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Dissecting the dynamics
of acute immunizing
Infections

Bryan Grenfell Recurrent epidemics, herd immunity and the
dynamic clockwork of measles

External forcing and nonlinear dynamics

The dynamics of iImmune escape
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Measles in England and Wales

14000
|

‘simplest picture’ l
measles dynamics,

4 ] . .

§ S - Start of vaccination where epidemics are

- ended by strong herd

vl Immunity, then start

A g when susceptibles have

o built up via births
b ghagas | oriicsosmpe

50 60 70 80 % Anatomy of a measles epidemic
Year Bﬁhs
dS
m = /7'( N (1' p))- s b1S Susceptible

dl
— = pDIS - |
" (m g

dR
=gl +mP- R
a Y

Recovered ’

Ro

K

Time ‘

Vaccination



ratio of zeros
i
Cn

5] 8 10 12 14
logi{population)

*Other key features of dynamics: Stochastic fadeoun small
place 2s | :

2 5 O |< 24 I_ Chrlstm : Chrjstmas
= ~ I:Sumrner ‘;Sulnﬂ'l_s.r I__ _ Summe
20 -
*\Wht (o)
16

exan

Reported cases per week (thousands)

O 26 52 78 104 130
Jan July Jan July Jan July
Time (weeks)



Rather than conventional‘global Fourier analysis, usewavelets —
locates periodicities intime

(a) Constant oscillation Data (b)..standard global power spectrum
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accine era -

(b)

Use wavelet spectra to dissect changes in cycle
period....



... Modelling local dynamics
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Simple epidemic: no births
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Note that we know the inflow and outflow from the sisceptible class



RAS model susceptibles

Reconstructed susceptibles (2)

Time
Estimate susceptibles from births and cases



We can use this trick to help estimate transmissabes. ..

Expected cases

Observed cases: crudely
use log least squares to
estimate parameters..

In practice, | iIs NB; also allow for measuremerugess..

Finkenstadt and Grenfell JRSS C, (2000); Grenfedl et
Nature (2001); Ferrari et al, Nature (2008)



Modeling local dynamics The TSIR model:

(a) TSIR model fit, R squared=0.98 (b) Observed and fitted time series
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Bi-weekly cases
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Simple epidemic: no births

. Modelling local dynamics
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Baby booms drive
more annual
dynamics (low
birth rates act like
vaccination) —
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Aside: these dynamics are at moderate levels of seasonylit
If seasonal forcing is very high, dynamics could behaotic

...but implies unrealistically deep troughs, so neetb allow
for stochastic dynamics/fadeouts

So these ‘exotic’ dynamics are irrelevant for real masles....?



Returning to temporal dynamics and demography: hig
birth rates tend to lead toreqgular, annual dynamics:(Earn
et al Science, 2000)

Underlined by stochastic simulations at ‘moderateK)
seasonality:

Birth rate:

low (/vaccination) Developed Developing



Measles still a major killer in many high

birth rate developing countries
....Overall, do see more annual epidemics

there

But seasonality complicates this (Matt
Ferrari, Andrew Conlan, Rebecca Grais,

Ottar Bjornstad, Lisa Cairns, Lara
Wolfson)...(Ferrari et al Nature (2008))



Seasonal Dynamics: Niger

e Overall, Annual
outbreaks in most
Niger

e but local outbreaks

are erratic...



transmission rate

Seasonal Dynamics: Niam
(pop 700,000)

Feb Apr June Aug Oct Dec

e Transmissionmuch more
strongly seasonal than in UK
(8-fold variation)

e Seasonality (due to annual

agricultural migrations?)
forces local extinction??



Birthrate and Seasonality
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Stronger seasonality r:=0
leads to more erratic +

dynamics at all
birthrates — in the
chaotic region , but
this really implies

Irrgular epidemics with Strength of seasonality
local extinctions



Seasonality and Persistence

e Strong seasonality in
Niamey leads to local
extinction

CCS Much higher

than the 250K
expected from
developed country
analyses



Regional Persistence varies

Zinder

Maradi

« Niamey. morefadeouts than
expected

e North: morefadeouts than
expected

e Maradi & Zinder : fewerthan
expected
— Perhaps more movement between

towns
Currently exploring implications for
Routine/reactive vaccination — at high
seasonality epidemics may be irregular
even at high vaccination rates as we
approach the measles endgame



Need regional metapopulation
models to do this (ferrari et al 08)

To get at space-time dynamics, need
rich data sets, illustrate with the
historical UK notifications



Strong waves of infection

Spatial correlation patterns confirm this picture

A significant drop in correlation with distance (sujgests a regional
scale of influence of large cities?)

o ower correlations in the vaccination era

Pre-vaccination

Vaccine era



Waves appear to be
due to spatial
coupling:
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Lag

..... In a stochastic spatially
hierarchical world, infection
needs to be restarted in small
centres after epidemics: ‘core-
satellite’ dynamics:



Next step produced a full metapopulation patch model for
urban measles dynamics, use ‘gravity models’ for cqaling

(Xia et al) .\

No detailed
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Use agravity model to capture spatiotemporal

waves in the UK (Xia et al, Am Nat 2004). Waves
because infection ‘invades’ small places from

large centers - very like forest fire dynamics.

Historical movement of children key (but also

hard to estimate independently...).For seasonal

flu in the US, work flows of adults more i
Important (Viboud et al Science 2006) why the
difference?



In fact, measles Is unusual in the
perfection of the Immunity It
causes.Comparative dynamics of

herd iImmunity

How do these dynamics change if pathogen
evolution makes herd immunity imperfect?

Explore:

Immune escape and the impact of host
demography
Impact of iImmune escape on herd immunity



Measles strong herd
Immunity leads to
multi annual cycles,
but little phylogenetic
structure

Annual influenza:
repeated immune
escape, leads to episodic
evolution. Fouchier,
Smith et al; Koelle,
Cobey et al (Science
2006).In-host dynamic
history matters!

Before considering implications for cross scale dyn amics, focus first on a
more general analysis of immune escape and demograp  hy at the
population level..

Grenfell et al Science (2004)
Viral phylodynamics



Epidemics track Epidemics ‘ignore’ Birth rate

birth pulse baby boom!
*We know that dynamics of strongly l/

Immunizing acute /SIR infections very ‘ Susceptiblel
strongly and promptly track demographic l’
changes Eg measles)

_ _ ‘ Infected ‘
*\What of SIRS infections (much more
common), where iImmune escape effectively ‘1’
acts as a massive ‘birth rate’ of susceptibles? ‘ Immune ‘




Possible example of this ‘demographic buffering bymmune
escape’. parainfluenza 1 ‘tracks’ birth rate declinein US; RSV,

also flu, rotavirus independent of birth rate (more‘SIRS’).
Currently exploring impact and use of this phenomenn...
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Really need data across
these scales — look at
equine influenza (EIV)

Experimental infections
In a ‘natural’ host..
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a)

Use use these data to
guantify the
dependence of
epidemics (R>1) on
antigenic distance of
pre-existing
Immunity?

(b)

Components of R...
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lllustration of implications for
epidemics: assume all hosts have
a given level of heterologous
iImmunity (OK for thoroughbred
horses), and R=2(ish?)

Epidemic threshold
calibrated against immune
escape(?) -extend for
heterogeneously immune
populations...



Summary; future work

Epidemic clockwork, stochastic and seasonal forcingnd
spatiotemporal dynamics of recurrent epidremics

Seasonality and birth rate in measles dynamics and
eradication - general point: ‘local’ insights don’t
necessarily work in nonlinear systems; need more
data/models for developing countries: social
structure/demographic and environmental drivers
Important. what’s the end game for measles? - could be
unpredictable up to the point of eradication, roleof
coinfection?...

Imperfect herd immunity often because of evolution:
potentially less overcompensatory dynamics affect piarn
of spatiotemporal spread -- gravity models a reas@ble
first apr))roximation...? (compare: pandemic flu and
FMD...

Dynamic implications of immune escape: ‘demographic
buffering for spatiotemporal dynamics. Need data (fom
vet systems?) to understand cross scale evolutioyar
dynamics - ARGUABLY THE BIG PROBLEM OVER
THE NEXT DECADE



