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Population Dynamics

of Measles

l. Introduction

Measles is among the best documented of
humand:seassmmrmsofepid:mioiog
andpopulanondvnmc:.'fh:sstamsanm
‘romacomomauonorthreefacmrs.m
:he disease represents 3 major source of

monality and morbdity in human popula-
-~mbazhmthehmonealmom.ad
currently (Anderson .and May. 19913, The
aurzuncpl.wsn::zmRl:a;\-sesnueﬂmmslesa:sal
izast as imporiant 2 disease as smailpox
. Black. 1984). Measies is stll a2 major killer
in developing counwies {killing over 1.3
million children 2 vear). despite the 2xis-
rence of an effective vaccine (Mcle2n and
Anderson. 1988ab: see also Chapter 11)
The second special feamre of measles
rwhich i1 shares with many other chiidhood
-espmtonvn-almfecnonmsthermwh

'qmplenann'alh:smrvotuansmmononhe

stiological agent measies virus (Fipe and
Clarkson. 19822 Black. 1984: Nokes and
-\nd::son. 19883). Esscm:allv, msmss:on

jefined incubation and infections penods.
Immunity 10 re-infection 1S subsequently ef-
fecrively lifelong in immunologically com-

mdmauals who survive the pﬂmzn
m:mom The third epidemiologicai 12ctor.

F=aciic and Imeczous Di

wh:chansesmth:ss:mpxe:ourse of
infection. is that infection cxaracteristic-
aﬂvommsd:mngmshme spidemics.
since 2 wave of infection “resoves indi-
viduals from the susceptible 10 ©oe immune
class (Hamer. 1906: Soper. 1929: Bartlert
1957.1960: Black. 1966: Schenzie. 1984:
Anderson and May. l9‘91).\ale:smsepm¢m
ics 1end 10 be episodic in small communities
(Chiff and Hagperr. 1988). but =2 show re-
markably reguiar oscillations : Browniee.
1919: Anderson ¢z al. 1984: C::5 and Hag-
sent 1988). both seasonallv ard on longer
mmorepmdcmrcum:saks.m..mncom-
munities that have a sufficientiv arge rate o1
recruitment of susceptibie chiiczen to make
the infection endemic (Fig- 1L

In terms of cuanttagve o:search on
measles epidemioiogy. thepum::ncanhm-
pormanun\mcemdem:ucha\'mrm
mmslcshasspannadmd:su:nbodmot
work: epidemioiogical modeiizg and the
smdvo!nonhneardmam:sm-haos.\\e
shall consider each one in turn.

A. Epidemiological Modeling
There is 2 long and distinguist2d tradition

o:’ancmpwstounuﬂmndthcﬂ-nam:csm
measles infection. its persistencs in commu-
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Figore 1 Time series iczses notified) and power spectra for England. Wales. and New York (3) Weekly case
reporis for England and Wales, 1948~ 1968. (b) Monthiv case repors for New York Ciry. 1928~ 1964. ic) Power
specoum for England and Wales data: specza smoothed with 3 3-poimt running mean (Chatfield. 1975: Priestley.
1982). (d) Power specoum for New York City, dama and method as for ¢ Specral analvsis of yecurring epigemics
generates power specoa with peaks that yecur at intervals egual 1o the inverse of the interepidemic period.

nities. and the impact of heterogeneities in
transmission with respect 10 age. season.
and spatal organization of the host popula-
gon (Hamer. 1906: Soper. 1929: Bartlerw
1957.1960: London and Yorke 1973: An-
derson and May. 1985.1991: Diez and
Schenzle. 1985: May. 1986). The advent of
an effective vaccine. and its widespread use
over the last three decades (Black 1984)
has also generated extensive development of
this theory. which addresses the importam
issue of estimating the critical level of vacci-
from 2 community (Dietz. 1976: Anderson
and Mayv. 1982). In parailel with these theo-
retical Sevelopments. the relatively long
time series of measles case notifications.
which are availabie for 2 number of coun-
tries. have been 2malvzed statistically bv a
number of workers (Brownlee. 1919: Fine
and Clarison. 1982b: Clhiff and Hagpett
1988) 10 assess the relative impormance of

. annual and longer 1erm periodicies in the

epidemic paniern (Fig- 1).

B. Nonlinear Dynamics and Chaos

The availability of plansible models and
relatively long time series of incidence have
also made measles epidemics (which are es-
sengally 2 manifestation of predaior-prey
dvnamics) of considerabie interest 10 popu-
lation ecoiogists (May. 1986). A recemt and
very stimulating exampie is the anempt by
several groups—notably Schaffer and co-
workers (Schaffer. 1985b: Schaffer ang Kor
1985: Kot &1 al.. 1988: Olsen er al. 1988:
Olsen and Schaffer. 1990)—10 idenufy
fiuctuations in measies incidence as mani-
festations of for chaotic Gynamics. ~Chaos™
is the general name given to irregular pat-
terns of behavior appearing in systems gov-
erned by simple deterministic rules. Chaos
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occurs in models of host—parasite sysiems
as a result of dynamic instability caused by
sxireme “boom-and-bust” cvcles in host
and parasite abundance (Schaffer. 1983b:
\Mav. 1986). Measies is one of the best can-
mﬂamsforcnaoncdmmsmabaomcal
wswm outside the laboratory. An extensive
ofworkhasﬁcnnﬁedpnmechaouc
amractors for measles. based on both ob-
servadmadmc:dm(msenaat.. 1088:
Sugihara and May. 1990) and the simpiest
homogeneous cpndemolomﬁ.l model. the
SEIR (susceptible/exposed/infectious;re-
sovered) model (Schaffer and Kot 1985:
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Rand and Wilson. 1991). However. difhcul-

" ties do arise with this approach. In addition

to the problem thar the available measies
time series may be simply 100 shon for the
starisical methods used 10 detect chaos
(Nychka er al. 1992). the modeling ap-
proaches to this problem have tended 10 12-
nore more realistic formulations of measies
cyvnamics developed for epidemiological
purposss. Currently. this problem is being
addressed by apalyzing the nonlinear dy-
pamic properties of more realistic epi-
demiological models (Bolker and Grenfell
19931

The following sections review the current
status of measies modeling. This subject is
vasL so the weatment of most areas neces-
sarily is imited. We begin by discussing the
structure and properties of the simple SEIR
model. and the effects of biological refime-
ments 10 improve its epidemiological real-
ism. We then review current work on the
nonlinear dvnamics of measies. and expiore
the implicarions of fusing the epidemiclog-
cal and nonlinear approaches 1o measles dy-
pamics The chapter concludes with a dis-
cussion of directions for future work.

}i. Basic Model Framework

A Infection Dynamics
Mezsles provides one of the most

'sum'ghﬁommmofadxmﬂv‘ v trans-

mined microparasitic infection (Anderson
and May. 1991: see Chapter 3). The stan-
dard pantern of infection for developed
countries (Nokes and Anderson. 1988bL
whics applies effectvely 10 all immunolog-
caily competem individuais in the popuia-
don is summarized in Fig 2. After a shon
»eriod of maternaily acquired passive im-
mmuniry. voung children become susceptible
10 infecion. Infective comtact with in-
fectious individuais (involving a wransfer of
virus. predominantly via aerosol) moves in-
diviguais into the asymplomatic exposed. or
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latent. group for a period of 69 days. Then
individuals progress to become infective for
" 6-7 days, showing the characteristic rash of
measles for the last few days of this period.
Finally, immunocompetent individuals who
survive infection (and measles is assumed
not 10 be faral in the simplest models) are
effectively immune 10 subsequent re-infec-
tion. and therefore are recovered and effec-
The main instrument for disease control is
the vaccination of susceptible children with
a live anentuated measles strain. developed
originallv in the 1950s (Black. 1984). In
terms of the model, vaccinarion simply
moves individuals directly from the suscep-
tible 1o the recovered class.

B. Compartmental Structure

The essence of this progression is cap-
tured a1 the population level by the well-
known SEIR model, which has a long his-
tory of study in mathematical epidemiology
(Hamer. 1906: Soper. 1929: Kermack and
McKendrick. 1927.1932.1933: Dierz and
Schenzle. 1985: May, 1986: Anderson and
May. 1991). This model is expressed as a se1
of three nonlinear ordinarv differential

equatons

%-;&’(l—p)—(n-!-ﬁns

Z = pIS~ (u+ o)F M

%-GE—(}:+7)I.
and makes the following epidemiological as-
sumptions. S. E. I. and R respectively repre-

semrhedensmofsusaepﬁhle.uposed.m—_

fectious. and recovered ‘individuals in a
constant total population of size N= S+
E=J<R (given this identity. only the
three eguations for S, E. and J are necessary
10 speciiv the system). Average per caviia
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mortality rate due 10 all cawses is u w7,
indicating an average life expectancy of 1/u
T, since infection -is assumed not to cause
extra mortality, the net birth (&V) and

. death [3(S + E + I + R)] raies are equal. In

this simplest version of the model (which
ignores the effect of passive maternally de-
rived immunity in infants), individuais are
assumed 1o be born susceptible. with vace-
nation effectivelv ar birth moving a propor-
tion p into the recovered class at birth. The
parameters ¢ and 7 (y1™') are rate parame-
1ers controlling the movement of individu-
als out of the exposed and infectious classes.
respectively, such that 1/ and 1/; are the
average incubation and infectious periods.
The net infection rate. SIS. is controlled by
the infection parameter § (vr~! infective™?)
which. in this simplest version of the model
is assumed to be constant. The cormrespond-
ing infection rate per susceptible (the ~force
of infection™: i =8I vr~?) is. therefore. in-
dependent of age. time. spatial structure. or
other heterogeneities. The effects of relaxing
this homogeneity assumption have provided
a2 major focus for theorerical studies of
measles epidemiology in recent years.

of the SEIR model and its various modifica-
tions are summarized lucdiy by May
(1986). Here. we briefly review the proper-
tes of the SEIR model before discussing
bhow epidemiologists have inmoduced
various refinements 1o improve its explana-
10TV pOWer.

C. Equilibrium Properties of the Mode!

The equilibrium of the SEIR mods! (ob-
tained from Eq. 1 when dS/dr=dEjdi=
dljdi=dR/dt=0 21 S=S°. E=F* |=
I*. R=R® E® and J* > 0) can be used 10
lav bare many of its essental properues. The
crucial quanrity is the basic reproduction
ratio of infection. Ry—the number of sec-
ondary cases caused by the introduction of -
an infectious individual imo a wholly sus-
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" ceptible population. In terms of Eg. 1. at

equilibrium
=3.‘— @
where
(p+o)p+3)
St 3
o 3)

s the equilibrium density of suscepubles
and N is total population size. R, must be
gﬁwthmlformemfecnonwpuﬁstina
community. In terms of patterns of measles
incidence before' the onset of vaccination.
the criterion R, > 1. along with Eags. 2 and
3. defines a lower population threshoid for
persisience of infection

Ny=S=. @)

An analosous dvnamic threshold com-

monly is observed in practice and shail be

‘shown 10 be crucial 1o the popuiation dy-

namics of measies.
anznonofapmpomonpalbmhrc—
duces the effective value of Ry 1o
Ry= (1 = p)R,. (5)

so the threshold R} = 1 leads 10 the expres-
sion

Pe=1=1/Ry=1—S*N  (6)
for p,, the critical vaccination proportion
for eradicatng the infecuon For measles.
R, is in the range of 12~ 18. sugeesting that
P, is berween 92% and 95% (Anderson and
May, 1991). The effect on these very ap-
pmxmaxcca.icuhnmsofaﬂmmgmrmorc

D. Dynamic Properties of the Model

For Ry > 1. the SEIR model has a stable
positive discase equilibriuvm that is ap-
proached by damped oscillations with ap-
proximate period 2z2{4(1/0 + 1/5)]*=. where
4 is the mean age a1 infection. Typical epi-
demiologicai parameters for devcioped
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countries before vaccination (when 4 was
43 vrs: Mav. 1986) generate an “expecied”
epidemic period of roughly 2 yr, in accord
with much of the observed data (Brownlee
1919: Anderson &7 al. 1984). although an-
nual and 3-¥T periods are seen aiso (Olsen e
al. 1988). The model also indicates an in-
crease in this interval afier the onset of vac-
cinanon. which again accords roughly with
field observations (Anderson er al. 1984).
Although these predicted pre- and postvac-
cination cyvcle periods are roughly correct
for manv measies data sews. observed
measles time series for larpe communities
show sustained rather than damped oscilla-
tions (Fig. 1). Much of measles epidemic
theoryv has been devoted 10 explaining this
recurrent epidemic behavior through renne-
ments of the basic model

This body of work has aimed at introduc-
ing exwa biological features into measies
models 10 generate sustained oscillations in-
1ermediale berween the swability of the con-
tinuous-time SEIR model and the unswable
peumal cvcles ol its discreie-iime anaiogs.
Since measles is often observed to ~iade
oum™ in the woughs between epidemics. the
first modification is 10 allow for the efiects
of demographic stochasticity (Le.. tracking
the fare of individual hosts). replacing the
deterministic SEIR model with a discrere

swochastic formuiation. The seminal work

here is bv Bartlen (1957.1960.1961.1990L.
who used a combinstion of stochastic mod-
eling and data anaivsis to esumate a lower
popularion threshold for measles persistence.
of 250 to 500 thousand individuals. This
value has also besn derived by other workers
(Black. 1966: Cliff and Haggert 1988).
However. stochastic effects alone cannot ex-
piain the observed parntern of recurrent non-
seasonal measles epidemics commonly seen
in the cides of éeveloped countries before
the vaccnaton era. The origin of recurrent
epidemics has prompted a variety of other
modifications 1o the simple model. most of
which are concerned with the inclusion of

he:erog:nunesmmm
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Figere 3 Typical age distribution of messies infec-
tions in developed conntries before the onsex of vaco-
pation. (3) Observed cumularive proportion infected by
2gz in Evghand snd Wales. Dam from Registrar Gen-
eal's Weeldy Reporms. (b) Estiznated force of imfection
panern by age. showing a characteristic peak i school
age children. Demils of the camiyric model vsed e
given by Grenfell and Anderson (1985). The cwrvein s
shows the it of this model 10 the aw dam.

Ill. Modeling Heterogeneities in Meas.le:
Transmission

A Equilibrium Models

1. Age Stracture

ﬁnce:heSE]Rmoddnsnonhnm the
simplest way 10 explore how heterogeneities
affect its behavior is by considering the
equilibriumn  properties of the associared
models.

Fig. 3a shows a typical cumulative age
distribution of infection for measles in de-
veioped countries before vaccination (Fine
and Clarkson. 1982a: Grenfell and Ander-
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son, 1985). This sigmoid pattern generates

estimates of the age-specific force of infec-

tion tha: are empharically not constant. but

rise 10 a peak in-school-age children and

subsequently decline in adulrs (Fig. Sbl. The

imphcations of this peak in the force of in-

fecton, which reflects higher contact rates

berween children in school. has been exam-

ined by a number of workers (Fine and

Clarkson. 1982b; Anderson and May, 1985:

Diez and Schenzle. 1985; Tudor. 1985).

The basic theoretical approach is replacing
the ordinary differential eguations (ODEs)

of the SEIR model with parnial differential

equations (or sets of ODEs), describing the
progression of infection through age and
tme. The equilibrium approach then con-
siders the temporal sieady state of the sys-
tem, leading 10 a se1 of ODEs that describes
the age distribution of susceptbles. infec-
tions, and so on. The general conclusion of
this approach is that 2 peaked force of infec-
tion panern generates a lower estumate of
the critical level of vaccination (p,) thap the
average infection rate implicitly assumed in
the SEIR model (Schenzle. 1984: Anderson
and May, 1985). essennally becanse mass
vaccination mear birth increases the mean
age at infection of unvaccinated individuals.
so they are exposed in an older age group
with a lower force of infection. This effect is
particuiarly important in other childbood -
infections. such as rubella and mumps. for
which the pattern of morbidity associaled
with infection peaks in the aduk age groups
(Anderson & al.. 1987: Wokmandw
son, 1988a).

2. Spatial and Other Heterogensities

The equilibrium approach has also
vielded valuable insights into the impact of
spatial heterogeneities and intrinsic (per-
haps genetic) differences in infection raie
(Bailey, 1975: Anderson and May. 1984:
Mzy and Anderson. 1984: Diez and Schen-
zle, 1985: May, 1986). The sSsmplest method
adds compartments 10 the basic SEIR model
to allow for spatial variations and other dif
ferences between groups of individuals.
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Probably the most important result 10
emerge from spatial models of this type is
the imporance of concentrating limited
vaccination efforts on centers of population
(May and Anderson. 1984). The dynamic
impact of hererogencities in measles trans-
mission is discussed subsequently.

8. Seasonality and Age Structure in

Transmission Dynamics

As shown in the time series analysis of
Fig. 1. the most obvious manifestazion of
heterogeneity in measles wansmission dy-
pamics is an annual variation in incidence.
generally associated with changes in the
contact rate of children, caused by the sea-
sonal pattern of school terms (Londop and
Yorke, 1975: Fine and Clarkson. 1982b).
Several workers have modeled the effects of
seasonal variations in infection rate (Lon-
don and Yorke. 1973; Dietz, 1976: Gross-
man. 1980: Aron and Schwarzz. 1984:
Schenzle, 1984: Schaffer and Kot :985:
Aron. 1990). The simplest approach in-
volves replacing the constant infection pa-
rameter B of Eq- 1 with a time-varying peri-

odic function such as
B2) = bl1 + bycos(2z)]. )]
- where b, is the average infection rate and b,

" controls the amplitude of vanation around
it. This formuiation has been ‘examined
both in the epidemiological literature 1 Lon-
Gon and Yorke. 1973: Dietz, 1976) and in
the exploration of poniinear dvnamics in
measles incidence (Aron and Schwartz,
:984: Schafier. 1985a: Schaffer and Kot
1985: Olsen and Schaffer. 1990: Rand and
Wilson, 1991). In terms of the maimenance
of recurrent epidemics. seasonal variations
in infection rale cam interact with the
Gamped epidemics of the SEIR model 10
pmdmemsminedcydm&mpieof
this behavior (which can be modeied in
1erms of resopance for small degrees of sea-
sonal forcine. i... for small by; Diez. 1976)
is displayed in Fig. 42 As discussed subse-
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quendy. the situarion is more complex for
large degrees of forcing.

However. an important biological com-
plexity must be addressed first. Specifically.
these seasonal variations in transmission are
also intimatelv bound up to the heterogen-
eites in ransmission with age that are illus-
tra1ed in Fig. 5. In an important paper. Fine
and Clarkson (19822) used measles data for
England and Wales 10 document the sea-

LETHELE T
1]

L

Figure 4 Time sevies enumber of indectives) for o
mieasies models. (a) Sinuscidally foreed SEIR model
(biconial regimne S.o= 15X 1075, o =85X 0.
The model is formulated as =g = ¢:{1 + cost2=1)]
rather than the more standard form 10 mach the RAS
modsl more doselv. 151 RAS model Contaa ranes ad-
jusied for bes §it (leest squares) 1o Engiand and Wales
daza. Other parameters are s given by Schenzie (19831
Poins represem the soean value of correcwed (Fine and
Clarkson. 19822) weeklv case repons for England and
Wales for 2 given point in the biennial cycie over the
vears 1950 -1964. Exror bars show one smndard devia-
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sonal increase in infection rate. partcularly

the pattern of school terms.

Although introducing 2ge structure alone
into the SEIR model does not affect its be-
havior qualitatively, thewmb:mnonofag:
sgucture and seasonality in transmission
has a profound impact In particular.
Schenzle (1984) impiemented the gualita-
tive model of Fine and Clarkson in 2 con-
tinuous-time age—cohort formulation that
mimics the average prevaccination patiern
of measles epidemics in England and Wales
very closelv (Fig. 4b), as well as the qualita-
tive behavior of the infection after the onser
of vaccination. This mode] (which we shall
call the RAS. Realistic Age-Structured.
model) is the most sophisticated deveiop-
mem 10 date of the epidemiological ap-
proach 10 measles dynamics. In the next
section. the RAS model is used as 2 point of
reference for the monlinear dvnamic ap-
proach. : '

IV. Measles, Chaos, and Biological
Realism

Considerable imterest has arisen in the

last decade in the possibility that measles -

dvnamics mav be an ecological candidate
for low-dimensional deterministic chaos
(Schaffer. 1985: Schaffer and Kot 1983:
Kot & al.. 1988: Olsen er al. 1988: Olsen
and Schaffer, 1990; Sugihara and May.

~ 1990: Rand and Wilson, 1991). The nonlin-

ear analvsis of measles dvnamics has been
based on both observed incidence tme
series (Olsen &2 al.. 1988; Sugihara and May.
1990) and dara gemerared from theoretical
models (Schaffer. 1985a: Rand and Wilson.
1991: Grenfell. 1992b). Although the main
issue in the former case is whether observed
time series are sufficiently long 10 detect the
signarure of chaos (Nvchka ez al.. 1992). the
main theoretical issue is whether the forced
SEIR model is sufficiently biclogically real-
istic 10 represent measles dvnamics ade-
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qnmdy.fhislmaim:cisaddrmdintht
following sections.

A. Dynamics of the Forced SEIR Model

spawned a2 number of approaches for detect-
ing chaos in time series gemeraied from
theoretical models These methods [whick
are well reviewed by May e al. (1992) ang
Nychkz er al. (1992)] generally depend on
estimating either the dimension of the at-
tractor to which the system’s dvnamics settle
(e, zero for a simple equilibrium. 1 for 2
two-population Emit cvcie. and fractional
for a chaotic artracior). or the tendency for
nearby trajectories in phase space (comre-
sponding, for example. 1o successive min-

mamtheepd:m:ccvck)todwctg:thh '

nmemchaoncsvstans. The characteristic
measure of this sensitivity to initial condi-
lionsofchaoﬁcsys::ms is the maximum
Lvapunov exponent. which is positive if. on
average. mear trajectories tend to diverge
with time and negative if thev converge. An
impornant general caveat is that Lyapunov
exponents (in addition 1o all other proposed
signatures for chaos) must be imerprered
cautiously in the presence of random varia-
bility embedded in the nonlinear process.
We fllustrate the non-linear propertes of
the seasonzlly forced SIR model (a close an-
alog of the SEIR model. but lacking an ex-
posed class) with a series of numerical simp-

lstions for a ramge of values for the -
_amphitde of sinusoidal forcing conwrolied

by the parameter b, in Eqg. 7. The results.
shown in Fig. 5 as tume and J vs S phase
space plots. reflect 2 progression from 2 sim-
pie annual cycle (b, = 0.01) through a se-
guence of period doubling as b, increases. 10
irregular chaotic filucruations a1 b, = 028.
th:vainepmpmedb\S:haﬂ'aandmﬂaho-
rators (Olsen et al.. 1988). Ahthough other
whmsmnthauhsdwuofscasoml
forcing may be unrealisticallv high (Pool
1989: Grenfell, 1992b). work on the impact
of demographic and eavironmental noise

-
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indicates that chaos-like behavior can be fectives in the population at the beginning of -

produced in noisy sysiems for lower de- each year— for a range of values of 2 partic-
grees of forcing via the operation of long ular parameter— in this case. the amplitude
transients kmown as “chaotc repellers” of seasonal forcine (b,). This procedure gives
(Rand and Wilson. 1991). For the deter- a synopsis of the dynamics for ezch value of
ministic SEIR model with b, = 028. cha- b,. displaying the evenwmal dynamic state of
otic dvpamics are confirmed by a pos- the system in terms of the annual partern of
tive maximum ' Lyapunov exponem of infective abundances. A single point on the
=().43 (Schaffer. 19852). infective axis for 2 given value of 5, corre-

Fig 62 shows 2 broader view of the dy- sponds 10 a stable equilibrium or an annual
namics of the model in a standard bifurce- cycie at that parameter value: two points
tion diagram_ Bifurcation diagrams are cop-  correspond 1o a biennial cycle. and so forth.
structed by sampling a svstem periodically. A large pumber of points means that the
—in this case. recording the number of ip- system is continuing 1o display irregular be-
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haﬁoaaﬁcrlonguznﬁcms,ahaﬂmarkofﬂddiﬁoml population heterogeneity intro-

chaos. This picture clearly ilustrates the
wransition 10 chaos with increasing seasonal
forcing of the infection rate. However. this
irregular deterministic behavior also is char-
acterized ‘by large amplitude fluctuztons
with verv low minima (to 107 X popu-
lagion size in Fig 6a). This unreahstically
low figure is the basis of a number of crit-
cisms of the SEIR/chaos result (Pool. 1989:
Grenfell, 1992b). In particular, the 2sso-
ciated degree of “fade-omt™ of infection ap-
pears 1o be significamly larger than that ob-
served, even in model cities of one million
people [ie. over twice the populaton
threshold empirically derived by Barden
11960), and Black (1966)). Although spanal

beterogeneity appears 1o reduce the degree

of fade-out shightly, fade-out remains a sig-
nificant problem in terms of modeling the
sonlinear dypamics of measles with the
SEIR model (Grenfell. 1992b). This situa-
tion is explored. in terms of the dynamics of
the more reaiistic RAS model. in the next
secrion. ;

B. Dynamics oi the Realistic

Age-Structured Model

Fig. 6d presents a bifurcation diagram for
the RAS model corresponding to the SEIR
bifurcation diagram of Fig. 6a. The picrure
that emerges here is dramatically different
Althongh the RAS model does undergo
some period coubling as seasonal forcing
increases. po evidence exists of irreguiar
chaotic fluctuztions in the density of insec-
<ives. The important biological point appar-
2ot in Fig 66 is that the (imterepidemic)
‘nfective minima for the RAS model are
much higher than in the SEIR model tand
sherefore more tiologically realistic). Boiker
and Grenfell 11993) showed that this fea-
ture. in tum. ieads to a lower propensity for
chaos. which is associated in this class of

models with divergence of model trajector-
ies a1 Jow infective densities. 3

This qualitarive difference berween SEIR
:nd RAS model dynamics arises from 1‘:.:_

duced in the more realisic RAS model
Specifically. the relatively small force of in-
fection in the preschool age group (Fig. 3b)
allows this segment of the popuiation 10 act
as a reservoir of infection, prevenung the
violent swings in infective density that are
generated in the highly forced SEIR model
(Bolker and Grenfell. 1993).

Overzll. this resoht clearly illustrates a
general implication for ecological dvnamics:
introducing extra biological compiexity into
models sometimes can simplify their behav-
ior. partcularly if the introducton of her-
erogeneity reduces the propensity for ex-
weme dynamics (Grenfell. 19922). Adding
more realism in 1erms of demographic noise
jeaves the model essentially intact although.
as discussed by Bolker and Grentell (1993).
additional biologically interesting dvnamic
compiexides emerge as human population
size decreases. Specifically, whereas stochas-
tic models for large populations (for exam-
ple. 30 million) exhibit regular biennial epi-
demics. these models can break down into
more complex behaviors with mixtares of
l-. 2-. and 3-v7 cycles in populatons of 1
million individuals. This iendency raises the
issue of spatial dvnamics which. as discussed
subsequently. 2ppears 10 be the maior direc-
tion for future work in this area.

V. Conclusion and Directions for
Future Work

This chaprer provides a brief summary of
theoretical approaches 10 the epidemiology
and popuiation dvnamics of measies. Given
the huge breadth of this subject. omis-
sions have been inevitable. For example. the
verv difieremt epidemiological paunerns for
measles in developing countries (the most
important area in an applied sense) has been-
modeled successfully (McLean and Ander-
son. 19882 b). although any implications of
seasonai panierns of infection in these sys-
tems have not yet been explored. This chap-
1er has concentraled on the situation in de-
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Standardized apldemie year case reporis

Figere 7 Smndardized total meases incidence in epidemiological vears (1 Oci-30 Sep) for seven cities i
Engiand and Wales Annual 1otals for each dty were sandandized by subtracting the citv mean annual incidence,
then dividing bv the city Randard devizrion of annual incidence. (2) Prevaccination period. 1948-1966. ()

Vaccinaton period. 1968- 1988,

veloped countries. where the simple SEIR
model indicates that relatively strong and
predictable seasomaiity could interact with
the propensity for longer term cveles to pro-
duce complex chaotic dynamic behavior.
An initial evaluation of this resuk using
mmmdmaiogﬁlmodelsm&-
caies thm population heterogeneitv. in
terms of the age distribution of infecton.
However. these resulis interact with the
popuiation size (and. therefore. the spanial
arrangement) of the host (Bolker and Gren-
fell. 1993). Spatal dvnamics are likelv to
constitute 2 major direction for furure work
in this area

A Spatial Heterogeneity and Measies
Dynamics

In an interesting discussion of measles dy-

namics. Olsen & al. (1988) underdined the,
importance of spatial heterogeneity and, 8
particular. parnial spatial coupling betwee:
cities in perpetnating the infection. Partial’
coupling in this coniext means that susceP™=
1ible and infective individuals from different-
places meet ofien enough to keep disca®e:
from fading out eprirely in the populaBion
bmnmsoofnm:hmmeeumepwnh!'%

v-rim:hal:aovnronlcll::acl'n:‘e:::mmc:l'.u:lncﬂl“l

dxm'!‘h:snonhnmm“";i .

L .
R



PATE T

1&Wmdm )

sistence echoes 2 large and sophisticated
body of work on the spatial geograpby of
measles epidemics (Murray and Ciff. 1975;
Ciiff and Ord. 1978; Cliff and Haggen,
1988). Although the degree of coupling does
nolappmtohcabietocxplainmmpladv
the persistence of measles in seasonally
forced svstems. without an appeal to the age
effects poted earlier (Grenfell, 1992b), the
question of spatal beterogeneity is clearly
very imporant. In particular. more theoret-
jcal work is needed 10 examine the impact of
seasonality and age structure on the balance
berween measles fade-out and coupling in
spatial grids with relativelv small individual
population sizes. corresponding to the spa-
gzl arrangement of hosts within and be-
tween cities. These guestions also can be
explored in terms of the available empirical
data For example. Fig. 7 shows observed
annual measies notifications for seven ciues
in England and Wales. before and after the
onset of vaccination in 1968. In the prevac-
cination era (Fig. 7a), epidemics in the cities
were relatively in phase, although signifi-
cant beterogeneines are apparent (Bartlert
1957), particulariv with respect 10 the Liver-
pool notifications (which show much higher
epidemic minima). The theoretcal task is
establishing wiether England and Wales
were coupled sufficiently 10 be an epidemio-
logical umit before vaccinarion and the ori-
gns (possibly arising from local differences
in demography) of systematic departures
from the overall paniern. Afier the onset of
vaccination (Fig- 7b). the epidemics in cities
were much more irregular in timing. and

- #pparenty less in phase with each other.
. Again, the basis of this irregularity (whether

- Gine uprake) is a1 the heart of the problem of
. Meadles spread and persistence. This issue is

A0 of considerable applied imporance

, Sbce vaccine uprake continnes to rise 10
- Gfferent extents in differen: areas.

:  Overall, recem developments suggest that
Lmﬂmamesvnnconnnuetoprescma
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fascinating challenge for epidemiologisis.
ecologists. and applied mathematicians. The
whole question of the interaction between
spatial dynamics and the possibility of cha-
otic dvnamics on some populations scales is
likelv 1o be particulariy fruitful.
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