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mulate criteria for the viability of the resulting models. In particular, equations; model validation:
explicit necessary and sufficient conditions are deduced for the non- biological applications; Ité
negativity and/or boundedness of solutions. Moreover, we show that equations

the class of deterministic models for which the construction leads to an
admissible SDE extension is strongly limited. Several examples are pre-
sented to illustrate the implications of our results.
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1. Introduction

Stochastic differential equations (SDEs) are frequently used in order to model systems where
random effects play a significant role. Since there is no canonical way to formulate an SDE
model, different construction methods have been considered. One derivation procedure that
is widely used was suggested by E. Allen in [1]. It generalizes a classical method to con-
struct ordinary differential equation (ODE) models. All possible changes  of the considered
stochastic process in a small time interval are determined, together with their corresponding
probabilities p. Given this information, a system of Itd6 SDEs can be derived, where the coef-
ficients in the equations are given in terms of § and p. This method has been used to develop
SDE models in various fields; a large variety of applications in mathematical biology can be
found, e.g., in [1, 2]; see also [3-8].

Solutions of models in biological applications typically represent non-negative quantities,
such as population densities or concentrations of chemical substrates, and hence, it is essential
that they attain non-negative values. Models that do not ensure this property are not valid
or break down for small values of the solution. Explicit necessary and sufficient conditions
for systems of ODEs are well-known and allow to characterize the class of non-negativity
preserving models. For systems of SDEs, explicit criteria have also been obtained, however,
they are less known. In fact, various SDE models have been proposed and analyzed in recent
years that produce undesired negative values of the solutions [9, 10].

In [9, 10], we formulated explicit necessary and sufficient conditions for the non-negativity
of solutions of SDE systems and discussed several modeling applications. We now apply these
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results to analyze whether Allen’s derivation procedure leads to SDE models that preserve
non-negativity. In particular, we aim to formulate explicit necessary and sufficient conditions
for the possible changes § and probabilities p that are easy to verify and allow to classify admis-
sible models. We further point out the limitations of the method when SDE extensions are
constructed based on a given deterministic ODE model.

The interest of such a result is twofold and goes beyond mathematics.

First, our criteria can be used to distinguish viable or admissible models. This is of course
fundamental in applications.

On the other hand, due to the particularity of Allen’s derivation procedure, if an unrealistic
model is obtained, it has direct implications on the modelling assumptions. Indeed, it is based
on information about the underlying stochastic process by analyzing all possible interactions
and the corresponding probabilities. This information is typically justified by arguments about
the nature of the phenomenon under consideration. If the resulting SDE model is not viable,
then

e cither the underlying process cannot be decomposed as assumed by Allen’s method and

is richer,

e or some of the interaction probabilities involved have to be modified and interpreted

differently.

In either case, it leads to a deeper understanding of the modeled phenomenon at hand.
We give examples of these situations in Section 4 recalling classical SDE models discussed by
E.J. Allen in [1] and L. J. S. Allen in [2]. Of course, mathematics cannot in general decide
which situation applies and this is precisely where the interaction with other fields comes into
play. However, one case deserves special attention. Namely, when the method is applied to
construct stochastic extensions of deterministic ODE systems, since part of the coeflicients
in the SDE are already fixed by the deterministic model. A negative result, i.e., obtaining an
SDE model that is not viable means precisely that the underlying process is not of the form
assumed by the derivation method.

But our results do not only have negative implications. If the resulting model is not viable,
they provide a pragmatic rule for modifications in order to obtain admissible models. Indeed,
as our criteria yield explicit necessary and sufficient conditions for viability, they can be used as
a guide to reformulate and modify the modeling assumptions. We provide examples for this
situation in Section 4.

The paper is organized as follows: In Section 2, we recall Allen’s derivation procedure and
generalize it for an arbitrary number of interacting populations. In Section 3, we formulate
explicit criteria that lead to viable SDE models. Moreover, we analyze the limitations of the
method when SDE extensions are constructed from a given deterministic ODE model. Finally,
we discuss several examples and modeling applications in Section 4. For the convenience of
the reader, the general invariance criterion for SDE systems, which is the basis of our results,
is given in the Appendix.

2. A derivation procedure for SDE models

In this section, we recall the modeling procedure proposed by E. Allen in [1] to derive It6 SDE
models. In order to facilitate the reading of our results, we will adopt the notations in [1].

In the first step, a discrete stochastic model is developed by determining all possible changes
8 of the system and the corresponding transition probabilities p in a small time interval At.
Then, the expectation value and covariance matrix for the change of the discrete process are
calculated, and based on this information the SDE model is formulated. The drift coefficient is
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hereby given by the expected change divided by At and the diffusion coefficient by the square
root of the covariance matrix divided by At.

Allen’s modeling procedure is described for models with two interacting populations in [1,
2]. We generalize it here for systems with an arbitrary number k of components. Let X (¢) =
(Xi(t), ..., Xx(t))T represent the state of k interacting populations at time ¢ > 0, where we
use the superscript T to denote the transpose of a vector (or a matrix).

e Step 1: All possible interactions with the environment and between the populations X;,
i=1,...,k, thatlead to a change in one of the states are listed, together with the corre-
sponding probabilities for the change up to O((At)?):

We assume that there are m possible interactions that lead to a change in at least one
of the states. The matrix AX = (8", ..., 8§/) e R™** contains the coefficients of all
changes, where

$0 =@",.... 6" e R,
and the corresponding probabilities up to O((At)?) are given by
pi = R(t7 Xls ] Xk)Atv

i=1,...,m. In addition, there is the probability of no change, §"*" = (0, ..., 0)7,

which is

pm+1 =1- ZPI
i=1

The hypotheses are summarized in Table 1. Based on this information the coefficients in
the SDE model are determined in the subsequent Steps 2 and 3.
e Step 2: The expected change E(AX) of the system is computed,

E(AX) =Y pis?,
i=1
and the covariance matrix up to O((At)?),

E(AX(AX)T) =) pi(6™)(6™)".

i=1

e Step 3: We define

E(AX) <
= =Y Ps§%,
H= A ZI:

T
V= E(AX(AX)")

=) _PEMEM)T.
At —

and denote the square root of V by

Bt, Xy, ....X) =V X1, ..., Xp).

Finally, the following system of It6 SDEs is considered:

dX(t) = ut, X, ..., Xp)dt + B(t, Xy, ..., X )dW (1), (1)
X (t) = Xo,
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Table 1. Changes of the system and corresponding probabilities.

i §0 p;
.

1 (6. 0) p

; : . :

. (7o) 2

m+1 ©,....,07 -7 p;
where W = (Wi, ..., Wy)T with k independent standard scalar Wiener processes
Wi, ..., W, and dW denotes the corresponding It6 differential.

For details of the derivation procedure, properties of the resulting SDE models, and appli-
cations, we refer to [1, 2].

In order to simplify the presentation of our results, we introduce the following
notation.

Definition 2.1. We denote by (8, p) a couple of data in R"** x RF as in Table 1 that satisfies
the properties in Step 1. This information contains the modeling assumptions and is the basis
of the constructed model. We call the corresponding system of It6 equations (1) the (3, p)-
SDE model.

Remark 2.1. As indicated in [1, 2], alternative (equivalent) SDE systems can be formulated
such that their drift part and covariance matrix coincide with the ones corresponding to (1).
For instance, the system

dX(@) =p@t, Xy, ..., Xdt + C(t, X, ..., Xp)dW* (t), (2)

where W* = (W, ..., W*)T with m independent standard scalar Wiener processes W*, and

the matrix C is given by
C.—si [P _ s /p
i =0\ A T %V

(see [2] for the case k = 2). Then, the matrix C satisfies CC" = V and the corresponding mean
vector, covariance matrix, and forward Kolmogorov differential equation for the SDE systems
(1) and (2) coincide.

Another diffusion matrix can be obtained using the Cholesky factorization of V. If G is the
lower triangular matrix in this factorization, then G satisfies GG' = V and yields a further
equivalent SDE system (see [2]).

To illustrate the method, we recall the derivation of an SDE model for two interacting pop-
ulations discussed in [1].

Example 2.1. Let X; and X; denote the sizes of two populations, b; and d; be the corresponding
birth and death rates, i = 1, 2, and m;, and my,; the rates at which population 1 is transformed
into population 2, and vice versa. Each of these parameters can depend on time ¢ and the
population sizes X; and X;.

The following table lists the possible changes § in the population sizes along with the cor-
responding probabilities p.
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i P10 p;

1 (-1,0)7 d,X At

2 a,07 b.X, At

3 0, -1n7 dyX, At
4 o, D" b, X, At

5 (-1,17 mpX, At
6 a, -7 m21X%At
7 (0.0)" 1=275p

Computing the expected change and covariance matrix, the derivation procedure leads to
the following (8, p)-SDE model

dX = M(tv Xl? XZ)dt + B(tv X17 Xz)dwa

where W = (W;, W,)T with two independent standard scalar Wiener processes W, and W,.
Moreover,

W= <b1X1 —di Xy —mpX + m21X2)
b, Xo — b Xo — muXo + minX,
and B = \/V, where

V= <b1X1 +di Xy + mpXy +myuX, —mpXy —mp X, )
—mpX; — my X, b, Xo + b Xo + mpXo + mpX, )°

We omitted here the dependence of the coefficients on ¢, X, X; in order to shorten notations.

3. Viability criteria and limitations of the method

Our aim is to analyze under which assumptions Allen’s derivation procedure leads to viable
SDE models. In particular, we formulate explicit necessary and sufficient conditions for the
probability functions p; and changes (S](.i) such that the resulting (8, p)-SDE models preserve
non-negativity and/or upper bounds for the solutions. We further point out the limitations of
the method when SDE extensions are constructed based on a given deterministic ODE model.
The results are derived from a previous invariance criterion for SDE systems formulated in
[9, 10] (see Theorem A.1 in the Appendix).

3.1. Criteria for non-negativity

Here and in the sequel, we denote the positive cone in R* by
Kt={yeRF:iy; >0, i=1,... k}.

Definition 3.1. We say that a stochastic system

dx(@) = f(t. Xy, ..., X)dt + G(t, Xq, ..., Xp)dW (t), (3)
X (ty) = Xo,
where f: [ty, 00) x RF — RK, G : [ty, 00) x RF — R and W = (W, ..., W,)T, pre-

serves non-negativity if for every initial data X, € K™ and initial time t, > 0 the correspond-
ing solution X (¢), t > t,, satisfies

P({X(t) e K*, t € [tg,00)}) =1,
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i.e,, it almost surely attains non-negative values.

Theorem 3.1. Let (8, p) be given data as in Step 1 of the model derivation. Then, the (8, p)-SDE
model (1) preserves non-negativity if and only if

Pi(t,y)((S](Ai))2 =0, fory € K* such thaty; =0, t > 0, (4)

foralli=1,...,m. '
In other words, forall1 < j <k, 1 <i < m such that 8;’) # 0 it follows that

P(t,y) =0 fory € K* such thaty; =0, t > 0.
The same result applies to the alternative SDE system (2).

Proof. By Theorem A.1 the SDE system (1) preserves non-negativity if and only if u and B
satisfy

wi(t,y) >0, Bii(t,y) =0, for y € K* such that y; = 0,
foralli=1,...,k, j=1,...,m,andt > 0. Since B = +/V, i.e.,

k
Vij(t,y) = > Ba(t, y)Bj(t, y), (5)

1=1
this implies that V satisfies
Vii(t,y) =0, for y € K* such that y; = 0,

foralli=1,...,k, j=1,...,m,andt > 0. We further observe that
R 1t

vy =y ren| T T
=t 8{;‘)'3}?') 52(1')'818') ) (515}))2

which leads to condition (4).
On the other hand, if condition (4) holds, then V satisfies

k
le(t,y) = ZR(K}%;’)S;’) =0,

i=1
for y € K™ such that either y; = 0 or y; = 0. Using relation (5) for i = j, we deduce that

k

Vilt.y) = > (Bu(t.»)’, 6)

I=1

foranyi=1,..., k. As V;(t,y) = 0 for y € K" such that y; = 0, we conclude that for any
l=1,..., k wehave

By(t,y) =0 for y € K* such that y; = 0. (7)
Moreover, condition (4) certainly implies that
wi(t,y) =0  fory e K" such thaty; = 0,

i=1,...,k Asaconsequence, the assumptions of Theorem A.1 are satisfied and system (1)
preserves non-negativity.
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The proof for the alternative SDE model (2) simplifies and follows by the same
arguments. g

Remark 3.1. Allen’s derivation procedure leads to systems of It6 SDEs, another commonly
used concept is Stratonovich’s interpretation of SDEs. The behavior of solutions generally
depends on the choice of the interpretation, however, there is an explicit transformation for-
mula relating the solutions of both notions (see [11] and the Appendix). It is typically difficult
to decide which interpretation is more appropriate in a particular application. A long debate
about this controversy has been going on, and different arguments have been given to support
either Ités or Stratonovich’s interpretation. For detailed discussions and possible resolutions,
we refer, e.g., to [11-13].

One could ask whether Theorem 3.1 changes if the SDE models were interpreted in the
sense of Stratonovich instead of Itd. In fact, the result is independent of the choice of inter-
pretation, i.e., the necessary and sufficient conditions remain identical if Stratonovich’s inter-
pretation is used for the stochastic systems (1) or (2) (see Theorem A.1 in the Appendix).

Example 3.1. We apply Theorem 3.1 to the SDE model for two interacting populations in
Example 2.1:

The system preserves non-negativity if and only if m;, and my, satisfy m, (¢, X;,0) =0
and m,, (¢,0,X;) = 0, i.e,

mp(t, X1, Xo) = Xompp (¢, X1, Xo),  ma(t, X, Xp) = Xymy (t, X1, X3),

for some functions #,, and m1,;. All other probabilities certainly fulfil the required conditions.
If the transition rates m;, and m,; do not comply with these conditions, the solutions of
the SDE model can attain undesired negative values.

3.2. Stochastic extensions of deterministic ODE models

Allen’s method is often used to construct stochastic extensions of a given deterministic ODE
model. In this case, the drift part u is, of course, already determined. It can be deduced from
Theorem 3.1 that for a large class of ODE systems that preserve non-negativity, no SDE exten-
sion can be derived by Allen’s method that possesses this property.

We begin by observing a particularity of (8, p)-SDE models.

Proposition 3.1. Let (8, P) be given data as in Step 1 of the derivation procedure. If the corre-
sponding (8, P)-SDE model preserves non-negativity, then the drift term . satisfies

wi(t,y) =0  fory € K suchthaty; =0, t >0,
forall j =1, ..., k. The same result holds for SDE systems of the form (2).

Proof. According to Theorem 3.1, if an SDE system of the form (1) or (2) preserves non-
negativity, then condition (4) holds. Moreover, the drift term is determined by

it y) =y Pt 3",
i=1

which implies the statement of the proposition. O

This proposition imposes strong constraints on the class of deterministic systems, for
which a non-negativity preserving SDE extension can be constructed by Allen’s method.
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Corollary 3.1. We assume that

dXx

= =ut, X
I w(t, X)

is a given deterministic ODE model. If there existt > 0,1 < j <k, and y € K* withy; =0
such that

wi(t,y) >0,

then, any SDE extension derived by Allen’s method does not preserve non-negativity. This applies
to SDE systems of the form (1) and (2).

In particular, if one of the interaction functions y; contains a constant term, Allen’s method
leads to an SDE model that produces negative values of the solutions (see Section 4.1 for
examples). In this case, the procedure has to be modified or other methods need to be applied
in order to construct viable stochastic extensions.

Proof. The drift term is determined by i = > | P.§). By assumption, there exist 1 < i <
m,1 < j<kt>0,andy € K* with y; = 0 such that

57 #0,  P(t,y) #0. ®)
On the other hand, by Theorem 3.1 an SDE system of the form (1) or (2) preserves non-
negativity if and only if condition (4) is satisfied, and this contradicts assumption (8). O

Remark 3.2. The results of this subsection remain valid if the stochastic systems of the form
(1) or (2) were interpreted in the sense of Stratonovich (see Remark 3.1).

3.3. Invariance criteria for rectangular subsets

In biological applications, the solutions often describe quantities that are not only non-
negative, but also bounded by a certain maximum value, e.g., a maximum concentration or the
carrying capacity of a population. Hence, the admissible ranges for the solutions are intervals
of the form [0, ¢], ¢ > 0. We now formulate a more general invariance criterion that includes
Theorem 3.1 as a special case. It yields explicit necessary and sufficient conditions for Allen’s
derivation procedure such that the resulting models preserve non-negativity and/or upper
bounds for the solutions.

Definition 3.2. We call the subset K C R* invariant for the stochastic system (3) if for every
initial data X, € K and initial time ¢, > 0 the corresponding solution X (¢), t > t,, satisfies

P({X(t) €K, t €[t,o0)}) =1,
i.e., solutions almost surely attain values within the set K.

Theorem 3.2. LetI C {1, ..., k} be a non-empty subset and a;, b; € R U {oo} be such that b; >
a;, i € 1. Then, the set

K::{xeRk: a; <x;<b;,iel}
is invariant for the system of SDEs (1) derived by Allen’s method if and only if
I)l-(l‘,)/)(Sj(."))2 =0  forye Ksuchthaty;=ajory; =bj,
forallt >0,iclandj=1,...,k
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This result equally applies to the SDE system (2) and is independent of It0’s or Stratonovich's
interpretation of SDEs.

Proof. The statement can be deduced from Theorem A.1. The proof follows exactly the same
lines as for Theorem 3.1 and is left to the reader. O

Remark 3.3. Similarly as in Section 3.2, we can formulate conditions such that (8, p)-SDE
models that are derived from deterministic ODE models preserve invariance. It turns out that
the class of ODE systems for which the corresponding stochastic extensions preserve non-
negativity and upper bounds for the solutions is seriously limited.

Example 3.2. We apply the invariance criterion to the (8, p)-SDE model in Example 2.1 and
derive conditions for the non-negativity and boundedness of the solutions.

Let x; and «;, be given upper bounds for the populations X; and X,. Then, the solution X;
attains values within the interval [0, «;], i = 1, 2, if and only if the birth, death, and transition
rates are of the following form:

bi(t, X1, X5) = Xi(ki — Xi)l;i(tv X1, X3),
di(t, X1, X5) = Xi(ki — Xp)di(t, X1, X)),
mii(t, X1, X5) = X1 X5 (k1 — X)) (k — Xo)myi (8, X1, X5), i j,

fori, j = 1, 2, and some functions l~)i, d:, mij.

4. Applications

We discuss several of the modeling applications presented in [1, 2]. Further SDE models
derived by Allen’s method can be found, e.g., in [3-8].

4.1. Scalar SDE growth models

We first recall the simplest example discussed in [2], a scalar SDE model for a birth, death,
and immigration process.

Example 4.1. The random variable X (¢) denotes the size of a population experiencing birth,
death, and immigration. The following table lists the changes and corresponding probabilities,
where o, 8, and y are positive constants.

i §M p;

1 1 aX At
2 -1 BXAt
3 1 y At

The corresponding Ité SDE obtained by Allen’s derivation procedure is
dX = ((a@ — B)X + y)dt + /(@ + B)X + ydW,

or alternatively, the construction (2) leads to

dX = ((a — B)X + y)dt + VaXdW, + /BXdW, + /ydWs,

where W, W;, W,, and W; are independent standard scalar Wiener processes.
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Proposition 4.1. The solutions corresponding to non-negative initial data of both SDEs can
attain undesired negative values and these (8, p)-SDE models are, in fact, not viable.
Moreover, while the underlying deterministic ODE model
dX

E=(a—ﬂ)X+V )

certainly preserves non-negativity, no SDE extension can be derived by Allen’s method that pos-
sesses this property.

Proof. The first statement is an immediate consequence of Theorem 3.1, since the prob-
ability p; does not fulfil the required condition. The second observation follows from
Corollary 3.1. O

We can modify the modeling assumptions in order to obtain an admissible SDE model.
Replacing the probability p;, e.g., by y X At, the procedure leads to the SDE model

dX = ((a — B)X + yX)dt + /(@ + B)X + yXdW,

or applying the alternative construction, to
dX = ((a — B)X + yX)dt + VaXdW, + /BXdW, + \/y XdW;.

Both SDEs preserve non-negativity, but this change of p; also leads to a modification of the
underlying deterministic model. The immigration rate now depends on the current size of
the population, implying that individuals do not migrate to places where no other individuals
of the species are present, but prefer regions with large population sizes.

Allen’s construction method for SDE models is based on the assumption that the underly-
ing stochastic process can be “decomposed” and is determined by all possible changes of the
system and their corresponding probabilities. Moreover, it leads to a strong correlation of the
drift and diffusion part in the SDE model. For instance, an SDE of the form

dX = (( — )X + yX)dt + /(o + B)XdW (10)

preserves non-negativity, but cannot be obtained by the derivation procedure. On the other
hand, it can be deduced from the deterministic model (9) by assuming that the parameters
o and B are subject to random perturbations. It would be interesting to investigate whether
Allen’s method can be generalized in such a way that it allows to derive stochastic models of
the form (10).

The second application is the SDE extension of a logistic growth model.

Example 4.2. The classical ODE model for logistic growth is the following:

ax X
— =aX(1——),
i = (1-3)

where X (¢) denotes the population size at time t > 0, « the growth rate, and B the carrying
capacity of the population. Certainly, solutions emanating from initial data within the interval
[0, B] are non-negative and bounded from above by g, i.e., [0, B] is invariant for the ODE
model.

By using the modeling procedure in Section 3, two alternative SDE extensions were con-
structed and analyzed in [2] based on the following probability functions p; and p;, i = 1, 2,
associated with the possible changes in the population size.
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i 80 p; bi
1 1 aX At aX (1 - %) At
2 . X Ay LN

26

These hypotheses lead to the SDE models
X X
ax = (ax (1= %) )arr fox (143 )aw,

dx = <aX <1 - %)) dt + ~aXdWw.

and

Proposition 4.2. Both SDE extensions preserve non-negativity, however, unlike the deterministic
growth model, solutions emanating from initial data within the interval [0, B] can attain values
exceeding the carrying capacity B.

Proof. All probability functions satisfy the conditions in Theorem 3.1, but only p, fulfils the
conditions required by Theorem 3.2 for the invariance of the interval [0, B]. O

In fact, by taking Theorem 3.2 into account we can modify the modeling assumptions
and suggest alternative SDE extensions that preserve not only non-negativity but also the
upper bound g for the solutions. For example, we can consider the following probability
functions p;.

i 8O

>

1 1 2aX (1 -

X
S~—
>
~

Allen’s derivation procedure then leads to the modified SDE model

(o 3) o (3o

for which the interval [0, 8] is invariant. Different from Example 4.1, the modified probabili-
ties p; do not lead to a change in the drift part of the SDE (i.e., in the underlying deterministic
model), but only alter the diffusion part. These modeling assumptions signify that the prob-
abilities for growth and death vanish when the population size reaches the carrying capacity.

4.2. Models for two interacting populations

A general SDE model for two interacting populations was formulated in Example 2.1 and
taken up in the subsequent sections. We now consider two concrete modeling applications
that are particular cases of this model.
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Example 4.3. The following ODE system describes the dynamics of an epidemic,

ds SL,
—_— = - — ,
dt NV
ar _ st
—_— =— — s
N7

where S denotes the susceptible and I the infected sub-population. The total population N =
S+ I is preserved. It is a special case of the general model for two interacting populations,
where X, =8, X, =1,d, =d, = b; = b, =0and

X5 X,

Mp=0— =0 ,
N X1+ X,

my =Y.

Allen’s derivation procedure leads to the SDE system

SI 1 SI

SI 1 SI

(see [1], sec. 5.2.2).

Theorem 3.1 and Corollary 3.1 imply the following observation.

Proposition 4.3. The deterministic ODE model preserves non-negativity of solutions, but
the stochastic extension does not possess this property and solutions can attain negative
values.

In fact, no SDE model can be constructed by Allen’s derivation procedure that preserves non-
negativity.

One possibility to obtain a viable stochastic model is to replace the transition rate m,, by

y X1, which leads to the modified SDE system

SI 1 SI
SI 1 SI

Asin Example 4.1 this assumption not only alters the stochastic perturbation, but also the drift
part of the SDE and hence, the underlying deterministic model. An alternative SDE model that
preserves non-negativity is the system

SI SI
ds = (—aﬁ + yI) dt + (a2—>dW1,

[ 1
dl = <ozS——yI> dt — (ozs—>dW1.
N 2N
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It can be deduced from the ODE model by assuming that only the transition rate « is subject
to random perturbations, but such an SDE system cannot be obtained using Allen’s derivation
method.

We further discuss an SDE system modeling enzyme kinetics (see [2], secs. 7.5 and 9.5).

Example 4.4. The following ODE system describes enzyme kinetics

N _ N B) + BB

dt = -« (K_ :8 )

dB

Zf =N —B)— (B +v)B,

where N denotes the number of a nutrient molecule and B the number of molecules formed
when the nutrient binds to an enzyme.

The changes and associated probabilities are listed in the following table, where «, B, y,
and « are positive constants.

i §0 p;

1 1,17 aN(k — B)At
2 a,-nT BBAt

3 o, -n7 yBAt

Based on the table, the drift term u, the diffusion matrix V, and its square root can be
computed. The derivation procedure leads to the It6 SDE system

dX = p(X)dt + G(X)dW,

where X = (N, B)T, W = (W,, W,, W;)T with independent standard scalar Wiener pro-
cesses W, and

M(X)=< —aN(x — B) + BB )

aN(k —B) —(B+vy)B
G(X) = —aN( —B) /BB 0
~ \ VaN(k —B) —/BB—/yB)

It is a special case of the general model for two interacting populations, where X; = N, X, =
B, dl = bl = bz =0,d2 = )/,and

my, = a(k — B), my = B.

Similarly to the previous example, we observe that the (8, p)-SDE model has the following
properties.

Proposition 4.4. The underlying deterministic model preserves the non-negativity of solutions.
However, the probabilities p, and p, do not satisfy the conditions in Theorem 3.1 and hence,
solutions of the stochastic enzyme kinetics model can attain undesired negative values.

By Corollary 3.1 no SDE extension can be constructed by Allen’s method that preserves non-
negativity.

4.3. A growth model including environmental variability

An SDE extension of a simple growth model was developed in [1]. It takes stochastic fluctua-
tions in the environment into account by considering fluctuation in the birth and death rates.
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The model is based on the deterministic ODE

dx
— = bX — dX,
dt

where X denotes the population size and b and d the birth and death rates. An SDE for X is
constructed by Allen’s procedure based on the following table for the possible changes and
corresponding probabilities.

i P p;

—_
_

bX At
2 =1 dX At

Moreover, it is assumed that the birth and death rates vary in a random manner, and SDEs
are derived for b and d according to the following modeling assumptions.

(b) (d)

,. n ) 5 g
1 oy, (G, + By (b, — b)) At ay (Gyq + By(dy — d)) At
2 —o (G, — By (b, — b)) At —0y (g — By(dy — d)) At

Here, o, @4, By, Ba, qp> and g, are positive constants. The derivation method leads to the
SDE system

dX = (bX — dX)dt + /(b + d)XdW,,
db = (2apBy(by — b))dt + 2a§qdeZ,

dd = QoyBi(dy — d))dt + ZajqddW3.

Theorem 3.1 and Corollary 3.1 imply that solutions of the SDE model can attain nega-
tive values. In fact, no SDE extension can be constructed by the modeling procedure that
preserves non-negativity, since the probability functions corresponding to b and d contain
constant terms. We remark that the coefficients in the SDE for X actually satisfy the criterion
in Theorem 3.1, however, the birth and death rates b and d can attain negative values, and this
will also cause problems defining the square root in the first equation.
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Appendix A: Invariance criteria for SDEs: A reminder

We recall a general criterion for SDE systems, which yields explicit necessary and sufficient
conditions for the invariance of rectangular subsets. It slightly extends a previous result by A.
Milian in [14]. For details and the proof we refer to [9, 10, 14].

Let (2, F, P) be a probability space with a right-continuous increasing family F = (F;);>¢
of sub-o-fields of F each containing all sets of P-measure zero. We consider systems of It6
SDEs of the form

dx () = f(t, X(t))dt + g(t, X(@)dW(t), t € (ty, 00),
X(to) = Xo, (A1)

where f = (fi)i<i<k : [0, 00) x R — R¥ is a Borel-measurable function, and g=
(&) ,_._, +10,00) x R* — RF" a Borel-measurable mapping into the set of all R**"-

1<j<r
matrices. Furthermore, W : [0, c0) x 2 — R’ denotes an r-dimensional F-adapted Wiener
process and dW the corresponding It differential. The initial time #, is non-negative and
X, € RFis the given initial data.
The initial value problem is rigorously defined through the integral equation

X (1) =Xo+/ f(s,X(S))der/ g(s, X(s))dW (s), t € (f, 00),

fo

where the last term denotes the It6 integral ([11]). An alternative notion that is frequently used
in applications is Stratonovich’s definition of stochastic integrals. The qualitative behavior of
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solutions can depend on the chosen concept, however, there is an explicit transformation for-
mula relating the solutions of both notions. In fact, if X is a solution of system (A.1) and the
SDE is interpreted in the sense of Stratonovich, then X solves the system of It6 SDEs

dX(t) = (f(t, X))+ %h(t, X(t)))dt +g(t, X(1))dW (1), t € (t, 00),

where h = (h;),<i<k : [0, 00) x RF — RFis given by

r k
dg:
ht ) =35 B0, gt ), i=1.....k

X,
j=1 =1 9

Due to the particular form of k, the invariance property for SDEs is independent of the inter-
pretation, i.e., qualitative properties of solutions such as non-negativity and boundedness do
not depend on the choice of Itd’s or Stratonovich’s interpretation (see [10, 11]).

In the sequel, we denote by ( f, g) stochastic initial value problems of the form (A.1).

Definition A.1. We call the subset K C R* invariant for the stochastic system (f, ) if for
every initial data X, € K and initial time #, > 0 the corresponding solution X (¢), t > t,, sat-
isfies

i.e., the solution almost surely attains values within the set K.

Theorem A.1. Let I C {1, ..., k} be a non-empty subset and a;, b; € R U {00} such that b; >
a;, i € I. Then, the set

KZ:{XGRkZ aifx,»fbi, IEI}
is invariant for the stochastic system (f, ) if and only if
fit,x) =0 for x € K such that x; = a;,

filt,x) <0 for x € K such that x; = b,
g.jt,x)=0 forx € Ksuchthat x; € {a;, b}, j=1,...,1,

forallt > 0andie L
This result applies independently of Itd’s or Stratonovich’s interpretation of SDEs.

One particular and important case in applications is the non-negativity of solutions, i.e.,
the invariance of the positive cone.

Corollary A.1. Let I C {1, ..., k} be a non-empty subset. Then, the set
Kt={xeR:x;>0,iel}
is invariant for the stochastic system (f, g) if and only if

fit,x) >0 for x € K" such that x; = 0,
git,x) =0 forx € K" suchthatx; =0, j=1,...,r,

forallt > 0andie I
This result is valid independent of It0’s or Stratonovichs interpretation.
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