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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 

immunity
Trials in sub-populations do not provide 

measures of overall population impact
– Herd immunity
– Population effectiveness
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Vaccination

95%Efficacy

X  Access

X  Diagnostics

X  Provider compliance

X  Patient adherence

X 95%

X 75%

X 75%

X 80%

From efficacy to effectiveness

X 125%X  Herd immunity effect

= 52%Population 
effectiveness

X  Targetting



Malaria infection of 
the human

High parasite density

Asexual blood stage
Immunity

Infectious 
mosquitoes

Uncomplicated clinical 
malaria 
Severe malaria
Mortality

Clinical eventsEmergent
mosquitoes

►

►
►

Positive relationship
Negative relationship

Simulation model of
Malaria epidemiology



Infection of humans

Infection of mosquitoes Severe diseaseAcute illness

Mortality

Parasite densities

C
om

po
ne

nt
 m

od
ul

es
 o

f 
th

e 
in

it
ia

l m
od

el
 o

f 
na

tu
ra

l h
is

to
ry

Smith et al, 2006



1111See Ross et al. (2006b).Infant mortality rate 
99Snow et al. (1997)Malaria specific mortality in children 
124Marsh and Snow (1999)Age pattern of hospitalisation 

1026See Ross et al. (2006)Hospitalisation rate in relation to prevalence 
in children

131Rogier et al. (1996)Age pattern of threshold parasite density for 
clinical attacks

313Trape and Rogier (1996); 
Kitua et al. (1996)

Age pattern of incidence of clinical malaria

121Maire et al. (2006); Owusu-
Agyei et al. (2002)

Age pattern of number of concurrent 
infections

5636Molineaux and Gramiccia G. 
(1980)

Age- and seasonal patterns of parasite 
density

5636Molineaux and Gramiccia G. 
(1980)

Age- and seasonal patterns of prevalence of 
infection

121Molineaux and Gramiccia G. 
(1980)

Age pattern of incidence of new infection in 
treated individuals 

6221Beier et al. (1994)Incidence of new infection in previously 
treated children

730 feeding 
experiments

n.a.Collins and Jeffery (2003)Infectivity of humans to mosquitoes by 
history of parasite density

47 patientsn.a.Collins and Jeffery (1999)Parasite densities in primary infections by 
age of infection

Number of 
data points

Number 
of 
scenarios

Sources of dataObjective

Datasets used for fitting models                                                                                             



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

Maire et al, 2006

Outcome Manhiça trial Simulation 
Prevention of 
infection

0.45 (0.31,0.56) 0.45 (0.42,0.48)

Prevention of 
clinical episodes

0.30 (0.11,0.45) 0.33 (0.27,0.38)

Prevention of 
severe malaria

0.58 (0.16,0.81) 0.36 (0.26,0.45)

 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



Predicted effect of pre-erythrocytic vaccine 

 health system and EPI health system and EPI 
coverage based on coverage based on 
Tanzanian data; Tanzanian data; 

 EIR 21 infectious bites EIR 21 infectious bites 
per annum; per annum; 

 Seasonality of Seasonality of 
transmission based on transmission based on 
Namawala, Tanzania;Namawala, Tanzania;

 HalfHalf--life of vaccine life of vaccine 
efficacy is 10 years;efficacy is 10 years;

 Effectiveness is Effectiveness is 
calculated for the whole calculated for the whole 
population, not just those population, not just those 
vaccinatedvaccinated
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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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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
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Summary: what can simulation 
models add to trial results

 Prediction of long-term effects
- Effects on acquisition of natural immunity

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

 Identification 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 

quantitative predictions if calibrated against/ 
fitted to field data 

Sensitivity to model assumptions
− Need to consider multiple models; do they all 

make similar predictions 
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