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Use of Simulation to Aid Design of Clinical Trials During Infectious Disease Outbreaks 

Abstract 

Clinical trials for infectious diseases conducted during epidemics are complicated by the 

unpredictable nature of outbreaks and dynamic effects arising from disease transmission. 

Mathematical models can be used to understand how trials carried out under different 

circumstances will perform, and the findings can be incorporated into future trial design. One 

challenge is making sample size calculations based on incidence within the trial, direct and indirect 

vaccine effects, and intracluster correlation. These parameters determine the relative efficiency of 

individually randomized (iRCTs) and cluster-randomized controlled trials (cRCTs) in the same 

population, as well as the efficiency of cRCTs with varying size and number of clusters. Modeling can 

be used to supplement trial results and explore the intervention beyond the scope of the trial. 

Firstly, I present a model for a delayed-arm ring vaccination cRCT. Secondly, I simulate trials 

conducted in a collection of small communities to assess how indirect protection and clustering 

affect the power of cRCTs and iRCTs during an epidemic. Finally, I simulate antibiotic prophylaxis 

strategies using data from a meningitis outbreak in Niger, and estimate the power of trials 

conducted during this outbreak. 

The measured vaccine effect and power of the ring vaccination trial is sensitive to properties of the 

vaccine, to setting-specific parameters, and to parameters determined by the study design. Across 

diverse parameters, within the same trial population, cRCTs are never more powerful than iRCTs, 

although the difference can be small. I identify two effects that attenuate the loss of cRCT power 

associated with increased cluster size. First, if enrollment of fewer, larger clusters is performed to 

achieve higher vaccine coverage within vaccinated communities, this increases the effect to be 

measured and, consequently, power. Second, the greater rate of imported transmission in larger 
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communities may increase the attack rate and similarly mitigate loss of power relative to a trial in 

many, smaller communities. Finally, household prophylaxis does not reduce the burden of 

meningitis at the population level, but village-wide prophylaxis can target up to 20% of suspected 

cases. Trials conducted during the epidemic would have had limited power to detect the effect of 

prophylaxis on disease incidence. 
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Introduction 

Vaccination has been a cornerstone of public health since the discovery of the smallpox vaccine in 

the eighteenth century. Although routine vaccination has led to significant decreases in infant 

mortality across the world, developing vaccines for non-endemic or emerging infectious diseases 

with epidemic potential remains a great and urgent challenge. Such diseases, including Ebola virus, 

Lassa fever, and Nipah virus, are rare but have potential to cause large outbreaks or even global 

pandemics. Reactive vaccination is currently used for infectious diseases including cholera and 

meningitis, and effective vaccines could be used as part of an outbreak response strategy to provide 

protection to uninfected individuals and hinder the spread of an epidemic. The evidence required to 

prove a vaccine effective includes a randomized clinical trial in a human population that is at risk of 

acquiring the disease. When disease incidence is unpredictable in time and space, recruiting, 

randomizing, and vaccinating populations who are at risk of disease in a timely manner is 

problematic. However, without evidence from a randomized trial, resources could be expended on a 

vaccine that could be useless or even harmful. With all of these obstacles, it is difficult to create a 

practical economic model for vaccine development for emerging infectious diseases, meaning that 

candidate vaccines are often not available to test when the opportunity arises. 

The 2014-6 West African Ebola epidemic and the 2015-6 Zika virus epidemic highlighted these 

challenges. Multiple vaccine trials were planned in West Africa, only one of which managed to 

recruit enough participants to produce an effectiveness estimate. For Zika, candidate vaccines were 

developed and tested in Phase I and II studies, but a Phase III efficacy study was never run due to 

declining incidence. In both cases, the trials were hampered by the end of the epidemic and would 

have benefitted from starting recruitment earlier. The goal of CEPI, the Coalition for Epidemic 

Preparedness Innovations, is to finance and coordinate the effort to develop new vaccines with the 

goal of having candidate vaccines ready for Phase III trials at the beginning of an epidemic. However, 
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there is still much work to be done in identifying trial designs that are most likely to be successful in 

various settings, and for various important diseases. 

Clinical trials for infectious diseases are complicated by the fact that participants within the trial can 

infect other participants, meaning that one person’s treatment and outcome can affect other 

outcomes in the trial population. The assumption that all individuals in the trial population are 

independent is thus not valid when there is contact between members of the trial population. 

Consequently, the size and variance of the measured effect and incidence of disease in the trial 

population are dependent on the setting and design of the trial, and characteristics of the 

population. To understand how trial success might depend on a number of factors, it is necessary to 

explicitly account for the dynamic nature of infectious disease transmission. In this dissertation I use 

mathematical modeling to explore the performance of clinical trials during infectious disease 

outbreaks. 

In Chapter 1, I focus on the design used in the Ebola, ça suffit! vaccine trial carried out in Guinea at 

the end of the Ebola epidemic. The ring-vaccination design attempted to target individuals at highest 

risk of acquiring Ebola virus disease by enrolling contacts and contacts-of-contacts of incident cases, 

and succeeded in recruiting enough cases to estimate the effect of vaccination. If this design is to be 

used as a paradigm in future outbreaks of Ebola or similar diseases, it is important to understand 

how it performs under a range of circumstances. To this end, I created a mathematical model to 

simulate the ring-vaccination trial. I present the measured vaccine effect and necessary sample size 

of the trial under a range of parameters to do with vaccine characteristics, trial design and trial 

population. 

In Chapter 2, I broaden my focus to consider cluster-randomized trials, a more general class of trial 

design. This design, in which groups of people are enrolled and randomized together, is often more 

logistically feasible, and is popular for vaccine trials in which the group-level effect of vaccination is 

of particular interest. On the other hand, groups of people who are recruited and randomized 
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together are more likely to have similar outcomes than people recruited independently. This 

clustering effect means that in general a cluster-randomized trial must recruit more individuals to 

achieve the same power as the equivalent individually randomized trial. In this chapter, I compare 

the performance of individually randomized trials and cluster-randomized trials in the same 

population during an infectious disease epidemic. Within the cluster-randomized design, I vary the 

size and number of clusters enrolled into the trial and examine the effect on the measured vaccine 

effect and trial power. 

In Chapter 3, I attempt to supplement the results of a cluster-randomized trial of antibiotic 

prophylaxis during a meningitis outbreak in Niger by simulating prophylaxis strategies on case data 

from a 2015 meningitis outbreak. The trial showed promising evidence for the effectiveness of a 

village-wide reactive prophylaxis strategy, but further research is needed to understand how 

effective such a strategy could be if carried out on a wider scale. Firstly, I present measures of 

clustering of cases by household and village. Secondly, to estimate the potential effectiveness and 

efficiency of a prophylaxis intervention, I calculate the number of potentially prevented cases, as 

well as the number of doses needed per potentially prevented case, for a range of strategies.  
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Chapter 1 - Using simulation to aid vaccine trial design: ring-vaccination trials 

1.1. Introduction 

The West African Ebola epidemic highlighted the need to identify a range of trial designs to evaluate 

vaccine effects rapidly, efficiently and rigorously during emerging disease outbreaks. The ring-

vaccination trial approach employed in the Ebola, ça suffit! trial in Guinea is one innovative approach 

[1], which produced valuable evidence that the vaccine could prevent Ebola infection [2]. Other 

approaches considered include individual randomization and a stepped-wedge design [3,4].  In such 

trials it is difficult to estimate the likely effect of an infectious disease intervention because of 

indirect effects, and this issue is compounded by complex trial design. Sample size calculations are 

based on group-level quantities such as intervention effect and are therefore potentially inaccurate. 

By creating a transmission dynamic model for a ring vaccination trial, we show that we can make 

sample size calculations based on disease characteristics and individual intervention efficacy. With 

this framework in place we are then able to examine the estimated vaccine effect and sample size 

under a range of assumptions about the properties of the vaccine, the trial, and the study 

population. 

Although the only implementation of the ring trial design has been in Guinea during the Ebola 

epidemic, lessons can be learned and extended to other diseases and contexts. Here, we examine 

the tail end of an epidemic of a disease with a latent and asymptomatic phase with effective contact 

tracing to illustrate a more widely-applicable set of findings. In particular, we use baseline 

parameters values consistent with Ebola in West Africa in 2014-6, but we vary several assumptions 

over broader ranges than those occurring in the Ebola, ça suffit! trial, with the aim of being relevant 

to a range of potential future situations. 
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1.2 Methods 

1.2.1. Ring vaccination trial 

The simulation is based on a stochastic, susceptible-exposed-infectious-detected-removed-

vaccinated (SEIDRV) model for individual disease events, and it represents progression of the disease 

in a small cluster (henceforth “ring”) with homogeneous mixing. The ring represents both contacts 

and contacts-of-contacts so the assumption of homogeneous mixing is a simplifying assumption, 

which we can relax by modeling ‘contacts’ and ‘contacts-of-contacts’ as separate compartments 

with the highest transmission among the contacts. New cases arise through direct contact between 

an infectious individual and a susceptible individual within the ring, and through external infectious 

pressure, denoted by F, which is constant and fixed for all members of the ring. Members of the ring 

undergo surveillance by the study team, meaning that infectious individuals are detected and 

isolated with a daily probability pH, ending their infectious period. We assume in the baseline 

scenario that detection rate in the trial is equivalent to routine surveillance, reflecting the fact that 

the trial doesn’t interrupt or enhance disease control efforts. If infectiousness ends naturally, 

individuals can no longer be detected. 

A ring is enrolled into the trial when a case is detected through routine surveillance. This first 

detected case is defined as the index case for the purposes of the trial, but may or may not be the 

true index case of the outbreak in the ring. Once a ring enters the trial all its members are randomly 

assigned to immediate vaccination (on day 1) or delayed vaccination (on day 22). In the baseline 

scenario we assume no ineligibility or non-consent, so that all susceptible and exposed individuals in 

the ring are vaccinated, and that there is no heterogeneity or administrative delay affecting the day 

of vaccination. 
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The mechanism of the vaccine in an individual is as follows: multiplicative leaky efficacy [5] increases 

linearly from 0 to VE (set at baseline to be 0.7) over a period of Dramp days following vaccination, 

after which there is no change in efficacy over the study period [6]. 

1.2.2. Statistical analysis 

Statistical analysis of the trial is based on cumulative incidence in the rings by end of follow-up and a 

95% confidence interval is calculated and reported for the baseline parameter values [7]. The 

required sample size to test a vaccine effect with 80% power is based on a difference in cumulative 

incidence [8], using parameters output by a simulated trial with 15,000 rings. We chose this analysis 

method because of the existence of simple closed-form sample size and vaccine efficacy formulae. 

Because both arms receive the vaccine, cases that contribute towards the cumulative incidence in 

each arm are only counted during a window in which the immediate arm is presumed to be 

protected by the vaccine, and the delayed arm is not protected. The window length is set to 21 days, 

equal to the vaccination delay between the arms. Because the disease has an asymptomatic phase 

and the vaccine has a ramp-up period during which it is not fully efficacious, the window starts at 16 

days, the sum of the average asymptomatic period length and Dramp, in an attempt to exclude cases 

in the immediate arm who were infected before they were fully protected by the vaccine. We did 

not explicitly implement clustering in the simulation, instead assuming that transmission dynamics in 

all rings are independent. However, clustering of cases within rings arises naturally due to 

dependent happenings. We measure this clustering using the intracluster correlation coefficient 

(ICC), calculated as per Shoukri [9], adjusting for the covariate of trial arm and accounting for 

variable ring size where appropriate.  

In conducting the statistical analysis we assume full knowledge of the vaccine mechanism, and that 

cases are only included if they are detected before their infectious period ends, and their symptoms 

appeared during the window. 
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For additional details on the disease transmission model, ring initiation, and analysis of the trial see 

the Supplementary Appendix S1. 

1.2.3. Choice of parameters 

Table 1.1 shows the parameters used in the model, their meanings, values under baseline 

assumptions, and references or justifications. 

Table 1.1. Table of parameter values and meanings, and references for those parameters which 

were chosen using the literature 

Parameter Meaning Default 
value 

Reference 

Reff Average detected secondary 
infections from each infected 
individual in a susceptible 
population, in the presence of 
background case detection 

0.61 Calibration to 2% detected 
monthly attack rate with 
background case detection, from 
a single index case 

Mean 
(latent) 

Mean latent period length (days) 9.31 [10] 

SD (latent) Standard deviation of latent period 
length (days) 

5.28 [10] 

Mean 
(infectious) 

Mean infectious period length 
(days) 

7.41 [10] 

SD 
(infectious) 

Standard deviation of infectious 
period length (days) 

3.24 [10] 

PBH Daily probability of detection 
before start of trial 

0.2 Mean of 5 days to hospitalization 
[11] 

PH Daily probability of detection after 
start of trial 

0.2 Baseline assumption, 
corresponding to no change in 
detection from background rate 
during the trial 

VE Individual vaccine efficacy 0.7 Baseline assumption [6] 

Dramp Days after vaccination until vaccine 
efficacy reaches VE 

6 Baseline assumption [2] 

Dstart First day of counting cases 16 Assumption (based on sum of 
vaccine ramp-up period and 
mean incubation period) 

F External force of infection 0 Assumption (following rationale 
of a ring vaccination trial 
designed to place vaccine in areas 
of high local transmission) 

m Size of a ring 50 Baseline assumption of Ebola, ça 
suffit! trial [1] 
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In order to align this model with the presumed context of the Ebola, ça suffit! trial, we modelled an 

entirely susceptible study population at the end of an epidemic, so that Reff has fallen to below one 

due to behaviour change. To calibrate the model, we set Reff to reproduce a monthly detected attack 

rate of 2% when starting from one infected individual in a ring of 50 unvaccinated susceptible 

individuals, in the presence of case detection at a rate pBH. 

1.3. Results 

Under the baseline parameter assumptions listed above, the sample size necessary in each arm to 

achieve 80% power to detect a difference in cumulative incidence between the two arms is 89 rings, 

each containing 50 individuals, making a total of 8,900 study participants. This trial would on average 

return a total vaccine effect estimate of 69.81%, with average 95% CI(28.5, 87.2). 

1.3.1. Determinants of vaccine effectiveness estimate 

Under baseline parameters in this model, the median total vaccine effect calculated from 

performing 100 trials with 89 rings in each arm was 70%. This value should include direct and 

indirect effects, so we would expect it to exceed the direct effect of 70%. However, while direct 

effects begin immediately, indirect effects are only important in the second generation of 

preventable cases onwards. There are few cases in this generation that occur in the case-counting 

window because Reff is small and the window duration is not much longer than a typical disease 

generation (17 days), so the indirect effects are small. 

Figure 1.1 shows the effect of six variables on the point estimate of vaccine effect: daily probability 

of detection, true individual vaccine efficacy, proportion of infections from outside the ring, baseline 

attack rate in the unvaccinated population, administrative delay in vaccination, and start day of case-

counting window. 

Firstly, if there is enhanced surveillance in both arms of the trial leading to more rapid isolation of 

infectious cases (pH>pBH), this will modestly reduce effectiveness estimates (Figure 1.1A). Secondly, 
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Figure 1.1. Median point estimate of vaccine effect derived from 100 trials with 80% power to detect 

vaccine effect shown against: (left to right, top to bottom) A: daily probability of detection, B: true 

individual vaccine efficacy, C: proportion of infections from outside the ring, D: baseline attack rate 

in the unvaccinated population, E: administrative delay in vaccination, and F: start day of case-

counting window. In each panel, the VE estimate corresponding to the baseline parameter set is 

highlighted in red, and the grey line represents the individual vaccine efficacy of 70%.  All other 

parameters are set at the baseline values. 
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as individual vaccine efficacy properties increase the estimated vaccine effect increases (Figure 1.1B 

and S1.1). Thirdly, the percentage of infections from within the ring shows a weak negative 

association with the estimate of vaccine effect (Figure 1.1C). While the magnitude of indirect effects 

is modest as discussed above, they are almost negligible when most infections are from outside the 

ring, because preventing infections within the ring does not confer as much protection to susceptible 

individuals.  The increase in vaccine effect with higher attack rate seen in Figure 1.1D is driven by the 

increase in indirect vaccine effects in the immediate arm. Finally, delay between ring formation and 

vaccination means that by the beginning of the time window the vaccine has had less time to 

prevent cases in the immediate arm. Thus the reduction in incidence in the immediate arm does not 

reflect the true effect of the vaccine and the vaccine effect estimate is reduced (Figure 1.1E). 

A major determinant of the effect estimate is the choice of time window in which to count cases, as 

seen in Figure 1.1F. Not surprisingly, starting the window too early reduces the estimated effects 

because it includes a period of time during which the vaccine cannot affect the incidence of cases 

becoming symptomatic – many cases becoming symptomatic on day 8, for example, will have been 

infected by the index case prior to isolation, or will have been infected by a contact on (say) day 3, 

before the vaccine had time to induce protection. 

Starting the window later than the baseline of 16 days allows the trial to capture later generations in 

the chain of transmission, from a vaccinated person to another vaccinated person. This increases the 

vaccine effect estimate as it includes indirect effects. One might expect to see that starting the 

window too late would reduce effect estimates because it would include a period when the delayed 

group was also protected by the vaccine. This does not appear to be the case, at least up to a start 

time of 35 days (Figure 1.1F) – see the Supplementary Appendix S1 for an explanation of this 

phenomenon.  
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1.3.2. Determinants of sample size 

Figure 1.2 shows the effect of the same six variables on the required sample size: baseline attack 

rate in unvaccinated population, start day of case-counting window,  daily probability of detection, 

true individual vaccine efficacy, administrative delay in vaccination, and force of external infection. 

The effect of each parameter on the sample size can be understood through its effect on one or 

more of the three factors that determine the power of this trial: the number of events, how they are 

distributed between the two arms, and the level of clustering of cases within rings. Respectively 

these factors are represented by the attack rate in the controls, the cumulative incidence difference 

between the arms, and the intracluster correlation coefficient (ICC) [8]. 

Variables that decrease the incidence rate in the controls and cases will decrease the power because 

for the same sample size the trial will observe fewer events. The baseline detected attack rate 

among unvaccinated individuals is a simple example of such a parameter (Figure 1.2A). Two other 

parameters act on the overall incidence in the trial. Firstly, making the start of the case-counting 

window later decreases incidence in both arms because with Reff<1 the incidence is on average 

declining, so across all rings in the trial the number of cases decreases over the follow-up period 

(Figure 1.2B). Secondly, the case detection decreases detected incidence rate at both extremes 

(Figure 1.2C). When case detection is high, transmission chains are interrupted by case isolation and 

the true incidence decreases. When case detection is low, many cases die or recover before they can 

be detected and consequently the detected incidence decreases. 

Variables that make the two arms of the trial appear more different will increase the power of the 

trial as the ability to differentiate between them is increased, and Figure 1 identifies such variables. 

Vaccine characteristics, in particular vaccine efficacy (Figure 1.2D), are simple examples of such a 

parameter, since the immediate arm receives greater protection against disease compared to the 

delayed arm. Changes to two other parameters increase the incidence difference in this way, as  
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Figure 1.2. Number of rings per arm required to achieve 80% power to detect a difference in 

cumulative incidence between the two arms against: (left to right, top to bottom) A: baseline attack 

rate in unvaccinated population, B: start day of case-counting window,  C: daily probability of 

detection, D: true individual vaccine efficacy, E: administrative delay in vaccination, and F:proportion 

of infections from outside the ring. In Figure 1.2C, sample sizes are shown for VE estimates based on 

only detected cases (black) and on all cases (blue). In each panel, the sample size estimate 

corresponding to the baseline parameter set is highlighted in red. All other parameters are set at the 

default values. 
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explained above: reducing the delay between ring formation and vaccination (Figure 1.2E) and 

starting the case-counting window earlier (Figure 1.2B). 

The effect of the timing of starting to count cases thus reflects two opposing forces on the sample 

size: it decreases sample size by increasing the incidence difference, and it increases sample size by 

decreasing the overall incidence. When the window is early, the former of these effects dominates 

as seen by the increase in sample size for early time windows in Figure 1.2B. When the window is 

late, the latter effect dominates, as seen by the increase in sample size for late time windows in the 

same figure.  

Finally, the level of clustering within rings inflates the sample size, because more clustering means 

that each individual case provides less information. It is often not intuitive to predict the direction in 

which a parameter will cause the ICC to change, and in many cases the ICC is not sensitive to the 

parameter. One exception is the infection from outside the ring (Figure 2F). The most significant 

effect of introducing external infection and reducing within-ring transmission is to make infection 

probability for one individual within a ring independent from the infection prevalence within the 

same ring. This reduces clustering in incidence (making it more Poisson-like), thus reducing the ICC 

and the necessary sample size. 

For an investigation of the sensitivity of the total vaccine effect estimate and sample size to other 

parameters in the model, see the Supplementary Appendix S1. For an interactive tool to explore the 

sensitivity of the trial parameters, see https://matthitchings.shinyapps.io/ShinyApps/. 

1.4. Discussion 

The ring-vaccination, cluster-randomized design has two key strengths that make it a good candidate 

when disease transmission exhibits spatiotemporal variation. Firstly, by including members of the 

study population who are contacts of cases, the trial preferentially selects those at higher risk of 

disease acquisition, leading to an increase in efficiency while preserving false-positive rate through 
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randomization. Indeed, when a vaccine with 0% efficacy was tested in our simulations the false 

positive rate was maintained at 5%. Secondly, even those study subjects who are randomized to 

delayed vaccination are theoretically in close contact with the study team meaning that individuals 

from the source population who are at the highest risk are followed closely and benefit from the trial 

even in the absence of vaccination [12]. 

In addition, vaccination of clusters when they arise allows for gradual inclusion, meaning that this 

design is appropriate when logistical constraints make immediate vaccination of all participants 

impossible or inappropriate. In this respect it is similar to a stepped-wedge cluster trial, in which 

prespecified clusters within the study population are vaccinated in a random order. Although we 

have not made a direct comparison in this study, Bellan et al [13] showed that the stepped-wedge 

design is underpowered when the incidence is declining because it cannot prioritize the vaccine for 

those at highest risk. The ring vaccination design, on the other hand, is inherently risk-prioritized 

because all study participants should be at higher risk than the general population. 

All trials should be correctly powered in order to avoid erroneous rejection of an efficacious vaccine. 

For a trial design with several complexities such as the one presented here, a sophisticated approach 

to sample size calculation is merited. A standard approach to sample size calculation for this trial 

would involve specifying the attack rate among the controls, the desired effect of the vaccine on the 

population level, and the ICC. In the context of a serious epidemic, these parameters are unlikely to 

be estimated with certainty; for example, the ICC requires cluster-level data to be estimated 

accurately. The ICC is an important parameter in designing cluster-randomized trials, yet in the 

absence of data it is often assumed to be 0.05. In our simulations the range of ICCs observed was 

0.01-0.04, suggesting that the value of this uncertain parameter should not always be assumed to be 

fixed at 0.05. Therefore, the modelling approach replaces assumptions about these cluster-level 

quantities with assumptions about population-level parameters and disease characteristics, which 

are more likely to be available through analysis of data from the outbreak. 
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A second advantage of the modeling approach is that, based as it is on a simulating the transmission 

of disease within a trial, it is possible to explore the impact of parameters describing the design of 

the trial and the properties of the disease. The added detail gained from specifying the disease 

model allowed us in this study to identify some key issues with the design that are worth 

considering. 

Firstly, as seen in Figure 1.2C, increasing case-finding efficiency above background rate has a 

negative impact on power, as fast isolation of cases in both arms leads to an overall decrease in 

cases observed by the trial. In future trials it is worth considering if there are alternative or 

composite endpoints, if the disease in question permits, that can be used to allow for efficacy 

estimates while maintaining close follow-up. 

Secondly, a key design consideration in the delayed-arm ring-vaccination trial is when to count 

cases. An intuitively appealing approach is to place the window so that the immediate arm is 

receiving full protection and the delayed arm none. This should in theory minimize bias caused by 

misclassification of unvaccinated individuals as vaccinated and vice-versa. While this placement 

achieves nearly maximal power, it does not maximize the VE estimate. Indirect effects that are 

important later in time increase the VE estimate for later time windows, while at the same time 

declining incidence within each ring decreases power for later time windows. 

Finally, the above point draws attention to the fact that caution is required when interpreting the VE 

estimate produced by the trial. As seen in Figure 1.1, many parameters that are not characteristics of 

the vaccine can influence the estimated effect. Whether this is due to misclassification (for example, 

when the time window is too early) or due to indirect effects (for example, when the attack rate is 

high enough to cause long transmission chains), the context of the trial should be taken into account 

when interpreting the VE estimate. While in the baseline scenario the trial appears to correctly 

estimate the individual efficacy, this is the result of misclassification and indirect effects cancelling 

each other out. This claim is supported by the fact that the median VE estimate falls below the 
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individual-level vaccine efficacy when most or all infections are from outside the ring (Figure 1.1C) 

and indirect effects are negligible. 

The focus of this model was to explore parameters within each ring and understand how they affect 

the quality of data coming from the trial. As a result, we did not consider the wider context of the 

population disease dynamics, and in particular how and when the rings arise. For example, we 

calibrated Reff to a secondary attack rate in a cluster was 2%, which is not necessarily comparable to 

the monthly cumulative incidence in the population. If transmission takes place mainly in clusters 

then population cumulative incidence could be somewhat lower than cluster secondary attack rate, 

increasing the efficiency of a ring-vaccination trial relative to a stepped-wedge cluster trial or 

individual RCT. Linking this model to a model of disease within the general population would allow 

us to make direct comparisons to other trial designs such as the stepped-wedge cluster trial and the 

individually-randomized trial investigated elsewhere [13,14], but it would require detailed 

information about the nature of clustering of the disease in this context, and for simplicity we 

focused on the within-ring dynamics only. 

As with every model, there are limitations to these simulation results. The strength of the modeling 

approach compared with a standard approach is that it better estimates the parameters on which 

the sample size depends. However, some of the model parameters might still be uncertain in a 

situation in which such a model might be useful. For example, we may have limited information 

about the characteristics of a disease, in particular its latent and incubation period, and its Reff. The 

simulation results are dependent on these assumptions, and so they cannot be used at the very 

outset of epidemic, or else they risk being highly inaccurate. Even at the end of the West African 

Ebola epidemic, there were no more than four or five reliable estimates of the latent and infectious 

periods of EVD, and indeed there is perhaps evidence that our understanding of the natural history 

of the disease remains limited [15]. In addition, we have considered only the simplest method of 

analysis for the trial – a comparison of attack rates between the two arms after correction for 
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clustering of cases within rings. More sophisticated methods, including time-to-event analyses 

incorporating ring-level random effects, as performed in the Ebola, ça suffit! trial, would have 

somewhat different sample size requirements. However, we believe that the trends seen here would 

be similar for other methods, because the VE estimates returned by various methods will be similar 

for a rare outcome [5]. In building the model we made some simplifying assumptions, and although 

we tested the robustness of the results to these assumptions (see supplementary material) it is 

possible that a more sophisticated model would provide more accurate results, particularly if 

superspreading events are not rare in this study population. 

For a vaccine trial in an epidemic, when the level of indirect effects is hard to predict, power 

calculations can be sensitive to parameters about which very little is known. Simulations such as 

these can be important aids in understanding a range of values for these parameters before a trial is 

carried out, and thus ensuring that the trial has sufficient power to detect an efficacious vaccine. In 

this trial, a finding significantly different from the null likely indicates one or more types of vaccine 

efficacy at the individual level, but the magnitude of the effect and the power to detect the effect 

will vary across settings. 
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S1. Supplementary Appendix 

S1.1. Methods 

S1.1.1. Disease transmission model 

To simulate the spread of a disease within a small (m=50) community of individuals who have close 

contact with each other (henceforth a “ring”), we used a stochastic, compartmental model with six 

compartments: susceptible, susceptible vaccinated, exposed, infectious, isolated, and removed 

(either recovered or dead). The time step was one day, and all processes such as infection, disease 

progression, etc. are discretized to occur at the end of a particular day. We assumed that individuals 

become infectious when symptoms appear, meaning that the latent period and incubation period 

are concurrent (WHO. http://www.who.int/mediacentre/factsheets/fs103/en/). Each individual in 

the susceptible compartment has a daily force of infection from two sources: externally from 

individuals not contained within the ring, and internally from individuals within the ring. The former 

is denoted by a fixed, constant hazard F/day, and the latter has hazard equal to βI/day, where β is 

the transmission rate constant and I is the number of infectious individuals in the ring. An individual 

who becomes infected is placed in the exposed compartment, where they spend a number of days 

determined by a gamma distribution, with mean 9.31 days and variance 27.92 (days2) [1]. At the end 

of the latent period, the individual is moved into the infectious compartment, where they spend a 

number of days determined by an independent gamma distribution with mean 7.41 days and 

variance 10.49 (days2) [1]. While an individual is in the infectious compartment, they have a per-day 

probability of being detected and isolated, pH. The act of isolation immediately ends their 

infectiousness, meaning that case detection stops transmission. If they reach the end of the 

infectious period without being detected, they are placed into the removed category, at which point 

they are no longer infectious. In this model we have not allowed for a post mortem period of 

infectiousness, nor the possibility of sexual transmission among those recovered, nor of 

asymptomatic infections.  
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In the baseline scenario we assume a simple ring structure: specifically, that all individuals in the ring 

mix homogeneously with all other individuals and with the index case, and that all rings are of the 

same size. To relax the first assumption we assume that the ring is made up of an index case, 

‘contacts’, and ‘contacts-of-contacts’, represented by separate compartments with 1, 7 and 43 

individuals respectively. Within each compartment individuals mix homogeneously, and the index 

case exerts infectious pressure on contacts only, while contacts exert infectious pressure on other 

contacts, and contacts-of-contacts. Contacts-of-contacts are not assumed to cause further infection, 

translating to an assumption that transmission chains of longer than three are neglibile. With R0 

significantly less than one and the time window of 21 days, we believe this is a good assumption. To 

relax the second assumption we assume that ring size is uniformly distributed on a given range. 

S1.1.2. Ring vaccination trial details 

Initially, we considered a vaccine whose only effect was pre-exposure prophylaxis; in initial runs we 

assumed the vaccine had no effect if given to a person who was exposed but not yet infectious, an 

assumption we later relaxed. When included, post-exposure vaccine effects were modelled as 

follows: when a vaccinated, latently infected subject leaves the exposed class, he will move straight 

to the removed class with probability pPEP. In the baseline scenario all members of the ring are 

eligible and consenting, an assumption that we can relax by vaccinating only a proportion of the 

individuals in the ring. In this case, only those who are vaccinated are included in the analysis. 

To initiate rings, we simulated the following steps: One infected individual (not counted in the m=50) 

is infected, and the length of his infectious period is drawn from the gamma distribution. As he 

progresses through his infectious period, susceptible members of the ring can be infected with daily 

probability 1 – e-(βI + F). In addition, the index case can be detected and isolated with daily probability 

pBH. For baseline simulations we set pBH=0.2, meaning that it takes on average 5 days to detect and 

isolate an infected individual [2]. If he is detected before his infectious period ends, he is rendered 

non-infectious by isolation, and he becomes the index case for a ring, which proceeds as described in 
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the Methods section of the main text. If he is not detected before recovering or dying, he is 

effectively invisible to trial investigators, so he is not counted as an index case, and the simulation is 

terminated and repeated again, without counting the “invisible” case as part of the study sample. 

S1.1.3. Trial simulation and analysis 

The sample size calculation includes an inflation factor (1 + ρ*(m-1)), where ρ is the intracluster 

correlation coefficient (ICC). The cumulative incidence of detected EVD cases is recorded in each arm 

of the trial, and the vaccine effectiveness is estimated as VEest = (1 – CIimm/CIdel)*100, where CIimm is 

the cumulative incidence in the immediate arm and CIdel is the cumulative incidence in the delayed 

arm. Since we expect the event to be rare, the calculation of vaccine effect will be approximately 

equal to the measure using the hazard ratio [3]. As we are assuming no vaccine ineligibility or 

refusal, this quantity estimates the combination of the direct and indirect effect of the vaccine [4]. In 

order to output the likely estimate of vaccine effect derived from this trial, we perform the trial 100 

times at the required sample size calculated above, and we report the median vaccine effectiveness 

estimate from these 100 trials. All simulation was performed using R [5]. 

S1.2. Results 

S1.2.1. Understanding why vaccine effect doesn’t decrease with later time windows 

Before vaccination, incidence in both arms is decreasing at the same exponential rate, and thus in 

proportion to each other. The effect of vaccination is to increase the rate of decline in the immediate 

arm by interrupting potential transmission chains. The difference between the two arms increases as 

indirect effects come into play, until the delayed arm receives vaccination. The effect of vaccination 

in the delayed arm is to increase the rate of decline so that it is equal to the rate in the immediate 

arm. This explains why the VE estimate doesn’t decrease for later time windows; the incidence in the 

delayed arm doesn’t ‘catch up’ with that in the immediate arm, it merely ‘keeps pace’ when the 

vaccine begins to have an effect. Figure S1.1 shows, on the log scale, the change in incidence rate 
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decline in the delayed arm that happens around day 30-35, or 9-14 days after vaccination. After that, 

the two lines are parallel on the log scale, meaning that they are declining in proportion and so the 

VE estimate, which is based on the cumulative incidence ratio, doesn’t change appreciably 

(cumulative incidence is almost proportional to incidence because cumulative incidence is low and 

thus not saturating). 

 

 

 

 

 

 

 

 

 

 

Figure S1.1. Simulated log incidence rate of detected disease in the trial, in the immediate arm (black 

circles) and delayed arm (blue circles), with linear fit in the immediate arm (black line) and piecewise 

linear fit in the delayed arm (blue line). The change in rate in the delayed arm corresponds to the 

direct effect of the vaccine. Circles represent means over 15,000 simulations. 
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Figure S1.2. Median point estimate of vaccine effect derived from 100 trials with 80% power to 

detect vaccine effect shown against: (left to right, top to bottom) A: post-exposure vaccine efficacy, 

B: days to maximum individual vaccine efficacy, C: average vaccine coverage in a ring, D: range in 

ring size, and E: ring size. In each panel, the VE estimate corresponding to the baseline parameter set 

is highlighted in red, and the grey line represents the individual vaccine efficacy of 70%.  All other 

parameters are set at the baseline values. 
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S1.2.2. Effect of other parameters on vaccine effect estimate and sample size 

Figure S1.2 shows the effect of five variables on the point estimate of vaccine effect: post-exposure 

vaccine efficacy, days to maximum individual vaccine efficacy, vaccine coverage, range in ring size, 

and ring size. 

Increasing post-exposure efficacy increases the estimated total vaccine effect (Figure S1.2A), 

because vaccination of exposed individuals prevents them becoming infectious, thus reducing 

incidence in the immediate arm. If the case-counting window is set to start at 16 days, increasing the 

time to maximum vaccine efficacy decreases the estimated effect (Figure S1.2B) because individuals 

in the immediate arm are not fully protected for longer. The other three variables appear to have 

little effect on the total vaccine effect. 

Figure S1.3 shows the effect of the same five variables on the required sample size. 

As in the main text, the effect of each variable on sample size can be understood through its effect 

on overall incidence, incidence difference and ICC. As seen in Figure S1.2, increasing post-exposure 

efficacy and decreasing days to maximum efficacy both increase the estimated vaccine effect, 

resulting in a corresponding decrease in the required sample size (Figure S1.3A and S1.3B). 

The next two variables act primarily through the ICC. When vaccine coverage is not perfect a random 

number of individuals in each ring is vaccinated. Analysis is restricted to those who are vaccinated, 

meaning that ring size is variable, leading to an increase in ICC [6]. This corresponds to an increase in 

the design effect and an increase in the sample size (Figure S1.3C). Introducing ring size variability 

with a uniform distribution also increases the ICC but to a lesser degree, leading to a very moderate 

increase in sample size with increasing ring size variation (Figure S1.3D). Finally, increasing ring size 

has no effect on the sample size, because it doesn’t change the vaccine effect estimate or the 

dynamics of the disease within the ring (Figure S1.3E). 
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Figure S1.3. Number of rings per arm required to achieve 80% power to detect a difference in 

cumulative incidence between the two arms against: (left to right, top to bottom) A: post-exposure 

vaccine efficacy, B: days to maximum individual vaccine efficacy, C: average vaccine coverage in a 

ring, D: range in ring size, and E: ring size. In each panel, the sample size estimate corresponding to 

the baseline parameter set is highlighted in red. All other parameters are set at the default values. 
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Changing the ring structure to model contacts and contacts-of-contacts separately so that 

transmission occurs separately from the index case to contacts, and from contacts to contacts-of-

contacts induces a small downward bias in the vaccine effect estimate (from 70% to 66%), due to 

fewer observed tertiary cases in both arms and smaller indirect effects. However, it has no material 

effect on the required sample size (sample size 86 rings per arm for baseline assumptions). Since 

there is very little ongoing transmission in the study population, whether the secondary case occurs 

among the contacts or contacts-of-contacts has little effect on subsequent spread of the disease. We 

acknowledge that this model doesn’t allow for the presence of highly connected individuals in a 

community, but in this setting when Reff<1 due to behaviour change, we believe that infectivity of 

individuals is likely to be limited and that superspreading events are rare. In this instance, within-

cluster structure has little effect on the power of a trial [7]. 

Finally, we varied characteristics of the disease natural history to understand how the optimal 

counting window changes with the latent and infectious period length. We chose a ‘short’ and ‘long’ 

latent period (average length 4.5 and 18 days respectively, with a corresponding change in variance), 

and a ‘short’ and ‘long’ infectious period (average length 3.7 and 15 days respectively, with a 

corresponding change in variance), and varied the start day of the case-counting window for each of 

these cases. The results are plotted in Figures S1.4 and S1.5, alongside the baseline scenario. 

As the latent period increases, the case-counting window that minimises power becomes later to 

cover the period of time in which susceptible individuals in the immediate arm are protected by the 

vaccine and those in the delayed arm are not (Figure S1.4B). Similarly, for a fixed window the vaccine 

effect estimate is larger when the latent period is shorter because the indirect effect is larger (Figure 

S1.4A). When the latent period is longer and more variable, the vaccine effect estimate is biased 

downwards because there are more cases counted in the immediate arm that were infected before 

vaccination. This corresponds to an increase in the required sample size (Figure S4B). 
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Figure S1.4. Relationship between the start day of case-counting window and A: the median point 

estimate of vaccine effect derived from 100 trials with 80% power to detect vaccine effect, and B: 

required sample size for 80% power to detect vaccine effect, for a disease with a short, baseline and 

long latent period. In Figure S1.4A, the grey line represents the individual vaccine efficacy of 70%.  

All other parameters are set at the baseline values. 



 

39 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure S1.5. Relationship between the start day of case-counting window and A: the median point 

estimate of vaccine effect derived from 100 trials with 80% power to detect vaccine effect, and B: 

required sample size for 80% power to detect vaccine effect, for a disease with a short, baseline and 

long infectious period. In Figure S1.5A, the grey line represents the individual vaccine efficacy of 

70%.  All other parameters are set at the baseline values. 
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In contrast, changing the length of the infectious period doesn’t change the optimal window (Figure 

S1.5B). There are two primary reasons for this: firstly, because of active detection of cases the length 

of the infectious period is not as different between the three diseases as it would be in the absence 

of detection; secondly, the window starting around 16-20 days still captures the period of time in 

which susceptible individuals in the immediate arm are protected by the vaccine and those in the 

delayed arm are not, regardless of the infectious period length. There is a small increase in tertiary 

cases counted in the trial when the infectious period is shorter, leading to a slight increase in the 

estimated vaccine effect (Figure S1.5A) and a slight decrease in the required sample size (Figure 

S1.5B). These results suggest that the a priori choice of case-counting window of the sum of vaccine 

ramp-up and average latent period is a good one, so long as these two parameters are known with 

some certainty. 
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Chapter 2 - Competing effects of indirect protection and clustering on the power of 

cluster-randomized controlled vaccine trials 

2.1. Introduction 

Cluster-randomized controlled trials (cRCTs) have become an increasingly common method for 

evaluating interventions for infectious diseases, including vaccines. Compared to individually 

randomized controlled trials (iRCTs), cRCTs may offer logistical, operational, and acceptability 

advantages [1], and allow the measurement of direct and indirect effects of vaccination, which are 

often relevant for policy-makers [2]. The statistical theory of cRCT design has largely focused on the 

effect of clustering, commonly measured by intracluster correlation, on power [3-5]. Intracluster 

correlation arises because outcomes of members of the same cluster are more similar than those 

from different clusters. Therefore, increasing the number of individuals within a cluster provides less 

information than would adding the same number of individuals in a new cluster.  

When the trial outcome is an infectious disease, correlation arises also because each case in a cluster 

can transmit infection to other cluster members. Thus, trials of vaccines against infectious diseases 

exhibit a more complicated relationship between statistical power and sample size than in trials for 

non-infectious outcomes [6,7]; in particular, the total or overall vaccine effect measured by a cRCT is 

generally larger than the direct effect measured by an iRCT. In principle, this increased effect size in 

a cRCT might partially or fully offset the loss of power due to within-cluster correlation. 

Understanding these complexities can aid in vaccine trial design for emerging epidemics. While an 

important consideration in any clinical trial, maximizing efficiency is particularly crucial in trials 

during infectious disease emergencies such as the 2014-16 Ebola epidemic, where evaluation of 

experimental vaccines is especially urgent, and where limited available vaccine doses and/or 

changing disease incidence may constrain trial design [8]. 
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Figure 2.1. Schematic of an iRCT (top) and a cRCT (bottom). Study clusters (solid outlined) are 

enrolled from communities (circles). In the iRCT, individuals within each cluster are randomized to 

vaccine (striped) or control (black). In the cRCT, half the clusters are randomized to vaccine and half 

to control. In the cRCT design, fixing the number of individuals enrolled, there are two ways to 

balance cluster size and number of clusters in the trial: (1) fixing the community size, vary the 

enrollment proportion and the number of communities enrolled, and (2) fixing the enrollment 

proportion, vary the community size and number of communities. 

In this paper, we first compare the power of an iRCT with that of a cRCT in the same population 

across a broad range of realistic parameters, taking into account that the cRCT is generally 

measuring a larger effect size. We hypothesized that, when R0 is slightly above 1, a cRCT may have 

greater power to detect total vaccine effects than an iRCT would have to detect direct effects. Our 

justification was twofold. First, a vaccine’s total effect is greater than its direct effect and thus more 

easily detected. Second, when an iRCT is conducted within numerous small communities, the 

indirect effects of vaccination may reduce incidence amongst control participants sufficiently as to 
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erode the trial’s power [6]. In a second analysis, we restrict our attention to cRCTs and consider two 

decisions an investigator must navigate when balancing the number of clusters with the size of a 

cluster, for a given trial population size (Fig. 2.1). Throughout we distinguish between communities 

that are targeted for enrollment, and clusters that comprise the individuals enrolled. When study 

clusters are sampled from communities, the first decision (enrollment proportion) concerns whether 

to enroll a larger proportion of each community from fewer communities, or to enroll a smaller 

proportion from a larger number of communities, fixing community size. The second decision 

(community size) concerns whether to recruit clusters from a smaller number of large communities 

or recruit from a larger number of small communities, fixing enrollment proportion. 

With regard to enrollment proportion, recruiting a higher proportion of each community leads to 

higher vaccine coverage in communities receiving vaccination and thus more indirect protection to 

individuals therein. The greater overall protection may lead to increased power. With regard to 

community size, larger communities may experience an increased rate of introduction into the 

community if, for example, disease importations are proportional to the number of travelers to and 

from the community, which likely scales with community size. Both the increased indirect protection 

and the increased importation rate may increase power because they increase the effect size and 

the average number of cases in the trial population, respectively. These effects may thus partially 

counterbalance the loss of power that is known to accompany having fewer, larger clusters. We use 

a transmission model of an emerging directly transmitted infection (such as Ebola virus disease) to 

assess the contribution of these effects to the relative power of iRCTs and cRCTs. 

2.2. Methods 

2.2.1. Theoretical Analysis 

We first explored the plausibility that cRCTs may be more efficient than iRCTs by using theoretical 

final size equations to calculate the expected outbreak probability and attack rate in clusters, varying 
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enrollment proportion, R0, and vaccine efficacy (see Supplementary Appendix S2.1 for details). While 

this analysis provides some insight into the trade-off between indirect effects and clustering, we 

conducted the following simulation-based analyses to more realistically account for how epidemic 

stochasticity may increase variability between communities. 

2.2.2. Simulated population structure 

We consider a population divided into two distinct groups: a main population in which a major 

epidemic is progressing, and a smaller population made up of multiple small communities from 

which the trial population is enrolled. The communities are represented with a stochastic block 

network model [9], in which contacts between individuals within the same block are far more 

common than those between blocks. This assumption is essential as it increases the strength of 

indirect effects within clusters relative to scenarios in which there is more between-cluster 

transmission [10]. A connection between individuals in the network represents a single infectious 

contact per day, and we assume that the number of contacts per individual (degree) is Poisson-

distributed. 

2.2.3. Transmission models 

To balance realism with computational feasibility we rely on distinct transmission models for the 

main population and for the communities, using a deterministic compartmental model and a 

stochastic compartmental model respectively. 

Both models use a susceptible-exposed-infectious-removed compartmental structure. We assume 

that infections are introduced into communities via transmission from the main population, and the 

daily hazard of infection for an individual is proportional to the prevalence of infection in the main 

population. The community-level rate of disease importation (“importation rate”) is defined as the 

number of cases per year arising solely as a function of these external transmission events. We 

assume that the importation rate varies with the size of the community. In particular, larger 



 

46 
 

communities experience more disease importation events, with community importation rate Mi 

increasing with √𝑁𝑖, where Ni is the size of the ith community [11]. See Supplementary Appendix 

S2.1 for more details on importation rate and disease natural history. 

2.2.4. Vaccine trial design 

For both designs, the specified number of communities are enrolled on a fixed calendar day with a 

target proportion of community members enrolled at random from the susceptible and exposed 

individuals therein, forming that community’s study cluster. In the iRCT, half the individuals in each 

study cluster are randomized to vaccination with the other half to placebo control. In the cRCT all 

individuals in half the study clusters are assigned to vaccination, while those in the other half are 

assigned to placebo control. In this design, all enrolled individuals in clusters assigned to vaccination 

are vaccinated. 

2.2.5. Statistical analysis 

Statistical analysis of the trial is based on time to symptom onset, with individuals censored after a 

fixed time. For the iRCT, a Cox proportional hazards (PH) analysis is performed to estimate the direct 

effect of the vaccine, stratifying by community [12]. We define statistical significance at the α=5% 

level using a two-tailed Wald test, and for each combination of parameters we simulate 500 trials, 

estimating the power as the proportion of trials that reject the null hypothesis of no vaccine effect, 

which accounts for different estimands used by different designs. We calculate the median vaccine 

effect estimate across the simulated vaccine effect estimates. To estimate the Type I error of each 

design we repeat the above process with the true vaccine efficacy set to 0. To measure the 

magnitude of clustering in the cRCT we report the design effect, defined as 𝑑𝑒𝑠𝑖𝑔𝑛 𝑒𝑓𝑓𝑒𝑐𝑡 = 1 +

𝜌(𝑚 − 1), where ρ is the intracluster correlation coefficient (ICC) calculated using [13], which is 

likely an underestimate of the ICC for time-to-event data [14], and m is the average size of a study 

cluster. The design effect increases with ICC, as subjects in the same cluster are more similar, and  
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Table 2.1. Model parameter names, values and ranges varied across, meanings and references or 

justifications 

Parameter Meaning Value Range 
Considered 

Reference 

R0 Average number of 
secondary 
infections 
generated by an 
infected individual 

- 0.6-3 Wide range spanning most 
emerging infectious diseases. 
Calculated for network models 
using [15]. 

Mean 
(latent) 

Mean latent period 
length (days) 

9.7 - [16] 

SD (latent) Standard deviation 
of latent period 
length (days) 

5.5 - [16] 

Mean 
(infectious) 

Mean infectious 
period length 
(days) 

5.0 - Time to hospitalization [16]. 

SD 
(infectious) 

Standard deviation 
of infectious 
period length 
(days) 

4.7 - [16] 

VE Individual vaccine 
efficacy 

0.6 0.4-0.8 Baseline assumption. 

Ni Size of community 
i 

100 50-200 Assumption that some unit of 
this size exists in the 
population. 

Mi Importation rate 
into communities 

0.0025√𝑁𝑖 

cases/year 

0.0125-

0.05√𝑁𝑖 

cases/year 

Based on a calculation for 
measles [11], with the 
magnitude of the rate chosen 
so that there is on average 0.5 
importations into a 
community of size 100 over a 
two-year epidemic. 

Within-
community 
degree 

Average total 
number of 
contacts of an 
individual within 
the same 
community 

14.85 14.83-14.85 Based on Ebola, ça suffit! trial 
[17] (ring size of 90, <20% of 
which were primary contacts). 
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Table 2.1 (continued) 

Between-
community 
degree 

 

 

Average total number of 
contacts of an individual 
from outside their 
community 

0 0-
0.02 

Assumption that communities 
disconnected to minimize spillover 
effect. A range was explored to 
represent one or two contacts 
outside each community. 

Trial size Average number of 
individuals enrolled 

4,000 - Assumption to achieve reasonable 
power for chosen parameters. 

Trial start day First day of enrollment, 
vaccination and start of 
follow-up, relative to the 
first day of the epidemic in 
the main population 

150 100-
250 

Assumed the trial starts before the 
peak of the epidemic in the main 
population and that the trial team 
is ready to go when epidemic 
starts. 

Trial length Length of follow-up after 
trial start (days) 

140 70-
210 

Assumption to achieve reasonable 
power for chosen parameters. 

 

with the size of each cluster, as there are fewer, larger groups of similar individuals. The ICC is a 

measure of between-cluster variance relative to total variance in the outcome: if between-cluster 

variance is large relative to within-cluster variance, the ICC is large and individuals in the same 

cluster provide little information relative to individuals in different clusters. 

In this cRCT design, a Cox PH model estimates the total effect of vaccination. To ensure we used a 

cRCT analysis that maintains nominal Type I error when comparing cRCT power to that of an iRCT, 

we first compared Type I error between several methods to account for clustering when determining 

statistical significance within the cRCT design: namely, a Cox PH model with Gaussian- or gamma-

distributed shared frailty, and a Cox PH model with robust standard error estimate. We excluded 

from analysis individuals who developed symptoms within 10 days after vaccination (the average 

incubation/latent period) to avoid diluting the vaccine effect by analyzing infections that preceded 
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vaccination. All simulations were performed in R [18], and code that can be used to generate data 

presented in this study is available on Github at [19]. 

2.2.6. Choice of parameters 

Table 2.1 shows the parameters used in the model, their meanings, values under baseline 

assumptions, range explored (where applicable), and references or justifications. 

2.3. Results 

2.3.1. Comparison of iRCT and cRCT 

In our theoretical analysis based on final size calculations, we found support for our initial hypothesis 

that cRCTs could be more efficient than iRCTs: when R0 in vaccinated clusters in the cRCT is just 

above 1, the measured total effect is close to 1, which increases power; on the other hand, indirect 

effects in the iRCT drive down the incidence of disease among controls, undermining its power. 

Increasing enrollment proportion increases power of the cRCT relative to the iRCT, and there were 

parameter ranges for which the cRCT was more powerful than the iRCT; for example, with 

communities of size 100 and enrollment proportion 60%, we estimated that a cRCT would be more 

efficient than an iRCT when R0 was close to 1.6 and vaccine efficacy was between 50% and 60% (see 

Supplementary Figure S2.1). 

However, our simulation model reveals that, across a broad range of parameters, including 

population structure, trial design and vaccine efficacy parameters, iRCTs were always were more 

powerful than cRCTs in the same population, despite the larger effect size being measured in cRCTs. 

The discrepancy between the models arises because theoretical calculations underestimate the 

average cumulative incidence, as well as the variability in transmission across clusters, when R0 is 

close to 1. Figure 2 illustrates the power of simulated iRCT and cRCT designs versus R0, and highlights 

two findings. Firstly, the cRCT generally yields greater effect size estimates than the iRCT, because it   
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Figure 2.2. Comparison of vaccine effect estimates and power of individually- and cluster- 

randomized controlled trials. Vaccine effect estimates (A), design effect (B), and power (C) from an 

individually randomized controlled trial (iRCT) and from a cluster-randomized controlled trial (cRCT) 

analyzed using a shared gamma frailty model or using a Cox PH model with robust standard error 

estimates. The incidence rate of importations into an average community is 0.25 cases/year, the 

vaccine efficacy is 60%, and other parameters are the baseline values listed in Table 2.1. 
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measures the total vaccine effect rather than solely direct effects (Figure 2.2A). Secondly, the design 

effect is large and increases with increasing R0 (Figure 2.2B), because large R0 leads to more 

outbreaks within communities, which increases between-cluster variance and thus the ICC (see 

Supplementary Figure S2.2). Therefore, the power that the cRCT gains by measuring a larger effect is 

more than compensated by loss of efficiency due to within-cluster correlation. These two points 

explain why cRCT power first increases and then decreases with increasing R0. As R0 increases past a 

certain threshold, the effect of clustering begins to dominate the effect of increased incidence in the 

study population, and the trial loses rather than gains power from the increased transmission.  

As hypothesized, we found that there was reduced incidence among controls in the iRCT compared 

to those in the cRCT due to indirect protection from vaccinated individuals [20], although this did not 

significantly affect the power of iRCTs in our simulations. This is likely because vaccine coverage was 

low in the iRCT (a maximum of 50% of individuals within clusters are vaccinated) such that there is 

still sufficient transmission amongst control participants to evaluate the vaccine, in part because 

importation events from the main population occur even in the presence of herd immunity. 

The above results focus on the gamma-frailty model for analyzing the cRCT. We found that the 

estimated vaccine effect from a Cox PH model with robust standard errors decreased drastically as 

R0 increases. This occurred because the effect estimate from the robust standard errors model is not 

stratified by cluster, and is thus biased by heterogeneity in hazard of infection caused by stochastic 

variation in outbreak size [12]. The gamma-frailty model can account for this heterogeneity and 

performed better, yielding both Type I error rates below 5% and unbiased estimates of total vaccine 

effects for many of the parameter combinations. Still, when R0 was sufficiently small, the gamma-

frailty model of cRCT designs did exhibit slightly elevated Type I error [20] due to sporadic and 

heterogeneous nature of outbreaks in the communities. 

Figure 2.2 shows that the power of the cRCT is strongly affected by the design effect (Figure 2.2C), 

and that the difference in power between the cRCT and iRCT is smaller when there is low R0. This   
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Figure 2.3. Relationship between power and community enrollment proportion for a cRCT. 

Vaccine effect estimates (A), design effect (B), and power (C) from a cRCT versus the percentage 

of individuals enrolled from each community, with total sample size held constant and assuming 

a vaccine efficacy of 60%. 
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Figure 2.3 (continued) 
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observation held when other parameters were varied, including trial start day (relative to epidemic 

onset), vaccine efficacy, importation rate, and population structure. In the setting of low R0, 

epidemics will die out stochastically in most clusters experiencing one or more case importation. The 

cluster-level attack rates are thus close to zero and the between-cluster variance is small [20].  

2.3.2. Varying community enrollment proportion in a cRCT 

Restricting attention to cRCTs, Figure 2.3 displays the vaccine effect estimate (Figure 2.3A), design 

effect (Figure 2.3B), and power (Figure 2.3C) for a cRCT across varying community enrollment 

proportions (holding community sizes constant, but varying number of communities). As expected 

the estimate of total vaccine effect increases with increasing proportion enrolled because it 

increases vaccine coverage and, consequently, the indirect effects in vaccinated clusters. However, 

the increased effect size is counterbalanced by increases in the design effect (driven by larger 

clusters). Thus, for all values of R0 displayed except the highest considered R0=3 there is no clear 

trend in power with the community enrollment proportion. For R0=3, the simulations follow the 

trend generally expected for cRCTs in which the use of more, smaller clusters increases trial power. 

2.3.3. Varying size of enrolled communities in a cRCT 

Figure 2.4 displays the attack rate in the study population (Figure 2.4A), design effect (Figure 2.4C) 

and power (Figure 2.4E) for a cRCT with varying size of enrolled communities, holding the proportion 

of communities enrolled and the total number of trial participants constant. The attack rate in the 

trial population is determined by the product of (i) the average proportion of a community infected 

given an outbreak in that community (final size) and (ii) the proportion of communities that 

experience an outbreak. When R0> 1 the final size (i) is same regardless of community size because 

we assume frequency-dependent transmission [21]. However, if importation rate increases with 

community size, then the grouping of individuals into fewer large communities makes each 

community more likely to receive at least one importation, increasing (ii). In effect, letting each  
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Figure 2.4. Relationship between power and size of enrolled communities for a cRCT. Attack rates 

in the trial population (A and D), design effects (B and E), and power (C and F) for cluster-

randomized vaccine efficacy trials versus the size of the communities recruited, with total sample 

size held constant. In the left-hand column, community case importation rate is proportional to 

the square root of community size, and in the right-hand column it is proportional to the 

community size. All results shown here assume 60% community enrollment. 
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Figure 2.4 (continued) 
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importation be shared across more individuals increases the probability that any trial participant 

lives somewhere that experiences an importation and, thus, an outbreak. The magnitude of the 

increase in attack rate with fewer large communities depends on how importation rate scales with 

community size. In this case, assuming sub-linear increase in importation rate, the increased attack 

rate with fewer, larger communities is not large enough to offset the greater design effect and thus 

power decreases when increasing community size and decreasing community number. 

If community importation rate scales linearly with community size, there is an even greater increase 

in attack rate when there are fewer, larger communities (Figure 2.4B), relative to the analysis above. 

In this case, even though the design effect increases with community size (Figure 2.4D), the higher 

attack rate offsets the increased design effect and power does not change appreciably with size of 

enrolled communities when transmission is moderate (Figure 2.4F). 

2.3.4. Analysis methods for a cRCT 

In answering our primary research questions, we explored a range of analysis methods for the cRCT. 

We found that a Cox PH model with Gaussian-distributed frailty had significantly elevated Type I 

error [20]. Fortunately, two common approaches to analyzing clustered survival data, a Cox PH 

model with gamma-distributed frailty or robust standard error estimation, were the best methods in 

terms of power and validity. The robust standard error analysis has higher power than the gamma-

frailty model when transmission is low. However, the model doesn’t account for heterogeneity in 

hazard rates in its estimate of the vaccine effect, leading to a downward bias that is particularly 

apparent when R0 is high, as seen in Figure 2.2. The gamma-frailty model is not susceptible to this 

bias. 

2.4. Discussion 

Traditional comparisons of cRCTs versus iRCTs that focus on within-cluster correlation and the design 

effect should also consider other ways in which the unit of randomization affects RCT power. 



 

58 
 

Although an iRCT and a cRCT answer different research questions (measuring direct and total effects, 

respectively), a positive finding for either could arguably lead to the same policy outcome, especially 

during an epidemic [22]. For example, the rVSV Ebola vaccine was approved for use in the 

Democratic Republic of Congo in 2017 based on the findings of Ebola, ça suffit!, a cRCT [23]. We 

show that a cRCT’s ability to measure both indirect and direct effects can partially compensate for 

the loss of power due to clustering. Theoretical calculations suggest that cRCTs may exhibit greater 

statistical efficiency than iRCTs in some low R0 scenarios. However, simulations that more 

realistically capture stochasticity in transmission suggest that iRCTs remain more powerful than 

cRCTs conducted in the same trial population. In low transmission settings the difference in power 

between them may be small, although for R0 values lower than considered here a risk-prioritized 

design (such as ring vaccination) would be preferable, and these results should be examined 

separately in this context. 

The above comparisons between cRCTs and iRCTs can be extended to examine cRCTs of different 

cluster sizes (which is particularly apparent once noting an iRCT can be considered a cRCT with 

cluster size of one). For instance, within cRCT designs, enrolling more individuals from the same 

cluster is generally less statistically efficient than enrolling individuals in a new cluster. Previous work 

has argued that the ICC often decreases with cluster size, mitigating some loss of efficiency with 

larger clusters [10], and demonstrated how cross-contamination may increase when cRCTs are run in 

clusters of fewer individuals, reducing the effect to be estimated and thus power. Cross-

contamination occurs either via transmission between intervention and control clusters or 

inadvertent receipt of intervention by control clusters, both of which are less likely when clusters are 

separated in space [24], or are sufficiently large that they are less impacted by external populations 

[10].  

Here, we show that, even in the absence of cross-contamination, indirect effects in themselves can 

mitigate the loss of efficiency caused by the increasing design effect associated with fewer, larger 
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clusters. To our knowledge, this fact has been alluded to but the effect on power has never been 

quantified [25,26]. Another counter-intuitive finding arises from the fact that, because larger 

communities experience a greater influx of transmission imported from elsewhere, enrolling fewer 

but larger communities may yield a greater attack rate, and thereby partly or fully compensate for 

the loss in power due to the design effect. This result is dependent on the relationship between case 

importation rate and community size. Consequently, this will differ by disease and population setting 

and may only be true in scenarios when a pathogen is not endemic to trial communities and the 

probability of pathogen introduction into a community is relatively low. 

Our findings highlighted the importance of adequately accounting for heterogeneity between study 

clusters while maintaining the nominal false positive rate and maximizing power. We limited the 

methods to those widely used and found that a Cox PH model with gamma-distributed frailty 

performs best overall; although when R0 is low, a Cox PH model with robust standard errors may be 

superior. 

The results presented here are part of a body of work demonstrating the utility of simulation when 

considering the design of vaccine trials for infectious diseases [7]. It is only by including transmission 

dynamics in models that we are able to quantify the relative strength of clustering and indirect 

protection in affecting trial power. Our study is intended to explore these effects more generally, but 

we expect our findings to be relevant to investigators considering cRCT design, whether or not they 

develop a full-fledged trial simulation study during the planning phase. Theoretical work on trial 

design can help prepare stakeholders to rapidly design trials in the face of unexpected epidemics of 

emerging pathogens. However, it is important to note that sample size is only one of many factors 

that must be taken into consideration when planning a vaccine trial. Considerations of logistics, cost, 

ethics, acceptability or the particular research question of interest may, in certain contexts, hold 

priority.  



 

60 
 

There are at least two sources of intracluster correlation in a cRCT for an infectious disease: 

transmission between individuals within a cluster, and the shared characteristics of individuals 

within a cluster. When R0 is large enough, any outbreak that takes off will infect many individuals in 

a community so all clusters either have attack rate close to 0% or 100%. In such cases, there is very 

little within-cluster variance and the total variance comprises chiefly between-cluster variance, 

leading to ICCs approaching 1. Clustering due to shared characteristics can arise for many reasons, 

e.g. within-community similarities in behavior, health, or proximity to source populations. 

Intracluster correlation, whether due to transmission or to shared characteristics in clusters, 

increases the design effect. Given these different sources of clustering, and the fact that we 

observed ICCs ranging from 0.05 to 0.8 in our simulations, it is critically important that ICCs are 

reported by study investigators when presenting the results of a cRCT as this may aid in planning for 

future trials [17].  

Our analysis neglects some aspects of a realistic population in which a trial is conducted. For 

example, we do not consider the second source of clustering described above (i.e. shared 

characteristics). More broadly, modeled individuals do not vary in characteristics other than degree 

and the community to which they belong, whereas real populations would vary in age structure, 

proximity to the epicenter of the epidemic, and other variables that would predict disease incidence. 

By ignoring these characteristics we underestimate the extent of clustering in a cRCT and overstate 

its power. This makes more robust our conclusion that the iRCT is always more powerful than the 

cRCT in the situations considered. 

We have conceptualized the population structure as being a number of small groups separated in 

space so that there is minimal transmission between communities; in reality, population structure is 

likely to be less distinct. We have not considered permanent or temporary migration, nor secondary 

structure within communities (i.e. households). Moreover, real-life degree distributions have a 
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heavier tail (due to superspreading [27]) than considered here; though a sensitivity analysis shows 

our results are robust to this assumption [20].  

We find that the general principle that enrollment of fewer, larger clusters leads to decreased power 

is strongly dependent on the relationship between community size and rate of importation. Our 

base assumption that importation frequency proportional to the square root of community size is 

based on a finding for measles [11]. For other diseases the community-level importation rate may be 

independent of community size, in which case the increased design effect would entirely dictate the 

loss of power as community size increases. Our conclusions should thus be considered in the context 

of each specific disease and population. 

The indirect effect of vaccination should be considered along with clustering in calculating the power 

of a cluster-randomized trial and in comparing different trial designs for interventions against 

infectious diseases. Using simulation we show that it does not always increase power to enroll more, 

smaller clusters into a cRCT, when doing so is associated with reduced indirect protection to 

vaccinated individuals or importation of infection into the study population. Still, while cRCTs 

measure a greater vaccine effect than iRCTs, we found that iRCTs are generally more powerful, 

though their power may be comparable in low-transmission settings. 
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S2. Supplementary Appendix 

S2.1. Methods 

S2.1.1. Theoretical model 

Our initial theoretical analysis is based on final size and outbreak probability calculations rather than 

simulation, but otherwise the trial population has the same structure as in the simulation model. In 

particular, we assume that a proportion of communities receive a single disease importation, and 

any outbreak that arises from an importation runs until there are no longer any infectious 

individuals. 

For a community in which there are no vaccinees, the standard final size equation [1] applies for the 

cumulative incidence, namely CI solves 𝐂𝐈 = 𝟏 −  𝐞−𝐑𝟎𝐂𝐈, when R0>1. Similarly, the proportion of 

communities with importations in which an outbreak will occur, x, solves the same equation. For a 

community in which a proportion p of the individuals are vaccinated with vaccine efficacy VE, the 

equations for the CI among the vaccinated and unvaccinated, CIV and CIU respectively, are 

𝐂𝐈𝐕 = 𝟏 − 𝐞−𝐑𝟎(𝟏−𝐕𝐄)[(𝟏−𝐩)𝐂𝐈𝐔+𝐩𝐂𝐈𝐕], 

𝐂𝐈𝐮 = 𝟏 − 𝐞−𝐑𝟎[(𝟏−𝐩)𝐂𝐈𝐔+𝐩𝐂𝐈𝐕]. 

The outbreak probability in a community in which a proportion p of the individuals are vaccinated, 

xV, solves the equation 𝐱𝐕 = 𝟏 − 𝐞−𝐑𝟎
𝐕𝐱𝐕, where 𝐑𝟎

𝐕 = (𝟏 − 𝐩𝐕𝐄)𝐑𝟎. Sample size calculations were 

based on a hazard rate analysis, with vaccine effect estimated in both trial designs as 𝑽𝑬 = 𝟏 −

𝐥𝐧(𝟏−𝑪𝑰𝑽)

𝐥𝐧(𝟏−𝑪𝑰𝑼)
 [2]. Specifically, number of individuals needed to achieve 90% power to detect vaccine 

effect was given by 𝑺 =
(𝟏.𝟗𝟔+𝟏.𝟐𝟖)𝟐

𝟒∗𝑪𝑰𝑶∗𝐥𝐧 (𝟏−𝑽𝑬)𝟐 [3], where CIO is the cumulative incidence of infection in the 

trial population. For the cRCT, this sample size is multiplied by the design effect as defined in the 

main text, with ICC calculated using the ANOVA method [4]. We calculate necessary sample size to 

achieve 90% power for an iRCT (in which half of the vaccinees in each study cluster are vaccinated) 
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and for a cRCT (in which half of the study clusters have all participants vaccinated, and the other half 

are given control), and plot the ratio of the necessary sample size for a cRCT compared to an iRCT. 

Areas of parameter space in which this ratio is less than 1 are indicative of parameters for which the 

cRCT is theoretically more efficient at detecting the total effect than the iRCT is at detecting the 

direct effect. 

When R0<1, the size of an outbreak in a large population is given by 
𝟏

𝟏−𝑹𝟎
, but this formula does not 

apply to small communities, especially when R0 is close to 1. Therefore, we restrict the theoretical 

analyses to parameter combinations when R0 in vaccinated communities in the cRCT is greater than 

1, assuming that any qualitative results we saw in this parameter space would be maintained as R0 

crosses 1. 

S2.1.2. Simulation 

The main population model is a standard deterministic susceptible-exposed-infectious-removed 

(SEIR) compartmental model, with three exposed and three infectious compartments to yield 

gamma-distributed incubation and infectious periods. We assumed a time-varying transmission rate 

in the main population, so that the importation rate into the communities is proportional to the 

prevalence of infection in the main population, and disease natural history parameters 

representative of the 2014-2015 Ebola epidemic in Liberia [5]. 

The disease model in the communities is a stochastic susceptible-exposed-infectious-removed (SEIR) 

model. Each susceptible individual has a daily hazard of becoming infected and moving into the 

exposed compartment from two sources: the daily hazard of infection from each infectious neighbor 

is β, and the daily hazard of infection for an individual in community i from the main population is FiI, 

where I is the prevalence of infectious individuals in the main population and Fi is a proportionality 

constant reflecting the degree of contact between the main population and the ith community. 
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The hazard rate of introduction into the study population is time-varying with the progression of the 

epidemic in the main population, and we calibrate the constant of proportionality in each cluster Fi 

using an assumed rate of importation events, Mi cases/year. The formula that connects these two 

quantities is 𝐹𝑖 =  −
ln (1−𝑀𝑖∗𝑇)

𝑓/𝜇
, where f is the final size of the epidemic in the main population, μ is 

the mean infectious period, and T is the length of the epidemic in years. We model the relationship 

between importation rate and community size in two ways. Firstly, for community i we assume 𝑀𝑖 =

𝑎√𝑁𝑖, where Ni is the community size [6], and the per capita importation rate in community i is 
𝑎

√𝑁𝑖
, 

where the constant a determines the magnitude of the importation rate. Secondly, we assume 𝑀𝑖 =

𝑎′𝑁𝑖, so that the per capita importation rate in community i is a’. The values for a and a’ were 

chosen so that a community of size Ni=100 had on average between 0.25 and 1 introductions over 

the course of a two-year epidemic. 

The transmission rate β in the main population varied with time using the formula 𝛽(𝑡) =  𝛽̂(1 −

 
𝛼2

1+ 𝑒−𝛼1(𝑡− 𝛼𝜏)). Parameters were chosen to give a reasonable fit to weekly Ebola incidence data from 

Liberia. Specifically, 𝛽̂ = 0.94, α1 = 0.19, α2 = 0.6, ατ = 27.79. The average incubation/latent period is 

7.14 days and the average infectious period is 3 days. 

We assume that the incubation and latent periods are concurrent, meaning that symptom onset 

occurs when infectiousness begins. Once infected, individuals spend a number of days in the 

exposed compartment drawn from a gamma distribution with mean 9.7 days and SD 5.5 days before 

moving into the infectious compartment [7]. They spend a number of days in the infectious 

compartment drawn from an independent gamma distribution with mean 5 and SD 4.7 based on 

data on the time to hospitalization [7], after which they move into the removed compartment. For 

simplicity and to generalize away from the Ebola epidemic, we assume no post mortem 

transmission, meaning that whether an individual dies or recovers does not affect the estimated 

efficacy or power of the trial.  
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Once enrolled, individuals are followed for a number of days and, for infected individuals, time from 

enrollment to symptom onset is recorded. Individuals who never develop symptoms are censored at 

the end of the study; there are no other sources of censoring. The vaccine is multiplicative leaky [8], 

reducing susceptibility to infection by a factor (1-VE) and having no effect on those who are already 

exposed or infectious when vaccinated, and no effect on the progression or infectiousness of 

vaccinated individuals who become infected. We assume the protective efficacy of the vaccine starts 

on the day of vaccination. 

S2.2. Supplementary Figures 

 

 

 

 

 

 

 

 

Figure S2.1. Ratio of necessary sample size for 90% power to detect vaccine effect for a cRCT (total 

effects) relative to an iRCT (direct effect) with a hazard rate-based analysis, varying R0 and true 

vaccine efficacy. Final size equations apply only when 𝑅0
𝑉 > 1. 
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Figure S2.2. Relationship between R0 and distribution of cluster-level attack rates. Histogram of 

cluster-level attack rate for R0=0.6 (A) and R0=3 (B). 
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Chapter 3 - Analysis of a meningococcal meningitis outbreak in Niger: potential 

effectiveness of reactive prophylaxis 

3.1. Introduction 

Localized epidemics of bacterial meningitis occur seasonally in the African Meningitis Belt of sub-

Saharan Africa, caused primarily by the bacteria Neisseria meningitidis. There is evidence that 

seasonal, non-epidemic meningitis is driven by an increase in invasive meningococcal disease (IMD) 

incidence among carriers, while localized epidemics are driven by an increase in carriage and 

transmission [1,2]. In Niger, spatial clusters of cases have been observed [3,4] which are partly but 

not fully explained by variations in climatic factors, suggesting the role of the environment and 

transmission in driving epidemics [5]. In addition, there is some evidence that individuals in close 

contact with meningitis cases are at higher risk for carriage of meningitis and invasive disease, 

among epidemic and non-epidemic settings [1]. 

Chemoprophylaxis of household members of IMD cases is currently recommended by the WHO in 

sub-Saharan Africa outside of an epidemic only [6]. This recommendation is based on the consistent 

finding from historical outbreaks that household contacts of IMD cases are at higher risk of IMD than 

the general population, and the risk ratio has been reported to be as high as 1,000 [7]. Although a 

recent review examining the effectiveness of household chemoprophylaxis estimated an efficacy of 

84%, the evidence was not considered strong enough to recommend chemoprophylaxis during 

outbreaks in the African Meningitis Belt [8]. 

Mass vaccination campaigns are conducted during epidemics, but targeted prophylactic 

interventions at a smaller spatial scale could supplement the campaigns and lead to further 

reduction in cases during epidemics. A recent cluster-randomized trial during an outbreak of N. 

meningitidis serogroup C in Niger found promising evidence for the effectiveness of village-wide 
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chemoprophylaxis, although no evidence for effectiveness of household prophylaxis on community-

level IMD incidence [9].  

Several papers have examined the effect of different intervention thresholds on effectiveness of 

interventions for seasonal meningitis outbreaks [10-13]. These studies have focused on reactive 

vaccination, which typically has a lag time of weeks between crossing the epidemic threshold to 

implementation. The studies show that decreasing the lag time by two weeks can significantly 

improve the effectiveness of reactive vaccination strategies. Prophylaxis can be performed more 

quickly and without the need for a cold chain, and antibiotics can be stockpiled more easily. In 

addition, an individual receiving prophylaxis could receive protection immediately, although this 

protection is unlikely to be long-lasting.  

To build on the promising results of the recent trial, it is important to understand the potential for 

reactive prophylaxis to be used on a wide scale. To this end, data from one season of meningitis 

incidence in a district of Niger is used to describe clustering of cases at the household and village 

level, and test the potential effectiveness of prophylaxis strategies. 

3.2. Methods 

3.2.1. Data collection 

Passive surveillance data from the 2015 meningitis season was collected (see Figure 3.1). This season 

saw a large and unexpected outbreak of N. meningitidis serogroup C in Niger with 8,500 suspected 

cases reported. The peak was between 4-10 May, and the majority of cases were in Niamey in the 

southwest, followed by the Dosso region, also in the southwest. This database was augmented by 

household visits in September 2015, by which cases that could be reached were linked by 

household, and household size and age structure was collected. We attempted to source population 

and coordinates of the villages from two sources: a 2012 census carried out by the Nigerien 

government, and OpenStreetMap. The study area is made up of four departments (Dogondoutchi, 
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Tibiri (Doutchi), Gaya, and Dioundiou) each of which is made up of communes (18 in total). In 

addition, health districts (aires de santé) are defined as the area served by a particular hospital. 

There are 38 health districts in the study area, with populations ranging from 8,000 to 56,000. 

Figure 3.1. Weekly attack rate in Dogondoutchi (red), Tibiri (Doutchi) (blue), Dioundiou (green), Gaya 

(black), and in the whole study area (purple). 

An epidemic is defined by whether the weekly attack rate (cases/100,000) has reached a certain 

threshold. The current threshold used is 10 cases/100,000 for any population greater than 30,000, or 

5 cases in a week for any population under 30,000. We apply thresholds of 5, 7, and 10 

cases/100,000 to three spatial units: health district, commune, and department, to define whether a 

region is in an epidemic or not.  

3.2.2. Clustering of cases 

We are interested in clustering of cases at two spatial units: the household and the village. We 

define a “contact” of a case as a member of the spatial unit of interest, specifically a household 

member or village member. Specifically, an individual is defined as a “contact” of a case if a 

suspected case has previously occurred in their spatial unit. Clustering at the household and village 

level is described by calculating two metrics:  
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 the relative risk of IMD for a contact of a suspected IMD case compared to a non-contact 

(defined as the “household relative risk (RR)” or “village relative risk (RR)”);  

 and the proportion of cases that are contacts of a suspected case.  

The household RR is presented unadjusted and adjusted for the village-level cumulative incidence. 

Villages with higher attack rate are more likely to have households with multiple cases by chance, 

and therefore the unadjusted household RR, while useful from a policy standpoint as it identifies 

high-risk individuals in the population, is biased upwards in describing the relative risk that might be 

causally due to having a household contact. Similarly, the village RR is adjusted for the commune-

level cumulative incidence. The question of whether the pattern of clustering is different outside of 

an epidemic compared to during an epidemic is addressed by defining such periods and comparing 

the metrics by outside/during epidemic status. 

Household RR is estimated using Poisson regression with rate of IMD as the outcome, and household 

contact as the exposure of interest. We controlled for the cumulative incidence of IMD in the village 

across the follow-up period by including log(cumulative incidence) as a variable in the regression 

model. To compare the household RR in the non-epidemic and epidemic period, we categorized all 

cases that occurred before the epidemic threshold of 10 cases/100,000 was reached as “non-

epidemic” and vice versa. In the pre- and post-epidemic periods, non-cases were assigned to 

exposure based on whether they had a previous contact. We report the household RR in the non-

epidemic and epidemic period separately, as well as the relative household RR and confidence 

interval. Village RR is calculated in a similar way. 

The proportion of cases that are contacts of a case was calculated, and a confidence interval was 

estimated using log-binomial regression among cases only, with “having a contact” as the outcome. 

To assess whether the proportion changes between the non-epidemic and epidemic period, we 

include it as a variable in the model as described above. 
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3.2.3. Reactive prophylaxis intervention 

To understand the potential for reactive chemoprophylaxis strategies to reduce the burden of IMD 

during the meningitis season, we simulated a variety of prophylaxis strategies on the data.  

We are interested in how starting a prophylaxis intervention at different times changes its potential 

effectiveness. To this end, we implement the strategy as follows (see Figure 3.2). The entire study 

area starts in a state of “epidemic preparedness”, in which surveillance for IMD cases is performed 

at the level of the surveillance unit (health district, commune, or department). When the attack rate 

has reached a given threshold in a surveillance unit, an epidemic is declared in that unit (as in the 

middle region in Figure 3.2). From this day onwards, the unit enters a state of “case preparedness”, 

in which villages in the unit are followed for the incidence of cases. When a triggering case occurs in 

a village (as in the second village in Figure 3.2), the village enters a state of “contact preparedness”, 

in which all contacts of the triggering case are identified and treated. The contacts are defined either 

as household members, village members, or all members of villages within a certain radius of the 

triggering case’s village. 

The number of doses needed for each round of prophylaxis is calculated using population data. The 

number of potentially prevented cases (PPC) from each round is defined as the number of cases that 

occur within a given time window after antibiotic distribution, and the total PPC is the sum of PPCs 

from all rounds of prophylaxis conducted during the intervention. The total number treated (TNT) is 

the total number of doses administered. The number needed to treat (NNT) per potentially 

prevented case is calculated as NNT=TNT/PPC. Once a village is treated with a round of prophylaxis, 

cases that occur in that village during the presumed time window of effectiveness do not trigger new 

rounds of prophylaxis, although cases that occur after the end of the window can trigger further 

rounds (which is relevant for the radial strategies, or if villages are repeatedly treated). 
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Figure 3.2. Schematic of the reactive prophylaxis protocol. 
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Given the uncertainty around the serial interval for N. meningitidis and other mechanisms of 

protection granted by prophylaxis, we assume a range of time windows during which prophylaxis 

can prevent cases. The evidence for the effectiveness of prophylaxis is strongest for cases occurring 

in the week following index case identification, and there is weaker evidence for cases occurring 

after two weeks [9,14]. We assume that during the course of the season, no individual can be 

treated more than once, although we relax this assumption in a sensitivity analysis. In addition, we 

consider strategies in which only villages below a certain population size are targeted. We make no 

assumptions about the efficacy of prophylaxis, reporting only the cases that could be targeted within 

a given time window. Imperfect efficacy would simply reduce the PPC by a multiplicative factor, 

while incomplete coverage would on average reduce PPC and TNT while keeping NNT constant. We 

make the distinction between confirmed cases, cases that tested negative, and cases that weren’t 

tested. Specifically, we assume that only N. meningitidis cases can be prevented by prophylaxis, and 

that the proportion of untested cases that are due to N. meningitidis is equal to the proportion of 

tested cases that are due to N. meningitidis. 

Finally, we calculate the power of a cluster-randomized trial to test the effectiveness of a reactive 

village-wide prophylaxis intervention by calculating which villages would be eligible, adapting the 

eligilibity criteria from [9]. Specifically, each of the four departments is considered as the trial setting 

separately, and the trial is inititiated once two health districts have crossed a given threshold.  From 

that point onwards, villages are eligible if they are in a health district that has crossed the threshold, 

and are enrolled when a case is reported. Components of the power formula [15,16] are calculated, 

specifically the mean and coefficient of variation of village size, total number of individuals enrolled, 

and attack rate among the eligible villages. The power to detect a given attack rate ratio between 

the control and intervention arms is calculated under a range of assumed intracluster correlation 

coefficients. 
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Table 3.1 shows a list of the parameters used in the reactive prophylaxis strategy and the values 

considered for these parameters. 

Table 3.1. List of parameters, meanings, and values considered 

Parameter Meaning Value/Range (default value 
underlined) 

Surveillance 
unit 

Unit at which epidemic surveillance is 
performed 

Health District/ 
Commune/Department/Study area 

Epidemic 
threshold 

Attack rate threshold to define when the 
state of case preparedness is entered 

5, 7, and 10 cases/100,000 

Contacts 
treated 

Group who is treated upon for each 
triggering case 

Household/Village/Radius 1-20km 

Time window 
start 

Delay between triggering case and 
prophylaxis distribution 

1, 2, 3, 4, and 7 days 

Time window 
end 

Number of days following triggering case 
for which cases are defined as 
preventable 

For time window start 1-4: 7, 14, 21 
For time window start 7: 14, 21 

 

3.3. Results 

3.3.1. Description of the data 

The data base contains patient-level information on 753 suspected cases in the Dogondoutchi, Tibiri, 

Gaya and Dioundiou departments between January 2 and May 23. 369/473 cases in Dogondoutchi 

(78%) were reached for the household survey. The census data base contained data on 2,588 

villages, with 310 villages appearing in the case data. The population and coordinates of 246 out of 

those 310 villages were obtained, representing 689 cases (92%). 495 (66%) of cases were tested, of 

which 291 (39%) were confirmed N. meningitidis (serogroup C, W, or unspecified), 17 (2%) were 

confirmed S. pneumoniae, and 187 (25%) tested negative for the presence of these two bacteria.  

Table 3.2 shows the variability in commune size, number of cases and whether and when the 

epidemic threshold was crossed. 

At the health district level, decreasing the weekly epidemic threshold from 10 cases/100,000 to 5 

cases/100,000 brings forward the time at which the intervention is initiated by a median of 4 days. In 
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addition, out of 37 health districts that cross the 5 cases/100,00 threshold, 19 cross the 10 

cases/100,000 threshold (see Supplementary Figure S3.1). 

Table 3.2. Description of study area population and number of cases by spatial unit 

Spatial Unit Designation Population Number 
of cases* 

Maximum weekly 
AR 
(cases/100,000) 

Date epidemic 
threshold is 
crossed 

Dogondoutchi, 
Tibiri, Gaya, and 
Diondiou 

Study site 987,761 689 17.7 04/29/2015 

 Dogondoutchi Department 372,461 175 10.0 - 

 Dan Kassari Commune 72,932 58 19.2 04/27/2015 

 Dogondoutchi Commune 72,322 23 9.7 - 

 Dogonkiria Commune 72,260 15 8.5 - 

 Kieche Commune 48,260 54 26.9 03/15/2015 

 Matankari Commune 68,070 19 14.7 05/14/2015 

 Soucoucoutane Commune 38,617 7 18.1 05/04/2015 

 Tibiri Department 255,693 211 23.9 04/27/2015 

 Doumega Commune 25,595 17 27.3 05/03/2015 

 Guecheme Commune 111,099 67 27.9 04/27/2015 

 Kore Mairoua Commune 60,588 62 31.4 04/24/2015 

 Tibiri Commune 58,411 65 30.8 02/25/2015 

 Gaya Department 260,956 44 7.3 - 

 Bana Commune 18,128 0 0 - 

 Bengou Commune 18,232 1 5.5 - 

 Gaya Commune 62,985 10 4.8 - 

 Tanda Commune 52,828 15 18.9 05/06/2015 

 Tounouga Commune 41,104 3 4.9 - 

 Yelou Commune 67,679 15 8.9 - 

 Dioundiou Department 98,651 258 81.1 03/20/2015 

 Dioundiou Commune 53,604 78 72.8 04/24/2015 

 Karakara Commune 32,561 147 162.5 03/17/2015 

 Zabori Commune 12,486 33 120.6 04/17/2015 

* With complete data on village population and latitude/longitude co-ordinates 

3.3.2. Clustering 

Clustering metrics at the village and household level are shown in Table 3.3, and shown for the non-

epidemic and epidemic period in Table 3.4. There is no elevated IMD risk to household members of 

an IMD case compared to other members of the same village. At the village level, members of a 
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village with an IMD case have significantly elevated risk of IMD compared with other members of the 

same commune, and over 60% of cases occur in a village that has had a previous case. 

Table 3.3. Clustering metrics at the household and village level 

Metric Household Village 

Relative risk 3.91 (2.27, 6.24) 3.12 (2.67, 3.64) 

Relative risk (adjusted) 0.93 (0.53, 1.52) 2.09 (1.78, 2.46) 

% cases that had a past contact 5.0% (3.0%, 7.8%) 62.1% (58.4%, 65.7%) 

The point estimate of household relative risk is lower in the epidemic period than in the non-

epidemic period, but the confidence intervals are wide and the difference is not significant (relative 

risk ratio 0.79 (0.28, 2.19) ), likely due to a lack of power as only 16 secondary cases were included in 

the analysis. There is significantly more clustering by village after the epidemic threshold is reached, 

as indicated by the increased village RR and an increased proportion of cases in villages with a 

previous IMD case (Table 3.4). 

Table 3.4. Clustering metrics at the household and village level, pre- and post-epidemic threshold 

Metric Household (non-

epidemic) 

Household 

(epidemic) 

Village (non-

epidemic) 

Village 

(epidemic) 

Relative risk 5.14 (2.32, 9.77) 4.05 (1.82, 

7.71) 

2.46 (1.97, 3.09) 3.65 (2.95, 

4.55) 

Relative risk ratio 1 (reference) 0.79 (0.28, 

2.19) 

p=0.64 

1 (reference) 1.49 (1.09, 

2.03) 

p=0.01 

% cases that had 

a past contact 

4.9% (2.3%, 8.9%) 5.1% (2.4%, 

9.3%) 

58.7% (53.2%, 

64.1%) 

65.0% (60.1%, 

69.9%) 

Risk ratio 1 (reference) 1.04 (0.39, 

2.77) 

p=0.93 

1 (reference) 1.11 (0.98, 

1.25) 

p=0.09 
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3.3.3. Household prophylaxis 

Figure 3.3 shows that the household prophylaxis strategy prevents very few cases, hampered as it is 

by the fact that only 5% of cases could possibly be targeted by a household-based intervention. On 

the other hand, a village-wide prophylaxis strategy can target between 18% and 22% of suspected  

 

  

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.3. Total number treated, potentially prevented cases (PPC) and number needed to treat per  

PPC from applying a household (blue) and village (green) prophylaxis strategy, varying the threshold 

for intervention at the health district level. 
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cases that occur while the strategy is being implemented for this combination of parameters 

(distributing prophylaxis two days after the triggering case, and targeting any cases that will arise in 

the 14 days after the triggering case occurs), depending on the threshold. Even though the 

household strategy prevents a small number of cases, it is much more efficient than the village 

strategy, with an NNT of around 650 compared to around 2,000 per PPC. 

3.3.4. The effect of thresholds on village-wide prophylaxis 

The combination of threshold for intervention and spatial unit at which the threshold is applied 

changes the number of cases targeted and efficiency of the village-prophylaxis strategy by 

determining on which day during the season each village receives its round of prophylaxis, and 

whether it receives any prophylaxis. Figure 3.4 shows the TNT, PPC, and NNT for various 

combinations of threshold and intervention unit.  

As the threshold increases the PPC decreases because higher thresholds miss the opportunity to 

prevent clustered cases before the threshold is passed (Table 3.4) or in districts that never reach the 

threshold, while the TNT decreases because the intervention starts later in the season and some 

regions never pass the higher thresholds. On the other hand, the clustering is stronger later in the 

season, meaning that contacts of a case are at higher risk of IMD compared to non-contacts later in 

the season compared to earlier in the season. Therefore, NNT also decreases with threshold (Figure 

3.4). 

There are small differences between NNT and PPC across the three surveillance units. When 

surveillance is performed at the department level, interventions are initiated later in the season 

when clustering is strongest, so the TNT, PPC and NNT are lowest when surveillance is performed at 

the department level. 
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Figure 3.4. Total number treated, potentially prevented cases (PPC) and number needed to treat per  

PPC from applying a village-prophylaxis strategy, varying the threshold for intervention, with 

surveillance at different spatial units (colors). 
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3.3.5. Radial prophylaxis strategies 

Given that spatio-temporal clustering of cases has been shown in previous outbreaks, a prophylaxis 

strategy targeting multiple villages might be expected to potentially prevent more cases. However, if 

each village can only be targeted once in the season, a large radius might get “ahead” of the 

clustering and target villages too early to prevent cases. Whether this happens is determined by a 

combination of the spatial unit at which the threshold is monitored (health district, commune or 

department), the radius of intervention, and the number of days prophylaxis can be expected to 

protect cases. 

This logic is borne out in Figure 3.5, in which TNT, NNT and PPC are shown by radius of the treatment 

unit, for thresholds of 5, 7, and 10 cases/100,000 applied at the health district level. A radius of 5km 

around the triggering case increases the PPC relative to the village approach. A higher radius targets 

villages that experience cases after the prophylaxis window, and the PPC decreases as the radius 

increases from 5 to 20km. In general, increasing radius leads to increasing TNT, as more villages with 

no cases are targeted. NNT also increases with radius, as the population-level attack rate is low and 

only 12% of villages experience any cases. The above pattern is similar when the threshold is 

monitored at the commune and department level. 

3.3.6. Effectiveness and efficiency of prophylaxis under a range of parameters 

Across a range of parameters, the PPC varies from 4 to 350 cases depending on the time window, 

radius and threshold for intervention, while the TNT ranges from 42,000 to 840,000 and NNT ranges 

from 700 to 130,000. For most parameters, PPC is in the range of 50 and 130 cases, TNT is in the 

range of 210,000 to 570,000 and NNT is in the range of 3,000-7,000 per PPC. It should be noted that 

these numbers are based on potentially preventable cases and are thus upper bounds for prevented 

cases and lower bounds for NNT per prevented case. Targeting individuals only in the age range 5-29 
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years improves efficiency, because the incidence rate is higher in this age group than in the general 

population.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.5. Number needed to treat and potentially prevented cases by radius of prophylaxis, varying 

the health district-level threshold for intervention start (line types). 

Allowing villages to be repeatedly targeted for intervention increases the PPC but decreases the 

efficiency. In addition, when villages can be repeatedly dosed, a larger radius of treatment leads to 
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more PPC, although such strategies are inefficient. The pattern observed in Figure 3.4 is maintained 

when villages can be repeatedly targeted, suggesting that it is driven by the existence of clustering at 

the village level rather than by the exact timing of secondary cases in villages. Finally, targeting only 

villages smaller than a certain population can increase the efficiency of a strategy despite targeting 

fewer cases, as there is no correlation between village-level attack rate and village size. 

Although it is difficult to compare to other studies due to differing assumptions, it is possible to 

simulate a vaccination strategy on this outbreak and compare. For this outbreak, with only a month 

between the epidemic threshold being crossed and the last case, only vaccination strategies that are 

triggered at the commune or health district level can prevent cases, as many of these areas cross the 

epidemic threshold earlier in the season. Vaccination strategies that start early in the season with a 

large radius around the triggering case target more cases and are more efficient, although in general 

reactive prophylaxis targets more PPC and has a lower NNT per PPC. See the Supplementary Results 

for TNT, NNT, and PPC across the full range of parameters explored. 

3.3.7. Power of a cluster-randomized trial 

In general, the power of a cluster-randomized trial to detect a moderate difference in attack rate 

would be low in each of the four departments. Table 3.5 shows the power to detect an attack rate 

ratio of 0.6 among the different departments, starting the trial at different thresholds, and assuming 

an ICC of 0.005. Dioundiou experienced the highest attack rate of the four departments and is 

therefore best placed to run a trial, but a trial performed there only has reasonable power to detect 

attack rate ratios of 0.4 or smaller. The pattern seen in Table 3.5 is repeated for different assumed 

ICCs, wherein starting the trial earlier increases the power because the trial observes more cases. In 

addition, restricting the trial to villages below a certain population can increase trial power despite 

fewer cases being observed, because it decreases the variability in cluster size (see Supplementary 

Results). 
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Table 3.5. Sample size, attack rate among controls, and power of a cluster-randomized trial to detect 

an attack rate ratio of 0.6 comparing a village-wide prophylaxis arm to control, assuming an ICC of 

0.005 

Threshold 
(cases/100,000) Department 

Sample 
size 

Attack rate 
among controls 
(cases/100,000) Power 

5 Dioundiou 48,607 492 0.18 

5 Dogondoutchi 89,928 141 0.08 

5 Gaya 11,983 159 0.05 

5 Tibiri (Doutchi) 91,700 200 0.12 

7 Dioundiou 47,765 490 0.18 

7 Dogondoutchi 70,000 140 0.07 

7 Gaya 11,574 138 0.04 

7 Tibiri (Doutchi) 86,202 202 0.12 

10 Dioundiou 45,873 493 0.17 

10 Dogondoutchi 43,453 156 0.07 

10 Gaya 10,179 138 0.04 

10 Tibiri (Doutchi) 80,587 176 0.10 

 

3.4. Discussion 

Household prophylaxis is currently recommended in the African Meningitis Belt only outside of an 

epidemic. Data from a large outbreak in a region of Niger provide evidence that household 

prophylaxis during an epidemic can be an efficient way to target secondary cases within the 

household, but that such a strategy would have had minimal impact on the overall burden of disease 

during the outbreak. We found that clustering of cases at the household level was explained by 

households being in higher-burden villages, as has been observed for other infectious diseases [17]. 

There was no evidence that household clustering was any stronger before the epidemic threshold 

was reached, suggesting that the strategy would target a similar number of people during an 

epidemic. 

In this outbreak there is clustering of cases at the village level before and after the epidemic 

threshold was reached, and a village-wide prophylaxis approach implemented during the epidemic 
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targets secondary cases within villages, although only a maximum of 20% of suspected cases are 

targeted for most parameter combinations. Alert and epidemic thresholds applied at the level of the 

health district, the administrative unit, are more susceptible to noise in the attack rate. However, 

since the thresholds are used to launch a reactive strategy in which only villages with a case are 

targeted, the success of the village-prophylaxis strategy is not strongly dependent on the value of 

the threshold used. Performing surveillance at larger spatial units does not markedly improve the 

success of the village-wide strategy, suggesting that much of the benefit of the village-prophylaxis 

strategy is gained from the targeting of the villages themselves. Although including multiple villages 

in a round of prophylaxis can increase the number of cases targeted, the dosing of villages that 

would have experienced no cases leads to a general increase in NNT for these radial strategies. This 

contrasts with the finding of Maïnassara et al [12] for reactive vaccination, that health district 

surveillance combined with district-level vaccination was the most effective strategy. Because 

vaccination protects individuals until the end of the season, a reactive vaccination strategy cannot 

get ahead of the spatial clustering in the same way. Finally, the low power of trials designed to 

detect the effectiveness of a village-wide strategy highlights the difficulty of performing a trial in 

response to an infectious disease outbreak. 

A potential advantage of reactive prophylaxis over reactive mass vaccination is the ability to perform 

such a strategy within days rather than weeks of the alert threshold being reached. In this outbreak, 

prophylaxis strategies generally perform better than vaccination strategies in terms of effectiveness 

and efficiency because they can be triggered later and thus target more high-risk areas. The best 

vaccination strategy is one that targets a large radius at the beginning of the season, but such a 

strategy would be inefficient in a season without a large epidemic. 

A number of studies have been conducted assessing the clustering of meningitis cases or carriage by 

household in Meningitis Belt countries. Three matched cumulative incidence case-control studies 

conducted following outbreaks in Kenya, Ghana, and The Gambia reported odds ratios of 27 (95% 
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confidence interval 3.4-213), 0.8 (95% CI 1.43-3.40), and 7.4 (0.84-65.0) respectively, for the 

association between IMD and a previous case in the same compound [18-20]. The list of matching 

factors included village for each study, so these odds ratios measure a similar association to the 

adjusted household RR presented in this paper. Several cross-sectional carriage surveys have been 

performed that reported the association between carriage of N. meningitidis and household contact 

of an IMD case [21-24]. These studies generally report a positive association, although only two 

reached statistical signifiance. In addition, a longitudinal carriage study carried out during the 

MenAfriVac campaign found a 4.5-fold increase in acquisition rate of carriage for household contacts 

of a case compared to non-contacts [25]. 

Estimates of the proportion of disease transmission that occurs among the family or household are 

available for an array of diseases. For example, 72% of transmission of Ebola virus occurred between 

family members [26]; a systematic review found that <20% of M. TB exposure is attributable to 

household exposure [27]; estimates of the proportion of influenza infections that are household-

acquired vary between strains and settings, in the range from 25%-50% [28,29]; similarly for 

pertussis, a range of estimates for the proportion of infections that are household acquired has been 

presented, from 30%-60% [30,31]. Our finding that 4% of cases in this outbreak were secondary 

within a household reflects an upper bound on the proportion of infections that are household –

acquired, and is similar to recent estimates for IMD in Western countries [32]. 

Increased IMD risk to household contacts and the low proportion of IMD cases that are household-

acquired are not inconsistent findings. Households are small and the population incidence rate is 

low, so even if the household risk ratio is high, household members’ absolute risk of IMD is small, 

and few individuals are exposed to a primary case in a household. It is thus important to understand 

that targeting the household is unlikely to have an impact on disease burden at the population level, 

even though this might be a high-risk group. In general, the effectiveness of household interventions 

is bounded by the proportion of infections acquried in the household, but is additionally determined 
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by the timing of the intervention and the serial interval. A household transmission study for N. 

meningitidis carriage during an outbreak, while very challenging, would provide valuable insight into 

such parameters. 

In analyzing this outbreak, we have focused on potentially preventable cases in the absence of a 

comparator in which an intervention was performed, so our results have limited external 

comparability with other studies of meningitis outbreaks. In addition, the effect of ciprofloxacin 

distribution on transmission dynamics of N. meningitidis is not considered, meaning that our 

estimates may miss some important indirect effects. We made a simplifying assumption that 

prophylaxis prevents any cases that would have occurred during a given time window, but this 

parameter is unknown. The focus on a single season in which an outbreak did occur limits the 

generalizability of our results because we did not have access to a “control” season in which there 

was low burden of IMD. Therefore, conclusions about the benefits of lower thresholds should be 

considered in this context. 

The recent trial of antibiotic prophylaxis in response to a meningitis epidemic showed promising 

results. Analysis of historical data shows that there is little household clustering of meningitis cases, 

and that household prophylaxis would have had limited effect on the course of the epidemic. On the 

other hand, there is clustering of meningitis cases at the village level, and a reactive village-

prophylaxis strategy conducted in epidemic districts can target secondary cases in villages and 

should be considered alongside reactive vaccination. 
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S3. Supplementary Appendix 

S3.1. Supplementary Figures 

Figure S3.1. Date at which threshold is crossed for each health district, for which the threshold is 

crossed (black triangle) and for which only the lower threshold is crossed (blue circle). Districts for 

which both thresholds are crossed are connected with a line. 
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Conclusion 

Throughout this dissertation I have attempted to use mathematical models to pose and answer 

interesting questions about the design of clinical trials to assess interventions for infectious diseases 

during outbreaks. 

In the first chapter, I modeled a novel delayed-arm ring-vaccination cluster-randomized trial design 

to understand factors that affected the quality of the trial. I found that the estimated vaccine effect 

and necessary sample size were sensitive to most parameters of interest. In particular, aspects of 

trial design such as the window in which to count cases, and how regularly participants are followed 

up, can have large effects on the power of the trial to detect an effect of the vaccine. This second 

finding hints at the tension between the goals of a trial as a public health intervention and as a 

means of gathering high quality evidence; a trial of an effective vaccine must observe cases in order 

to achieve its aim. Current research efforts are focused on untangling and reconciling these 

disparate aims and attempting to quantify how ethical a trial design is. 

In the second chapter, I broadened the scope of my model to compare cluster-randomized trials to 

individually randomized trials. The hypothesis that a cluster-randomized trial could theoretically be 

more efficient than an individually randomized trial in the same population arose during discussions 

for Ebola vaccine trial planning, and were not easily answered by simple theoretical calculations. By 

building a network model that accounted for stochasticity in transmission and case importations, we 

found no area of parameter space in which the cluster-randomized trial outperformed the 

individually randomized trial. On the other hand, we found that the loss of efficiency associated with 

increasing cluster size in the cluster-randomized trial could be offset by increase in indirect effects or 

disease importation, and that a trial with fewer, larger clusters was not necessarily less powerful 

than a trial with more, smaller clusters. Such a result relies on the presence of indirect effects in a 

vaccine trial, and thus applies to situations in which groups of people in close contact are enrolled 

together. These designs are common during infectious disease outbreaks when disease risk is 
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clustered in space. Although sample size is often not the primary concern in designing a trial, it is an 

important consideration particularly when disease incidence could wane at the end of an epidemic, 

or supply of an experimental vaccine is limited. 

Finally, the potential limitations of running a trial in response to an outbreak are demonstrated in 

Chapter 3, in which I show that the power to run a cluster-randomized trial of village-wide antibiotic 

prophylaxis during a meningitis outbreak in 2015 would have been limited. I use simulation to 

explore the potential effectiveness and efficiency of different prophylaxis strategies in an attempt to 

supplement the results of a trial run in 2017. I found that village-wide prophylaxis can target up to 

20% of suspected cases and should be considered alongside reactive vaccination as a response to 

seasonal meningitis epidemics. Development of a full dynamic model for meningitis outbreaks in 

households and villages would help to illuminate the indirect effects of prophylaxis on transmission. 

In terms of trial design research, efforts to efficiently synthesize evidence from trials carried out in 

multiple outbreaks should be continued to mitigate the problem of low power from a trial in a single 

outbreak. 

Overall, I have demonstrated through three distinct projects that transmission modeling can be used 

to aid the design of clinical trials for infectious diseases, from broad design questions to more 

narrowly focused issues pertaining to a specific design or intervention. While models have been 

incorporated into the design process for several recent and ongoing clinical trials, I also argue that 

they can be used to plan for a range of designs under a range of scenarios in a future infectious 

disease epidemic. The ultimate goal of this research is to create a suite of trial protocols, informed 

by previous trials and by modeling work, that can be implemented during an epidemic in a timely 

fashion, with potential biases, design, and analysis issues identified in advance. 


