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Outline

» Limitations of what can be inferred from trials

“*What more do we need to know about vaccines?
— (safety, cost, natural boosting)
— acceptability
— Implications of incomplete coverage
— duration of protection
— potential effects on transmission

*» How trial results combined with models can be
used to infer the likely medium & long term
Impact of vaccination programs.



Some limitations of what can be
inferred from trials

“*Time-limited trials cannot assess long
term effects:
— Gradual effects on transmission
— Interference with acquisition of natural

iImmunity

s Trials In sub-populations do not provide
measures of overall population impact
— Herd immunity
— Population effectiveness



From efficacy to effectiveness
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ial model of natural history

iNi

Component modules of the

Acute illness

An episode of acute morbidity occurs in individual i, at
time ¢, with probability

Y max(@,0)

Pl = D & VD)

22)
where Y* is the pyrogenic threshold and Y., is the maxi-
mum density of five daily densities sampled during the five-
day time interval 7. The pyrogenic threshold evolves over time
via:

ay* (i,r) aY(i,t)

dt YT+ YENYE+ YHEL0)

wY* i) (23)

with the initial condition Y* (i, 0) = Y3 at the birth of the host
and o, w, Y¥, and Y% are constants.

Parasite densities

Each new mriecuon j, mmuated m mdividual z at time f, is
assigned a duration of ¢,,,,, sampled from

IN(Tyax(i-f)) ~ Normal(5.13, 0.80) )

The log density in the absence of previous exposure at each
time point, v = 0,1,...,7,..(7j) of the infection j in host i/ is
then normally distributed with expectation

In(yol(i, j, 7)) = In d{i) + My &(7, Tmax)) 6

where yo(7,7,.x) IS an empirical description of malari-
atherapy patients from the Georgia hospital and d(i) repre-
sents between-host variation drawn from a log-normal distri-
bution with variance o7.

‘We measure exposure to asexual blood stages with

I
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where Y(i,7) is the total parasite density of individual i at time
T and y(i,j,7,) is the density in individual { for infection j at
time 7, and

x,60= [ nim dr-1. ®

the expected log density for each concurrent infection
is then

D,
E(n(, j, 7)) = D,D,,D,, - myoli, j, 7)) + In ( Rl Dx)
where M(z) is the total multiplicity of infection and
1

=X - ao
1+——
g
D, E 11
"D an
+ %
X%
/ 0.693a\
D, =1—a, exp(~— 2 ) a2

and X3, X7 D,, a%, and «,,, are further constants.
Variation within individual hosts is quantified by a term
0Z(i,j,7), where
(T(Z)
X, (i, 1)
1 +T

o3, f T = 13y

and o3 and X3 are constants (Table 1). The simulated densi-
ties are specified using:

In(y(, j, 7)) — Normal(E(n(y(, j, ™)), o3, j, 7)) 14y

Infection of mosquitoes

Let
V() =B, Y (it —2) + B Y(i,t — 3) + B3 Y(i,t —4) (16}
where 1 is in 5-day units, and
In(yy(i,6)) ~ Normal(In(pY'(i,0)), %) (17)
where 61,32,33,0,0‘32 are constants (Table 1). Define

In(pY (7,0 — ln(yﬁ)] [mn"(i,r)) J
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where @ is the cumulative normal distribution, y# is the den-
sity of female gametocytes necessary for infection of the mos-
quito, and p* = (In(p) — In(y}))/o,. Then the proportion of
mosquitoes that are infected feeding on individual / at time ¢ is

1,30 = [Pr(y, (i) >y a9

and the probability that a mosquito becomes infected at any
feed is:
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where m is a constant scale factor.

Define () as the value of k,, (¢) in the simulation of an
equilibrium scenario to which an intervention has been ap-
plied. Let EQ), (¢ + /) be the corresponding entomologic
inoculation rate. «{"’(z) and E{), (z + [,) are the correspond-
ing values for the intervention scenario. Then

EQu @+ L) V(@)

1) Y=
ESL(t+1,)= K‘(fn(t)

21)
where /, corresponds to the duration of the sporogonic
cycle in the vector, which we approximate with two time
steps (10 days). (ES2,. (¢t + 1,)/«{(f) is the total vectorial
capacity).

Severe disease

‘We consider two different classes of severe episodes, B, and
B,. Py, (i) is the probability that an acute episode (A) is a
class B, severe episode and is specified using

Y inax(i:8)
Y5, + Yinaxlis)
24)

Py (i0) = Pr(H(,0 € ByH@G) € A) =

where Y%, is a constant and H(Z,¢) is the clinical status.

The second subset of severe malaria episodes (B,) occur
when an otherwise uncomplicated malaria episode happens to
coincide with some other insult, which occurs with risk

Fo

1+ (—-—a(i:))
af

where F, is the limiting value of F(a(i,7)) at birth, and a¥ is the
age at which it is halved.

The probability that an episode belonging to class B, occurs
at time 7, conditional on there being a clinical episode at that
time is Py, (i,f) where

Hai,n) = 25)

P (i) = Pr(H@EN) € BIHGH) € A) = Flali,n) 26)

The age and time specific risk of severe malaria morbidity
conditional on a clinical episode is then given by

Pulif) = Py (i) + P (i) — P (LOP 5, (i0), @n

Infection of humans

E{ig), the age-adjusted entomalogic inoculation rate
(EIR)} for individual § at time 5, is given by
AL I

i 1
el Ly

E.

Lirh = &

where, A{alis)) is the avernge body surface area estimated for
nn indivicdual of age ali ) and A__, is the average surface
of people = 20 years of age in the same population
refers to the usual measurs of the EIR computed from | Ty
bait collections. The force of infection is then

. L X 1-— 5. ) 1 ]
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where 5, X3 E% v, 5. are constants (Table 1) and:

g ] ‘.I..r.,-. B, 3y

The aumber of infections AL introduced in time step ¢, is
distributed as

dof o = Polssoni ki) [E 5]

Smith et al, 2006

Mortality

Malaria deaths in hospital are a random sample of those
severe malaria cases deemed to be admitted, with age-
dependent sampling fraction Q,(a), the hospital case fatality
rate, derived from the data of Reyburn and others.®®

‘We estimate the severe malaria case fatality in the commu-
nity, O.(a) for age group a with

Qla)ey

CD=TG @+ Ou@er @9
where ¢ ,, the estimated odds ratio for death in the commu-
nity compared to death in in-patients, is an age-independent
constant and Q,(a) is the hospital case fatality rate. Malaria
mortality is the sum of the hospital and community malaria
deaths.

The risk of neonatal mortality attributable to malaria
(death in class D,) in first pregnancies is set equal to 0.3u s
where up is given by

. po ] )
Mpoc = Mmz\xl 1- exP(_x* ) J, 29)
PG

where xp. is related to x,,s, the prevalence in simulated

individuals 20-24 years of age via
1
7 S 30)

Xnres
1+( s

Xps=1—
e
XpG /

and xj¥,s and xjg are constants (Table 1).

An indirect death in class D, is provoked at time ¢, condi-
tional on there being a clinical episode at that time, with
probability P, (i,f) where

Py (i) = Pr(H(.0eD,H(@,0)eA) and

9
(%)

where Q, is limiting value of P, (i,f) at birth and a¥ is a
constant. Deaths in class D, occur 30 days (six time steps)
after the provoking episodes.

Pp iD= Gh




Datasets used for fitting models

Objective Sources of data Number Number of
of data points
scenarios

Parasite densities in primary infections by Collins and Jeffery (1999) n.a. 47 patients

age of infection

Infectivity of humans to mosquitoes by Collins and Jeffery (2003) n.a. 730 feeding

history of parasite density experiments

Incidence of new infection in previously Beier et al. (1994) 21 62

treated children

Age pattern of incidence of new infection in Molineaux and Gramiccia G. 1 12

treated individuals (1980)

Age- and seasonal patterns of prevalence of Molineaux and Gramiccia G. 6 563

infection (1980)

Age- and seasonal patterns of parasite Molineaux and Gramiccia G. 6 563

density (1980)

Age pattern of number of concurrent Maire et al. (2006); Owusu- 1 12

infections Agyei et al. (2002)

Age pattern of incidence of clinical malaria Trape and Rogier (1996); 3 31

Kitua et al. (1996)

Age pattern of threshold parasite density for Rogier et al. (1996) 1 13

clinical attacks

Hospitalisation rate in relation to prevalence See Ross et al. (2006) 26 10

in children

Age pattern of hospitalisation Marsh and Snow (1999) 4 12

Malaria specific mortality in children Snow et al. (1997) 9 9

Infant mortality rate See Ross et al. (2006b). 11 11




Inference of primary efficacy
from trial data

‘*Measured efficacy in a trial often reflects
only indirectly the underlying vaccine
effect

‘*Example: Pre-erythrocytic vaccine

— Define primary efficacy as % of infections
(broods, clones) that are blocked
 Measured directly in a challenge trial

 Measured by Kaplan-Meier analysis of time to first
detected infection in a field trial



Simulation of the Manhica RTS,S trial (6 month follow-up)
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Simulation of the Manhica RTS,S trial (6 month follow-up)

Outcome Manhica trial Simulation
Prevention of 0.45(0.31,0.56) [0.45(0.42,0.48)
Infection

Prevention of 0.30 (0.11,0.45) 0.33(0.27,0.38)
clinical episodes

Prevention of 0.58 (0.16,0.81) |0.36(0.26,0.45)
severe malaria

* Simulations assume 52% efficacy in preventing
Infections

¢ This corresponds to the 45% observed reduction in
force of infection

¢ Observed clinical incidence follows from a 5%
probability of effective treatment for each fever attack

“* Remaining efficacy values follow from this

Maire et al, 2006



Predicted effect of pre-erythrocytic vaccine

Cumulative events averted Initial
per 1000 population Efficacy
4 health system and EPI
coverage based on
80%  Tanzanian data;
52%
30% W EIR 21 infectious bites
per annum;

Uncomplicated
episodes

6000 | 100%

4000 1

2000 T

Severe 100%

episodes Q Seasonality of

transmission based on
52% Namawala, Tanzania;
30%
100% [ Half-life of vaccine
efficacy is 10 years;

80%

25 1
Deaths 20
15 ;
10 ;

80%

52% [ Effectiveness is
30%  calculated for the whole
Tima (years) > 20 population, not just those

Maire et al, 2006 vaccinated




Predicted effect of pre-erythrocytic vaccine
Effect on transmission to the mosquito vector

¢ Moderate efficacy vaccines are predicted to have little
herd immunity effect if delivered only via EPI

Simulation of PEV with primary efficacy 80%, 10 year half-life
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Effectiveness (10 year time horizon)

Predicted effect of pre-erythrocytic vaccine
Effect of different deployment options
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Measuring effects on
transmission

“*Herd immunity effects are key to realising
potential advantages of vaccination
compared with other interventions

“*Vaccination additional to EPI is needed to
achieve important effects on transmission

“*Individually randomised trials cannot
measure transmission directly.

— Membrane feeding experiments (Phase 2a,
probably not in small children)

— Community randomised trials



Predicted effect of pre-erythrocytic vaccine
Effect of vaccine half-life

Simulation of PEV with primary efficacy 52%, delivered via EPI

0.4 {Uncomplicated Mortality
episodes
a 0.3 1 EIR
c 5.25
)
= 0.2 O ”
: 011 460 O 9 I % ° :iis
i O-1°
@O O O i 8 0 O
0.0 1 '
T T T T T T T T T T 1
0O 5 15 25 5 15 25

Half-life of efficacy (years)

Providing the half-life of the efficacy is more than about 2-
3 years, there is little gained with a very long half-life
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Summary: what can simulation
models add to trial results

*» Prediction of long-term effects
- Effects on acquisition of natural iImmunity

< Prediction of population-wide effects
- Herd immunity
- Health system factors (effectiveness)
- Cost effectiveness

< ldentification of data requirement
- Duration of protection
< Suggestions for innovations
- Things that may work well: e.g. deployment
additional to EPI

- Things that may work less well: e.g.
PEV/BSV combinations



Limitations of models

“*Data dependence

— Models can only make reasonable
guantitative predictions if calibrated against/
fitted to field data

“*Sensitivity to model assumptions

— Need to consider multiple models; do they all
make similar predictions



{P“! ”'-"5}
¢\ r'_::
- |
w c
T e

% 37

3

W 36
Yngi0d

Financial support

Swiss Tropical Institule
Institutl Tropical Suisse
Schweizerisches Tropeninstitut

Applied Mathematics
Melissa Penny
Nakul Chitnis (MACEPA)

Epidem./Public Health
Allan Schapira

Blaise Genton

Christian Lengeler

Don de Savigny

Marcel Tanner

Rick Steketee(MACEPA)

Quantitative biology
lan Hastings (Liverpool)
Michael Bretscher

% i =y
] o i
. -'. 'I|'.‘ é. T "
- e . § i
Il...h. .L‘. M iy T4 =

Acknowledgements

Statistics
Amanda Ross
Penelope Vounatsou

Computer Science
Alain Studer

Nicolas Maire

Tiago Antao (Liverpool)

Health Economics
Fabrizio Tediosi
Josh Yukich

Lesong Conteh
Matthias Bischof
Valerie Crowell

Bill & Melinda Gates Foundation, PATH-MACEPA, Swiss National Science Foundation



