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Numerical M ethods for Delay Modelsin
Biomathematics

1.1 Introduction

Models involving retarded ordinary and partial differential equations with both dis-
crete and distributed delays are quite frequent in mathematical biology. Introducing
delaysin the models have revealed to be a powerful tool for investigating qualitative
behaviour of control systems and, in general, for simulating the evolution phenom-
ena in many branches of medicine and biology. Introduction of delays allowed to
improve models by taking into account important aspects previously neglected and
to face more complicated phenomena based on feedback control. So, for instance,
in a more realistic model for the spread of infections in large scale epidemics, a de-
lay term may take into account the incubation period in the transmission of diseases
via contacts among individuals. It was shown that arising of periodic hematological
diseases can be caused by anormalities in the feedback mechanisme which regulate
blood-cell numbers and, under appropriate conditions, this feedback mechanism can
produce aperiodic irregular (chaotic) fluctuations. Recently, in the interaction anal-
ysis between cardiovascular and respiratory function, clever models have been con-
sidered that take into account the time necessary for tissue venous blood to reach the
lungs and viceversa. In biomathematical literature there are plenty examples where
the presence of delays makes the mathematical models much more reliable and con-
sistent with the real phenomena and the laboratory observations. Actually the dy-
namics of equations including retarded argumentsis much richer and this makes the
models more realistic for simulation. At the same time, the equations with retarded
arguments become more and more complicated to be analyzed and the existence
and uniqueness of the solution as well as important features such as oscillation and
asymptotic behaviour are still open problemsin many cases. Finding accurate numer-
ical solutions and sharp location of characteristic roots for establishing stability was
also getting more and more difficult and, in some cases, still represent a real chal-
lengefor thenumerical analysts. A carelessand naif adaptation of standard numerical
methods designed for ordinary and partial differential equationsin the integration of
equations with delays, behind revealing often useless, might lead and actually led,
as claimed and proved in Banks and Mahaffy [2], to conjectures that turned out to
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be erroneous and misleading for the understanding of the studied phenomenon. Al-
gorithms for implementing delay models must be specifically designed according to
the nature of the equations and the quality of the solution.

Here we confineto the case of ordinary derivatives, where the most general form
of such models is given by the retarded functional differential equation (in short
RFDE)

y(t)=f(t,n), t>to,

where the state y;(s) = y(t +s), s€ [—r,0], is a function belonging to the Banach
space C = C%([—r,0],RY) of continuous functions mapping the interval [—r,0] into
R, and f : Q — R% isagiven function of the set Q c Rx C into RY. Contrary to
the ordinary case, the Cauchy problem takes the form

{y,(t) = f(tvyt>a t Zth
yto(s) :y(t0+s) = (P(S)v SIS [7[‘70]

where ¢ represents, in the Banach spaceC, theinitial point or theinitial state. Equa-
tion 1.1, also caled the Volterra functional differential equation, includes both dis-
tributed delay differential equations, where f operates on y computed on a contin-
uum set of past values, and discrete delay differential equations, where only afinite
number of past values of the variabley are involved.

Models with discrete delays are characterized by the presence of the function y
computed at some deviated arguments y(t — t), where the delay t, which is always
non negative, may be constant (7 = const), time dependent (7 = 1(t)), and state
dependent (7 = t(t,y(t)) or even t = z(t,y1)).

A redl-life example of retarded functional differential equations with both dis-
crete and distributed delays is given by the model of Banks and Mahaffy [2] for the
regulation of protein synthesis:

dxi(t) =

(1.2)

a
1+kLi(#)

SYH(t) = aal2(q) — BuyH(t)
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where the operators Lij 'saregiven by

Li(z) = t—h|+/ (t+9)¢ (9ds,
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X is the amount of mMRNA (messenger Ribo-Nucleic Acid) by the transcription of
genei, y' theamount of protein by thetransation of x' and Z isthe repressor produced
by the proteiny' which shut down transcription in the genei + 1, etc.

The presence of aninitia function ¢, instead of an initial valuey in the Cauchy
problem (1.1), entails some and often unexpected consegquencesin the solution y(t)
for t > tg. In general, there is no longer injectivity between the set of initial data
¢ and the set of solutions y(t). Moreover, the prolongation of the initial function ¢
over theinitial point to is not smooth whenever ¢’(0)~ # Y (to) ™ = f (to,1,) and this
lack of regularity, at to, propagates forward even if the ingredients f, 7 and ¢ of the
problem belong to C*.

For example, it is not difficult to see that, in general, the solution of the Cauchy

problem
y(t): f(t,y(t—f(t))), t Zt07 (1 2)
yt) =¢(t) =o(t—to), t<to ‘

does not possess the second derivative at any point &1 ; such that

gl;i - T(gl,i) = tOv
it does not possess the third derivative at any point &5 ; such that
S2j—1(82) = &ui

for somei, and so on for higher order derivatives. Thisresultsin a sequence of points,
called breaking points or primary discontinuities, where the solution possesses only
alimited number of derivatives, the order of the breaking point, and remains piece-
wise regular between two consecutive of them. Locating the breaking points and
including them into the mesh is a crucial issuein the numerical integration of RFDE
in what any step-by-step method attains its own accuracy order provided that the
sought solution is sufficiently smooth in the current integration interval. In principle,
the breaking points can be computed by recursively solving the algebraic equations
above, which are trivia for constant delays and may be solved "a priori” for time
dependent delays. On the contrary, in the state dependent delay case where the alge-
braic equationis

2.j — (825, Y(&2))) = &y

they depend on the solution and can not be computed in advance. In particular, their
accurate computation depends on the accuracy of the approximation of y, which in
turns depends on the accuracy in the computation of the breaking point itself. This
makes accurate integration of RFDES with state dependend delay areal challenge.

Other discontinuities, called secondary discontinuities, may propagate along the
solution caused by discontinuitiesin the functions f, 7 or ¢. In particular, discontinu-
itiesin theinitial function ¢ may be much more dreadful and cause the termination of
the solution, that may reappear some time later and disappear again giving riseto la-
cunary solutions. It is not difficult to guess that introduction of delayswill a so upset
the well-posedness of the problem and the others stability and asymptotic stability
properties of the solution as well.
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The general theory of RFDEs has been widely developed in the last four-five
decades and resultsin a number of, now classic, books by Bellman and Cooke, Hale,
Driver, El'sgol’ts and Norkin, Kolmanovskii and Myshkis, up to the more recent
monographies by Diekmann, van Gils, Verduyn-Lunel and Walter [14] and Kuang
[30], which also include many real-life examples of RFDEs and more general re-
tarded functiona differential equations.

From the numerical point of view, the presence of delays entails various ad-
ditional difficulties which have been tackled by various different approaches. The
choice of the approach specifically depends on the particular kind of delay one must
handle and the particular aim is pursued in terms of accuracy, stability etc. These
methods range from the classical method of steps, where the RFDE is seen as a se-
guence of ordinary differential equations, to the use of collocation and more general
continuous Runge-K utta methods leading to piecewise polynomial approximations,
or to the transformation of the delay equation into a partial differential equations
with appropriate initial/boundary conditionsto beintegrated by direct or transversed
methods of lines. All these methods, along with some preliminaries and historical
remarks on the numerics of delay differential equations, are described and developed
in the recent book by Bellen and Zennaro [ 7] with particular emphasis to the class of
continuous Runge-Kutta methods and their numerical stability.

Although models based on partial differential equations with delays for inves-
tigating complex biological phenomena started to be considered more than twenty
years ago, they have received very little attention by numerical analysts and, to our
knowledge, no public domain code is available for their integration yet. Developing
algorithms for the numerical integration of partial differential equations with delays
appears a very promising common ground of research for numerical ODE and PDE
communities and reveals an attractive and challenging area of investigation that, in
our opinion, will play a central role for the research in biomathematics during the
next decade. For an overview of retarded partia differential equations, see Wu [38].

1.2 Solving RFDE by Continuous Runge-K utta methods
Here we will present two different approachesfor solving RFDES (1.1) in the equiv-

alent form
{y(t): f(tyt),n), t=>to, (13)
Yio =Y(to+8) = ¢(s), s€[-r,0 '
where we have outlined the possible dependence of f on the state functiony and on
the current value y(t) as well. The methods are both based on the use of Continuous
Runge-Kuttamethods (CRK) as applied, step by step, to the local problems

V\/(t)Zf(t,W(t)N\It), th <t <thyq,
w(t) =n(t), to<t<t, (1.4)
{W(t)fP(t), t<to

where 7 is the continuous approximate solution provided by the CRK method it-
self. The straightforward application of the CRK methods (A, b(6),c) to the loca
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equation (1.4) takesthe form
N(tn+6hni1) = Yn+hnra X1 bi(6) f (t n+1vY|thll )’ 0<6<1,
Y =yn+hnet SV g @ (g, Y, Y‘ ), |71,..., : (15)

wheret/,, ; =t + Cihy11 and the state functions Y! ae suitable approximations of
+

Wi - For sake of conciseness we omit the dependence of Y on n.
It is evident that, as long as all the state functions Y (s) = Y'(t},, +$9),
+1

€ [-r,0], have to be computed, according to the action of the functional f, only
at argumentsssuchthat t!, ; +s<t,, wemustset Y'(t\ , +s) = n(t\,, +s) andthe
equation (1.4) is eesentlally an ODE. On the contrary, When for somei and for some
S, t),, 1 +S> ty, the unknown part of the state function Y' ( s) has to be provided

by suitable extensions of the CRK method itself. In thIS case referred to as over-
lapping, the structure of the Runge-Kutta equations will change and the problem is
intrinsically different from an ODE.

A central issuein the convergenceanalysis of the step-by-step method for RFDES
ishow itsdiscrete and uniform global errorsdepend onthelocal discrete error and the
local uniform error of the method (1.5)(see Bellen and Zennaro [7] for definitions).
The convergence of the CRK methodsfor RFDESs is governed by the following The-
orem provedin [7].

Theorem 1.1. Giventhe mesh .}, of maximum stepsize h, assumethat all the break-
ing points of order p+ 1 areincluded in .#},, so as the solution y(t) is piecewise of
classCP*(to, tf). If the method (1.5) has discrete order p (i.e. discrete local error of
order p+ 1) and uniform order g (i.e. uniformlocal error of order g+ 1), then the
resulting method for RFDES has discrete and uniform global order min{p,q+ 1},
i.e

max [ly(t) — n(t)|| = o(hMMPaTL).
tieth

_ min{p,q+1}
Jrax Iyt —n@ll=oh )-
In other words, the local uniform error does not propagate and, in particular, the
local uniform order q = p— 1 is sufficient for preserving the global order p of the
overall method.

1.2.1 Continuous Runge-Kutta (standard approach) and Functional
Continuous Runge-Kutta M ethods.

Degpite the first method we are going to describe can be applied to the general prob-
lem (1.3), let us be more specific and consider, as a specia case, thefollowing RFDE
with discrete state dependent delay
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Y =t (ty®)y(aty)), b<t<ty,

where, for the sake of simplicity, we have set the deviated argument t — z(t,y(t)) in
the form o(t,y(t)). One possible option in the implementation of (1.5), referred to
as standard approach, is characterized by the choice Y'(t!,, +5) = n(t\, , +s) for
all i, which correspondsto setting, in (1.4),

W = nt;Vt € [tn,tn+1]

Thelocal problemisthen

w(t) = f(t,w(t),n(a(t,w(t)))), th <t <tnya,
W(t):n(t)’ o<t <ty
w(t) =o(t), t<to

and the CRK methodsis
N(th+6hni1) =yn+hna XY, bi(0)F(th, YLV, 0<6<1,
Y = yot o 3 agf(tl, YY), =1
Yi=n(a(t.,Y)).

If overlapping occurs, that isif, for someindex i,

th < at(th1,Y') <ta+ Cihya,

then _ . .
o(thi1,Y') =th+ 64 1hnta,
with : :
; ot ,Y') —t
0<) gy, = LYVl
hn+1

and the spurious stage values Y' are still given by the continuous extension

\4
Y'=n(th+ 6 1hni1) = Yo+ o1 D, bj(6h, 1) F(t, 5, Y, YD),
j=1
Since the deviated function y(e(t, y(t)) is approximated by the continuous extension
n(e(t,y(t)) in both current and past integration intervals, the standard approach is
usually referred to as the Continuous Runge-Kutta method, simply.

It isworth remaking that if overlapping occurs, the current Runge-Kuttaequation
turnsout to beimplicit even if the underlying method is explicit. However, in spite of
the appearance of possible spurious stages Y', the dimension of the algebraic Runge-
Kutta system preserves the dimension s by using the alternative K —notation
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N(th+6hni1) = yYn+hna XV bi(O)K, 0<6<1,

K = f(t;].;_yyn‘f‘ hn+12}/=13injaYn+ hn+12}/=1bj(9ri1+l)Kj)v i=1...,v,
where

: oty 1 Yn+ a2 aK)) —t
n+1 — h .
-1

Remark that overlapping takes place when the stepsize is larger than the delay as
well as, independently of the stepsize, when we are integrating in a neighbourhood
of points where the delay vanishes. Therefore the standard approach is suitable for
stiff problemswhere an implicit CRK method is used. However, in presence of over-
lapping, the structure of the Jacobian of the Newton solver changes and this could
lead to additional difficultiesin the variable step size implementation of the overall
method. The standard approach outlined above will be described in detailsin Section
1.3 as applied to a specific biological model leading to a system of tiff RFDESs with
discrete vanishing state dependent delays that sums up, in its numerical integration,
some of the theoretical and practical difficulties described above.

Ascounterpart to the standard approach | et us consider asecond method designed
for the general equation (1.3), including RFDEs with distributed delays, where the
local problem (1.4) is still approximated by the CRK method (1.5) but, for each i,

the unknown part of the state function Yt'i is now given by
n+1

. \4 . . .

Y'(tn+ 6hny1) = Yn+hni1 2 aij (e)f(té+1;YJ7Yt} ), 0<6 <gc. (1.6)

j=1 n+1
This approach, called Functional Continuous Runge-Kutta (FCRK) method, beside
being still based on CRK methods, is quite different from the standard approach.
In particular, as the RK method makes use of v stage-valuesY', i =1,...v, as ap-
proximations of w(t,, ), v different state stage-functions Ytli are defined which
n+1

approximate the state functions w;i " "
Remark 1.2. Contrary to the standard approach, the resulting method preserves the
implicit/explicit character of the undelying CRK method also in case of overlap-
ping. This makes the FCRK method competitive for non stiff equation with small or
vanishing delays, leading to possible overlapping, as well as for functional integral
equations such as

1
Y© =F(ty), [ Ktsy(s)ds).
where overlapping takes place at every step.

The method, described in Section 1.4 inits general form, was presented by Cryer and
Tavernini [13], [35] as a particular predictor-corrector version of polynomial collo-
cation. The method was recently reconsidered by Maset, Torelli and Vermiglio [32]
who developed it in the general form (1.4) and derived the necessary and sufficient
order conditions up to order four, along with some order barrier with respect to the
number of stages.
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1.3 A threshold model for antibody production: the Waltman
model

We consider a mathematical model describing the mechanism by which an antibody
is formed in response to an antigen challenge. This is one of the better understood
parts of the human immune system and has been widely treated in the scientific liter-
ature. The earliest models were chemical kinetics or predator prey models (see Bell
[3, 4, 5]); afterwards Hoffmann [25] and Richter [34] proposed network-based mod-
els including inhibiting and stimulating kind of signals. We consider here a more
sophisticated and widely shared threshold model which makes use of an integral
threshold to describe the onset of B-cell proliferation and to mark the signal which
activates the antibody production. Such kind of approch has been extensively con-
sidered in the literature (see e.g. Gaticaand Waltman [18, 19, 20], Waltman and Butz
[37], Waltman [36], Cooke [12], Hoppensteadt and Waltman [29]).

These threshold models, which are still valid and topical (see e.g. [26, 31]) are
complicate to treat mathematically and have the peculiarity to lead to functional dif-
ferential equations rather than to ordinary differential equations.

The framework we consider describes a realistic athough simplified situation
describing the challenge of a chemical antigen which binds to receptor sites on the
surface of lymphocytes. This determinesthe activation of asignal which givesriseto
the lymphocyte production phase; the nature of this triggering mechanism is still not
exactly known to immunologists and the model aimsto represent it in avery general
way.

Inthefirst phase, the one preceding the onset of lymphocyteproliferation, the dy-
namics describing the interaction among free antigen molecules, free receptor sites
and bound receptor sites is described by a chemical reaction-like system of stiff or-
dinary differential equationsy’(t) = fa (y(t)).

Inthe second phase, which is established through afirst threshol d effect modelled
by an integral equation which depends on the concentration of bound receptor sites,
the model changes form and is described by a system of delay differential equations

of the typey'(t) = fp (y(t),y(al(t,y(t)))) where y denotes the vector of unknown

concentrations of antigen molecules and receptor sites and a1 (t,y(t)) <t is adevi-
ating argument which allows to model the memory effect of the phenomenon. Such
deviating argument dependson the solution y itself (the so-called state of the system)
and its dynamicsis also described by a suitable functional differential equations.
Finally, in thethird phase, which is established through a second threshold effect,
the model is described by a larger system of delay differential equations which in-
cludesthe proliferation of antibodies. A further memory effect is described by a sec-
ond deviating argument so that the whole system is described by a system of six delay
differential equations; four equations describe the dynamics of the concentrations of
antigen molecules, free and bound receptor sites on the surface of lymphocytes and

antibodies. They havetheformy’(t) = f¢ (y(t),y(al(t,y(t))) ,y(ocz(t,y(t)))) , Where

o(t,y(t)) <t denotes the second deviating argument modelling the memory effect
in the antibodies production process. The remaining two equations describe the dy-
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namics of the deviating arguments o; and o,. Astime increases the memory effects
tend to reduce or also to disappear in the model which means that o (t,y(t)) and

o(t,y(t)) approacht.

1.3.1 Thequantitative model

The whole model is an interesting system of stiff delay differential equations.
To describe it mathematically, we introduce the following quantities:

(1) ya(t) the concentration of unbound antigen molecules at timet;
(2) ya(t) the concentration of unbound receptor sites at timet;

(3) ys(t) the concentration of bound receptor sites at timet;

(4) ya(t) the concentration of unbound antibodies at timet.

Initial phase.

The antigen molecules and the receptor sites combine according to the mass action
law,

Ya(t) = —r1ya(t) ya(t) +rays(t)

Yo(t) = —rayi(t) ya(t) +raya(t)

Ya(t) = riya(t)yz(t) —raya(t),
with r1,r, denoting suitable rate constants.

This model holds until the time tg when the trigger to initiate lymphocytes pro-
liferation begins. The model assumes that tg is given by the integral equation

fo

/ 1 (1(9),Ya(S),Ya(s)) ds = m,
0

being my an appropriate biological threshold. The previousintegral models the accu-
mulation of signals depending on the concentration of free antigen molecules, free
receptor sites and receptor-antigen complexes.

Intermediate phase.

In this phase new receptor sites are generated so that the system evolves according
the following equations,

y1(t) = —raya(t) y2(t) +rays(t)
Yo(t) = —rayi(t) ya(t) +rays(t) +arsyi (oa(t)) y2 (oa(t))
Ya(t) = roya(t)yz(t) —raya(t),

where a is an amplification factor and oc1(t) <t models a memory effect described
by the integral equation
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t
| 1018y2(9ys(8) ds=m,  t>1o. (1.7)
o (t)

This model holds until a certain time t; when the trigger to initiate antibodies pro-
duction begins. The model assumes that t; is given by the integral equation

/ 2 (y2(9),ya(s)) ds=m,
0

being my an appropriate biological threshold.
Final phase.

In this phase antibodies (y,) are produced by the immune system according to the
following equations,

Ya(t) = —raya(t) y2(t) +r2ys(t) — sya(t) ya(t)

Ya(t) = —rays(t)ya(t) +raya(t) +aryys (oa(t)) yz2 (eu(t))

Ya(t) = raya(t) ya(t) — rays(t),

Ya(t) = —sya(t)ya(t) — yya(t) +braiyi (oa(t)) y2 (e2(t))

where sisacombination factor, b isan amplification factor related to antibody secre-
tion capacity of plasmacells, y isacatabolic factor and a»(t) <t isasecond memory
effect described by the integral equation

t
|ty ds=m,  txh 18)
(1)
Summary
Thewhol e problem consists of six equations; four to describe the interaction between
the antigen and the immune system,

Yi(t)=—T1ya(t) ya(t) +r2ys(t) — sya(t) ya(t)

Yo(t)=—r1y1(t) y2(t) +rays(t) +arays (oa(t))yz2 (oa () H(t —to)

Ya()=r1ya(t)y2(t) —rays(t)

Ya(t)=—sy1(t) ya(t) — yya(t) +briys(ea(t)) y2 (oa(t)) H(t —t1)
and two to describe the dynamics of the deviating arguments o1 and o, which are
obtained by differentiating equations (1.7) and (1.8),
f1 (ya(t),y2(t), ys(t))

f1(ya(oa(t)),y2(0a(t)),ys(ca(t)))
/ f2 (y2(t), ys(t))
o,(t)=H(t—t
=) s (@ ), s (02(0)
where H(x) is the Heavyside function (H(x) = 0if x < 0 and H(x) = 1if x > 0).

(1.9)

o1 (t)=H(t—to)

(1.10)
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Fig. 1.1. Solution components of the problem (1.9) with the choice of parameters given in Sect
1.3.6.

Numerical integration

From the numerical point of view the model presents the following difficulties (see
also Figures 1.1 and 1.2):

(i) the deviating arguments are state-dependent and hence are not known in ad-
vance;

(ii) thedelayst — aa(t,y(t)) and t — or(t,y(t)) become very small as time grows;
this prevents the possibility of considering the problem step-by-step as a system
of ordinary differential equations;

(iii) the solution components have very different magnitudes and have very steep
variations in correspondence of the triggers initiating the proliferation first of
lymphocytesand later of antibodies;

(iv) the presence of discontinuitiesin the right-hand side, due to the threshold mech-
anisms, determines a certain number of breaking points, which haveto be treated
carefully in order to avoid aloss of accuracy;

(v) thesystemis stiff and therefore needsto beintegrated numerically by animplicit
method.
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102 10?
100,
L (0
t— o (t) 10 t— o (t)
10—2,
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Fig. 1.2. Delays of the problem (1.9) with the choice of parameters given in Sect 1.3.6.

We have numerically integrated the problem by means of the code RADARS,
whose main features are described here. We shall discuss the application of stiffly
accurate collocation methods based on Radau nodes to systems of delay differential
equations of the form

Y (0) = (YOt y0), y(ep(ty(1)) ) (L.1)

with initial data
y(to) = Yo, y(t) = g(t) for t <to.

We assume that the deviating arguments are such that o (t,y(t)) <t foralt >ty and
for all i.

As we have mentioned the integration of delay differential equations presents
several additional difficulties with respect to ODEs.

In particular, discontinuities may occur in various orders of the derivative of the
solution, independently of the regularity of the right-hand side; this could lead to a
lossin the accuracy of the numerical approximation. Small delays complicate the use
of explicit approximation methods and determine a structural change in the Runge—
Kutta equations of implicit methods; on the other hand large delays force to store
a large amount of information (the solution in the past). Furthermore error control
strategies for ODES may be inappropriate for delay differential equations since the
continuous output has al so to be controlled. For acomprehensive discussion on these
issues we refer the reader to [7].

The remainder of this section is organized as follows. First we describe the inte-
gration process. Then we describe a technique to compute breaking points which is
peculiar to implicit methods. Afterwards we direct our attention at the Newton pro-
cess for the solution of the Runge-Kutta equations associated to each step. Finaly
we deal with an error control technique which iswell-suited to stiff delay equations.
The last section illustrates the application of the code RADARS to the considered
Waltman model.



1.3 A threshold model for antibody production: the Waltman model ~ XVI1I
1.3.2 Theintegration process

We direct our attention here to stiff equations and more generally to problemswhere
the use of an explicit method would lead to stepsize restrictions which are not due to
accuracy requirements and can be overcome by using an implicit method.

The integration scheme we consider is based on the v-stage Radau 1A colloca
tion method (in particular the code RADARS uses v = 3). For a detailed description
we address the reader to [21], [22] and [23]. We use the following notation:

o f(t,y,z,...,2p) denotestheright hand side function;
o thenodes{c;}, theweights {b;} and the coefficients {a;; } arethose of the Radau
1A method; in the case v = 3 its Butcher tableau is given by

4—6| 88-7V6 296-169v6 —2+3V6
360

10 1800 225
4+6|296+169v6 88+7v6 —2-3V6
10 1800 360 225 .
1 | 16-v6 16+6 1]
36 36 9
16—/6 16+/6 1
36 36 9

Y1 denotes the j-th stage value computed at the current step;
hni1 = th11 —ty indicates the current stepsize;
oyj = 0y(tn + Cjhny1,Y!) yields an approximation of o (tn + €j hns1,Y(tn +
Cjni1));

o n(t) is the piecewise polynomial continuous approximation to the solution. In
most cases it is given step-by-step by the collocation polynomial associated to
the method.

The Runge—Kuttaformula appliesto (1.11) as

O=F (Yi, o YV, Z8 .z ZPL . ZP) i=1,.v
(112)
yn+1:YV7

with
. v . . .
R =Y —yn—ha ¥ ajf (mrcih Y 28, 2P), (113)
=1

and

oyi) if oy <t

Z“{g< ') 0 <to

T]((ng) if oyj > to.

Also here we have omitted the dependence of Fi, oy; and Z,; on n. The continuous
approximation n to the solution at the m-th step, that isfor ty, <t <tmi 1 (M<n),is
given by one of the following polynomials,
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Unltnt Dhmi1) = Zo(O)yn + X AN, 007, (114

i=1

[%2]

Vm(tm+ 0hme1) = Y Z40)Y,  9€[0,1]. (1.15)
i=1

Remark that in (1.14) and (1.15) the stage values Y ' are those relevant to the interval
[tm, tm1]- Herehp 1 isthe stepsize used at the m-th step, .4 (1) isthe polynomial of
degree v satisfying .Zi(ci) = 1and % (cj) = Ofor j #i (wherecp=0andcy,...,Cy
are the nodes of the method) and % is the polynomial of degree v — 1 satisfying
Z(c)=1and Z(c;) =0for j #i(j,i=1,...,v)).

In most cases the first polynomial is chosen, but in those cases where ty, is a
jump discontinuity for the solution (see [21]) the second polynomial providesamore
accurate uniform approximation.

If oj <tq forall £ and j, then all arguments Z!l can be explicitly computed
by the knowledge of the continuous approximation of the solution in the past, that
isn(t) fort <t,. This situation corresponds to the so-called method of steps (see
[8]). In such a case we have to deal locally with a system of ODES. Nevertheless, if
oyj € (tn,thy1] for some pair (¢, j), it means that there are delays which are smaller
than the used stepsize; hencen (oy;) isnot known explicitly. Infact for m=n, um (or
vm) identifies the continuous output to be computed in the current interval [tn,tn; 1]
(which thus depends on the unknown current stage values). As a consequence the
structure of the nonlinear equations (1.12) would be quite different with respect to
the previous case.

For this reason, in order to solve the Runge—Kutta equations, we are driven to a
more sophisticated scheme with respect to the one used for ODEs.

1.3.3 Tracking the breaking points

As we have seen in Section 1.1, a serious difficulty is the possible loss of regularity
of the solution, due to breaking points, even in the presence of smooth functions
f(t,y,2), g(t), and ci(t,y) (i=1,...,p) inthe problem (1.11).

In most cases, only afew breaking points are significant for a numerical integra-
tion, because discontinuities in a sufficiently high derivative of the solution are not
recognized by the numerical method.

In the case where o does not depend on y(t) for all i, the breaking points can be
computed in advance by solving first the scalar equations o (§) = to for £, then for
every solution §y the scalar equation ¢ (&) = & and so on. For an efficient integra-
tion, computed breaking points can be inserted in advance into the mesh. But in the
genera (so-called state-dependent) case, where - for somei - a;; depends on 'y, such
acomputation is not possible a priori.

If the breaking points are not included in the mesh and a variable stepsize in-
tegration is used, the stepsizes may be severely restricted near the low order jump
discontinuities. Thusit isimportant to design an algorithm that allows acodeto com-
pute automatically the disturbing breaking points and to include them in the mesh of
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integration (for an extensive discussion we address the reader to [22]). In this way,
not only step rejections will be avoided, but also the accuracy of the approximation
will be significantly improved.

Detection of breaking points

To compute the set B of breaking points, at the beginning we set B = {to} (and
possibly include irregular points of theinitial function g(t) of problem (1.11)). The
problem is to find the zeros of the functions

df(t'C):af(tvn(t))7Cﬂ gilaapv (116)

where { € B isaprevious breaking point and 1 (t) is a suitable approximation to the
solution.

A very simple approach would be to test, in every accepted step, whether at |east
one of the functions d,(t; ) (see (1.16)) changes sign. The breaking point can then
be localized, computed and added to the set B. Such a strategy is often expensive
because of the many step rejections that usually occur when approaching a breaking
point. We consider instead the following strategy (see [22]). Suppose that the prob-
lem is integrated successfully until t, and a stepsize hy,, 1 is proposed for the next
step. We expect a breaking point in [tp,th + hn1] if the following two conditions
occur:

(a) the step isrejected, i.e., the iterative solver for the nonlinear system (1.12) fails
to converge, or the local error estimate is not small enough,

(b) there exists a previous breaking point § such that d(t;§) = op(t,up—1(t)) — &
changessign on [tp, th+ hn1], where u,_1 (t) isthe continuous output polynomial
of the preceding step.

The extrapolated use of u,_3 in order to approximate the solution y in the interval
[tn,th + hnt1] is safe because we assume that the solution is regular in the previous
accepted step. On the other hand the use of extrapolation may lead to an approxima-
tion of the breaking point which is not accurate. For this reason we do not use the
polynomial u,_; for its computation.

The search hence activates only in case of a stepsize rejection and proceeds
through the following phases (we focus attention on the n-th time step, where we
assume a stepsize rejection).

Algorithm 1.3 Assume that the step [tn, tn + hn 1] iSrejected;

1. Look for zeros of the functions
d(t:0)=ou(tunsl®) =¢  ¢E€B Ce{l...p},
fOI’ t 6 [tn,tn+ hn+1]; R

2. 1f /e {1,...,p} and {  Baredetermined such that dj(tn; 5)-dg(tn+hn+1; f) <
0 passto Algorithm 1.4;
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3. Otherwise reduce the stepsize according to classical criteria.

If Algorithm 1.3 actually detects a breaking point, the exact breaking point will be
close to the zero of d;(t; {). Weindicate it by £, that is

o (E.wn1(d)-E=0. (117)
Computation of breaking points

Once a breaking point is detected the second phase of the procedure activates with

the goal to compute it to the desired accuracy. Let usdenoteby Y = (Y1,-- ,YV)T
the vectors of unknown stage values.

Algorithm 1.4 Supposethat a breaking point has been detected by Algorithm 1.3.
1. Weiteratively solve the augmented system

Y':yn+hZa”.f(tn+cjh,YJ,le,...,Zp‘), i—1...v (L18)
=1
(Xz(tn—l—h un(tn+h)) = ¢ (1.19)

with respect to the unknowns'Y and h.

2. If theiterative process convergesthen set h, 1 = hand goto 4.

3. Otherwise reduce the stepsize according to classical criteria and exit;

4. If the step isaccepted (that isthat the estimated local error is below the required
error tolerance) then the new point £* = t, + hn, 1 is inserted into the set of
computed breaking points;

5. Otherwise reduce the stepsize according to classical criteria and exit.

Since we are interested in stiff problems we solve the Runge—Kutta equations
by means of a suitable Newton process. In order to preserve the tensor structure
of the Jacobian in the Newton process for solving (1.12)-(1.13) (see [21] and the
next subsection), we alternatively solve (1.18) and (1.19) until convergence (for a
convergenceanaysissee[22]). Experimental tests have shown that this strategy turns
out to be very effective.

Remark 1.5. The need of an accurate computation of the breaking pointsis common
to all methods for integration of equations with delays. However, for non-stiff prob-
lems, the procedure above turns out to be significantly simplified by using the class
of explicit methods described in Section 1.4 because, in that case, the simultaneous
solution of the RK equations and the breaking point equation is implicit in the sole
unknown h.
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Theoretical remarks

Other authors considered aternative techniques for approximating the breaking
points (see e.g. [24] and [17]). Contrary to our approach, they do not use the contin-
uous output of the current step, but some approximation whose error is difficult to
control.

The main idea presented here is related to the fact that in the algorithm which
computes the RK-step, the stepsize is not fixed but is variable; this allows for an
accurate computation of the breaking point to the discrete order p of the method (the
root £ of (1.17) may instead be a quite inaccurate approximation of it and is related
in any case to the uniform order of the method).

For the following discussion we assume that equations (1.18) and (1.19) are
solved exactly. Under suitable smoothness and regularity assumptions the following
results hold (for the proof see[22]).

Theorem 1.6. Let y(t) be the solution of (1.11), and let { and & be exact breaking
points of the problem such that o (£,y(£)) = ¢ (for some ). Further, let £* be an
approximation of { obtained with sufficiently small stepsizes, and let £ € (tn,thi1).
If

d
glatym)|_, #o (120
then the breaking point & * computed by the Algorithm 1.4 satisfies

& =&l <C(llynr1 — Y(tns ) | + 15" = C1),
where C is a suitable constant.

As a conseguence of this result we are able to extend Theorem 1.1 (see aso
Theorem 6.1.21in [7]).

For problems (1.11) with state dependent delays it may happen that t,, is a nu-
merically computed breaking point, and the corresponding exact breaking point is
dlightly different. If at this point the solution has a jump discontinuity, the global
error cannot be bounded in terms of h. Nevertheless we have the following con-
vergenceresult. Let H represent the maximal stepsize andr = max{2v —1,v + 1},
being 2v — 1isthe classical order of the method.

Theorem 1.7. Consider a smooth delay problem (1.11) on a bounded interval with
well separated breaking points satisfying (1.20). If, instead of the exact breaking
points, those obtained by Algorithm 1.4 are used, then we have

In@®) —y@)[| = H"), (1.21)
where the function ¥ = 9(t) satisfiesd =t+ 0 (H").

For the proof see [22].
Thisis equivalent to the property

In@®)-y®)|=0H")  foraltg],
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with
I=U[&.&7T.
i>0
where {&i };. and {§},. o denote the sets of the exact and of the corresponding nu-
merical breaking points (respectively)and [&;, &*] denotesthe interval between them.

Continuous approximation after breaking points

Since the solution is in general not smooth in correspondence of a breaking point,
al so the continuous approximation may beinadequate. As an example, if the solution
has ajump in correspondence of a breaking point, the use of the collocation polyno-
mial should be avoided sinceit forcesaglobal continuity and hence determinesaloss
in the uniform approximation accuracy. To obtain a more accurate approximation we
prefer to consider in general the polynomial v, (see (1.15)) of degree v — 1, which
interpolates the values Y' but not ym, (compare with (1.14)). This choice allows a
globally discontinuous approximation to the solution and determinesalocal uniform
order g = v. This choice might be better with respect to the use of the collocation
polynomial also when the solution is theoretically continuous but in practise has a
jump, that isit presents alarge variation with respect to the stepsize h (see e.g. [21]).

1.3.4 Solving the Runge—Kutta equations

We solve the Runge—Kutta equations by means of a suitable Newton process. Then
we make use of the further notation:

o A:={aj} denotesthe RK matrix;

o

Uy e Um (o) if tm < aj <tmya
=30 otherwise.

In order to obtain an accurate computation of the derivatives of the function
l:I (Yla e aYvalea e azlvv' . azplv' o 7va>
we consider the following approximation

JF;

p ~
Sy Sikla — i1 D, (@ikDek+ Duk) (1.22)

(=1

where l4 denotesthe d x d-identity matrix, Six is the Kronecker delta symbol and

LI
Dek—g—erﬁTl (oK) '
S ot ayy

5@k= Aj == Sok-
Z‘l dz, oYk

i 0 d af df af of
with a_ay[ = aiy[(tnaYn)' y g_y(tnvynvcla"' ao-p)! and 7 = g_zﬁ(tnvynvala"' ao-p)!
where o, = 11(0yo) and oo = 0 (tn, Yn)-
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We note that the last term Dy is always zero if the deviating argument falls on
the left side of t, ; more precisely, we get

% = Ujila,
where _
%fk N { f"(WJ) :thelrllvflji;,o (1.23)
with

w€] = ((Xg(tn + CJ hn+1,Yj) — tn) /hn+1.
The considered approximations make the Newton process inexact and linearly con-
vergent.

Structure of the Jacobian in the general case

Inorder to solve (L12) weset Y = ((Y1)T,(Y3)T,..- (YV)T)T, the v-d-dimensional
vector of unknowns, and consider the Newton iteration process. In the general case
the Jacobian of (1.12) is given by the following matrix,

of & of doy P of

J=1,@lg—hn1 A | —+ Y =—n'(awg)=— | —h Au'e=—,

1% d n+1 <ay ggl azé n ( ZO) ay ) n+1 égl az
(1.24)

where |, indicates the v x v-identity matrix, d f /dy, d f /dz denote the matrices of
the partial derivatives of f w.r.t. they and z variables respectively, dot,/dy the row

vector of the partia derivatives of oy w.rt.y and % ¢ = {%ﬁ}vk ) (see (1.23)).
J =

Although J is actually an approximation of the true Jacobian of (1.12), in order
to distinguish it from further simplifications, we shall call the corresponding Newton
iteration as quasi-exact.

The quasi-exact iteration is always the correct one and in particular it is substan-
tially exact also in the cases when the delay vanishes or the stepsizeislarger than the
delay. It allows a more efficient solution of the Runge—K utta equations although be-
ing quite expensive; in fact the Jacobian has afull structure (although often sparse),
so that the cost of the LU factorization of Jis (1/3)-(vn)3 (9-n®if v = 3). No
genera reduction to a specia structure is possible in this general case. Nevertheless
observethat 7 ¢ is the zero matrix if the corresponding ¢-th deviating argument does
not fall into the current step (see (1.23)). If this situation occursfor al ¢ the problem
presents a so-called ODE-like structure.

The ODE-like iteration

Consider the case when % ¢ = 0 for all ¢, that is the case where delays are larger
than the stepsize or equivalently that the deviating argumentsfall ontheleft of t,, i.e.
oy(th+cjh,Y)) <ty foral j=1,...,vandforal £ =1,...,p. Then we have that
thelast termin (1.24) isidentically zero; this means that
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of D of 306/5
J=1,l4—hp1 AR | — + Y —n'(oyg)== | :=Jp. 1.25
v®lg—hny1 <ay Z,lazéﬂ( 10) 8y> b (1.25)

Then, following the ideas of Bickart and Butcher, the matrix Jg is pre-multiplied
by (hn:1A)~1® Iq4. Successively, in order to exploit the structure of the system, the
idea is to block-diagonalize A~ (this is completely analogous to the ODE-case as
shown e.g. in[28]). Indicating by T the transformation matrix, wehave T "1 A1T =
D (where D is block-diagonal); then, introducing the transformed variables W :=
(T~1®1q4)Y, we obtain an equivalent Newton iteration with Jacobian

~ of P of ao,
_1 / 4
Jo = hn 1D® lg— 1y ® <—ay —i—gél—a n ((Xgo) Jy ) (1.26)

Since the obtained linear system has block-diagonal structure, the linear algebrais
certainly more efficient with respect to the original iteration (based on Jo).

But when the stepsize is larger than one or more delays, which means that - for
some ¢ and for some j € {1,...,v} - a(th +¢;j hny1,Y)) > t,, the situation is com-
pletely different and the previous procedure cannot be fruitfully applied to (1.24).
In order to maintain the advantage of the tensor structure given by (1.26) one could
proceed by considering an inexact Newton process where the correct Jacobian (that
is(1.24)) isonly roughly approximated by (1.25). In thisway - considering the trans-
formation to (1.26) - the LU-factorization in the Newton process would be cheaper.

Therisk liesinthefact that the Newton iteration may become significantly slower
or also have problemsto converge.

The stopping criteria implemented in the code RADARS are similar to those
used for ODEs (see [27, 21]). Let us shortly review them. We set YK the k-th iterate
generated by the Newton process in order to approximate Y, the exact solution of
(1.12), and define AK = YK —yk-1_|f the method is linearly convergent, as we
expect, we have |[AN|| < ©||A=1|| with |@| < 1. Then we get the estimate

< 9

yK _
I8 -Y) < =5

Ak, (1.27)
In order to estimate © theratios
O = [lal]|/akY)

are progressively computed. According to (1.27) and setting nx = 6x/(1— 6y), the
iteration is then successfully stopped if

nlla¥) < p-Tol, (1.29)

where Tol is the adopted error tolerance and p is a suitable coefficient. We denote

by Kmax the maximum number of allowed iterations. The iteration fails if one of the
following situations occur (for some k < Kmax):
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O >1, (1.29)
Ok

Al -Tal. 1.
17@k|| | >p-To (1.30)

Condition (1.29) indicates that the iteration is diverging while condition (1.30) esti-
mates that (1.28) seems not to be fulfilled within the remaining k ax — K iterations.

Preserving the tensor structure of the Jacobian

Aswe have mentioned, using (1.25) as aninexact approximation of (1.24) may be not
safe. An efficient simplification would consist in possibly approximating the matrices
" in(1.24) as

w'~9y'1,,  forastitabley’ € R.

This would determine for the corresponding Jacobian matrix the same special ten-
sor structure of the Jacobian matrix Jog (hence allowing a transformation which is
analogousto (1.26)).

The ODE-like iteration correspondsto choosing y‘ = Ofor all ¢. But when % ¢ #
0 we have seen (and experimentally verified) that this might be quite critical for the
convergence of the Newton process. Thus a suitable choice of the parameter y* turns
out to be important for the convergence of the Newton iteration.

A structure preserving approximation

A first possibility is that of setting ¢ = I, if oy(tn+cjh,YJ) > t, for some j; this
strategy isimplemented in the first version of the code RADARS.

A second possibility, which has been included in the second release of the code
RADARS consists in finding the optimal coefficient y* on the basis of a suitable
optimization criterium. We propose the following choice:

Y Hr;;iﬂgn%ﬂylvuz (1.31)

where || - || is the Frobenius norm.

This choice has been motivated both by the simple determination of the opti-
mal coefficient, which is be obtained by using such norm, and by the good results
obtained in our numerical experience.

Since the argument function in the min in (1.31) is a quadratic function with
respect to ¥, the global minimizer is computed explicitly (see [23]). We remark that
in the special case where oy (t,y(t)) =t, we obtain - as we expect - y* = 1. Thiscan
be reasonably interpreted as the approximate situation where the stepsize is much
larger than the corresponding delay.

With the previous procedure we obtain the foll owing approximation of (1.24)

of P doy >8f
Jy =1, ®lg—hA® [ — + "ogo) =—+7 ) =— |, 1.32
y =l ®lg <3y ;‘,l<n( 10) 2y ' 82{) (132
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and consequently, by making use of the same transformation used in order to obtain
Jo (see (1.26)), we get

~ p
3= (hay)” D@ld—lv@a( + 3 (e g;+¢)§—;), (13

having the same block-diagonal structure of Jp.
Implemented algorithmin RADARS

The inexact iterations are computationally convenient. In fact the transformation of
the approximated Jacobian to (1.33) isvery convenient; for the 3-stage Radau method
the cost for the linear systems would be (5/3) - n® ops.

We allow two possible Newton iterations in the method:

o a cheap inexact iteration which consists of setting % * = y*1, (according to
(1.31)) and leads to a block-diagonal structure Jacobian matrix;

o anexpensive quasi-exact iteration, which consists of taking % ¢ # 0 according to
(1.23), which leads to a full-structure Jacobian matrix.

Thefirst iteration turns out to be equivalent to the second oneif the stepsizeis smaller
than all delays, that is all deviating argumentsfall on the left-hand side of the point
th; furthermore it is very close to the second also when the delays are much larger
than the stepsize, that is when oy (s,y(s)) = s (for al ¢) in the integration interval
[tn,th+1]. The strategy we have chosen is the following. We make use of an iteration
indicator Iflag which drives the procedure.

Algorithm 1.8 At the beginning of the step, if necessary, we compute the ODE-like
Jacobian Jo.

1. If necessary we compute the optimal values ! (¢ = 1,..., p) according to (1.31)
and update the Jacobian J, according to (1.33). Then we set Iflag = 1 (inexact
iteration).

2. Otherwisewe set Iflag = O (pure ODE-like iteration).
3. Apply the inexact iteration.
4. If theiteration fails (see (1.29) and (1.30)) we stop it and go to 6.
5. Otherwise we accept the step and exit.
Possible switch to a exact iteration.
6. If Iflag = 0 we reduce the stepsize and restart a new step: go to 3.
7. Otherwisewe set Iflag = 2 (quasi-exact iteration).
8. Apply the quasi-exact iteration.
9. If the quasi-exact iteration fails (see (1.29) and (1.30)) we stop it and reduce the

stepsize. Then we restart a new step: goto 1.
10. Otherwise we accept the step and exit.
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1.3.5 Local Error Estimation and Step Size Control

Step size selection strategiesfor stiff ordinary differential equationsare usually based
on error estimations at grid points. For delay equations, where the accuracy of the
dense output strongly influences the performance, such an approach is not sufficient.
We shortly recall the technique used in RADAUS [27, Sect. 1V.8], and we discuss
a modification suitable for delay equations. Standard error estimators for ordinary
differential equations are based on embedded methods. Thisleads to

\4

Ayn=hni1f(Ynza) + D& (Y —yn), (1.34)

i=1

where the coefficients g are chosen such that Ay, = ﬁ(h;jll) whenever the problem
and the solution are smooth. For very stiff problems, the expression Ay, largely

overestimatesthe true local error; thusit is pre-multiplied by the projection matrix

P=(lg—hnaA(fy+...)) ", (1.35)

where A is a real eigenvalue of the Runge—Kutta matrix A. Whenever the tensor
product structure in (1.33) is exploited, an LU decomposition of the matrix |4 —
hnt1A (fy+...) isalready available from the simplified Newton iterations..

We consider the following norm for an arbitrary (error) vector wp,

13 whi)?
w2 =5 > (*2)

i—1\ S

where s = 1+ p|yni| and p is the ratio tol; /toly between the relative (tol;) and
absolute (tol;) input tolerances per step (which are used for the stepsize selection).
Then we denote by @, the following measure of the error at grid points,

@n = [|Ayn]|.

We shall call wy as the discrete component of the local error. In the genera case,
the local order of the error-estimating method turns out to be v + 1, that is o =
o(hylD).

Estimation of the error in the dense output

As we have mentioned, for delay equations, where the uniform accuracy of the nu-

merical solution has aso influence on the local error, it is necessary to control the
error uniformly in time. To do this we may consider in general aso the polynomial

Vi (see (1.15)) of degree v — 1, which interpolates the values Y ' but not yp,. It turns
out that

= ﬁrg[%xl] [[Un(tn + hn19) = Vn(th + My 1) || = [|Un(ta) — Va(t) || = O ().
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We use this quantity as an indicator for the uniform error and denote it as continuous

component of thelocal error.

The estimate used for the stepsize control isfinally given by

€Tn = Y10 + YZ(Un)(VH)/V = ﬁ(hr\;ill

),

(1.36)

with the parameters y1, 7> > 0 possibly tuned by the user. This choiceis the fruit of
both theoretical and empirical analysis. The order of the estimationis v+ 1 (that is
4 if v = 3) when the solution is smooth, and is obtained quite cheaply. After error

estimation stepsize prediction is obtained by classical formulas (see [27]).

1.3.6 Numerical illustration for the Waltman problem

In this final paragraph we illustrate the behavior of the algorithms presented in this
section, which have been implemented in the code RADARS (version 2). The code

applied to problem (1.9) behaved very well.

In particular, let us focus our attention on the breaking point computation tech-

nigue, on the devised Newton process, and on the error control strategy.

We consider thefollowing choicesfor the model problem (1.9)—(1.10): f 1 (X, y, w)
xy+w and fa(y,w) = y+ w are the functions modelling the accumulation effectsin
(1.7) and (1.8), a= 1.8 and b = 20 are the amplification factors, y = 0.002 is a
catabolic factor, r1 = 5-10%,r» = 0 and s = 10° are combination factors. Finally, in
order to simplify the problem, wefix to = 35, t; = 197 as the activation instants.

The initial values and initial functions are given by y;(t) = 5- 1076, y,(t) =

1071, and y3(t) = ya(t) = a4 (t) = op(t) = 0fort <O0.

breaking point H ancestor ‘ argument

£, = 55.21325176
£, = 69.26718167
£3 = 79.63960593
&4 = 197.0000071
£5 = 197.0000115
£¢ = 197.0000125
&7 = 197.0000147
£g = 197.0000173

[
&1
&
fo
&1
S
G2
S3

o
o
o
o
o
o
o
o

Table 1.1. Some of the computed breaking points.

Theright-hand side of the differential equation hasjump discontinuitiesatt o = 35
and t; = 197, but the solution is continuous and has jumps only in its derivatives.
Therearetwo state dependent delays a1 (t, y(t)) = ys(t) and o(t, y(t)) = ys(t). After
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activation, the first delay monotonically approaches a constant value (nearly vanish-
ing delay); the second has an extremely steep slope and rapidly approaches 0 (see
Fig.1.2).

The code successfully solves this problem on the interval [0,300] for al toler-
ances. Breaking pointsfor the solution are obviously t g andt; (included in the mesh).
The code further computes several breaking points, some of which are indicated in
Table 1.1. Dueto the nearly vanishing delays in the problem, there is a huge amount
of breaking points beyondt = 197, and our computation shows that only a few of
them are important and have to be included in the mesh. Any code that tries to com-
pute all breaking pointswill be inefficient for this problem, becauseit hasto take too
small steps. With relative and absolute tolerancestol, = 1078, tol, = 10~%ol, at the
endpoint t = 300 the numerically computed values of the deviating arguments are

01(300) = 299.9999,  0(300) = 299.6649,

while the stepsize h = 16.5045, which means that the stepsize is much larger than
the delays.

version 2 version 1
e| feval error |feval error
3 2227 0.218 |2800 0.778
6 | 3409 6.85e-4|4244 1.05e-2
9 | 7939 3.32e-6|8537 2.48e-4
12|22694 3.66e-8] — ——

Table 1.2. Error behavior: comparison between versions 1 and 2 of RADARS.

Table 1.2 illustrates the behavior of the code for various relative error tolerances
(per step), which we denote by tol,. We indicate by e = —log(tol, ). We denote by
feval the number of function evaluations and by error the computed relative error on
the solution. For tol, = 1012 version 1 stops soon after t;.

Finally look at the effects of the approximation of the Jacobian described at the
end of Section 1.3.4, and implemented in version 2, of the code RADARS (nstep is
the total number of steps).

version2  version 1
nstep feval |nstep feval
210 1575 | 393 2798
316 2307 | 443 3091
631 4554 | 798 5621
10|1183 8544 | 1447 10340
122311 16644| 2799 20021

Table 1.3. Behavior of Newton iteration: comparison between versions 1 and 2 of RADARS.

oo ~lo
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Table 1.3 shows that the new version of the code is more efficient than the previ-
ous one. This confirmsthat a better approximation of the Jacobian achieved.

Observe that for smaller tolerances, the advantage of the novel approach is less
evident since the average stepsize decreases and overlapping occurs less frequently.

1.3.7 Software

Release 2.1 of the code RADARS is presently being distributed at the web-sites
http://univag.it/~guglielm
http://www.unige.ch/~hairer/software.html

with several examples, including the considered Waltman model.

1.4 The Functional Continuous Runge-Kutta M ethod

In this section we construct the Functional Continuous Runge-Kutta Method intro-
duced in Section 1.2 for the general Retarded Functional Differential Equationinthe

form O o
=T{tw),t=
{y(t)=¢(t),ttgto. ° (1.37)

According to (1.5) with the option (1.6) for the stages-functi onsYt‘i , the FCRK
n+1
methods takes the form "
v .
N (th+6hny1) =1 (tn) +hnpa Y bi (6)K', 6 €[0,1] (1.39)

i=1

where the derivativesK' are given by
Ki— (t,'m,vt'im) (1.39)
and Y| isastage-function given by
n+1

. \4 .
Y'(tn+ 0hni1) = 0 (th) + hnya _Zlaij (6)K!, 6 €0,ci]
=
Y(t)=n(), t<tn

(1.40)

Note that the coefficients &;j, i, j = 1,..., v, are polynomial functions of the pa-
rameter 6 € [0, 1] and this feature renders these schemes different from Continuous
Runge-Kutta (CRK) methods where only the weightsb;, i = 1,..., v, are polynomial
functions of 6.

The method is called explicit if & (-) is the zero function for j > i. In case of
explicit methods the derivativesK', i = 1, ..., v, can be successively computed as:
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. Kl:f<t1 vi )where

e

Yl (tn+ 9hn+1) - n (tn), 6 S [0, Cj_]
Y =n(t), t<tq

(notethat K* = f (tn, 7,) when ¢y = 0) and
o fori=2,..,v,K =f (tfiHl’Yti;Hl) where
Y! (th + 6h) = 1 (t) 4 hns 1 ;iiajj (0)KI, 6 €0,c]
Yit)=n(t), t<t,.
On the contrary in the general implicit case described by (1.39) and (1.40) the

derivatives vector K = (K1,...,K") € RV is the solution of an vd—dimensional al-
gebraic system.

Remark 1.9. Let us note that if ajj (-) = bj (-), then Y' = n fori = 1,...,v and the
FCRK method coincides with the standard approach. On the contrary a CRK method
(A,b(-),c) coincideswith a FCRK method when it isnatural, i.e. ajj = bj (¢i), i, j =
1,...,v, and the coefficients are given by a;j (-) = b; (-).

When the FCRK method is applied to ODEs, only the value ) (tn+hnt1) is
needed and (1.38), (1.39) and (1.40) become

\4

N (th+bhny1) =n(th) + hn+lz bi (1) K,

i=1

K' = f (t;wrlaYi (tri1+1))
and

Y (thy) =N (tn) + o1 Y, aj (G)K! (1.41)
=1

respectively. So it is the same as the v—stage RK method for ODEs (A, b, c) where
Aisv x v—matrix of elements

aj:aj(ci),i,jzl,..v (1.42)
and b is the v—vector of components

b = by (1), i= 1,...,V.



XXXII' 1 Numerical Methods for Delay Models in Biomathematics
We denote the FCRK method by the usual Butcher tableau

C1 a]_l(e) ... Aqy (9)

crlav (0) . . . av (6)
B1(6) ... by (6)

Here are some elementary examples of FCRK methods.

e One-stage FCRK methods:
c|o

“ (1.43)

i.e.
1 (tn+6hny1) =1 (tn) +hns16K®, 6 €(0,1]

where K = f (tn + Chn+1aYti+chn+1) and

Y!(th+ 6hn11) = 1 (tn) + hny26K*, 6 €[0,c]
Yit)=n(), t <tn

In particular, for c = 0,1/2,1 we get the explicit Euler, Midpoint and implicit

Euler FCRK methods respectively.
e Trapezoidal FCRK method:

(1.44)

0
N (tn+6hn 1) =1 () + hn 15 (K1 +K?), 6 €[0,1].

whereK! = f (to,my, ), K2 = f (tnﬂ,vtfﬂ) and

Y2 (tn + 6hn+1) - n (tn) + hn+1% (K1+ KZ) 5 6 S [O, 1] .
Y2 () =n(t), t <t

According to the Remark 1.9, the foregoing examples turn out to be standard
approach. Next two are not.

e Another version of the trapeziodal FCRK method:

(1.45)
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1 (th+ 6hns1) = 1 (tn) + hnia [(9_9_2)

92
5 Kl—i——Kz} , 0€[0,1]

2
whereK! = f (th, 1), K2 = f (tn+lath+l) and

Y2 (tn+ 6hn+1) == n (tn) + hn+1% (Kl+ KZ) 5 9 S [O, 1]
Y2(t)=n(t), t <tp.

This version differs from the previous one in what it has uniform order two in-
stead of one.
Heun method:

(1.46)

92
N (th+6hny1) =1 (th) +hnpa [(9 — 7)

whereK! = f (tn, m,), K? = f (thi1,¥%,,,) and

Y (tn + 6hn+1) =n (tn) + hn+16K2a NS [07 1]
Y(t)=n(),t <t

1 62 2
K +7K , 0€10,1]

The explicit Euler and Heun methods for the general RFDE (1.37) were first

presented by Cryer and Tavernini in [13]. In the subsequent paper [35], Tavernini
considered particular implicit FCRK methods derived from collocation and particu-
lar explicit FCRK methods derived from predictor-corrector versions of the formers.
In particular, he obtained the four-stage explicit method

0 0 0o o 0
1 0 o o0 0
: eJ’—Zz 9—22 0 0
1 e-% &£ 0 0
and the seven-stage explicit method
0 0 o o 0 o 0 0
1 0 0o o 0 o 0 0
: 9—9—%2 9—22 0 0 0O 0 o
11 6-% & 0 0 0o 0 o©
50-% 1% 0 202 &4% 0 0 0 (147)
219301208 g pg2_ 49 —%+%3 O 0 o
110-3 122 o 202 4 _&,28 o 0o o0
b.(6) 0 0O 0 b5 (0) b (0) by ()
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where , A
by (6) =6 — & + 303 %%

_ 992 150% | 276
0)="%5 -5+

)

) 902 3_ 2794
)=— g +66°— Zg-
)

_ 6% _ 30°% , 96*
b7(6) =% -+

More recently Maset, Torelli and Vermiglio in [32] provided, for the FCRK
method, uniform and discrete order conditions up to the order four and found the
minimum number of stages necessary in the explicit case.

In the remainder of this section we provide the order conditionsfor FCRK meth-
ods and construct explicit methods of uniform global order two, three and four. Fi-
nally, we analyze the effect of perturbations due to approximationsin the evaluation
of the right-hand side function f in (1.37).

1.4.1 Order conditions

Henceforward we assume the following simplifying conditions for the v—stage
FCRK method (A(),b(-),c)

\4
Z bi (9) =0,0¢ [Oal]
ISt . (1.48)
Y aj(0)=06,0€c[0c],i=1..v.
j=1
which guarantee the uniform order one. Moreover, we set b = by (1), i=1,...,v,
and denote by cj, ..., c;. thedistinct ¢i’s.
The (necessary and sufficient) condition for the uniform order two is
v 62
Zbi (0)c = X 0 €[0,1] (1.49)
i=1

whereas the condition for the discrete order two is the previousonewith 6 = 1.
Therefore the one-stage methods (1.43), which have uniform order one, have
discrete order two iff ¢ = % On the basis of Theorem 1.1, the method (1.43) with
¢ = 1 hasglobal order two.
Moreover the two versions (1.44) and (1.45) of the trapezoidal rule have discrete
order two and uniform order one and two, respectively. Thus, both of them have the
global order two.

In Table 1.4 we show the (necessary and sufficient) additional conditionsfor the
uniform orders three and four.
The conditions for the discrete orders three and four are obtained by setting 6 = 1.
Note that the conditions are quite different from the order conditions for the RK
methods. The most striking difference are the sums
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Order Conditions

3
i bi (6) (i aj(B)c; —ﬁ;> =0,0¢€(0,1], B €[0,cq)
ok T
Ih(0)F =2 001
i=
form=1,...,v*:

4 iél b|(6) <]§la|](B)C]2[§> :0,96[0,1],[36[0,0?“}
a=Cy _

33 b)) (Eanme-F)-00c0.. pefog], reloa
ci:Cer;CFn -

Table 1.4. Uniform order conditions for FCRK methods.

M-<

i
Ci

1*
C
where we do not sum over al nodes but only over those that are equal to c;;,.

1.4.2 Explicit methods

In this section we specialize the previous order conditions to explicit methods by
setting &;; () equal to the zero function for j > i and then construct methods up to
global order four. Explicit methods satisfying (1.48) must have c1 = 0. Moreover we
assume, without loss of generality, cj # Ofori=2,...,v andset c; = 0.

Two-stage explicit methods satisfying (1.48) take the form

0 0 0
ol 6 0 (1.50)
[6—b2(0) b2 (6)

with ¢, # 0. By (1.49), we see that the methods of uniform order two are given by

92

b2(9):2—C2

,0€10,1].

For example, for c, = 1 we obtain the Heun method (1.46) and for ¢, = % we obtain
the method
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that we could call Runge method since it reduces, in the ODE case, to the classical
Runge method

N )
opik O

0
0.
1
Since the methods (1.50) have uniform order one, the discrete order two suffices

for the global order two and, by (1.49) with 6 = 1, thisis obtained when

1

by =—.
2 2co

Order threeand four

Consider three-stage explicit methods satisfying the simplifying assumptions (1.48)

0 0 0 0
C2 0 0 0
151
C3 9—8.32(9) a32(9) 0 ( )
[6—b(8) —bs() b(6) bs(6)
where ¢y, c3 # 0. By (1.49) the condition for uniform order two is
92
by(0)co+bs(0)c3= TR 0 €[0,1]. (1.52)
Thefirst conditionin Table 1.4 for uniform order threeis
3
b2 (6)c3+bs(6)c3 = 9—, 0 c0,1]. (1.53)

3
Thus there exist polynomials by, bz satisfying (1.52) and (1.53) only if ¢, # c3. In
this case one of the two remaining conditions for the uniform order three reads
ﬁz
0e(0) (-5 ) =00 € 0.1, pe o,
Since b, () # 0 (thisfollows by (1.52) and (1.53)) explicit FCRK methods (1.51) of
uniform order three do not exist. Note that the same order barrier holds for explicit
CRK methods where four stages are necessary (and sufficient) for uniform order
three (see[7]).
Now we look for three-stage explicit methods (1.51) of uniform order two and
discrete order three, and then of global order three. First, let us consider the case

C2 # C3. By (1.49) and Table 1.4 with 6 = 1, the necessary and sufficient conditions
for uniform order two and discrete order three are

b2(6)Ca+bs(6)cs= %, 6 € [0,1]
b2C%+b3C%:%

ﬁZ
b *7) = Oa B € [OaCZ]

b3 332([3)02—5—22) =0, B €[0,c3].
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Thethird conditionyields b, = 0 and then thefirst two conditions are satisfied when
¢z = £ and b3 = 3. Thus amethod (1.51) is of uniform order two and discrete order
threeif and only if

bﬁ@%:%é—%muﬂq,eemi
a32(6) o 0 c [0703].

:2—(:27

An example of such amethod (obtained with b, (-) =0and c3 = %) is

o0 o 0 O
% 6 0 O
3 3
£16—32623602 0
6—36% 0 367

that reduces to the three-stage Heun method

in the ODEs case.

Other methods (1.51) of uniform order two and discrete order three can be ob-
tained when ¢, = c3. In this case (1.51) is of uniform order two and discrete order
threeif and only if

N

Co=C3= 3
bs 0

302
b2 (6) = T - b3(6), 6 €[0,1]
3.32(6) = 196Lb3’ RS [0,C3].

An example (obtained with bz (6) = £6) is given by

koinwin ©

that reduces to the

in the ODEs case.
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We can conclude that three-stage FCRK methods of global order three actually
exist asin the ordinary case.

When we passto consider FCRK methods of global order four, i.e. uniform order
three and discrete order four, six stages turns out to be necessary and sufficient. Note
that for explicit CRK methods, the uniform order three and discrete order four is
achieved with four stages only (see[7]).

Consider then a six-stage explicit method satisfying (1.48)

0
C2 0
Cs3 0 —az(0) az (0)

& ej§2a4,-(e> 2i(0) a3 (0)

Cs 9—j§2a5,-(6) as2(0) as3(0) ama(6) (1.54)

Co e—jiasj(e) 3:2(0) ae3(8) am(0) ass(0)

06— Tb(0) b(6) bs(6) ba(6) bs(6) bo(6)

i=2

where ¢y, C3,C4,Cs5,C6 # O.

By using the conditions for uniform order three and the conditions for discrete
order four (6 = 1) in Table 1.4, we can show that a six-stage explicit FCRK method
(1.54) is of uniform order three and discrete order four if

C3# C4

#_% -1

bs,bs =0

b3 )Ca+ 14 (8)Cs+bs (6)cs+bg () cs = &, 6 €[0,1]

(6
b3 (6) 3 +ba(6)ch+bs(6)cE+bs(6)cg = %, 6 €[0,1]
2

a2 (0) = &, 0 €0, cz]
a42(6>C2+a43(6>C3 = 7, 0c [0,C4] (1-55)
a52(~) =0 , ,
0 0
253(0) = 5536, 203 ~ Fatcia) 0 € (0:C4]
2]
364 (0) = — 750,203 + 3Ty 0 € [0.08]
ag2 (") =0
263 (0) C3+ 64 (6) Ca+ @65 (0) cs = &, 6 € [0, 4]
& g
263 (0) 3+ 864 (0) G4 + @65 (0) ¢ = &, 0 €[0,¢q).
So, by taking the abscissae c3, ¢4, Cs, Cs such that c3 # ¢4, €4 # €5 and
Cs+Cs CsCs 1
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and weights and coefficients such that

bo(-) =bs(-) =ba(-)=0

a()=0
a52(~) =0
ap2(-) = a3(-) =0
we obtain the following tableau
0
C2 0
2 2
C3 0 ZZTE 2802 ”
Csq 2] 23 0 263
Cs| 0—as3(0) —asa(0) O as3(0) asa(6)
Co| 0 —ae(0)—a(0) O O  am(f) aes(6)
6—bs(6)-bs(6) O O 0 bs(6) bs(6)
where , .
_ 8 0
a53(6) = 203(64;03) B 303(C4—§3) 0 €[0.c]
_ ¢ 0
254 (0) = _zé:%(cﬁcs) T 3o 0 € [0, cs]
c 0
a'64(9) = 2C4(C5952C4) - 3C4(C5—§4)’ 6 € [07 CG]
_ c 0
35 (0) = _2(235(05104) + 3Cg(C5—C4)’ 6 < [0,Co]
6 0 6¢el0,1]

b5(6> = 2C5(Ce—2C5> o 3C5(C6_C5)
)

— 0°Cg 93
T 2c6(ce—Cs) + 3cg(Cg—Cs) S [07 1] .

Figure 1.3 displayes the couples (cs, Cs) satisfying the relation (1.56). Among them
we quote cs = 1/2 and cg = 1 and, symmetrically,cs = 1and cg = 1/2.

It is worth remarking that conditions (1.55), which are sufficient for uniform or-
der three and discrete order four, are al so necessary whenthe abscissaec, €3, C4, Cs, Cg
aredistinct.

The construction of higher order FCRK methods is in progress. So far it was
proven that seven stages are sufficient for uniform order four and are necessary in
case of distinct abscissae. An example of a seven-stage method of uniform order
four is given by (1.47).

1.4.3 Thequadrature problem

For RFDEs with distributed delay

t

{y(t) =F (t,y(t) ,t_fT k(t,s,y(t+s))ds) ,1>1g (157)
y(t) :¢(t)a t<to

the function f in (1.37) is given by
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Fig. 1.3. The curves are the set of couples (cs, Cg) € [0, 1}2 satisfying the condition (1.56)

0
f(t,p) =F (t,<p<0>7/k<t7s,<p<s>>ds>

and involves anintegral. So, in general, we can provide only approximated values of
f by aquadraturerule. In other terms, we shall use an approximation f.
Another situation where an approximation of f isrequired isthe RFDE

{wt) —F (1, S ktmyt—mm) ) =t .
yt)=¢(t) t<to
where the function f is given by

f(t,p)=F <t,<p(0)7 iok(t,m,q)(me)

In this subsection the effect of using an approximation f instead of f ina FCRK
method is considered. We report only the main result whereas the details can be
foundin[32]. B

We denote by f(t,p;A) the approximation of f(t,¢), where the parameter
A takes into account the adopted approximation procedure in the computation of
f (t, @) such as, for example, the quadrature rule selected for the integral in (1.57).

Let usintroducethe errors

S;H_l = f (tl!]+l7yt:]+1;)bf!1+l) —_ f (t'!H—l,ytiprl) 5 | = :I.7 ceey \%
where /Ir‘] 1 isthe parameter relevant to the procedure used for the approximation of

f (t,iHl,Ytii > in (1.39). It can be easily proved that if
n+1
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: . 1
g =0 ((hnﬂ)mm{w ,p})

for al n and i, then the globa order remains min{q+ 1, p} even if the values

f (tfiHl’Yti;Hl) are replaced by their approximations f <t},+l,YtL+l; 1)

For instance, in case of (1.57), replacing the integralsin

i
tn+1

Flt Y (), / K(th.8 Y (thg+9))ds|,i=1..v
t;\+1_T

by a composite |-point Gaussian quadrature rule, with

- [min{qu, p}w
2 )
acrosstheintervals [t),, ; — 7,tm] C [tm-1,tm], [tk tbra) k=m,...,n—1,and [tn,t}, ],
the global order min{q+ 1, p} is preserved.

We end this section by remarking that (1.57) can be numerically integrated also
by the numerical methods, specifically designed for integro-differential equations,
described in [10], [9] or [11] where the quadrature rule for the integrals is a part of
the method.
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