.
Note that you are asked to produce a plot similar to that of Figure [2.1] Find a 95%
confidence interval for E[Xprin(8)] using 1,000 independent simulations of the
process.
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5.4. Using Euler 7-leaping, simulate and plot a single trajectory of the model
sLos,

with 2 =0.01, X(0) = 100, and a terminal time of 7' = 10. Now simulate and plot
the same model using an exact simulation method. Compare the time it takes to
generate each sample path.



Appendix A

Notes on probability theory and stochastic
processes

A.1 Some notation and basic concepts

A.1.1 Measure theoretic foundations of probability

Details of the following basic material on the measure theoretic foundations of prob-
ability can be found in any graduate text on the subject, in particular, [18].

A measurable space (E,&) consists of a set E and a c-algebra & of subsets of
E. If E is a metric space, then, typically, & is taken to be %(E), the Borel subsets
of E.

Let (E;,&;) be measurable spaces. A function f : Ey — E, is measurable if
f Y A)={x€E: f(x) €A} € & foreach A € &.

Lemma A.1. If f: Ey — E» and g : E» — E3 are measurable, then go f : Ey — E3
is measurable.

A probability space (2,.7, P) is a model of an experiment in which  is the set
of possible outcomes, % is the collection of events, where by an event A we mean
the subset of £ for which some “statement” is true (% is always taken to be a -
algebra so that (2,.%#) is a measurable space), and P is a probability measure on %,
that is a measure with P(£2) = 1. .# should contain all the events that correspond to
statements in which the experimenter is interested, so in a sense, .% represents the
information that could be obtained by observing the complete experiment. With this
interpretation of events, a sub-c-algebra & C .% represents partial information, that
is the information that would be obtained by checking the validity of only a subset
of the statements.

A random variable X is some quantity that can be observed by performing the
experiment. X might be real-valued, but in general can be vector-valued or even take
values in a more general space E. Of course, the quantity depends on the outcome
of the experiment, so X is a function defined on Q and taking values in E. We
always assume that there is a 0-algebra & of subsets of E specified (so (E,&) is a
measurable space), and to say that X is a quantity that can be “observed” means that

69
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subsets of the form {X € C} = {w € Q : X(w) € C} are events in . forall C € &.
In other words, X is a measurable function from (Q,.7) into (E,&).

Mathematically, the expectation E[X] of a real-valued random variable X is just
the integral [, X(®)P(dw), assuming that the integral exists, but for the “real”
meaning of expectation in probability theory, see the statement of the law of large
numbers in any probability text or in Section

Assuming that X is real-valued, i.e. that £ = R, and that Z is a sub-o-algebra of
F, a conditional expectation E[X|9)] is the best estimate of X using the information
in 2.If E[X 2] < oo, then by “best estimate” using the information in &, we mean
the Z-measurable random variable Y (a random variable whose value is determined
by the information in 2) that minimizes E[(X — Y)?]. The condition E[X?] < o is
not necessary and E[X | 2] can be defined for all X satisfying E[|X|] < . In general,
if E[|X|] < o, then E[X|Z] is the Z-measurable random variable Z satisfying

E[XID} :E[le)] VD e 9.

If the information in & is the information obtained by observing random vari-
ables Y and Z (denoted 2 = o(Y,Z), the smallest o-algebra with respect to which
Y and Z are measurable), then there is a function fx such that

If E[X?] < o, then fx is the minimizer of E[(X — f(Y,Z))?],

E[(X — fx(Y,2))*] = ir}fE[(X —f(v,2))3.

(Of course, fx has to be appropriately measurable.)

A.1.2 Dominated convergence theorem

Theorem A.2. Let X, — X and Y, — Y in probability. Suppose that |X,| <Y, a.s.
and E[Y,| 9] — E[Y|2)] in probability. Then

E[X,|2]) — E[X|Z] in probability.

Proof. A sequence converges in probability iff every subsequence has a further sub-
sequence that converges a.s., so we assume Y, — Y and E[Y,|2] — E[Y|2] almost
surely. Let Dy, o = {sup,>,, E[Y,|Z] < c}. Then

EYu1p,.|7] = E[Y,|Z)1p,, 2 E[Y| Py, = E[Y1p,,| 7).

Consequently, E[Y,1p,, | = E[Y1p, ], so Y,1p, . — Y1p,  in L; by the ordinary
dominated convergence theorem. It follows that X, 1p,, . — X1p,, . in L, and hence
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E[X,|Z)1p,, = E[X,1p,.|2] % E[X1p,,|%] = E[X|Z1p,,.

Since m and c are arbitrary, the lemma follows. a

A.1.3 General theory of stochastic processes

The following material can be found, for example, in [42] and Chapter 2 of [19].

In the study of stochastic processes (for our purposes, random functions of time
t € [0,0)), it is natural to consider the information that is available to an observer
who has followed the experiment up to some time ¢ > 0. That information is modeled
by a sub-c-algebra .%; C .%. Assuming that the observer is not forgetful, r < s
implies %, C %,. The collection { % } = {%#,t > 0} of these o-algebras is called a
filtration (or sometimes a history). Since different observers may observe different
aspects of the experiment, more than one filtration may be important in the model.

A stochastic process X is {.%; }-adapted if for each t > 0, X (¢) is .%;-measurable,
that is, the value of X (¢) is part of the information known at time ¢.

A nonnegative random variable 7 is a {% }-stopping time, if for each t > 0,
{7 <t} € #. In other words, an observer whose information is modeled by {.%;}
“sees” T when it occurs. Intuitively, it makes sense to talk about the information .%;
available to the observer at the stopping time 7. The formal mathematical definition
is

Fr={Ae F :An{t <t} € F#,Vt >0}

Hitting times give a natural class of stopping times. If X is a cadlag (that is, is
right continuous and has left limits at all # > 0) and adapted process and X is a closed
subset, then

™ =inf{r:X(t) or X(1—) € K}

is a stopping time.
Note that a constant ¢ is a stopping time, and if 7 and 7, are stopping times, then
T1 A Tp and 71 V T are stopping times. In particular 7; At is a stopping time.

A.2 Martingales

The material in this section can be found in Chapter 2 of [19].
An R-valued stochastic process M adapted to {.%;} is an {.%, }-martingale if
E[|M(t)]] <eoforallt > 0and

E[M(t+r)|yt]:M(t)7 t7r207

or equivalently,
EM(t+r)—M(t)|.%]=0.
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An R-valued stochastic process X adapted to {.%, } is a submartingale if E[|X (1)|] <
oo for all + > 0 and
E[X(t+s)|F] > X(t), t,5s>0.

If X is a submartingale and 7, and 7, are stopping times, then the optional sam-
pling theorem states

EX(tAD)|Fy] > X(tATIATD).
If 75 is finite a.s., E[|X(72)]] < oo and lim; e E[|X ()|1{7,5,] = O, then
EX(m)|F4] > X(11 AT2).
Of course, if X is a martingale
EX(tAD)|Fy]=XEATIAD).
It follows that if M is a martingale and 7 is a stopping time, then M* defined by
M®(r) = M(T At)

is a martingale.

M is a local martingale if there exists a sequence of stopping times 7, — oo such
that M™ is a martingale. We call the sequence {7,} a localizing sequence for M.
Note that if

lim E[|M(t) —M(t A 1,)|] =0

n—oo

for each ¢ > 0, then the local martingale is, in fact, a martingale.

A.2.1 Doob’s inequalities

Let X be a submartingale. Then for x > 0,
P{supX(s) > x} < x 'E[X(1)"]
s<t

P{infX(s) < —x} < 7 (EX ()]~ EIX(O))).

If X is nonnegative and & > 1, then

Elpx (9] < (27 ) B0

s<t o—1

Note that by Jensen’s inequality, if M is a martingale, then |M| is a submartingale.
In particular, if M is a square integrable martingale, then
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Elsup |M(s)[*] < 4E[M(1)’].

s<t

A.3 Stochastic integrals

For a full discussion of stochastic integration, see [42].

All of the stochastic processes we consider are cadlag, that is, have sample paths
that are right continuous and have left limits at each ¢ > 0. If X and Y are cadlag
stochastic processes, then, if the following limit exists in probability, we can define
the stochastic integral

1 m
/O X(s=)dY (s) = lim ¥ X (s 1) (¥ (s1) = ¥ (511)), (A1)

i=1

where sp < s] < +++ < sy, is a partition of [0,7] and the limit is through any sequence
of partitions with max{s;;; —s;} — 0.
We frequently consider integrals against counting processes, R,

!
/ X(s—)dR(s).
0
Note that this integral is not necessarily a Stieltjes integral. For example,

/ 'R(s-)ar(s) = RORD =D,

by (A.1), but [ RdR does not exist as a Stieltjes integral because the integrand and
integrator have common discontinuities. In particular,

lim Y R(s;)(R(s;) — R(si—1)) = w,

where the limit is taken as in (A-T).

We also note that if M is a (local) martingale with respect to a filtration {.%, } and
X is a cadlag, {.% }-adapted process, then

Z() = /0 "X(s)aM(s)

is at least a local martingale. If {7, } is a localizing sequence for M and o, = inf{s :
|X(#)| Vv |X(—)| > n}, then {1, A 0,} is a localizing sequence for Z.
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A.4 Convergence in distribution and the functional central limit
theorem for Poisson processes

All of the material in this section can be found in [[L1]] or Chapter 3 of [19].

Let (S,d) be a complete, separable metric space, and let Cp,(S) denote the space
of bounded, continuous functions on S. We say that a sequence of S-valued random
variables {X,} converges in distribution to X (or equivalently, {Px,} converges
weakly to Py, where Py, and Py denote the distributions of X,, and X) if for each
FECH(S)

lim E[f(X,)] = E[f(X)].

n—soo

We will denote convergence in distribution by X,, = X.
There are many equivalent ways of specifying convergence in distribution. For
example, we have the following.

Lemma A.3. {X,} converges in distribution to X if and only if

liminfP{X, € A} > P{X € A}, each open A,

n—yo

or equivalently

limsup P{X, € B} < P{X € B}, each closed B.

n—so0

The simplest way to understand the implications of convergence in distribution
is through the Skorohod representation theorem.

Theorem A.4. Suppose that X, = X. Then there exists a probability space (2,7 , P)
and random variables, X, and X, SLLCh thaNI X, has the same distribution as X,,, X
has the same distribution as X, and X,, — X a.s.

The following corollary is an immediate consequence of the Skorohod represen-
tation theorem.

Corollary A.5. Let (S,d) and (E,r) be complete, separable metric spaces, and let
G : S — E be a Borel measurable function. Define

Ci = {x € §: G is continuous at x}.

Suppose X, = X and that P{X € Cg} = 1. Then G(X,) = G(X).

In the study of stochastic processes, S is typically a function space, and the most
important function space is the space of cadlag functions x : [0,00) — E, where
(E,r) is a complete, separable metric space and by cadlag we mean the function x is
right continuous and has left limits at each r > 0. We denote this space by Dg[0,c0).
Skorohod defined a topology on Dg[0,c0) by requiring that x, — x if and only if
there exists a sequence of strictly increasing functions A, from [0,e0) onto [0, o)
such that for each ¢ > 0,
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lim sup|A,(s) —s| =0 and lim supr(x,oA,(s),x(s)) =0.

n—eo oy n—eo <y

A somewhat subtle fact is that this topology corresponds to a metric d under which
DEg0,00) is a complete separable metric space. For our purposes, it is enough to
know that if x is continuous, then convergence of x,, to x is equivalent to

lim supr(x,(s),x(s)) =0 forall >0,

n—yeo (4
since in the following lemma, the limit is continuous.

Lemma A.6. Let Y be a unit Poisson process and Y (u) = Y (u) — u. Define

1 ~
W (u) = ﬁy(z\m).

Then WN = W, where W is a standard Brownian motion.

Proof. The result follows from the classical central limit theorem once one proves
relative compactness of the sequence. It can also be obtained as an immediate corol-
lary of the martingale functional central limit theorem, for example, Theorem 7.1.4
of [19]. a

In applying this lemma, by the Skorohod representation theorem, we can pretend
that for each ug > 0,
sup W (u) =W (u)| — 0,
u<ug
but one should note that
WN W) = (Wi, Wa),

where W| and W, are independent standard Brownian motions.

A.5 Conditioning and independence

Let (Q,.%#,P) be a probability space, and let <7, % C .% be sub-c-algebras. Then
o/ and A are independent if P(LANB) = P(A)P(B) for all A € &/ and B € #. A
random variable X is independent of .« if ¢ (X) (the smallest c-algebra with respect
to which X is measurable) is independent of o7

Let (E, &) be a measurable space. A collection of bounded, measurable functions
& is separating for finite measures on & if for finite measures p,v, [ fdu =
[g fdv for all f € . implies u = v. For example, for E =R, . = {f(x) = €' :
0 € R} is separating.

If (E,r) is a complete, separable metric space, then B(E) denotes the space of
bounded, Borel measurable functions.
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Lemma A.7. Let (E,r) be a complete, separable metric space and . C B(E) be

separating. Let X be an E-valued random variable and 9 C .7 be a sub-c-algebra.
Suppose that for each f € 7, E[f(X)|2] = E[f(X))]. Then X is independent of .

Proof. LetD € 9, and for A € B(E), define
Up(A) = E[14(X)1p] and vp(A) = E[14(X)]P(D).
For f € .7,
[ fdup =Bl (0)10) = EFCOIPD) = [ favo,
which, since .7 is separating, implies tp = Vp. Since D € & is arbitrary, we have
P({X € A}ND) = up(A) = vp(A) = P{X € A}P(D)

forall A € Z(E) and D € 2. Consequently, X and 2 are independent. O

A.6 Directed sets

A directed set is a nonempty set .# together with a reflexive and transitive binary
relation =, such that every pair of elements has an upper bound. That is, for any a
and b in . there must exista cin .# witha <cand b < c.

A.7 Gronwall inequality

Lemma A.8. Suppose that A is nonnegative, cadlag and non-decreasing. Further
suppose that X is cadlag, and that

0<X(r) < s+/0'x(s—)dA(s). (A2)

Then
X(t) < e,

Proof. Tterating (A2)),
X(t) < 8+/(:X(s—)dA(s)
<eteal)+ [ [* Xu-)dalwaae)

< eteAlt)+e /0 "A(s—)dA(s) + /0 ' /0 . /O X (r—)dA(r)dA(u)dA(s).
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Since A is finite variation, making [A]¢ = 0, It6’s formula yields
t
A0 Z 14 / AVAA(s) + Eger () — A6 _ A pA(s))
0

1+ /0 teA(“’)dA(s)

v

\%

1+A(t) + /O t /0 " A gA () dA(s)
1+A() + /0 "A(s—)dA(s) + /0 t /0 . /0 AU GA(R)dA () dA(s) .

Y

Continuing the iteration, we see that X (1) < getl), O
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