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[bookmark: _Ref180593018][bookmark: _Toc203466261]Overall approach across diseases
For each disease considered in this analysis (cholera, measles, meningococcal meningitis, and yellow fever) we used an agent-based model which had previously been calibrated to historical outbreak data since 2000, and is described in detail in one of the disease-specific sections below. The Baseline model simulations for each disease used the mean outbreak response immunisation (ORI) response time and daily vaccination rate from outbreaks in this dataset[1], as well as ORI coverage achieved among the designated target populations. We then produced alternate scenarios using matching sets of simulations with a range of faster ORI response times (to a minimum of 15 days, representing responses which meet the ‘7-1-7’ targets[2]), higher achieved ORI coverage (to a maximum of 100% coverage), or different daily vaccination rates (either achieving a one-day ORI duration or a one-month duration). By comparing the distribution of outcomes (cases, deaths, disability-adjusted life years [DALYs]) in a set of Baseline stochastic simulations to the distribution of outcomes for each scenario, we estimated the impact of the faster ORI response times. 
For some diseases, the relationship between outbreak size and ORI response time (as well as ORI coverage achieved) are strongly mediated by setting-specific characteristics:
· Measles: a dimension of routine vaccine coverage at the time of the outbreak.
· Yellow fever: a dimension of routine vaccine coverage at the time of the outbreak, as well as a ‘transmission level’ accounting for environmental factors affecting the mosquito population and therefore changing the level of mosquito-related transmission.
· Meningococcal meningitis: a dimension of asymptomatic carrier prevalence at the time of the outbreak.
For these diseases, sets of simulations were run across a range of values for the relevant mediating parameter(s) and results were disaggregated by the parameter, with each set considered as representative of a ‘setting archetype.’ This was done so that the impact of a faster ORI for measles in a setting with 50% routine vaccine coverage could be considered separately from the impact in a setting with 80% routine coverage, for example.
Calibration and the lattice-based approach
This section briefly describes the calibration method used for the diseases considered in this analysis, which has been more completely described in previously published work[3]. 
The number of outbreaks to which the models were calibrated, and limited or inconsistent data available from each setting made it computationally impractical to calibrate outbreaks individually. Additionally, stochastic effects meant that calibration to an individual outbreak (or small subset of outbreaks) may not have resulted in generalisable fitted parameters. To overcome this, we developed what we refer to as a ‘lattice’-based approach, with outbreak simulations precomputed on a grid of key parameter values, with individual outbreaks assigned to the best-fitting point in the lattice based on the nearest parameter values. The key parameters were those expected to be influential on model outcomes; for all diseases, this included response time and vaccination rate (vaccine doses delivered per capita per day). For measles, meningococcal meningitis, and yellow fever, additional covariates were included, as described above. Data were not available to inform values for these parameters in the models. Therefore, these lattice values for each outbreak in the dataset were estimated during calibration, informed by the maximum-likelihood estimate. For each disease at most one lattice dimension was estimated through calibration in this way. Additional details for these methods are in online supplemental file 1, ‘Kernel Density Estimation’, for our previous publication[3].
The range and spacing of the lattice points in each dimension were selected to minimise the discrepancy between individual outbreaks and their assigned lattice points, while also minimising the number of lattice points to improve computational tractability.
[bookmark: _Ref163649338][bookmark: _Toc203466262]Outbreak declaration and response threshold
Assumptions specific to some models may also impact the outbreak detection thresholds used for each disease. The measles model only includes children aged 0 – 5 years, and so background cases which may occur in the older population could contribute to the outbreak detection threshold. The meningitis model is initialised with an assumed background prevalence of asymptomatic disease built up over the endemic period of the year, and it is likely that background cases of invasive disease would have occurred as well. These components may lead to underestimates of detection time for measles and meningococcal meningitis, but the assumption that outbreaks are detected within one-day of the threshold being crossed for each disease is intentionally optimistic to balance this underestimation to some extent. The models are also calibrated based on these limitations, which are maintained for all scenarios.
[bookmark: _Toc203466263]DALYs averted
Using the estimates of cases and deaths averted by ORI for each outbreak across disease models, DALYs averted can be estimated. This is done by multiplying cases averted by the years of healthy life lost due to disability (YLDs), plus years of life lost (YLLs) from deaths (for each outbreak, we use the unweighted average 2023 life expectancy of countries where outbreaks have occurred historically and compare it to the age of deaths in the model). Disability weights vary by disease, severity of presentation, and by the sequelae produced by the disease, so we estimate overall YLDs using weighted average disability weights associated with a given disease severity or sequela and its incidence, multiplied by the average duration, for the most common sequelae associated with the disease. The specific weights and sequalae are detailed for each disease in Table S1.
[bookmark: _Ref202453761]Table S1: Parameters for disability-adjusted life year (DALY) calculation per disease.
	DALY parameters
	
	

	Disability weights for meningitis infection
	Acute disease: 0·133
Hearing loss: 0·074
Epilepsy: 0·263
Motor and cognitive impairment: 0·203
	Global Burden of Disease (2017) Disability Weight estimates[4].​ Incidences of long-term sequelae estimated from Voss et al. (2022)[5].

	Disability weights for cholera infection
	Mild: 0·074
Moderate: 0·188
Severe: 0·247
	Global Burden of Disease (2017) Disability Weight estimates[4].

	Disability weights for yellow fever infection
	Severe: 0·133
	

	Disability weights for measles infection
	Moderate: 0·051
Severe: 0·133
	

	Average life expectancy
	Average 2023 value from countries with outbreaks in the outbreak dataset[1]. Varies by disease.
	United Nations, Department of Economic and Social Affairs, Population Division[6].​ Used to estimate years of life lost.

	Discounting
	0% for DALYs
	



[bookmark: _Toc203466264]Analysis steps
For each disease, the analysis followed a similar sequence:
1. Calibrate model to outbreak dataset, such that it can reproduce the range of observed outbreak sizes and durations. This process is described more fully in previous work[3].
2. Run 1000 Baseline simulations, using the mean response time and daily vaccination rate from the outbreak dataset
a. If the disease model has an initial condition parameter which varies across expected outbreak setting archetypes (e.g., routine vaccine coverage for measles or yellow fever) then run Baseline simulation across a range of values for the initial condition
3. Run 1000 simulations for each examined scenario, using simulation seeds which match the seeds from the set of Baseline simulations
a. If the disease model has an initial condition parameter which varies across expected outbreak settings, then run scenario simulations across the range of values for the initial condition which match the Baseline simulations
4. Estimate the difference in cases/deaths/DALYs between the Baseline and each scenario by comparing the outcome distributions for each set of simulations
[bookmark: _Toc203466265]Meningococcal meningitis
[bookmark: _Toc203466266]Background and motivation
Meningitis is an often-fatal inflammation around the brain and spinal cord, caused most frequently by infection with bacteria, however it can also be caused by viral, fungal, or parasitic infection[7]. Multiple bacteria are known to cause meningitis, but for this analysis only Neisseria meningitidis, which causes meningococcal meningitis is considered[8]. While people of all ages can develop meningitis, its burden is highest in very young children[8-10]. It is estimated that there are around 1·2 million cases and 135 thousand deaths due to meningitis globally per year[8, 9], with most of the burden occurring in the ‘meningitis belt’ in sub-Saharan Africa. Transmission of bacterial meningitis is highly seasonal, with the dry season (December – June) in the meningitis belt increasing both the rate of transmission and the incidence of invasive disease​[11].
Most people infected with Neisseria meningitidis do not become symptomatic and will passively transmit to others as an asymptomatic carrier​, with studies estimating that 1 – 35% of the population in the meningitis belt are colonised by the bacteria[12, 13]. The burden of disease is primarily in children and teens, with most invasive disease cases occurring in children under five years of age, and most asymptomatic cases occurring in young teens​[8, 10, 13]. The case fatality rate for meningococcal disease is estimated to be around 5 – 15% in most settings[14], but around 20% of survivors will develop long-term sequelae as a result of the infection, including blindness, loss of hearing, epilepsy, or other motor/cognitive impairments[5, 14]. 
Due to the high cost of the vaccines, during outbreak responses vaccine delivery is highly age-targeted, and doses are typically delivered to people either 1 – 29 years or 2 – 29 years​ as they carry the highest burden of disease. Most historical responses have used multivalent polysaccharide vaccines which protect against invasive disease but do not impact asymptomatic infection​, but since 2019 some outbreaks have been responded to with multivalent conjugate vaccines, which provide additional protection against asymptomatic carriage as well as invasive disease[15]. A previous analysis investigating the historical impact of ORI programs across 24 meningitis outbreaks occurring between 2000 – 2023 found that ORI averted 21,261 (20,268 – 22,254) cases and 1599 (1404 – 1794) deaths, representing 10 – 40% of the case and death burden for each outbreak[3]. It found that outbreaks which received faster responses tended to avert higher proportions of the expected meningitis burden, and that there is room for improvement as the mean response time was around two months.
[bookmark: _Toc203466267]Model overview
The Starsim framework was used to create an agent-based model of meningococcal meningitis among humans, with states for susceptible, exposed, infected (symptomatically and asymptomatically), and recovered agents (Figure S1). 
Agents in the model represent humans, who begin as susceptible, and each day have a probability of becoming infected that depends on their immunity status and is proportional to the prevalence of infection among the population. They are assigned an age (which affects infection outcomes and vaccine targeting), household contacts and community contacts. Additionally, agents can receive vaccines with characteristics matching a conjugate multivalent vaccine, which have been used in recent outbreaks in the meningitis belt [15-18]. Both susceptible and vaccinated people can become infected at a rate that is proportional to dynamic prevalence, however vaccinated people have reduced risk due to vaccine protection. Infection is primarily asymptomatic, with only a proportion of cases developing invasive meningococcal disease (IMD), and vaccination will either protect against both IMD and asymptomatic infection. Following infection, people have an incubation period before becoming infectious and can present either symptomatically or asymptomatically. Asymptomatic carriers will eventually recover and clear their carriage of the bacteria, and symptomatic cases can either die or recover. The model's progression and transmission pathways are based on structures used in other modelling studies[19, 20]. Symptomatic humans in the model are identified as a suspected case with an assumed 50% probability per day once they develop symptoms, so most cases will be found within one to two days. This identification is assumed to occur clinically through presentation to healthcare and subsequent reporting of suspected cases which present with invasive disease.  
As the transmissibility and invasion rate of bacterial meningitis is highly dependent on seasonality[11], the model assumes a sinusoidal forcing function which increases the probability of transmission and the development of invasive disease for one half of the year (aligning with the ‘dry season’ in the African meningitis belt) and decreases the probability for the other half of the year:
 ,
where  is the transmissibility parameter and  is the daily step in the model. The form and parameterisation of this function are based on the methods of Karachaliou et al. (2015).[19] Additionally, as asymptomatic infection is known to be the main driver of transmission[21], and that approximately between 1% and 35% of the population in the meningitis belt is known to be carrying Neisseria meningitidis on average[12, 13], we assume that the background carriage rate at the start of the epidemic season is a significant driver of outbreak size (which is a theory which has been discussed before[22]), and use it to define the setting archetypes for the modelled scenarios.
The duration of vaccine immunity was set to well beyond the scope of the model period as it is assumed that no waning of immunity effects would be relevant over the outbreak period. 
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[bookmark: _Ref163464262]Figure S1: Meningitis model schematic. The Starsim framework was used to develop an agent-based model of meningococcal meningitis among humans (S-E-I-R).
[bookmark: _Toc203466268]Model population for simulated outbreaks
The model population for each outbreak simulation represents the entire population of the specific geographic locations where outbreaks have occurred between 2000 – 2023, based on our outbreak dataset[1]. For computational reasons the model contains a maximum of 50,000 agents.
The model population was parametrised by age structure and household size distribution from the United Nations, Department of Economic and Social Affairs, Population Division[6], and age-specific household contact rates from Prem et al. (2017)[23]. The age and household size distributions in the model were generated by summing over the single year age data and household size data for each country with an outbreak included in the outbreak dataset. The age-specific household contact rates in the model were estimated using the average of the rates for each country with an outbreak included in the outbreak dataset. The age structure and household sizes are used to assign agents household contact networks, which are important for transmission in the model. The model also randomly generates ‘community’ contacts between agents, which have a much lower risk of transmission compared to household contacts[24]. These networks are randomly generated at each time step (representing a day in the model). Vaccine coverage, transmission risk and disease outcomes were modelled to vary by age, as the vaccines are highly age-targeted and both IMD and asymptomatic carriages incidences are well understood[8-10, 12, 13].  
[bookmark: _Toc203466269]Generating household networks
The household contact network was set up by explicitly modelling households, and the households size distributions were scaled to the 50,000 agents in the simulations. Each person in the model was uniquely allocated to a household. To assign ages, a single person was selected from each household as an index, whose age was randomly sampled from the age distribution used for the model. The ages of additional household members were then assigned according to age-specific household contact estimates from Prem et al. (2017)[23], by drawing the age of the remaining members from a probability distribution based on the row corresponding to the age of the index member.
[bookmark: _Toc203466270]Diagnosis of cases, outbreak declaration and ORI
Agents within the model are assumed to be detected as suspected cases of IMD (henceforth ‘cases’) with a 50% probability per day after developing symptoms, and we assume that all cases are detected. An outbreak is declared in the model after the detection of five symptomatic agents within a week, and once this occurs the ORI will begin after N-2 days, where N is the response time for a given scenario. This threshold aligns with the typical threshold of 10 cases per 100,000 population used for districts with a population greater than 30,000[25]. Once the ORI begins, vaccines matching the characteristics of multivalent conjugate vaccines will be targeted to the defined age group for the response, assumed to be 1 – 29 years.
[bookmark: _Toc203466271]Calibration
Calibration involves estimating the transmissibility of meningitis in the model to produce outbreaks of a sufficient size, as well as the probability of death given symptomatic disease to capture the observed case fatality rate. Given well known variations in incidence of both invasive disease and asymptomatic carriage by age, the age-based susceptibility of humans to infection and developing symptoms was adjusted in the model to reproduce the typical age distributions observed in the literature[8-10, 12, 13], seen in Figure S2. All other relevant model parameters were constrained by estimates from the literature or the outbreak dataset. The strict seasonality of outbreaks was reproducible using a sinusoidal forcing function, using the same methods as work done by Karachaliou et al. (2015)[19]. 
Following this initial calibration process, for a given response time and vaccination rate, outbreak simulations could be run to produce a range of stochastic outcomes that could be compared to observed outbreaks within the outbreak dataset[1]. However, these simulations did not always align with the data, with differences potentially explained by climate, pre-existing immunity, and other factors that influence heterogeneity in transmission across settings. To account for this, an additional calibration variable was introduced to specify the rate of asymptomatic carriage in the model population before the increased seasonal transmission starts an outbreak. As transmission is known to be driven by asymptomatic carriers, and the prevalence is known to be highly variable during both endemic and epidemic periods, it is used as a free parameter to drive early epidemic growth rates in the model and produce the wide range of outbreak sizes observed in the well-defined epidemic season.
[bookmark: _Hlk212213383]The range of initial prevalence values selected for the setting archetypes to reflect the range of prevalences observed during endemic periods was: 0·25%, 1%, 2·5%, 5%, 7·5%, and 10%[22]. Figure S3 demonstrates how the initial carriage prevalence drives the initial growth, time to peak, and final size of the simulated outbreaks, while still being constrained to a 4–6-month period of high IMD burden. These epicurves were also calibrated to align with those published by WHO regional office for Africa and Inter country Support Team - West Africa in the Meningitis Weekly Bulletin reports[26-30]. Simulations initialised with an asymptomatic prevalence of 0·25% maintain a low level of asymptomatic disease and only produce a small increase in IMD cases due to the increased invasion rate during the epidemic season. However, simulations with higher initial prevalences tend to grow rapidly and produce noticeable peaks in both symptomatic and asymptomatic infections. 
As the simulations are initialised with a non-zero carriage prevalence, we are in effect assuming that there was some level of endemic transmission occurring prior to when the model begins, which produced the assumed prevalence by the start of the epidemic season. This assumption means that we are ignoring the impact of population immunity which may have been developed prior to the epidemic season, and not accounting IMD cases accrued during the endemic period. These are significant simplifying assumptions, but as the rate of invasive disease outside of the epidemic season is known to be low and the model is calibrated against cases which occurred during a given epidemic season, we do not expect it to noticeably impact the calibration. The cumulative number of IMD cases and deaths produced across the range of initial prevalences allow us to reproduce the observed burdens in our outbreak data, and the estimates of increased asymptomatic prevalence during an outbreak align with estimates from the literature[12, 22]. 
To produce the Baseline simulations the model was run with a response time of 75 days and a daily vaccination rate of 4300 doses, reflecting the mean values from the outbreak dataset[1], across a range of initial carriage prevalence values (0·25%, 1%, 2·5%, 5%, 7·5%, or 10%). The daily vaccination rate results in the ORI campaign running for five days when 75% coverage is achieved in the at-risk population, and seven days when 100% coverage is achieved, which is informed by our outbreak dataset and in line with observed estimates[31]. Stochastic outbreak simulations were produced by running the model 1000 times for each prospective outbreak. 
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[bookmark: _Ref163661923]Figure S2: Examples of invasive meningococcal disease (IMD) case and asymptomatic infection distributions from calibrated model simulations with a vaccine response. IMD burden is highly focused in children less than one or two years of age (depending on how the target population for the response is defined), and people over 29 years of age because they typically do not receive vaccines as a part of the response. Rates of carriage in the model peak in older children and teenagers, which reflects what is observed in carriage studies from Africa.  
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[bookmark: _Ref163469211]Figure S3: An example set of model time series (using a population of 50,000 agents) after calibration, comparing the size and timing of outbreaks produced by different initial carriage prevalences. The model is able to produce a wide range of outbreak sizes, all constrained to the epidemic season (assumed to be the first six months of model simulation), depending on the initial carriage prevalence. The initial prevalence drives the initial growth rate, time to peak, and final size of the simulated outbreaks. The colours in the figures represent the initial carriage prevalence used for the simulations.
[bookmark: _Toc203466272]Scenarios
To explore the impact of response time and achieved ORI coverage on outbreak outcomes, we explored two scenarios and two sensitivity analyses:
· Baseline; response time of 75 days; daily vaccination rate of 4300 doses; achieved ORI coverage of 75% in ages 1 – 29 years,
· Faster response time; response time of 15, 30, 45, or 60 days; daily vaccination rate of 4300 doses; achieved ORI coverage of 75% in ages 1 – 29 years,
· Alternate coverage (sensitivity analysis); response time of 75 days; daily vaccination rate of 4300 doses; achieved ORI coverage of 100% in ages 1 – 29 years, or achieved coverage of 75% in ages 1+ years,
· Alternate vaccination rate (sensitivity analysis); response time of 75 days; daily vaccination rate of 33,153 doses, or daily vaccination rate of 800 doses; achieved ORI coverage of 75% in ages 1 – 29 years.
Each set of scenario simulations were run across the range of initial carriage prevalence values: 0·25%, 1%, 2·5%, 5%, 7·5%, or 10%. For a given initial prevalence value, the simulations used for each scenario are identical except for the scenario parameter value varied (ORI response time, achieved ORI coverage, or daily vaccination rate). The Baseline scenario assumes 75% at-risk population coverage was achieved by the ORI program, which is in line with other published modelling studies[31], but may be an underestimate. The effect of this assumption was investigated in our sensitivity analyses. The choices of alternate vaccination rates for the sensitivity analysis are based on the number of doses required to vaccinate the entire eligible model population in either one day or one month.
[bookmark: _Toc203466273]Results
[bookmark: _Toc203466274]Impact of response time
In the Results section of our manuscript, we show area plots representing the proportion of meningococcal meningitis outbreak simulations which exceed certain case thresholds as a function of ORI response time for settings with 10% and 0·25% initial meningococcal meningitis carriage prevalence in Figure 2. These plots also appear in Figure S6, alongside area plots for additional setting archetypes. The manuscript’s Results section also describes the proportional reduction in the mean cumulative cases and deaths for the set of meningococcal meningitis outbreaks with ORI response times of 15, 30, 45, and 60 days relative to the set of outbreaks with a response time of 75 days in Figure 3, the values for which are in Table S2. In these supplementary results we show the distribution of cumulative meningitis cases produced by the outbreak simulations (Figure S4), and a heatmap of the mean cumulative cases from the outbreak simulations for varying setting archetypes and ORI response times (Figure S5).
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[bookmark: _Ref176873616]Figure S4: Distribution of cumulative cases produced by 1000 meningococcal meningitis outbreak simulations, given different outbreak response immunisation (ORI) response times (15, 30, 45, 60, 75 days, or no response) and initial prevalences of asymptomatic carriage in the model population before an epidemic season (0·25%, 1%, 2·5%, 5%, 7·5%, or 10%). For each initial prevalence, outbreaks without ORI produced the most cumulative cases, and when ORI occurred outbreaks which received faster responses tended to produce fewer cumulative cases.
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[bookmark: _Ref176873757]Figure S5: Heatmap of the mean cumulative cases produced by 1000 meningococcal meningitis outbreak simulations, given different ORI response times (15, 30, 45, 60, or 75 days) and initial prevalences of asymptomatic carriage in the model population before an epidemic season (0·25%, 1%, 2·5%, 5%, 7·5%, or 10%). For each initial prevalence outbreaks which received faster responses of ORI tended to produce fewer cumulative cases.
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[bookmark: _Ref180673561]Figure S6: Area plots representing how the proportion of meningococcal meningitis outbreak simulations which exceed certain case thresholds changes as a function of ORI response time, assuming an initial carriage prevalence of: a)0·25%, b)1·0%, c)2·5%, d)5·0%, e)7·5%, and f)10·0% before the epidemic season begins. The dashed line represents a 10% threshold. The righthand stacked bar represents the distribution of outbreak sizes if no ORI is delivered, for reference.
[bookmark: _Ref184041631]Table S2: Proportional reduction in meningitis cases, deaths, and DALYs relative to 75-day response, for each choice of initial carriage prevalence.
	Response time (days)
	Initial prevalence
	Cases
	Deaths
	DALYs

	60
	0·25%
	0.061 (0.046, 0.075)
	0.069 (0.053, 0.084)
	0.07 (0.054, 0.085)

	45
	
	0.139 (0.117, 0.16)
	0.114 (0.094, 0.133)
	0.123 (0.102, 0.143)

	30
	
	0.244 (0.217, 0.27)
	0.175 (0.151, 0.198)
	0.199 (0.174, 0.223)

	15
	
	0.334 (0.304, 0.363)
	0.247 (0.22, 0.274)
	0.286 (0.258, 0.314)

	60
	1%
	0.063 (0.048, 0.078)
	0.046 (0.033, 0.059)
	0.053 (0.039, 0.067)

	45
	
	0.147 (0.125, 0.169)
	0.132 (0.111, 0.153)
	0.162 (0.139, 0.185)

	30
	
	0.254 (0.227, 0.281)
	0.222 (0.196, 0.248)
	0.262 (0.234, 0.289)

	15
	
	0.348 (0.318, 0.377)
	0.311 (0.282, 0.34)
	0.364 (0.334, 0.394)

	60
	2·5%
	0.079 (0.062, 0.096)
	0.09 (0.072, 0.107)
	0.095 (0.077, 0.113)

	45
	
	0.163 (0.14, 0.186)
	0.173 (0.149, 0.196)
	0.199 (0.174, 0.223)

	30
	
	0.258 (0.231, 0.285)
	0.22 (0.194, 0.245)
	0.247 (0.22, 0.274)

	15
	
	0.357 (0.327, 0.386)
	0.31 (0.281, 0.339)
	0.329 (0.3, 0.358)

	60
	5%
	0.071 (0.055, 0.087)
	0.08 (0.063, 0.096)
	0.095 (0.077, 0.113)

	45
	
	0.155 (0.132, 0.177)
	0.158 (0.135, 0.18)
	0.199 (0.174, 0.223)

	30
	
	0.254 (0.227, 0.281)
	0.243 (0.216, 0.269)
	0.288 (0.26, 0.316)

	15
	
	0.35 (0.32, 0.379)
	0.338 (0.309, 0.367)
	0.402 (0.372, 0.433)

	60
	7·5%
	0.078 (0.061, 0.094)
	0.085 (0.068, 0.102)
	0.1 (0.081, 0.118)

	45
	
	0.155 (0.132, 0.177)
	0.16 (0.137, 0.183)
	0.191 (0.166, 0.215)

	30
	
	0.258 (0.231, 0.285)
	0.251 (0.224, 0.277)
	0.305 (0.276, 0.333)

	15
	
	0.344 (0.314, 0.373)
	0.339 (0.309, 0.368)
	0.395 (0.365, 0.425)

	60
	10%
	0.073 (0.057, 0.089)
	0.071 (0.055, 0.087)
	0.078 (0.061, 0.094)

	45
	
	0.148 (0.126, 0.17)
	0.131 (0.11, 0.152)
	0.161 (0.138, 0.184)

	30
	
	0.241 (0.214, 0.267)
	0.225 (0.199, 0.25)
	0.274 (0.247, 0.302)

	15
	
	0.327 (0.298, 0.356)
	0.313 (0.284, 0.342)
	0.373 (0.343, 0.403)


[bookmark: _Toc203466275][bookmark: _Hlk180504346]Limitations
· Actual transmission might be heterogeneous and could be a factor that limits outbreak size: there are multiple sources of heterogeneity that the model cannot capture, across the populations and transmission networks. This includes
· Highly connected contact networks (e.g., workplaces, schools, social groups) which could lead to additional transmission networks outside of households that the randomly generated community networks do not capture well. This may lead to the model underestimating the transmissibility of meningitis, particularly the lack of school and social networks which would increase the connectivity of the high carriage younger age groups and likely increase transmission.
· Climatic heterogeneities which impact the timing, duration, and effect of the epidemic season in each outbreak. The model uses a simple period forcing function with fixed amplitude across outbreaks, which cannot capture these potential effects. 
· High uncertainty around conjugate vaccine efficacy against carriage: only a small number of studies have investigated the efficacy of conjugate vaccines against carriage of Neisseria meningitidis. The source for the efficacy value used in the model aligns with the value used by others in the Vaccine Impact Modeling Consortium[19], but if it is an inaccurate assumption then this would likely impact the results. 
· Underestimating the long-term benefits of vaccination: our estimates of averted outcomes are explicitly focused on cases and deaths which could have occurred during a given outbreak in the absence of a vaccine response, however the long-term immunity provided to significant proportions of the population has the potential to avert future disease burden as well. For outbreaks which received large vaccine responses, the immunity gained would be equivalent to a preventative campaign. As such, our impact estimates are likely a considerable underestimate compared to impacts accrued over a longer timeframe. 
· Reporting of meningococcal cases: the model is calibrated to the cumulative suspected cases reported for a set of historical outbreaks:
· This may be inflated due to some suspected cases that are not meningococcal disease. If so, then the model may overestimate the transmissibility of meningitis which would produce overestimates of ORI impact.
· On the other hand, reported cases are an underestimate of the true number of cases due to the limited availability of confirmatory testing. The model’s assumption that all cases of IMD are detected with one to two days is likely optimistic in this context. If so, then the model may underestimate the transmissibility of meningitis which would produce underestimates of ORI impact. 
· Uncertainty around number of asymptomatic infections: there is high uncertainty around the proportion of infections which are asymptomatic as there is little data to inform this. The parameters in the model are constrained to the observed cases and deaths, and the carriage prevalence prior to and during outbreaks in the model align with ranges described in the literature, but these factors appear to be highly variable across outbreaks. It is known that the rate of invasive disease varies over time, but the degree of variation is unknown and it is unclear how to accurately parameterise it. As it is unclear whether the asymptomatic infection rate (and how it varies over time) is an under- or overestimate, it is unclear what impact this has on the results.
· Uncertainty around timing of infections over the year: the epidemic season in the meningitis belt is well-defined, and where possible the cumulative cases and deaths which were used for calibration across the set of outbreaks reflect the burden from the epidemic season. However, in some cases these data were not disaggregated by whether they occurred during the epidemic or endemic period and so the calibrations for some outbreaks may be overestimates. However, due to the typically low incidence of IMD during the wet season this impact is not expected to be high. 
· Uncertainty around the shapes of the epidemic curves for the meningitis outbreaks which were included in the calibration, due to a lack of available data. While the epicurves produced by the model were calibrated to align with the epicurves published by WHO regional office for Africa and Inter country Support Team - West Africa in the Meningitis Weekly Bulletin reports, there were typically insufficient data to do this for all of the outbreaks included in the calibration.​
· Uncertainty around the expected coverage achieved by ORI during an outbreak: It is unclear what level of population coverage is typically achieved by ORI campaigns, and it is likely that it would vary widely based on the outbreak context. Our assumption of 75% achieved coverage would be optimistic if outbreaks occur in remote or otherwise hard to reach populations, and would be pessimistic if the population at-risk has a strong history of vaccine uptake. We attempt to understand the impact of this assumption in our Alternate coverage sensitivity analysis.  
[bookmark: _Toc203466276]Cholera
[bookmark: _Toc203466277][bookmark: _Toc165380730]Background and motivation
Cholera is a waterborne bacterial disease caused by the bacteria Vibrio cholerae, which can cause severe watery diarrhea and kill its host within hours if not treated[32, 33]​. Infection occurs after the consumption of food or water contaminated by the bacteria, and rapid transmission can occur in populations without sources of safe drinking water or poor hygiene and sanitation conditions. Infectious people will shed bacteria, leading to further contamination of food and water​, and freshly shed bacteria (within 5 – 18 hours) are highly infectious[34], which can cause increased risk of transmission within households​. A significant proportion of cholera infection is asymptomatic [35, 36], so people can spread the infection without knowing​ and this can make detection and accurate estimation of disease burden difficult. There are around 3 million cases and 100 thousand deaths due to cholera globally per year [37], with most of the burden occurring in sub-Saharan Africa.
Outbreaks of cholera are responded to with vaccines, when possible, but supplies of the vaccine are limited and differentiation of cholera from other causes of watery diarrhea can be challenging​. ​Provision of fresh water and improved sanitation conditions are also effective tools for preventing cholera transmission, as they reduce the risk of exposure to the bacteria[38]. A previous analysis investigating the historical impact of ORI programs across 40 cholera outbreaks occurring between 2000 – 2023 found that ORI averted 283K (273K – 292K) cases and 5215 (4879 – 5551) deaths, representing 10 – 60% of the case and death burden for each cholera outbreak [3]. It found that outbreaks which received faster responses tended to avert higher proportions of the expected cholera burden, and that there is room for improvement as the mean response time was around three months. 
[bookmark: _Toc203466278][bookmark: _Toc165380731]Model overview
The Starsim framework was used to create an agent-based model of cholera among humans[39], with states for susceptible, exposed, infected (symptomatically and asymptomatically), and recovered agents (Figure S7). The model also has a dynamic parameter for risk of environmental transmission to humans, which is calculated at each time step based on the relative concentration of the bacteria Vibrio cholerae in communal water sources (assuming that infectious humans shed the bacteria and increase the concentration). 
Agents in the model represent humans, who begin as susceptible, and each day have a probability of becoming infected that depends on their immunity status and is proportional to the prevalence of infection among the population and the concentration of cholera bacteria in the environment. Following infection, humans enter a latent infection ‘exposed’ state, before becoming infectious to others; this infectious state can be either symptomatic or asymptomatic. Humans in either infectious state can recover and develop immunity to further infection during the modelled outbreak, and humans with symptomatic infection can die based on a disease-specific mortality rate. People can also be vaccinated, which will provide a level of immunity against future infection. It is important to note that as the model does not include routine vaccination, and assumes no pre-existing immunity from prior infection. As such, the model population is cholera-naïve and most representative of contexts in which cholera has never been present or has been previously eliminated.
Transmission in the model can occur through two dynamic mechanisms. First, infected humans will shed bacteria during their infectious period, leading to contamination of food and water, increasing the prevalence of Vibrio cholerae in the environment and the risk of environmental transmission to all susceptible humans in the model. Second, people in the model are assigned a network of contacts (household and community; details in model population section), and there is a risk of human-human transmission between infected and susceptible contacts, which captures the increased infectiousness of freshly shed bacteria[34]. The prevalence of bacteria in the environment varies over time, increasing as infected humans shed fresh bacteria and decreasing as bacteria in the environment die. This prevalence is used to estimate a dynamic concentration of Vibrio cholerae in the environment via a dose-response relationship (parameterised as in Mukandevire et al. [2011][40]).
[bookmark: _Hlk181612797]The model assumes an underlying level of Water, Sanitation, and Hygiene (WASH) interventions are present, which reduce the transmission risk from both human-human and environment-human transmission by improving hygiene and access to clean water, respectively. After an outbreak is detected and declared, the effectiveness of these WASH interventions is assumed to increase as people act to avoid infection.
The duration of vaccine immunity was set to well beyond the scope of the model period as it is assumed that no waning of immunity effects would be relevant over the outbreak period. 
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[bookmark: _Ref163135553]Figure S7: Cholera model schematic. The Starsim framework was used to develop an agent-based model of cholera among humans (S-E-I-R), which was paired with a dynamic prevalence of Vibrio cholerae in the environment to parametrise risk of environmental transmission.
[bookmark: _Toc203466279][bookmark: _Toc165380733]Model population for simulated outbreaks
[bookmark: _Hlk202971764]The model population for each outbreak simulation represents the entire population of the specific geographic locations where outbreaks have occurred between 2000 – 2023, based on the outbreak dataset[1]. For computational reasons the model contains a maximum of 50,000 agents.
The model population was parametrised by age structure and household size distribution from the United Nations, Department of Economic and Social Affairs, Population Division[6], and age-specific household contact rates from Prem et al. (2017)[23]. The age distributions in the model were generated by summing over the single year age data for each country with an outbreak included in the outbreak dataset. The age-specific household contact rates in the model were estimated using the average of the rates for each country with an outbreak included in the outbreak dataset. The age structure and household sizes are used to assign agents household contact networks, which are important for human-human transmission in the model. The model also randomly generates ‘community’ contacts between agents, which have a much lower risk of transmission compared to household contacts[41], to capture potential transmission via freshly shed bacteria outside of an agent’s household. These community contacts are randomly generated at each time step (representing a day in the model). Vaccine coverage, transmission risk, and disease outcomes were not modelled to vary by age given limited data from the outbreak settings.
[bookmark: _Toc203466280]Generating household networks
The household contact network was set up by explicitly modelling households, and the households size distributions were scaled to the 50,000 agents in the simulations. Each person in the model was uniquely allocated to a household. To assign ages, a single person was selected from each household as an index, whose age was randomly sampled from the age distribution used for the model. The ages of additional household members were then assigned according to age-specific household contact estimates from Prem et al.(2017)[23], by drawing the age of the remaining members from a probability distribution based on the row corresponding to the age of the index member.
[bookmark: _Toc203466281][bookmark: _Toc165380734]Diagnosis of cases, outbreak declaration and ORI
Symptomatically infected agents in the model have a daily probability (5%) of being detected as suspected cases of cholera (henceforth ‘cases’), assuming presentation at a health care facility or a diagnostic test being taken; the model does not distinguish between suspected and confirmed cases. An outbreak is declared in the model after the detection of a single symptomatic agent, and once this occurs the ORI will begin after N-2 days, where N is the response time for a given scenario. Once the ORI begins, vaccines matching the characteristics of oral cholera vaccines will be targeted to the defined age group for the response, assumed to be 1+ years. The outbreak is considered to have ended after 21 days with no new cases detected during a simulation.
[bookmark: _Toc203466282][bookmark: _Toc165380735]Calibration
Calibration involves estimating the transmissibility of cholera in the model (human-human transmission risk per contact and proportionality constant for environment-human transmission), as well as the probability of symptomatic cholera and probability of death given symptoms. This was done by fitting to outbreaks in a separate dataset, maintained by Johns Hopkins University (with summary characteristics presented by Zheng et al. (2022)[42]), which includes disaggregated time series data for 1000 cholera outbreaks from 2010 – 2020. Many of these outbreaks were not in the WHO databases as they are informed by confidential surveillance reports or were likely too small to have been reported, and most of which did not have a vaccine response so could not be included in the main analysis. These data included: outbreak location, duration, threshold for declaration, total suspected cases, attack rate, total deaths, case fatality rate, reporting frequency, country population, mean R0, population density, rural/urban split, start date, end date, total confirmed cases, and the time to peak for each outbreak. 
The time series data included daily or weekly case numbers for each outbreak, and an observed feature is a rapid initial growth followed by a slower phase. These two phases were used to constrain the two transmission mechanisms in the model; rapid initial transmission drive by human-human household contacts that is limited by the clustering of household contact networks, followed by slower but more widespread environment-human transmission, which must be high enough to take over but not so high as to produce rapid, widespread infection in most simulations. The human-human transmission risk per contact and proportionality constant for environment-human transmission in the model were adjusted to reproduce these features. The probability of symptomatic cholera and the probability of death given symptoms were adjusted to reproduce the average case fatality rate observed within the data, while fitting within the range of values described by the literature.  
As Figure S8 indicates, most outbreaks are less than 1000 cases (after scaling to a model population of 50,000), but there is a small subset which grows to be much larger. In order to constrain cholera transmission in the absence of a vaccine response and produce (a) the rapid initial growth, (b) the slower secondary growth, and (c) a typically contained final size, the model contains WASH interventions to reduce transmission via both human-human and environment-human mechanisms (implemented as a relative reduction in the force of infection). These interventions are initialised with relatively low impact/coverage in the model, but after outbreak declaration the impact is strengthened as people in the model are assumed to prioritise sources of clean water and improve hygiene practices as much as possible during an outbreak. The timing and extent to which they increase following the detection of the outbreak was calibrated to reduce the rapid human-human transmission in households once cholera prevalence in the environment was high enough to drive the second phase of transmission. The WASH interventions were also calibrated to limit the environmental force of infection during the second phase of transmission, such that very large outbreaks were much less frequent than smaller outbreaks.
Figure S8 shows how the model captures the growth rate and range of outbreak sizes without a vaccine response, compared with the Johns Hopkins University data set.
[image: ]
[bookmark: _Ref163123591]Figure S8: Comparison of Johns Hopkins University cholera outbreak time series (scaled to a population of 50,000) against an example set of model time series (using a population of 50,000 agents) after calibration. The model can reproduce the rapid initial epidemic growth and produces typically small outbreaks with some infrequent larger outbreaks, as is observed in the data. 
Following this initial calibration process, for a given ORI response time and daily vaccination rate, outbreak simulations could be run to produce a range of stochastic outcomes that could be compared to observed outbreaks within the outbreak dataset. To produce the Baseline simulations the model was run with a response time of 105 days and a daily vaccination rate of 5100 doses, reflecting the mean values from the outbreak dataset[1]. The daily vaccination rate results in the ORI campaign running for seven days when 75% coverage is achieved in the at-risk population, and ten days when 100% coverage is achieved, which is informed by our outbreak dataset and in line with observed estimates[43]. Stochastic outbreak simulations were produced by running the model 1000 times for each prospective outbreak. 
[bookmark: _Toc203466283]Scenarios
[bookmark: _Hlk202971912]To explore the impact of response time and achieved ORI coverage on outbreak outcomes, we explored two scenarios and two sensitivity analyses:
· Baseline; response time of 105 days, daily vaccination rate of 5100 doses; achieved ORI coverage of 75% in ages 1+ years,
· Faster response time; response time of 15, 30, 45, 60, 75, or 90 days, daily vaccination rate of 5100 doses; achieved ORI coverage of 75% in ages 1+ years,
· Alternate coverage (sensitivity analysis); response time of 105 days, daily vaccination rate of 5100 doses; achieved ORI coverage of 100% in ages 1+ years,
· Alternate vaccination rate (sensitivity analysis); response time of 105 days; daily vaccination rate of 48,997 doses, or daily vaccination rate of 1300 doses; achieved coverage of 75% in ages 1+ years.
[bookmark: _Hlk212207834]The simulations used for each scenario are identical except for the scenario parameter value varied (ORI response time, achieved ORI coverage, or daily vaccination rate). The Baseline scenario assumes 75% at-risk population coverage was achieved by the ORI program, which is on the lower end of recorded estimates from coverage surveys for single-dose cholera vaccine coverage, and therefore may lead to underestimates in impact[43]. However, the estimates do not account for wastage and therefore may be overestimates of actual achieved coverage. The effect of this assumption was also investigated in our sensitivity analyses. The choices of alternate vaccination rates for the sensitivity analysis are based on the number of doses required to vaccinate the entire eligible model population in either one day or one month.
[bookmark: _Toc203466284]Results
[bookmark: _Toc203466285]Impact of response time
In the Results section of our manuscript, we show an area plot representing the proportion of cholera outbreak simulations which exceed certain case thresholds as a function of ORI response time in Figure 2. This plot also appears as Figure S10. The manuscript’s Results section also describes the proportional reduction in the mean cumulative cases and deaths for the set of cholera outbreaks with ORI response times of 15, 30, 45, 60, 75, and 90 days relative to the set of outbreaks with a response time of 105 days in Figure 4, the values for which are in Table S3. In these supplementary results we also show the distribution of cumulative cholera cases produced by the outbreak simulations (Figure S9).
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[bookmark: _Ref180673726]Figure S9: Distribution of cumulative cases produced by 1000 cholera outbreak simulations, given different ORI response times (15, 30, 45, 60, 75, 90, 105 days, or no response). Outbreaks without ORI produced the most cumulative cases, and when ORI occurred outbreaks which received faster responses tended to produce fewer cumulative cases.
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[bookmark: _Ref180673742]Figure S10: Area plot representing how the proportion of cholera outbreak simulations which exceed certain case thresholds (20, 50, 100, 200, 300, 400, or 500 cases) changes as a function of ORI response time. The dashed line represents a 10% threshold for outbreaks which exceed 500 cases, which is crossed when ORI takes more than 60 days to be initiated. The righthand stacked bar represents the distribution of outbreak sizes if no ORI is delivered, for reference.
[bookmark: _Ref184041882]Table S3: Proportional reduction in cholera cases, deaths, and DALYs relative to 105-day response.
	Response time (days)
	Cases
	Deaths
	DALYs

	90
	0.249 (0.222, 0.276)
	0.219 (0.193, 0.244)
	0.219 (0.193, 0.244)

	75
	0.306 (0.277, 0.334)
	0.268 (0.241, 0.296)
	0.263 (0.236, 0.29)

	60
	0.389 (0.359, 0.419)
	0.347 (0.317, 0.376)
	0.342 (0.312, 0.371)

	45
	0.549 (0.518, 0.58)
	0.509 (0.478, 0.54)
	0.498 (0.467, 0.529)

	30
	0.706 (0.678, 0.734)
	0.661 (0.632, 0.69)
	0.657 (0.627, 0.686)

	15
	0.797 (0.772, 0.822)
	0.759 (0.732, 0.785)
	0.752 (0.725, 0.779)


[bookmark: _Toc203466286]Limitations
· Actual transmission might be heterogeneous and could be a factor that limits outbreak size: there are multiple sources of heterogeneity that the model cannot capture, across the populations, transmission networks, and environmental reservoirs for cholera. This includes:
· Age-based contact networks beyond the household
· Other highly connected contact networks (e.g., workplaces, schools, social groups)
· Geographical heterogeneities in where people interact with contaminated water
· Coverage and efficacy of WASH interventions
· High uncertainty around vaccine efficacy: only a small number of studies have investigated the efficacy or effectiveness of a single dose of oral cholera vaccines, with highly variable reported values. The efficacy value used in the model is from the most recent study with a large sample size and robust methods, but is for vaccine effectiveness rather than efficacy. As such it does not directly translate to the model’s parameter and this potentially leads to an overestimate of its impact. There was only a single study found which investigated single dose efficacy, and multiple experts suggested that the value was too low during validation of the model, so we aligned with the effectiveness value. 
· Reporting of cholera cases: the model is calibrated to cumulative suspected cases reported for each outbreak:
· This may be inflated by cases of acute watery diarrhea which are not due to cholera. If that is the case, then the model may overestimate the transmissibility of cholera which would produce overestimates of ORI impact.
· On the other hand, reported cases are almost certainly an underestimate of true symptomatic infections due to underreporting, in which case the model may underestimate the transmissibility of cholera which would produce underestimates of ORI impact. We attempt to account for this with a calibrated case ascertainment rate of 20 – 25%, however there is little data to validate this against and it is likely highly variable across outbreaks.
· Uncertain case fatality rate: The model relies on 0·5% based on the observed mortality rate in our dataset, and the literature reports a mortality rate of less than 1% for treated cholera[44]. However, recent cholera outbreaks have had significantly higher fatality rates[45]. If the case fatality rate is greater than 0·5%, then the model may have underestimated deaths and vaccine impact.
· [bookmark: _Hlk212213494]Uncertainty around the shapes of the epidemic curves for the cholera outbreaks which were included in the calibration, due to a lack of available data. While the epicurves produced by the model were calibrated to align with the epicurves shared by JHU, there were typically insufficient data to do this for all of the outbreaks included in the calibration.​
· Uncertainty around the expected coverage achieved by ORI during an outbreak: It is unclear what level of population coverage is typically achieved by ORI campaigns, and it is likely that it would vary widely based on the outbreak context. Our assumption of 75% achieved ORI coverage would be optimistic if outbreaks occur in remote or otherwise hard to reach populations, and would be pessimistic if the population at-risk has a strong history of vaccine uptake. We attempt to understand the impact of this assumption in our Alternate coverage scenario.  
[bookmark: _Toc203466287]Measles
[bookmark: _Toc203466288]Background and motivation
Measles is an acute, highly contagious, viral airborne disease that can lead to severe complications and deaths[7]. Measles is so contagious that if one person has it, up to 90% of the people close to that person who are not immune will also become infected, with a basic reproduction number around 12 – 18[7, 46]. Symptoms include a high fever, cough, runny nose, and a rash all over the body. The highest burden is in unvaccinated or under vaccinated children under the age of five. The WHO states that measles vaccination averted 56 million deaths between 2000 and 2021. While outbreaks of measles are responded to with vaccines, ideally a sufficiently high level of immunity is maintained such that sustained transmission cannot occur​, but this requires greater than 94% population immunity[47]. However, in 2022, only about 83% of the world’s children received one dose of measles vaccine by their first birthday through routine health services – the lowest since 2008[48]. 
A previous analysis investigating the historical impact of ORI programs across 51 measles outbreaks occurring between 2000 – 2023 found that ORI averted 4·01M (3·95M – 4·07M) cases and 20·0K (19·6K – 20·4K) deaths, representing 0 – 95% of the case and death burden for each measles outbreak, and being very dependent on routine vaccine coverage[3]. It found that ORI programs achieved the least impact in settings with very high baseline immunity because outbreaks in these settings were typically limited even in the absence of an immunisation response. Additionally, outbreaks which received faster responses tended to avert higher proportions of the expected measles burden, and that there is room for improvement as the mean response time was around four months. 
[bookmark: _Toc203466289]Model overview
The Starsim framework was used to create an agent-based model of measles among humans aged five years and under[39], with states for susceptible, exposed, infected, and recovered agents (Figure S11). Agents in the model represent humans, who begin as susceptible, and each day have a probability of becoming infected that depends on their immunity status and is proportional to the prevalence of infection among the population. Following infection, humans enter a latent infection ‘exposed’ state, before becoming infectious to others. Humans in the infectious state can recover and develop immunity to further infection during the modelled outbreak, and humans can die based on a disease-specific mortality rate. Agents can also be vaccinated, which will provide a level of immunity against future infection. 
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[bookmark: _Ref163214988]Figure S11: Measles model schematic. The Starsim framework was used to develop an agent-based model of measles among humans (S-E-I-R).
[bookmark: _Toc203466290]Model population for simulated outbreaks
[bookmark: _Hlk202972325]The model population for each outbreak simulation represents the entire population of the specific geographic locations where outbreaks have occurred between 2000 – 2023, based on the outbreak dataset[1]. For computational reasons the model contains a maximum of 50,000 agents.
Measles outbreaks predominantly occur in children under five years of age, as older people typically have immunity acquired either from vaccination or from prior infection[48]. As the ORI program target population is also typically limited to children under five years of age, we elected to only model this age group. The model was parametrised by age structure from the United Nations, Department of Economic and Social Affairs, Population Division[6] for ages zero to five years. The age distribution in the model was generated by summing over the single year age data for each country with an outbreak included in the outbreak dataset. Agents in the model are assigned integer ages, so to capture the vaccine eligibility of children older than nine months, 25% of children under one-year old were assumed eligible (i.e., assuming a uniform distribution of age within this group). 
Additionally, the model considers protection against measles at birth for infants up to a certain age. It is estimated that the presence of maternal antibodies endured for a median of 2·61 – 3·78 months for infants of naturally infected women and 0·97 months for infants of vaccinated women[49]. Using the assumed routine vaccine coverage in the model, a weighted average was calculated to estimate the age where infants are no longer considered immune. It was then assumed that maternal immunity decreases linearly up to that age. 
Transmission in the model occurred through community contacts between agents. These networks are randomly generated at each time step (representing a day in the model). Vaccine coverage, transmission risk, and disease outcomes were not modelled to vary by age given limited data from the outbreak settings. As we only model the 0–5-year-old population, some transmission between agents is indirect and mediated by older people is not captured in the model, and instead assume it makes up a proportion of the direct transmission used in the model. 
[bookmark: _Toc203466291]Diagnosis of cases, outbreak declaration and ORI
[bookmark: _Hlk212214530]Agents within the model are assumed to seek a test when symptomatic, with a probability of 10% per day that they are symptomatic. Measles outbreaks are typically declared if there are five or more epidemiologically linked cases[50]. As we simulate a version of the population with a limited age range and do not model background cases, an outbreak is declared in the model after the diagnosis of a single agent, and once this occurs the ORI will begin after N-2 days, where N is the response time for a given outbreak. Some people with a diagnosed infection will undergo an isolation or otherwise limit their contact with others to reduce risk of onward transmission. However, for measles it is expected that effective isolation will be challenging, so we only include a small reduction in transmission for agents that are diagnosed. The outbreak is considered to have ended after 21 days with no new cases detected during a simulation. 
[bookmark: _Toc203466292]Calibration
[bookmark: _Hlk202972438]Calibration involves estimating the transmissibility of measles in the model to produce outbreaks of a sufficient size, as well as the probability of death given an infection in order to capture the observed case fatality rate. For each outbreak used for the model calibration, an estimate of routine vaccine coverage is also required, which can be challenging as routine vaccine coverages can vary significantly across subnational regions of a country for various reasons. Eight of the 51 outbreaks included in the outbreak dataset reported a subnational area, including one outbreak with a reported subnational routine vaccine coverage. For the remaining seven outbreaks with a known subnational area, the Institute for Health Metrics and Evaluation (IHME)[51] modelled estimates of the first dose measles containing vaccine (MCV1) coverage (mean and confidence interval) were used to approximate the underlying routine vaccine coverage for each outbreak. 
The outbreaks with known routine vaccine coverage were used to estimate the transmission parameter as follows. For each outbreak, simulations were run for a range of routine vaccine coverage and transmission parameters (and corresponding ORI response time and daily vaccination rates fixed based on the data). For each value of the transmission parameter, a model-estimated routine vaccine coverage was derived for each outbreak based on the maximum-likelihood estimate of the total number of cumulative cases[3]. The transmission parameter that was chosen was the one that minimised, across the eight outbreaks with known subnational coverage, the difference between the known subnational coverage and the model-estimated vaccine coverage (Figure S12). 
For other outbreaks in the outbreak dataset with no reported subnational area, simulations were run with corresponding ORI response times and daily vaccination rates from the data[1], the transmission parameter estimated as above, and different levels of routine vaccine coverage. All other relevant model parameters were constrained by estimates from the literature. 
To produce the Baseline simulations the model was run with a response time of 120 days and a daily vaccination rate of 4360 doses, reflecting the mean values from the outbreak dataset[1], across a range of routine vaccine coverage values (60%, 70%, 80%, 90%, or 100%). Outbreaks were simulated across these varying levels of routine coverage as representative setting archetypes, because routine coverage differs widely across outbreak contexts and it is important to understand the relationship between it and response time when considering ORI impact estimates. Stochastic outbreak simulations were produced by running the model 1000 times for each prospective outbreak. 
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[bookmark: _Ref164346864]Figure S12: Measles calibration of transmission rate. Simulations with response time, vaccination rate, and routine vaccine coverage were run for different transmission parameters. Model-estimated vs. subnational vaccine coverage were then compared, and the final transmission parameter selected to minimise difference between model-estimated and subnational routine coverage. The transmission rate in (a) is too low as a subset of the outbreaks are assigned to routine coverages that are too low compared to the subnational coverages. The transmission rate in (c) is too high as many outbreaks are assigned to routine vaccine coverages that are too high compared to the subnational coverages. The transmission rate in (b) minimises the difference between subnational and model-estimated coverages. Bars indicate upper and lower values of Institute for Health Metrics and Evaluation (IHME) subnational measles containing vaccine dose one (MCV1) coverages, where available. 
[bookmark: _Toc203466293]Scenarios
[bookmark: _Hlk202973188]To explore the impact of response time and achieved ORI coverage on outbreak outcomes, we explored two scenarios and two sensitivity analyses:
· Baseline; response time of 120 days, daily vaccination rate of 4360 doses; achieved ORI coverage of 100% in ages 9+ months,
· Faster response time; response time of 15, 30, 45, 60, 75, 90, or 105 days, daily vaccination rate of 4360 doses; achieved ORI coverage of 100% in ages 9+ months,
· Alternate coverage (sensitivity analysis); response time of 120 days, daily vaccination rate of 4360 doses; achieved ORI coverage of 50%, 60%, 70%, 80%, or 90% in ages 9+ months,
· Alternate vaccination rate (sensitivity analysis); response time of 120 days; daily vaccination rate of 47,812 doses, or daily vaccination rate of 1300 doses; achieved ORI coverage of 75% in ages 9+ months.
Each set of scenario simulations were run across the range of routine vaccine coverage values: 60%, 70%, 80%, 90%, or 100%. For a given routine coverage value, the simulations used for each scenario are identical except for the scenario parameter value varied (ORI response time, achieved ORI coverage, or daily vaccination rate). The Baseline scenario assumes 100% at-risk population coverage was achieved by the ORI program, which is informed by data provided by Gavi, the Vaccine Alliance, but may be an overestimate as it did not consider wastage. The effect of this assumption was investigated in our sensitivity analyses. The choices of alternate vaccination rates for the sensitivity analysis are based on the number of doses required to vaccinate the entire eligible model population in either one day or one month.
[bookmark: _Toc203466294]Results
[bookmark: _Toc203466295]Impact of response time
In the Results section of our manuscript, we show area plots representing the proportion of measles outbreak simulations which exceed certain case thresholds as a function of ORI response time for settings with 50% and 100% routine vaccine coverage in Figure 2. These plots also appear in Figure S15, alongside area plots for additional setting archetypes. The manuscript’s Results section also describes the proportional reduction in the mean cumulative cases and deaths for the set of measles outbreaks with ORI response times of 15, 30, 45, 60, 75, 90, and 105 days relative to the set of outbreaks with a response time of 120 days in Figure 5, the values for which are in Table S4. In these supplementary results we show the distribution of cumulative measles cases produced by the outbreak simulations (Figure S13), and a heatmap of the mean cumulative cases from the outbreak simulations for varying setting archetypes and ORI response times (Figure S14).
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[bookmark: _Ref180679391]Figure S13: Distribution of cumulative cases produced by 1000 measles outbreak simulations, given different ORI response times (15, 30, 45, 60, 75, 90, 105, 120 days, or no response) and routine vaccine coverage in the model population before an outbreak (50%, 60%, 70%, 80%, 90%, or 100%). For each routine coverage below 100%, outbreaks without ORI produced the most cumulative cases, and when ORI occurred outbreaks which received faster responses tended to produce fewer cumulative cases, with the effect becoming more noticeable at lower coverages.
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[bookmark: _Ref180679392]Figure S14: Heatmap of the mean cumulative cases by 1000 measles outbreak simulations, given different ORI response times (15, 30, 45, 60, 75, 90, 105, 120 days or no response) and routine vaccine coverage in the model population before an outbreak (50%, 60%, 70%, 80%, 90% or 100%). For each routine coverage below 100%, outbreaks which received faster responses of ORI tended to produce fewer cumulative cases, with the effect becoming more noticeable at lower coverages.
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[bookmark: _Ref180679408]Figure S15: Area plot representing how the proportion of measles outbreak simulations which exceed certain case thresholds changes as a function of ORI response time, assuming a routine vaccine coverage of: a) 50%, b) 60%, c) 70%, d) 80%, e) 90%, and f) 100% before the outbreak is seeded. The dashed line represents a 10% threshold. The righthand stacked bar represents the distribution of outbreak sizes if no ORI is delivered, for reference.
[bookmark: _Ref184042189]Table S4: Proportional reduction in measles cases, deaths, and DALYs relative to 120-day response, for each choice of routine vaccine coverage.
	Response time (days)
	Routine coverage
	Cases
	Deaths
	DALYs

	[bookmark: _Hlk181365365]105
	50%
	0.126 (0.105, 0.146)
	0.128 (0.107, 0.148)
	0.128 (0.107, 0.148)

	90
	
	0.291 (0.263, 0.319)
	0.292 (0.264, 0.32)
	0.292 (0.264, 0.32)

	75
	
	0.417 (0.386, 0.447)
	0.418 (0.387, 0.448)
	0.418 (0.387, 0.448)

	60
	
	0.503 (0.472, 0.534)
	0.504 (0.473, 0.535)
	0.504 (0.473, 0.535)

	45
	
	0.515 (0.484, 0.546)
	0.514 (0.483, 0.545)
	0.514 (0.483, 0.545)

	30
	
	0.542 (0.511, 0.573)
	0.544 (0.513, 0.574)
	0.544 (0.513, 0.574)

	15
	
	0.545 (0.514, 0.576)
	0.545 (0.514, 0.576)
	0.545 (0.514, 0.576)

	105
	60%
	0.121 (0.101, 0.141)
	0.118 (0.098, 0.138)
	0.118 (0.098, 0.138)

	90
	
	0.265 (0.238, 0.293)
	0.268 (0.241, 0.296)
	0.268 (0.241, 0.296)

	75
	
	0.346 (0.316, 0.375)
	0.347 (0.317, 0.376)
	0.347 (0.317, 0.376)

	60
	
	0.399 (0.369, 0.43)
	0.401 (0.371, 0.432)
	0.401 (0.371, 0.431)

	45
	
	0.409 (0.378, 0.439)
	0.409 (0.378, 0.439)
	0.409 (0.378, 0.439)

	30
	
	0.425 (0.394, 0.455)
	0.423 (0.392, 0.453)
	0.423 (0.392, 0.453)

	15
	
	0.442 (0.411, 0.473)
	0.444 (0.413, 0.475)
	0.444 (0.413, 0.475)

	105
	70%
	0.084 (0.067, 0.102)
	0.087 (0.069, 0.104)
	0.085 (0.068, 0.103)

	90
	
	0.155 (0.132, 0.177)
	0.16 (0.137, 0.182)
	0.16 (0.137, 0.182)

	75
	
	0.217 (0.191, 0.242)
	0.224 (0.198, 0.25)
	0.224 (0.198, 0.25)

	60
	
	0.242 (0.215, 0.268)
	0.246 (0.219, 0.273)
	0.246 (0.219, 0.273)

	45
	
	0.254 (0.227, 0.281)
	0.261 (0.233, 0.288)
	0.26 (0.233, 0.287)

	30
	
	0.27 (0.243, 0.298)
	0.272 (0.245, 0.3)
	0.272 (0.245, 0.3)

	15
	
	0.276 (0.249, 0.304)
	0.285 (0.257, 0.313)
	0.284 (0.256, 0.312)

	105
	80%
	0.055 (0.041, 0.069)
	0.056 (0.042, 0.07)
	0.056 (0.041, 0.07)

	90
	
	0.099 (0.08, 0.117)
	0.104 (0.085, 0.123)
	0.104 (0.085, 0.123)

	75
	
	0.121 (0.1, 0.141)
	0.124 (0.103, 0.144)
	0.124 (0.103, 0.144)

	60
	
	0.128 (0.107, 0.148)
	0.13 (0.109, 0.151)
	0.131 (0.11, 0.152)

	45
	
	0.132 (0.111, 0.153)
	0.14 (0.118, 0.161)
	0.14 (0.118, 0.161)

	30
	
	0.14 (0.118, 0.161)
	0.143 (0.121, 0.164)
	0.144 (0.122, 0.165)

	15
	
	0.203 (0.178, 0.227)
	0.202 (0.177, 0.226)
	0.202 (0.177, 0.227)

	105
	90%
	0 (0.0, 0.0)
	0 (0.0, 0.0)
	0 (0.0, 0.0)

	90
	
	0 (0.0, 0.0)
	0 (0.0, 0.0)
	0 (0.0, 0.0)

	75
	
	0.011 (0.004, 0.017)
	0.007 (0.002, 0.012)
	0.007 (0.002, 0.012)

	60
	
	0.037 (0.025, 0.048)
	0.03 (0.019, 0.04)
	0.03 (0.019, 0.04)

	45
	
	0.029 (0.019, 0.039)
	0.027 (0.017, 0.037)
	0.027 (0.017, 0.036)

	30
	
	0.04 (0.028, 0.052)
	0.037 (0.025, 0.048)
	0.037 (0.025, 0.048)

	15
	
	0.083 (0.065, 0.1)
	0.073 (0.057, 0.089)
	0.075 (0.059, 0.091)

	105
	100%
	0.001 (0, 0.002)
	0 (0.0, 0.0)
	0 (0.0, 0.0)

	90
	
	0.004 (0, 0.007)
	0.006 (0.001, 0.01)
	0.004 (0, 0.007)

	75
	
	0.004 (0, 0.007)
	0.007 (0.002, 0.012)
	0.004 (0, 0.007)

	60
	
	0.009 (0.003, 0.015)
	0.006 (0.001, 0.011)
	0.009 (0.003, 0.015)

	45
	
	0.004 (0, 0.007)
	0.003 (0, 0.005)
	0.003 (0, 0.005)

	30
	
	0.013 (0.006, 0.02)
	0.011 (0.004, 0.017)
	0.012 (0.005, 0.018)

	15
	
	0.021 (0.012, 0.03)
	0.016 (0.008, 0.023)
	0.021 (0.012, 0.03)


[bookmark: _Toc203466296]Limitations
· High uncertainty around case ascertainment: The model relies on 20% based on the ratio of cumulative cases and the target population size as observed in our data set. However, the literature reports a case ascertainment rate of 1 – 5% for measles[52]. If the case ascertainment rate is much lower than 20%, then the model may have underestimated cases, deaths, and vaccine impact. 
· Low outbreak declaration threshold and optimistic assumption about outbreak detection time. The model uses a single detected case of measles (which is detected one day after being introduced) to declare an outbreak. These assumptions are highly optimistic compared to standard practice, and may lead to an overestimation of impact from the ORI in the simulations. However, as the results indicate little impact on outbreak outcomes for the fastest ORI response times explored (those less than 60 days), any potential overestimation is expected to be minimal.
· Uncertain case fatality rate: The model relies on 0·5% based on the observed mortality rate in our dataset, and the literature reports a mortality rate of 2·2% for measles[53] differentiating between community-based and hospital-based settings. If the case fatality rate is greater than 0·5%, then the model may have underestimated deaths and vaccine impact.
· Uncertainty around vaccine efficacy: The efficacy value used in the model is from a study estimating the vaccine effectiveness in infants younger and older than nine months but is for vaccine effectiveness rather than efficacy[54]. As such it does not directly translate to the model’s parameter and this potentially leads to an overestimate of its impact. 
· Uncertainty around re-vaccination: Re-vaccination of a proportion of the target population is expected as prior determination of the vaccination status is challenging in LMICs. The model incorporates re-vaccination of agents; however, there is no change in immunity. The results might therefore underestimate the impact of the ORI.  
· Modelling young children only: The model considers young children, under five years of age. However, there could be important differences in transmission among older people, and indirect effects due to transmission from adults to children that are not captured.
· Uncertainty around the shapes of the epidemic curves for the measles outbreaks which were included in the calibration, due to a lack of available data. We were unable to calibrate the model against detailed timeseries data for the outbreaks included in the calibration dataset, only the cumulative cases and outbreaks duration. As such, the model may not accurately reflect the impact of the ORI response time if it is over or underestimating the number of cases which have occurred during an outbreak before ORI programs can be implemented.
· Uncertainty around the expected coverage achieved by ORI during an outbreak: It is unclear what level of population coverage is typically achieved by ORI campaigns, and it is likely that it would vary widely based on the outbreak context. Our assumption of 100% achieved coverage would be optimistic if outbreaks occur in remote or otherwise hard to reach populations, however based on data from Gavi, the Vaccine Alliance provided as a part of our outbreak dataset the number of vaccines delivered during ORI closely matches the estimated population at-risk for most outbreaks[3]. We attempt to understand the impact of this assumption in our Alternate coverage scenario.  
[bookmark: _Toc203466297]Yellow fever
[bookmark: _Toc203466298]Background and motivation
Yellow fever is an epidemic-prone mosquito-borne vaccine preventable disease that is transmitted to humans by the bites of infected mosquitoes, mostly from bites occurring during the day[55]. WHO considers it a high-impact high-threat disease that has the potential to spread internationally[55]. Yellow fever outbreaks have been recorded in 34 countries in Africa and 13 countries in Central and South America and are classified as either domestic (around houses), sylvatic (in forests or jungles) or semi-domestic outbreaks (both habitats)[55]. Outbreaks can also be differentiated by the transmission cycle, with ‘spillover’ outbreaks involving non-human primates and Aedes africanus, Haemagogus spp. and Sabethes spp.  mosquitos, and ‘human-to-human’ outbreaks with transmission mediated by Aedes aegypti mosquitos[56]. The latter transmission cycle is typically associated with large, high-risk outbreaks and we therefore focus on outbreaks involving only humans in this study.  
In countries where yellow fever occurs, the WHO strongly recommends routine vaccination for everyone older than nine months, and prevention of outbreaks in affected regions requires at least 80% vaccine coverage of the population at-risk[57]. A previous analysis investigating the historical impact of ORI programs across 88 yellow fever outbreaks occurring between 2000 – 2023 found that ORI averted 1·50M (1·42M – 1·58M) cases and 300K (284K – 316K) deaths, representing 0 – 98% of the case and death burden for each yellow fever outbreak, and being very dependent on routine vaccine coverage and environmental suitability to the mosquito population[3]. It found that ORI programs achieved the least impact in settings with high baseline immunity or low environmental suitability because outbreaks in these settings were typically limited even in the absence of an immunisation response. Additionally, outbreaks which received faster responses tended to avert higher proportions of the expected yellow fever burden, and that there is room for improvement as the mean response time was around three months.
[bookmark: _Toc203466299]Model overview
The Starsim framework  was used to create an agent-based model of yellow fever among humans[39], with states for susceptible, exposed, infected (either mild or severe), and recovered agents, which was coupled to a compartmental susceptible-exposed-infectious-susceptible (S-E-I-S) model among mosquitos so that risk of  indirect, vector-borne transmission to humans could be approximated by a dynamic parameter for prevalence among mosquitoes (represented in Figure S16). 
Agents in the model represent humans, who begin as susceptible or vaccinated, and each day have a probability of becoming infected that is proportional to the prevalence of infection among the mosquito population, and that further depends on their vaccination status. Following infection, humans enter a latent infection ‘exposed’ state, before developing severe or non-severe disease and becoming infectious to mosquitoes. Humans in either of these infectious states can recover and develop immunity, and humans in the severe infectious state can die based on a disease-specific mortality rate. We did not disaggregate asymptomatic infections because little data is available to inform differences in disease duration and infectiousness, and because testing behaviour is mainly driven by severe vs non-severe disease. 
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[bookmark: _Ref164090796]Figure S16: Yellow fever model schematic. The Starsim framework was used to develop an agent-based model of yellow fever among humans (S-E-I-R), which was paired with a dynamic compartmental model of infection among mosquitoes to parametrise risk of environmental transmission.
[bookmark: _Toc203466300]Model population for simulated outbreaks
The model population for each outbreak simulation represents the entire population of the specific geographic locations where outbreaks have occurred between 2000 – 2023, based on the outbreak dataset[1]. For computational reasons the model contains a maximum of 50,000 agents. For this model, the proportion of the population eligible for the vaccine corresponds to ~97·8%, excluding children younger than nine months. 
The model population for each outbreak was parametrised by age structure from the United Nations, Department of Economic and Social Affairs, Population Division[6], which provides an age distribution in one-year increments. The age distribution in the model was generated by summing over the single year age data for each country with an outbreak included in the outbreak dataset[1]. The routine vaccination coverage was estimated from the WHO/UNICEF Estimates of National Immunization Coverage (WUENIC)[58]. Agents in the model are assigned integer ages, so to capture the vaccine eligibility of children older than nine months[55], 25% of children under one year old were assumed eligible (i.e., assuming a uniform distribution of age within this group). Aside from vaccine eligibility for children less than nine months old, vaccine coverage, transmission risk, and disease outcomes were not modelled to vary by age given limited data from the outbreak settings. Transmission in the model occurred through interactions with the mosquito population (e.g., per day probability of infection that depended on prevalence) rather than direct human-human contact, hence no contact network structure among agents in the model was required. 
[bookmark: _Toc203466301]Diagnosis of cases, outbreak declaration and ORI
An estimated 12% of infections become severe[59], and so assuming only severe cases get reported a 12% case ascertainment rate was used[56]. The smallest outbreak in the outbreak dataset recorded one case (i.e., one severe case)[1], indicating that outbreaks are declared with just one diagnosis. The WHO also states that outbreaks are declared in the ‘presence of at least one confirmed case of yellow fever’[60]. Therefore, an outbreak was considered declared as soon as one agent progressed to the severe state, and all severe cases were assumed to be reported. The ORI then begins after N-2 days, where N is the response time for a given outbreak. The outbreak is considered to have ended after 21 days with no new cases detected during a simulation.
As we assume a high diagnosis rate for severe infections and negligible diagnosis for non-severe infections, in the following analysis ‘cases’ is synonymous with the number of severe infections. 
[bookmark: _Toc203466302]Calibration
Calibration involves estimating the proportionality constants Beta linking transmission from mosquitoes to humans and from humans to mosquitoes. The transmission from humans to mosquitoes affects the amount of change in the mosquito prevalence, which gets updated at each time step (representing a day) in the simulation using the human prevalence. The transmission from mosquitoes to humans and the mosquito prevalence control the probability of a susceptible agent becoming infected. The calibration of the proportionality constants was done by using known estimates of the reproduction number R0 (provided by Fraser et al. (2024)[61]) and the final size equation:

The final size equation links R0 to the expected cumulative number of infections when an outbreak is simulated in a naïve population in an SEIR model. In a naïve population, the transmission between mosquitoes to humans and humans to mosquitoes is likely to be very similar and so assumed to be equivalent. Using the maximum estimated R0 of 1·45, we expect that ~55% of a naïve population gets infected in the absence of a response. In the model, the overall transmission probability was therefore calibrated such that this occurred when an outbreak was simulated without any prior immunity or any response. 
For each outbreak used for the model calibration, an estimate of routine vaccine coverage is also required, which were based on WUENIC data[58]. However, the overall R0 value and routine vaccine coverage alone do not capture variability in transmission levels for different settings, with differences likely arising from climate and other factors that influence heterogeneity in transmission across settings. To account for this, an additional calibration variable was introduced to classify settings as low, medium-low, medium, medium-high, high transmission risks, implemented as factor multipliers on the calibrated Beta value, to modify mosquito-to-human transmission. These multiplying factors are 0·5, 0·75, 1·0, 1·25, and 1·5, and were determined during calibration against the outbreak dataset[1]. All other relevant model parameters were constrained by estimates from the literature. 
[bookmark: _Hlk202974020]To produce the Baseline simulations the model was run with an ORI response time of 105 days and a daily vaccination rate of 6560 doses, reflecting the mean values from the outbreak dataset[1], across a range of routine vaccine coverage values (40%, 50%, 60%, 70% or 80%) and transmission modifiers (low, medium-low, medium, medium-high, high). Outbreaks were simulated across these varying levels of routine coverage and transmission modifier as representative setting archetypes, as these parameters differ widely across outbreak contexts and it is important to understand the effect that they and response time have on the ORI impact estimates. Stochastic outbreak simulations were produced by running the model 1000 times for each prospective outbreak. 
[bookmark: _Toc203466303]Scenarios
[bookmark: _Hlk202974079]To explore the impact of response time and achieved ORI coverage on outbreak outcomes, we explored two scenarios and two sensitivity analyses:
· Baseline; response time of 105 days; daily vaccination rate of 6560 doses; achieved coverage of 75% in ages 9+ months,
· Faster response time; response time of 15, 30, 45, 60, 75, or 90 days; daily vaccination rate of 6560 doses; achieved coverage of 75% in ages 9+ months,
· Alternate coverage (sensitivity analysis); response time of 105 days; daily vaccination rate of 6560 doses; achieved coverage of 100% in ages 9+ months,
· Alternate vaccination rate (sensitivity analysis); response time of 105 days; daily vaccination rate of 48,544 doses, or daily vaccination rate of 1300 doses; achieved ORI coverage of 75% in ages 9+ months.
Each set of scenario simulations were run across the range of routine vaccine coverage values: 40%, 50%, 60%, 70%, or 80% and transmission modifiers: low, medium-low, medium, medium-high, and high. For a given routine coverage value and transmission modifier, the simulations used for each scenario are identical except for the scenario parameter value varied (ORI response time, achieved ORI coverage, or daily vaccination rate). The Baseline scenario assumes 75% at-risk population coverage was achieved by the ORI program, which is in the range of estimates from the WHO[62] but may be an underestimate. The effect of this assumption was investigated in our sensitivity analyses. The choices of alternate vaccination rates for the sensitivity analysis are based on the number of doses required to vaccinate the entire eligible model population in either one day or one month.
[bookmark: _Toc203466304]Results
[bookmark: _Toc203466305]Impact of response time
In the Results section of our manuscript, we show area plots representing the proportion of yellow fever outbreak simulations which exceed certain case thresholds as a function of ORI response time for settings with 40% and 80% routine vaccine coverage and with a mosquito-human transmission modifier of 1·5 and 0·5, respectively, in Figure 2. These plots also appear in Figure S21 and Figure S22, alongside area plots for additional setting archetypes. The manuscript’s Results section also describes the proportional reduction in the mean cumulative cases and deaths for the set of yellow fever outbreaks with ORI response times of 15, 30, 45, 60, 75, and 90 days (and disaggregated by routine vaccine coverage) relative to the set of outbreaks with a response time of 105 days in Figure 6, the values for which are in Table S5. Figure S23 shows an equivalent plot, disaggregated by transmission modifier and with values shown in Table S6. In these supplementary results we show the distribution of cumulative yellow fever cases produced by the outbreak simulations (Figure S17 and Figure S18), and heatmaps of the mean cumulative cases from the outbreak simulations for varying setting archetypes and ORI response times (Figure S19 and Figure S20).
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[bookmark: _Ref180751573]Figure S17: Distribution of cumulative cases produced by 1000 yellow fever outbreak simulations, given different ORI response times (15, 30, 45, 60, 75, 90, 105 days, or no response) and routine vaccine coverage in the model population before an outbreak (40%, 50%, 60%, 70%, or 80%), assuming a transmission modifier of 1·0 for the mosquito vectors. Outbreaks without ORI produced the most cumulative cases, and when ORI occurred outbreaks which received faster responses tended to produce fewer cumulative cases, with the effect becoming more noticeable at lower coverages.
[image: ]
[bookmark: _Ref180751582]Figure S18: Distribution of cumulative cases produced by 1000 yellow fever outbreak simulations, given different ORI response times (15, 30, 45, 60, 75, 90, 105 days, or no response) and transmission modifier for the mosquito vectors in the model population before an outbreak (0·5, 0·75, 1·0, 1·25, or 1·5), assuming a routine vaccine coverage of 60%. Outbreaks without ORI produced the most cumulative cases, and when ORI occurred outbreaks which received faster responses tended to produce fewer cumulative cases, with the effect becoming more noticeable at higher transmission modifiers.
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[bookmark: _Ref180751576]Figure S19: Heatmap of the mean cases produced by 1000 yellow fever outbreak simulations, given different ORI response times (15, 30, 45, 60, 75, 90, or 105 days) and routine vaccine coverage in the model population before an outbreak (40%, 50%, 60%, 70%, or 80%), assuming a transmission modifier of 1·0 for the mosquito vectors. Outbreaks without ORI produced the most cumulative cases, and when ORI occurred outbreaks which received faster responses tended to produce fewer cumulative cases, with the effect becoming more noticeable at lower coverages.
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[bookmark: _Ref180751586]Figure S20: Heatmap of the mean cases produced by 1000 yellow fever outbreak simulations, given different ORI response times (15, 30, 45, 60, 75, 90, or 105 days) and transmission modifier for the mosquito vectors in the model population before an outbreak (0·5, 0·75, 1·0, 1·25,or 1·5), assuming a routine vaccine coverage of 60%. Outbreaks without ORI produced the most cumulative cases, and when ORI occurred outbreaks which received faster responses tended to produce fewer cumulative cases, with the effect becoming more noticeable at higher transmission modifiers.
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[bookmark: _Ref181008334]Figure S21: Area plot representing how the proportion of yellow fever outbreak simulations which exceed certain case thresholds changes as a function of ORI response time, assuming a routine vaccine coverage of: a)40%, b)50%, c)60%, d)70%, and e)80%, before the outbreak is seeded, and a transmission modifier of 1·0 for the mosquito vectors. The dashed line represents a 10% threshold. The righthand stacked bar represents the distribution of outbreak sizes if no ORI is delivered, for reference.
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[bookmark: _Ref181008336]Figure S22: Area plot representing how the proportion of yellow fever outbreak simulations which exceed certain case thresholds changes as a function of ORI response time, assuming a  transmission modifier for the mosquito vectors of: a)0·5, b)0·75, c)1·0, d)1·25,  and e)1·5 before the outbreak is seeded, and a routine vaccine coverage of 60%.  The dashed line represents a 10% threshold. The righthand stacked bar represents the distribution of outbreak sizes if no ORI is delivered, for reference.
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[bookmark: _Ref181008373]Figure S23: Proportional reduction in the mean cumulative cases and deaths for the set of yellow fever outbreaks with response times of 15, 30, 45, 60, 75, and 90 days relative to the set of outbreaks with a response time of 105 days, estimated using bootstrap resampling and assuming a routine vaccine coverage of 60%. Proportional impacts are grouped vertically by transmission modifier, and the values stated at the bottom of each column are the mean cumulative cases or deaths produced by outbreaks which received ORI after 105 days, i.e., the value serving as the denominator for the proportional reduction estimate.
[bookmark: _Ref183004315]Table S5: Proportional reduction in yellow fever cases, deaths, and DALYs relative to 105-day response, for each choice of routine vaccine coverage, assuming a mosquito-human transmission modifier of 1·0.
	Response time (days)
	Routine coverage
	Cases
	Deaths
	DALYs

	90
	40%
	0.045 (0.032, 0.058)
	0.04 (0.028, 0.052)
	0.032 (0.021, 0.043)

	75
	
	0.07 (0.054, 0.086)
	0.064 (0.049, 0.079)
	0.06 (0.045, 0.074)

	60
	
	0.085 (0.068, 0.102)
	0.081 (0.064, 0.097)
	0.075 (0.058, 0.091)

	45
	
	0.164 (0.141, 0.187)
	0.165 (0.142, 0.188)
	0.161 (0.138, 0.184)

	30
	
	0.233 (0.207, 0.259)
	0.233 (0.207, 0.259)
	0.227 (0.201, 0.253)

	15
	
	0.349 (0.319, 0.378)
	0.334 (0.304, 0.363)
	0.343 (0.313, 0.372)

	90
	50%
	0 (0.0, 0.0)
	0 (0.0, 0.0)
	0 (0.0, 0.0)

	75
	
	0.031 (0.02, 0.042)
	0.049 (0.035, 0.062)
	0.033 (0.022, 0.044)

	60
	
	0.062 (0.047, 0.077)
	0.074 (0.058, 0.09)
	0.068 (0.052, 0.083)

	45
	
	0.092 (0.074, 0.11)
	0.119 (0.099, 0.139)
	0.098 (0.079, 0.116)

	30
	
	0.157 (0.134, 0.179)
	0.168 (0.145, 0.192)
	0.153 (0.13, 0.175)

	15
	
	0.239 (0.212, 0.265)
	0.242 (0.215, 0.268)
	0.247 (0.22, 0.273)

	90
	60%
	0.007 (0.002, 0.012)
	0.006 (0.001, 0.011)
	0.006 (0.001, 0.011)

	75
	
	0 (0.0, 0.0)
	0 (0.0, 0.0)
	0 (0.0, 0.0)

	60
	
	0.038 (0.026, 0.05)
	0.048 (0.034, 0.061)
	0.026 (0.016, 0.036)

	45
	
	0.049 (0.036, 0.062)
	0.062 (0.047, 0.077)
	0.047 (0.034, 0.06)

	30
	
	0.098 (0.079, 0.116)
	0.139 (0.118, 0.16)
	0.109 (0.09, 0.128)

	15
	
	0.187 (0.163, 0.211)
	0.195 (0.17, 0.22)
	0.197 (0.172, 0.221)

	90
	70%
	0.02 (0.011, 0.028)
	0.029 (0.019, 0.039)
	0.025 (0.015, 0.035)

	75
	
	0.012 (0.005, 0.018)
	0.039 (0.027, 0.05)
	0.016 (0.008, 0.024)

	60
	
	0.042 (0.03, 0.055)
	0.069 (0.053, 0.084)
	0.054 (0.04, 0.068)

	45
	
	0.048 (0.034, 0.061)
	0.068 (0.052, 0.083)
	0.055 (0.041, 0.069)

	30
	
	0.096 (0.077, 0.114)
	0.117 (0.097, 0.137)
	0.108 (0.089, 0.127)

	15
	
	0.152 (0.13, 0.174)
	0.202 (0.177, 0.226)
	0.155 (0.132, 0.177)

	90
	80%
	0 (0.0, 0.0)
	0 (0.0, 0.0)
	0 (0.0, 0.0)

	75
	
	0 (0.0, 0.0)
	0.01 (0.004, 0.016)
	0 (0.0, 0.0)

	60
	
	0.014 (0.007, 0.022)
	0.031 (0.02, 0.042)
	0.02 (0.011, 0.028)

	45
	
	0.039 (0.027, 0.051)
	0.05 (0.036, 0.063)
	0.041 (0.028, 0.053)

	30
	
	0.058 (0.044, 0.073)
	0.058 (0.044, 0.073)
	0.06 (0.045, 0.074)

	15
	
	0.112 (0.092, 0.131)
	0.079 (0.062, 0.095)
	0.102 (0.083, 0.12)



[bookmark: _Ref184042733]Table S6: Proportional reduction in yellow fever cases, deaths, and DALYs relative to 105-day response, for each choice of mosquito-human transmission modifier, assuming a routine vaccine coverage of 60%.
	Response time (days)
	Transmission modifier
	Cases
	Deaths
	DALYs

	90
	0·5
	0 (0.0, 0.0)
	0 (0.0, 0.0)
	0 (0.0, 0.0)

	75
	
	0 (0.0, 0.0)
	0.009 (0.003, 0.015)
	0 (0.0, 0.0)

	60
	
	0.001 (0, 0.001)
	0.019 (0.01, 0.027)
	0.006 (0.001, 0.01)

	45
	
	0.014 (0.006, 0.021)
	0.002 (0, 0.004)
	0.013 (0.006, 0.019)

	30
	
	0 (0.0, 0.0)
	0.002 (0, 0.004)
	0 (0.0, 0.0)

	15
	
	0.025 (0.015, 0.034)
	0.018 (0.01, 0.026)
	0.028 (0.018, 0.038)

	90
	0·75
	0 (0.0, 0.0)
	0.014 (0.007, 0.021)
	0.003 (0, 0.006)

	75
	
	0 (0.0, 0.0)
	0.032 (0.021, 0.042)
	0.001 (0, 0.001)

	60
	
	0.004 (0, 0.007)
	0.03 (0.019, 0.04)
	0.012 (0.005, 0.018)

	45
	
	0.023 (0.013, 0.032)
	0.039 (0.027, 0.051)
	0.028 (0.018, 0.039)

	30
	
	0.034 (0.023, 0.045)
	0.055 (0.041, 0.069)
	0.042 (0.029, 0.054)

	15
	
	0.107 (0.087, 0.126)
	0.089 (0.071, 0.106)
	0.114 (0.094, 0.133)

	90
	1·0
	0.007 (0.002, 0.012)
	0.006 (0.001, 0.011)
	0.006 (0.001, 0.011)

	75
	
	0 (0.0, 0.0)
	0 (0.0, 0.0)
	0 (0.0, 0.0)

	60
	
	0.038 (0.026, 0.05)
	0.048 (0.034, 0.061)
	0.026 (0.016, 0.036)

	45
	
	0.049 (0.036, 0.062)
	0.062 (0.047, 0.077)
	0.047 (0.034, 0.06)

	30
	
	0.098 (0.079, 0.116)
	0.139 (0.118, 0.16)
	0.109 (0.09, 0.128)

	15
	
	0.187 (0.163, 0.211)
	0.195 (0.17, 0.22)
	0.197 (0.172, 0.221)

	90
	1·25
	0 (0.0, 0.0)
	0 (0.0, 0.0)
	0 (0.0, 0.0)

	75
	
	0.042 (0.029, 0.054)
	0.058 (0.044, 0.073)
	0.038 (0.026, 0.049)

	60
	
	0.085 (0.068, 0.102)
	0.09 (0.072, 0.107)
	0.081 (0.064, 0.098)

	45
	
	0.165 (0.142, 0.188)
	0.17 (0.147, 0.194)
	0.161 (0.138, 0.184)

	30
	
	0.226 (0.2, 0.252)
	0.227 (0.201, 0.253)
	0.22 (0.194, 0.245)

	15
	
	0.321 (0.292, 0.35)
	0.326 (0.297, 0.355)
	0.315 (0.286, 0.344)

	90
	1·5
	0.033 (0.022, 0.044)
	0.039 (0.027, 0.051)
	0.042 (0.03, 0.055)

	75
	
	0.105 (0.086, 0.123)
	0.094 (0.076, 0.112)
	0.091 (0.073, 0.109)

	60
	
	0.197 (0.172, 0.221)
	0.206 (0.18, 0.231)
	0.198 (0.173, 0.222)

	45
	
	0.268 (0.241, 0.296)
	0.283 (0.255, 0.31)
	0.261 (0.233, 0.288)

	30
	
	0.402 (0.372, 0.433)
	0.419 (0.388, 0.449)
	0.404 (0.374, 0.435)

	15
	
	0.504 (0.473, 0.535)
	0.079 (0.062, 0.095)
	0.493 (0.462, 0.524)



When the routine vaccine coverage was fixed at 60%, in a medium-low (0·75) transmission modifier setting, a 15-day response time was estimated to avert ~10% of the burden, while a 90-day response time averted almost no additional burden. However, in a medium-high (1·25) transmission modifier setting, a 15-day response time was estimated to avert ~32% of the burden, while a 90-day response time averted almost no additional burden compared to a 105-day response time (Figure S23 and Table S5).
[bookmark: _Toc203466306]Limitations
· Uncertain case fatality rate: The model relies on 20% based on the observed mortality rate in the dataset. However, literature reports a mortality rate of 39%[63]. If the case fatality rate is greater than 20%, then the model may have underestimated deaths and vaccine impact.
· Uncertain routine vaccine coverage: WUENIC data used for estimating the underlying immunity describes the percentage of surviving infants who received one dose of yellow fever vaccine in countries where yellow fever is part of the immunisation schedule for children or is recommended in at-risk areas[58]. Additionally, there is uncertainty around the vaccine coverage due to over-estimation of yellow fever vaccination reporting, which is accounted for in the model. However, there is high uncertainty around sensitivity and specificity of reporting.
· Uncertainty around re-vaccination: Re-vaccination of a proportion of the target population is expected as prior determination of the vaccination status is challenging in LMICs. The model incorporates re-vaccination of agents; however, there is no change in immunity. The results might therefore underestimate the impact of the ORI. 
· Climate covariates: Mosquito population is controlled by rainfall and temperature (e.g., dry and wet seasons, hot and cold periods). The model assumes urban outbreaks without any initial spillover force of infection. 
· Modelling mild vs. severe: The model is not disaggregating asymptomatic vs. symptomatic because little data is available to inform differences in disease duration and infectiousness, and because testing is driven by severe vs. non-severe. 
· Uncertainty around the shapes of the epidemic curves for the yellow fever outbreaks which were included in the calibration, due to a lack of available data. We were unable to calibrate the model against detailed timeseries data for the outbreaks included in the calibration dataset, only the cumulative cases and outbreaks duration. As such, the model may not accurately reflect the impact of the ORI response time if it is over or underestimating the number of cases which have occurred during an outbreak before ORI programs can be implemented.
· Uncertainty around the expected coverage achieved by ORI during an outbreak: It is unclear what level of population coverage is typically achieved by ORI campaigns, and it is likely that it would vary widely based on the outbreak context. Our assumption of 75% achieved coverage would be optimistic if outbreaks occur in remote or otherwise hard to reach populations, and would be pessimistic if the population at-risk has a strong history of vaccine uptake. We attempt to understand the impact of this assumption in our Alternate coverage scenario. 
[bookmark: _Toc203466307]Sensitivity analyses
[bookmark: _Toc203466308]Alternate coverage
In this section we present the proportional impact of varying the assumption for the level of coverage achieved by ORI for outbreaks of meningococcal meningitis, cholera, measles, and yellow fever, disaggregated by ORI response time and setting archetype. The results of the alternate ORI coverage sensitivity analysis can be seen in Figures S24 – S40.
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[bookmark: _Ref183771469]Figure S24: Proportional reduction in the mean cumulative cases and deaths for the set of outbreaks which received ORI that reached 100% of people aged 1 – 29 years, relative to the set of outbreaks which received ORI that reached 75% of people aged 1 – 29 years, estimated using bootstrap resampling. Proportional impacts are grouped by initial asymptomatic carriage prevalence (IP) and ordered by response time.
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Figure S25: Proportional reduction in the mean cumulative cases and deaths for the set of outbreaks which received ORI that reached 75% of people aged 1+ years, relative to the set of outbreaks which received ORI that reached 75% of people aged 1 – 29 years, estimated using bootstrap resampling. Proportional impacts are grouped by initial asymptomatic carriage prevalence (IP) and ordered by response time.
Increasing achieved ORI coverage for meningitis outbreaks from 75% to 100% in people aged 1 – 29 years, or increasing the age-group targeted to people over one year of age (but maintaining 75% coverage) produced similar proportional impacts. Both scenarios decreased the observed cumulative cases by approximately 20 – 25% at most, for 15-day ORI response times. The impacts were greater for faster ORI response times. Overall, increasing the range of the age group targeted by the vaccines had a larger impact than increasing the coverage within 1 – 29 years, as immunising 75% of people aged over 30 years likely had a larger protective effect than reaching a further 25% of people aged 1 – 29 years despite the older age group’s lower susceptibility to infection and invasive disease.
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Figure S26: Proportional reduction in the mean cumulative cases and deaths for the set of outbreaks which received ORI that reached 100% of people, relative to the set of outbreaks which received ORI that reached 75% of people, estimated using bootstrap resampling.
Increasing the achieved ORI coverage for cholera outbreaks from 75% to 100% in the target population was estimated to decrease the expected number of cases observed by up to 27%, with impacts increasing as ORI response time decreased.
[bookmark: _Toc203466311]Measles
[image: ]
Figure S27: Heatmap of the mean cumulative cases by 1000 measles outbreak simulations, given different ORI response times (15, 30, 45, 60, 75, 90, 105, or 120 days) and ORI coverages achieved by the response (60%, 70%, 80%, 90% or 100%), assuming a routine vaccine coverage of 50%. For each achieved coverage, outbreaks which received faster responses of ORI tended to produce fewer cumulative cases, with the effect becoming more noticeable at higher achieved coverages.
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Figure S28: Proportional increase in the mean cumulative cases and deaths for the set of outbreaks with achieved ORI coverages of 60% ,70%, 80%, and 90%, grouped by routine vaccine coverage level in the population (BC), relative to the set of outbreaks with an achieved coverage of 100%, estimated using bootstrap resampling and assuming an ORI response time of 120 days. Proportional impacts are grouped by routine vaccine coverage and ordered by achieved ORI coverage (ORI cov).
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Figure S29: Proportional increase in the mean cumulative cases and deaths for the set of outbreaks with achieved ORI coverages of 60% ,70%, 80%, and 90%, grouped by routine vaccine coverage level in the population (BC), relative to the set of outbreaks with an achieved coverage of 100%, estimated using bootstrap resampling and assuming an ORI response time of 105 days. Proportional impacts are grouped by routine vaccine coverage and ordered by achieved ORI coverage (ORI cov).
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Figure S30: Proportional increase in the mean cumulative cases and deaths for the set of outbreaks with achieved ORI coverages of 60% ,70%, 80%, and 90%, grouped by routine vaccine coverage level in the population (BC), relative to the set of outbreaks with an achieved coverage of 100%, estimated using bootstrap resampling and assuming an ORI response time of 90 days. Proportional impacts are grouped by routine vaccine coverage and ordered by achieved ORI coverage (ORI cov).
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Figure S31: Proportional increase in the mean cumulative cases and deaths for the set of outbreaks with achieved ORI coverages of 60% ,70%, 80%, and 90%, grouped by routine vaccine coverage level in the population (BC), relative to the set of outbreaks with an achieved coverage of 100%, estimated using bootstrap resampling and assuming an ORI response time of 75 days. Proportional impacts are grouped by routine vaccine coverage and ordered by achieved ORI coverage (ORI cov).
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Figure S32: Proportional increase in the mean cumulative cases and deaths for the set of outbreaks with achieved ORI coverages of 60% ,70%, 80%, and 90%, grouped by routine vaccine coverage level in the population (BC), relative to the set of outbreaks with an achieved coverage of 100%, estimated using bootstrap resampling and assuming an ORI response time of 60 days. Proportional impacts are grouped by routine vaccine coverage and ordered by achieved ORI coverage (ORI cov).
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Figure S33: Proportional increase in the mean cumulative cases and deaths for the set of outbreaks with achieved ORI coverages of 60% ,70%, 80%, and 90%, grouped by routine vaccine coverage level in the population (BC), relative to the set of outbreaks with an achieved coverage of 100%, estimated using bootstrap resampling and assuming an ORI response time of 45 days. Proportional impacts are grouped by routine vaccine coverage and ordered by achieved ORI coverage (ORI cov).
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Figure S34: Proportional increase in the mean cumulative cases and deaths for the set of outbreaks with achieved ORI coverages of 60% ,70%, 80%, and 90%, grouped by routine vaccine coverage level in the population (BC), relative to the set of outbreaks with an achieved coverage of 100%, estimated using bootstrap resampling and assuming an ORI response time of 30 days. Proportional impacts are grouped by routine vaccine coverage and ordered by achieved ORI coverage (ORI cov).
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Figure S35: Proportional increase in the mean cumulative cases and deaths for the set of outbreaks with achieved ORI coverages of 60% ,70%, 80%, and 90%, grouped by routine vaccine coverage level in the population (BC), relative to the set of outbreaks with an achieved coverage of 100%, estimated using bootstrap resampling and assuming an ORI response time of 15 days (7-1-7). Proportional impacts are grouped by routine vaccine coverage and ordered by achieved ORI coverage (ORI cov).
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Figure S36: Proportional reduction in the mean cumulative cases and deaths for the set of outbreaks which received ORI that reached 100% of people, relative to the set of outbreaks which received ORI that reached 75% of people, estimated using bootstrap resampling and assuming a transmission modifier of 0·5 for the mosquito vectors. Proportional impacts are grouped vertically by routine vaccine coverage and ordered by ORI response time. There is no clear trend in the impacts as they are negligible and likely due to stochastic effects.
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Figure S37: Proportional reduction in the mean cumulative cases and deaths for the set of outbreaks which received ORI that reached 100% of people, relative to the set of outbreaks which received ORI that reached 75% of people, estimated using bootstrap resampling and assuming a transmission modifier of 0·75 for the mosquito vectors. Proportional impacts are grouped vertically by routine vaccine coverage and ordered by ORI response time. There is no clear trend in the impacts as they are negligible and likely due to stochastic effects.
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Figure S38: Proportional reduction in the mean cumulative cases and deaths for the set of outbreaks which received ORI that reached 100% of people, relative to the set of outbreaks which received ORI that reached 75% of people, estimated using bootstrap resampling and assuming a transmission modifier of 1·0 for the mosquito vectors. Proportional impacts are grouped vertically by routine vaccine coverage and ordered by ORI response time.
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Figure S39: Proportional reduction in the mean cumulative cases and deaths for the set of outbreaks which received ORI that reached 100% of people, relative to the set of outbreaks which received ORI that reached 75% of people, estimated using bootstrap resampling and assuming a transmission modifier of 0·5 for the mosquito vectors. Proportional impacts are grouped vertically by routine vaccine coverage and ordered by ORI response time.
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[bookmark: _Ref198042072]Figure S40: Proportional reduction in the mean cumulative cases and deaths for the set of outbreaks which received ORI that reached 100% of people, relative to the set of outbreaks which received ORI that reached 75% of people, estimated using bootstrap resampling and assuming a transmission modifier of 0·5 for the mosquito vectors. Proportional impacts are grouped vertically by routine vaccine coverage and ordered by ORI response time.
Increasing the achieved ORI coverage for yellow outbreaks from 75% to 100% in the target population was estimated to avert a minimal proportion of cumulative cases, unless ORI response times were very fast in high-risk setting archetypes (i.e., low routine vaccine coverage and high transmission modifier). In general, there was greater impact when ORI response times were faster, but stochastic effects could sometimes dominate within a given setting archetype.
[bookmark: _Toc203466313]Alternate vaccination rate
In this section we present the proportional impact of varying the assumption for daily vaccination rate of the ORI for outbreaks of meningococcal meningitis, cholera, measles, and yellow fever, disaggregated by ORI response time and setting archetype. The sensitivity of our models to the slower vaccination rate seems to largely follow the trends in the main impact results (Figure 3 to Figure 6). We saw an increase in impact with ORI response time up to a point (e.g., 90 or 75 days for measles outbreaks) and then a plateau or decrease, which matches with the diminishing returns we saw with ORI response time in general, and was more pronounced for measles and yellow fever than cholera and meningococcal meningitis.
The results of the daily vaccination rate sensitivity analysis can be seen in Figures S41 – S48. 
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[bookmark: _Ref198042184]Figure S41: Proportional impact of simulating meningococcal meningitis ORI which vaccinates the target population (75% of people aged 1 – 29 years) in one day or over one month, compared to the Baseline assumption of approximately one week. Impacts are disaggregated by the response time of the ORI and the initial prevalence (IP) used for the outbreak simulations.
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Figure S42: Proportional impact of simulating cholera ORI which vaccinates the target population (75% of people aged over one years) in one day or over one month, compared to the Baseline assumption of approximately one week. Impacts are disaggregated by the response time of the ORI used for the outbreak simulations.
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Figure S43: Proportional impact of simulating measles ORI which vaccinates the target population (100% of people aged nine months to five years) in one day or over one month, compared to the Baseline assumption of approximately one week. Impacts are disaggregated by the response time of the ORI and the routine vaccine coverage (BC) used for the outbreak simulations.
[bookmark: _Toc203466317]Yellow Fever
The yellow fever simulations were very sensitive to the slower vaccination rate for all combinations of routine coverage and transmission modifier, with outbreaks with the highest transmission modifier and lowest routine vaccine coverage being up to three times larger when the rollout took one month (Figure S44 to Figure S48). The yellow fever simulations were also quite sensitive to the faster vaccination rate for all combinations of routine coverage and transmission modifier greater than 0·5, with outbreaks with the highest transmission modifier and lowest routine vaccine coverage being up to 40% smaller than the Baseline assumption of one week.
[image: ]
[bookmark: _Ref183004526]Figure S44: Proportional impact of simulating yellow fever ORI which vaccinates the target population (75% of people aged over nine months) in one day or over one month, compared to the Baseline assumption of approximately one week. Impacts are disaggregated by the response time of the ORI and the routine vaccine coverage (BC) used for the outbreak simulations, assuming a modifier of 0·5 for the mosquito to human transmission.
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Figure S45: Proportional impact of simulating yellow fever ORI which vaccinates the target population (75% of people aged over nine months) in one day or over one month, compared to the Baseline assumption of approximately one week. Impacts are disaggregated by the response time of the ORI and the routine vaccine coverage (BC) used for the outbreak simulations, assuming a modifier of 0·75 for the mosquito to human transmission.
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Figure S46: Proportional impact of simulating yellow fever ORI which vaccinates the target population (75% of people aged over nine months) in one day or over one month, compared to the Baseline assumption of approximately one week. Impacts are disaggregated by the response time of the ORI and the routine vaccine coverage (BC) used for the outbreak simulations, assuming a modifier of 1·0 for the mosquito to human transmission.
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Figure S47: Proportional impact of simulating yellow fever ORI which vaccinates the target population (75% of people aged over nine months) in one day or over one month, compared to the Baseline assumption of approximately one week. Impacts are disaggregated by the response time of the ORI and the routine vaccine coverage (BC) used for the outbreak simulations, assuming a modifier of 1·25 for the mosquito to human transmission.
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[bookmark: _Ref183004527]Figure S48: Proportional impact of simulating yellow fever ORI which vaccinates the target population (75% of people aged over nine months) in one day or over one month, compared to the Baseline assumption of approximately one week. Impacts are disaggregated by the response time of the ORI and the routine vaccine coverage (BC) used for the outbreak simulations, assuming a modifier of 1·5 for the mosquito to human transmission.





[bookmark: _Toc203466318]References
1.	Delport D, Muellenmeister A, MacKechnie G, Vaccher S, Mengistu T, Hogan D, et al. Estimating the historical impact of outbreak response immunization programmes across 210 outbreaks in low and middle-income countries. Zenodo; 2024.
2.	Frieden TR, Lee CT, Bochner AF, Buissonniere M, McClelland A. 7-1-7: an organising principle, target, and accountability metric to make the world safer from pandemics. Lancet. 2021;398(10300):638-40.
3.	Delport D, Muellenmeister AM, MacKechnie G, Vaccher S, Mengistu T, Hogan D, et al. Estimating the historical impact of outbreak response immunisation programmes across 210 outbreaks in low and middle-income countries. BMJ Global Health. 2025;10(7):e016887.
4.	Global Burden of Disease Study 2017 (GBD 2017) Disability Weights [Internet]. Institute for Health Metrics and Evaluation (IHME). 2018 [Accessed 15/03/2024].
5.	Voss SS, Nielsen J, Valentiner-Branth P. Risk of sequelae after invasive meningococcal disease. BMC Infect Dis. 2022;22(1):148.
6.	World Population Prospects 2022, Online Edition: United Nations, Department of Economic and Social Affairs, Population Division (2022); 2022; [Accessed 03/12/2023]. Available from: https://population.un.org/wpp/Download/Standard/Population/.
7.	Centers for Disease Control and Prevention. Epidemiology and Prevention of Vaccine-Preventable Diseases. 14 ed. Washington, D.C.: Public Health Foundation; 2021.
8.	Rouphael NG, Stephens DS. Neisseria meningitidis: biology, microbiology, and epidemiology. Methods Mol Biol. 2012;799:1-20.
9.	Jafri RZ, Ali A, Messonnier NE, Tevi-Benissan C, Durrheim D, Eskola J, et al. Global epidemiology of invasive meningococcal disease. Popul Health Metr. 2013;11(1):17.
10.	Rivero-Calle I, Raguindin PF, Pardo-Seco J, Martinon-Torres F. Risk Analysis by Age on the Burden of Meningococcal Disease in Spain. Vaccines (Basel). 2022;10(4).
11.	Agier L, Deroubaix A, Martiny N, Yaka P, Djibo A, Broutin H. Seasonality of meningitis in Africa and climate forcing: aerosols stand out. J R Soc Interface. 2013;10(79):20120814.
12.	Trotter CL, Greenwood BM. Meningococcal carriage in the African meningitis belt. Lancet Infect Dis. 2007;7(12):797-803.
13.	Cooper LV, Kristiansen PA, Christensen H, Karachaliou A, Trotter CL. Meningococcal carriage by age in the African meningitis belt: a systematic review and meta-analysis. Epidemiol Infect. 2019;147:e228.
14.	Pace D, Pollard AJ. Meningococcal disease: clinical presentation and sequelae. Vaccine. 2012;30 Suppl 2:B3-9.
15.	Hadley L, Karachaliou Prasinou A, Christensen H, Ramsay M, Trotter C. Modelling the impact of COVID-19 and routine MenACWY vaccination on meningococcal carriage and disease in the UK. Epidemiol Infect. 2023;151:e98.
16.	M.J. Fresnadillo Martínez EGM, E. García Sánchez, J.E. García Sánchez, A. Martín del Rey, G. Rodríguez Sánchez. A Mathematical Model to Study the Meningococcal Meningitis. Procedia Computer Science. 2013;18:2492-5.
17.	Stephens DS, Greenwood B, Brandtzaeg P. Epidemic meningitis, meningococcaemia, and Neisseria meningitidis. Lancet. 2007;369(9580):2196-210.
18.	Daugla DM, Gami JP, Gamougam K, Naibei N, Mbainadji L, Narbe M, et al. Effect of a serogroup A meningococcal conjugate vaccine (PsA-TT) on serogroup A meningococcal meningitis and carriage in Chad: a community study [corrected]. Lancet. 2014;383(9911):40-7.
19.	Karachaliou A, Conlan AJ, Preziosi MP, Trotter CL. Modeling Long-term Vaccination Strategies With MenAfriVac in the African Meningitis Belt. Clin Infect Dis. 2015;61 Suppl 5(Suppl 5):S594-600.
20.	Asamoah JKK, Nyabadza F, Seidu B, Chand M, Dutta H. Mathematical Modelling of Bacterial Meningitis Transmission Dynamics with Control Measures. Comput Math Methods Med. 2018;2018:2657461.
21.	Balmer P, Burman C, Serra L, York LJ. Impact of meningococcal vaccination on carriage and disease transmission: A review of the literature. Hum Vaccin Immunother. 2018;14(5):1118-30.
22.	Mueller JE, Gessner BD. A hypothetical explanatory model for meningococcal meningitis in the African meningitis belt. Int J Infect Dis. 2010;14(7):e553-9.
23.	Prem K, Cook AR, Jit M. Projecting social contact matrices in 152 countries using contact surveys and demographic data. PLoS Comput Biol. 2017;13(9):e1005697.
24.	MenAfriCar C. Household transmission of Neisseria meningitidis in the African meningitis belt: a longitudinal cohort study. Lancet Glob Health. 2016;4(12):e989-e95.
25.	Revised guidance on meningitis outbreak response in sub-Saharan Africa. Wkly Epidemiol Rec. 2014;89(51-52):580-6.
26.	WHO regional office for Africa and Inter country Support Team - West Africa. Weekly feedback bulletin on cerebrospinal meningitis - EPIDEMIOLOGICAL SITUATION OF WEEK 49-52. 2014.
27.	WHO regional office for Africa and Inter country Support Team - West Africa. Weekly feedback bulletin on cerebrospinal meningitis - EPIDEMIOLOGICAL SITUATION OF WEEK 49-53. 2015.
28.	WHO regional office for Africa and Inter country Support Team - West Africa. Weekly feedback bulletin on cerebrospinal meningitis - EPIDEMIOLOGICAL SITUATION OF WEEK 48-52. 2016.
29.	WHO regional office for Africa and Inter country Support Team - West Africa. Weekly feedback bulletin on cerebrospinal meningitis - EPIDEMIOLOGICAL SITUATION OF WEEK 49-52. 2017.
30.	WHO regional office for Africa and Inter country Support Team - West Africa. Weekly feedback bulletin on cerebrospinal meningitis - EPIDEMIOLOGICAL SITUATION OF WEEK 49-52. 2018.
31.	Trotter CL, Cibrelus L, Fernandez K, Lingani C, Ronveaux O, Stuart JM. Response thresholds for epidemic meningitis in sub-Saharan Africa following the introduction of MenAfriVac(R). Vaccine. 2015;33(46):6212-7.
32.	Cholera - Vibrio cholerae infection: Centers for Disease Control and Prevention; 2023; [Accessed 08/04/2024]. Available from: https://www.cdc.gov/cholera/general/index.html.
33.	Somboonwit C, Menezes LJ, Holt DA, Sinnott JT, Shapshak P. Current views and challenges on clinical cholera. Bioinformation. 2017;13(12):405-9.
34.	Hartley DM, Morris JG, Jr., Smith DL. Hyperinfectivity: a critical element in the ability of V. cholerae to cause epidemics? PLoS Med. 2006;3(1):e7.
35.	Jackson BR, Talkington DF, Pruckler JM, Fouche MDB, Lafosse E, Nygren B, et al. Seroepidemiologic survey of epidemic cholera in Haiti to assess spectrum of illness and risk factors for severe disease. Am J Trop Med Hyg. 2013;89(4):654-64.
36.	Nelson EJ, Harris JB, Morris JG, Jr., Calderwood SB, Camilli A. Cholera transmission: the host, pathogen and bacteriophage dynamic. Nat Rev Microbiol. 2009;7(10):693-702.
37.	Ali M, Nelson AR, Lopez AL, Sack DA. Updated global burden of cholera in endemic countries. PLoS Negl Trop Dis. 2015;9(6):e0003832.
38.	Taylor DL, Kahawita TM, Cairncross S, Ensink JH. The Impact of Water, Sanitation and Hygiene Interventions to Control Cholera: A Systematic Review. PLoS One. 2015;10(8):e0135676.
39.	Starsim github repository [Internet]. Available from: https://github.com/starsimhub/starsim.
40.	Mukandavire Z, Liao S, Wang J, Gaff H, Smith DL, Morris JG, Jr. Estimating the reproductive numbers for the 2008-2009 cholera outbreaks in Zimbabwe. Proc Natl Acad Sci U S A. 2011;108(21):8767-72.
41.	Richterman A, Sainvilien DR, Eberly L, Ivers LC. Individual and Household Risk Factors for Symptomatic Cholera Infection: A Systematic Review and Meta-analysis. J Infect Dis. 2018;218(suppl_3):S154-S64.
42.	Zheng Q, Luquero FJ, Ciglenecki I, Wamala JF, Abubakar A, Welo P, et al. Cholera outbreaks in sub-Saharan Africa during 2010-2019: a descriptive analysis. Int J Infect Dis. 2022;122:215-21.
43.	Pezzoli L. Global oral cholera vaccine use, 2013–2018. Vaccine. 2020;38:A132-A40.
44.	Fournier JM, Quilici ML. [Cholera]. Presse Med. 2007;36(4 Pt 2):727-39.
45.	Cholera – Global situation: World Health Organization; 2023; [Accessed 10/04/2024]. Available from: https://www.who.int/emergencies/disease-outbreak-news/item/2023-DON437#:~:text=The%20mortality%20associated%20to%20those,recorded%20in%20over%20a%20decade.
46.	Gastanaduy PA, Goodson JL, Panagiotakopoulos L, Rota PA, Orenstein WA, Patel M. Measles in the 21st Century: Progress Toward Achieving and Sustaining Elimination. J Infect Dis. 2021;224(12 Suppl 2):S420-S8.
47.	Black FL. The role of herd immunity in control of measles. Yale J Biol Med. 1982;55(3-4):351-60.
48.	Measles: World Health Organization; 2023; [Accessed 03/05/2023]. Available from: https://www.who.int/news-room/fact-sheets/detail/measles.
49.	Leuridan E, Hens N, Hutse V, Ieven M, Aerts M, Van Damme P. Early waning of maternal measles antibodies in era of measles elimination: longitudinal study. BMJ. 2010;340(7756).
50.	Measles Outbreak Toolkit: World Health Organization; 2022; [Accessed 08/01/2024]. Available from: https://www.who.int/emergencies/outbreak-toolkit/disease-outbreak-toolboxes/measles-outbreak-toolbox.
51.	Low-and Middle-Income Country MCV1 Coverage Geospatial Estimates 2000-2019 [Internet]. Institute for Health Metrics and Evaluation (IHME). 2020 [Accessed 08/01/2024].
52.	Eilertson KE, Fricks J, Ferrari MJ. Estimation and prediction for a mechanistic model of measles transmission using particle filtering and maximum likelihood estimation. Statistics in Medicine. 2019;38(21):4126-58.
53.	Portnoy A, Jit M, Ferrari M, Hanson M, Brenzel L, Verguet S. Estimates of case-fatality ratios of measles in low-income and middle-income countries: a systematic review and modelling analysis. Lancet. 2019;7(4):472-81.
54.	Nic Lochlainn LM, de Gier B, van der Maas N, Strebel PM, Goodman T, van Binnendijk RS, et al. Immunogenicity, effectiveness, and safety of measles vaccination in infants younger than 9 months: a systematic review and meta-analysis. Lancet. 2019;19(11):1235-45.
55.	Yellow fever: World Health Organization; 2023; [Accessed 02/02/2024]. Available from: https://www.who.int/news-room/fact-sheets/detail/yellow-fever.
56.	Transmission of Yellow Fever Virus: Centers for Disease Control and Prevention; 2023; [Accessed 02/02/2024]. Available from: https://www.cdc.gov/yellowfever/transmission/index.html.
57.	Immunization, Vaccines and Biologicals - Yellow Fever Vaccines; [Accessed 02/02/2024]. 02//2024. Available from: https://www.who.int/teams/immunization-vaccines-and-biologicals/diseases/yellow-fever.
58.	WHO/UNICEF estimates of national immunization coverage [Internet].  [Accessed 02/02/2024]. Available from: https://immunizationdata.who.int/global/wiise-detail-page/yellow-fever-(yf)-reported-cases-and-incidence?CODE=Global&DISEASE=YFEVER.
59.	Johansson MA, Vasconcelos PFC, Staples JE. The whole iceberg: estimating the incidence of yellow fever virus infection from the number of severe cases. Transactions of The Royal Society of Tropical Medicine and Hygiene. 2014;108(8):482-7.
60.	Yellow Fever Outbreak Toolbox: World Health Organization; 2024; [Accessed 28/03/2024]. Available from: https://www.who.int/emergencies/outbreak-toolkit/disease-outbreak-toolboxes/yellow-fever-outbreak-toolbox.
61.	Fraser K, Hamlet A, Jean K, Ramos DG, Romano A, Horton J, et al. Assessing yellow fever outbreak potential and implications for vaccine strategy. Research Square. 2024.
62.	Organization WH. Estimating and monitoring yellow fever reactive campaign vaccination coverage: overview of survey and monitoring methods. Geneva, Switzerland: World Health Organization; 2024.
63.	Servadio JL, Muñoz-Zanzi C, Convertino M. Estimating case fatality risk of severe Yellow Fever cases: systematic literature review and meta-analysis. BMC Infectious Diseases. 2016;21(819).

2

image1.png
Mortality

Vaccinated Symptomatic rate Dead
" Reduced Duration
Vaccination Fol :
symptomatic
rate . N
infegtion
Duration
Susceptible FOI Exposed Incubation Asymptomatic asymptomatic Recovered

infection




image2.png
Proportion

IMD age distribution

Carriage age distribution

0.025

0.020 -

o
o
=1
o

o
o
=1
5]

0.005 -

0.000 -

0-4

5-9 10-19 20-29 30+
Ages (Years)

0-4 5-9 10-19 20-29 30+
Ages (Years)




image3.png
Proportion

IMD age distribution

Carriage age distribution

0.008

0.007 -

0.006 -

o o
o o
S o
EE—

0.003 -

0.002 -

0.001 -

0.000 -

0-4

5-9 10-19 20-29 30+
Ages (Years)

0-4 5-9 10-19 20-29 30+
Ages (Years)




image4.png
Number of people

Active IMD cases

Active asymptomatic meningitis carriers

70

60

20

10

Initial prevalence
025%
1%

2.5%

5%

7.5%
10%

8000

6000

4000

2000

o 50 100 150
Time (days)

200 250

o 50 100 150 200 250
Time (days)




image5.png
Initial prevalence

HH

HH
aly
HH -HH

300

10%

HH

15 (7-1-7)

Cumulative meningococcal meningitis cases

il

©
S

H

]

45

15 (7-1-7)

HH

15 (7-1-

3
4

)

45

15 (7-1-7)

il

45

HH

15 (7-1-7)

T HE e

i

w
S

45

15 (7-1-7)

i}
ala

HH
b

30

45

4‘

_‘

60

all

=
=3

ali

=
3

H- -H

~
G

HH

75

alla

~
a

}7

No response

alln

No response

HH

No response

alls

No response

Tl

=
3

aln

No response

60

Response time (days)

al

No response




image6.png
Initial prevalence

0.25%

1%

2.5%

5%

7.5%

10%

Cumulative meningitis case heatmap

15 (7-1-7) 30 45 60
Response time (days)

512

75

-500

-400

- 300

- 200

- 100




image7.png
Risk of large meningococcal meningitis outbreaks
Initial prevalence: 0.25%

B

ES

Probability
2

ES

45
Response time (days)

No response

Initial prevalence: 1.0%
[

15 30 45 0 75
? No re n
Response time (days) o response
1 Initial prevalence: 2.5%
08
z
Zos
2
a
2 o4 >500 cases
02 400-500 cases
,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, 300-400 cases
00 200-300 cases
15 30 45 0 75
> 100-200
Response time (days) No response 50-100 C;’:S
Initial prevalence: 5.0% [ 20-50 cases
Lo . <20 cases
08
2z
Zo6
B
3
g os
&
02
00
15 30 5 60 75

Response time (days) No response

Initial prevalence: 7.5%

3

3

S

Probability
£

B

30 a5 60 7

Response time (days) No response

Initial prevalence: 10.0%

=

Y

Probability
2

B

15 30 as 50 7

Response time (days) No response




image8.png
Environment
A

Duration
Vaccinated Asymptomatic asymptomatic
infection
Reduced |
Vaccination Fol :
221 C 1 ettt E
Incubation
Exposed Duration
Susceptible P! . Symptomatic symptomati Recovered
(unvaccinated) infection
Environment \ Mortality

Environment rate





image9.png
Number of people.

5000 ]

so00 |

000

3000 ]

1000

o

Cumulative cholera cases (data)

6000

s000

000

5000

2000

Cumulative cholera cases (model)

W 20 w0 4o 00

Time (days)

1000

v

W @0 s @0 0 e o
Time (days)




image10.png
2000

1750

1500

1250

1000

Cases

750

500

250

Cumulative cholera cases

15(7-17)

tis

45 60 75 90 105 No response
Response time (days)




image11.png
Probability

Risk of large cholera outbreaks as ORI response time increases

1.0

>500 cases
400-500 cases
300-400 cases
200-300 cases
100-200 cases
50-100 cases
20-50 cases
<20 cases

0.8

o
=Y

I
~

0.2

15 30 45 60 75 90 105 No response
Response time (days)




image12.png
Force Duration

Susceptible of Exposed Incubation Infected of Recovered
infection infection
Vaccination
rate Reduced force Mortality rate

of infection

Vaccinated Dead




image13.jpeg
(b)

(c)

100

90

80

70

60

50

40

30

Subnational Vaccine Coverage (%)

20

10

100

N @ 9
3 &8 8

2
8

Subnational Vaccine Coverage (%)
2N w s o
5 3 8 & 2

o

100

90

80

70

60

50

40

30

20

Subnational Vaccine Coverage (%)

10

X Outbreak (without C.I.)
¥ Outbreaks (with C.1.)

20 30 40 50 60 70

Model-Estimated Baseline Vaccine Coverage (%)

80 90 100

X Outbreak (without C.I.)
¥ Outbreaks (with C.L)

20 30 40 50 60 70 80 90 100
Model-Estimated Baseline Vaccine Coverage (%)
X Outbreak (without C.1.)
1 Outbreaks (with C.I.)
x
0 10 20 30 40 50 60 70 80 90 100

Model-Estimated Baseline Vaccine Coverage (%)





image14.png
Routine vaccine coverage

50%

60%

70%

80%

90%

100%

8000

5000

000

2000

8000

6000

000

2000

5000

000

2000

7000
6000
5000
4000
3000
2000
1000

5000

5000

000

2000

2000

1000

5000

5000

4000

3000

2000

1000

Cumulative measles cases

T

T

lin

}_DP

t

15 (7-1-7)

T T T
P F T T

120

No response

4T7 ]

1

%

T

T

ala

T T I T }T % é e
s el e il il e R
I A
A U A U e
\T\ \T\ \T\ \T\ \T \T\ \T\ \T\ )_——f\
L+ L T T T I T
I 17T 1T 1T T T T T

Response time (days)





image15.png
Routine vaccine coverage

F 6000

Cumulative measles case heatmap

5000
2548 2742 2807
4000
3000
2000
15 (7-1-7) 30 45 60 75 90
1000

Response time (days)





image16.png
Risk of large measles outbreaks
Routine coverage: 50%

Probability

15 ) 45 0 75 @ 105 120

Response time (days) No response

Routine coverage: 60%

15 ) 45 &0 75 @ 105 120

Response time (days) No response

Routine coverage: 70%

|
|

08

Probability

>5000 cases
I 3000-5000 cases

2000-3000 cases

1500-2000 cases

15 E) 45 &0 75 @ 105 120

i No response 800-1500 cases
Response time (days) 400-800 Cases
Routine coverage: 80% [ 100-400 cases

”’% R ™= <00 cases

08

04_

Response time (¢ days)

Probabi ty

No response

Routine coverage: 90%

Probability

15 E 45 &0 75 @0 105 120

Response time (days) No response

Routine coverage: 100%

0z

0

45 &0 75 a0 105 120

Response time (days) No response




image17.png
Mosquitos

SlEzHgiaE Exposed mosquitoes Infectious mosquitoes

mosquitoes

Humans

Dead

Susceptible Exposed Infectious (mild)

v

Immune
Vaccination > (recovered/
L vaccinated)





image18.png
Routine vaccine coverage

6000

5000

4000

3000

40%

2000

1000

100

8

60

50%

40

Cumulative yellow fever cases

5(7-1-7)

30 45 60 75 90

1b5 No reéponse
e - - ‘ ‘ .
15 (7-1-7) 30 45 60 75 90 105 No response
T == = =L [ ] I |
15 (7-1-7) 30 45 60 75 90 105 No response
T T T T T
—_ ,j;\ [ ] [ ] I ] I ]
15 (7-1-7) 30 45 60 75 90 105 No response

T 1T T T T

.

1

5(7-1-7)

30 45 60 75 90

Response time (days)

105

No response





image19.png
[
(]

Transmission modi

15 4

3000
2500 {
2000 {

0

N 15001

=
1000 {

5001

3000 {
1 20001

1000 {

Cumulative yellow fever cases

L1 [

5(7-1-7) 30 45 60 75 90 105 No response
[ | [ | [ | [ |

[ J | | | J | |
15 (7-1-7) 30 45 60 75 90 105 No response
L | L | L | L |
15(7-1-7) 30 45 60 75 90 105 No response
5(7-1-7) 30 45 60 75 90 105 No response

—_ R
5(7-1-7) 30 45 60 75 90 105 No response

Response time (days)





image20.png
Routine vaccine coverage

40%

50%

60%

70%

80%

15 (7-1-7) 30

45 60 75
Response time (days)

Cumulative yellow fever case heatmap

90

105

r 100

r 80

- 60

40

20




image21.png
Transmission modifier

0.5

0.75

1.0

1.25

1.5

r 350

Cumulative yellow fever case heatmap

r 300

- 250

200

15 (7-1-7) 45 60 75
Response time (days)





image22.png
Risk of large yellow fever outbreaks (Transmission modifier 1.0)
Routine coverage: 40%

Probability

Response time (days)
Routine coverage: 50%

08

Probability

02

No response

15 30 a5 60 5 % 105
Response time (days)

Routine coverage: 60%

Probability

No response

Response time (days)

Routine coverage: 70%

Probability

No response

Response time (days)

Routine coverage: 80%

Probability

No response

15 20 s 75 20 105

60
Response time (days)

No response

>1000 cases
500-1000 cases
100-500 cases
20-100 cases
10-20 cases
5-10 cases

B 3-5 cases

Bl <3 cases




image23.png
Risk of large yellow fever outbreaks (Routine coverage 60%)
Transmission modifier: 0.5

15 30 45 60 75 % 105
Response time (days)

Transmission modifier: 0.75

No response

15 30 a5 60 5 % 105
Response time (days)

Transmission modifier: 1.0

Probability

No response

15 0 a5 60 75 % 105
Response time (days)

Transmission modifier: 1.25

Probability

No response

Response time (days)

Transmission modifier: 1.5

Probability

No response

15 20 a5 75 20 105

60
Response time (days)

No response

>1000 cases
500-1000 cases
100-500 cases
20-100 cases
10-20 cases
5-10 cases

B 3-5 cases

Bl <3 cases




image24.png
Proportion of burden averted (%)

100

80

60

40

20

Yellow fever burden averted relative to 105-day response time

1
case

05

Cases Deaths
100
80
60
I 1
I P
4 1
T 1 o= 1 1 !
{ I ]
EY E 3 k) k3 % 3 % 3
Ed =+ - 0 35 x -
2 13 100 333 0 0 2 20 66
cases cases cases cases deaths deaths deaths deaths deaths
0.75 1.0 1.25 15 0.5 0.75 1.0 1.25 15

Transmission modifier

Transmission modifier

Response time

15 days (7-1-7)
30 days
45 days
60 days
75 days
90 days




image25.png
Meningitis ORI sensitivity to 100% ORI coverage

75 days, IP: 10.0%
60 days, IP: 10.0%
45 days, IP: 10.0%
30 days, IP: 10.0%
15 days, IP: 10.0%
75 days, IP: 7.5%
60 days, IP: 7.5%
45 days, IP: 7.5%
30 days, IP: 7.5%
15 days, IP: 7.5%
75 days, IP: 5.0%
60 days, IP: 5.0%
45 days, IP: 5.0%
30 days, IP: 5.0%
15 days, IP: 5.0%
75 days, IP: 2.5%
60 days, IP: 2.5%
45 days, IP: 2.5%
30 days, IP: 2.5%
15 days, IP: 2.5%
- 75 days, IP: 1.0%
- 60 days, IP: 1.0%
- 45 days, IP: 1.0%
- 30 days, IP: 1.0%
- 15 days, IP: 1.0%
- 75 days, IP: 0.25%
- 60 days, IP: 0.25%
45 days, IP: 0.25%
I 30 days, IP: 0.25%
- 15 days, IP: 0.25%

—-0.20 —-0.15 -0.10 —0.05 0.00
Proportional difference




image26.png
Meningitis ORI sensitivity to 75% 1+ years ORI coverage

75 days, IP: 10.0%
60 days, IP: 10.0%
45 days, IP: 10.0%
30 days, IP: 10.0%
15 days, IP: 10.0%
75 days, IP: 7.5%
60 days, IP: 7.5%
45 days, IP: 7.5%
30 days, IP: 7.5%
15 days, IP: 7.5%
75 days, IP: 5.0%
60 days, IP: 5.0%
45 days, IP: 5.0%
30 days, IP: 5.0%
15 days, IP: 5.0%
75 days, IP: 2.5%
60 days, IP: 2.5%
45 days, IP: 2.5%
30 days, IP: 2.5%
15 days, IP: 2.5%
75 days, IP: 1.0%
60 days, IP: 1.0%
45 days, IP: 1.0%
30 days, IP: 1.0%
15 days, IP: 1.0%
75 days, IP: 0.25%
60 days, IP: 0.25%
45 days, IP: 0.25%
30 days, IP: 0.25%
15 days, IP: 0.25%

-0.20 -0.15 -0.10 -0.05 0.00
Proportional difference




image27.png
Cholera ORI sensitivity to 100% ORI coverage

- 105 days

- 90 days

- 75 days

- 60 days

- 45 days

- 30 days

- 15 days

-0.25 -0.20 -0.15 -0.10 -0.05 0.00
Proportional difference




image28.png
Achieved coverage

60%

70%

80%

90%

100%

Cumulative measles case heatmap

15 (7-1-7) 30

45 60 75 90
Response time (days)

6191

105

6678

6630

6449

6347

6261

120

- 6000

- 5000

- 4000

- 3000

- 2000

- 1000




image29.png
Less ORI coverage achieved (120 days)

ORI cov: 60%, BC: 100% -

ORI cov: 70%, BC: 100% r

ORI cov: 80%, BC: 100%
ORI cov: 90%, BC: 100% A

ORI cov:
ORI cov:
ORI cov:
ORI cov:
ORI cov:
ORI cov:
ORI cov:
ORI cov:
ORI cov:
ORI cov:
ORI cov:
ORI cov:
ORI cov:
ORI cov:
ORI cov:
ORI cov:
ORI cov:
ORI cov:
ORI cov:
ORI cov:

60%, BC:
70%, BC:
80%, BC:
90%, BC:
60%, BC:

70%,
80%,
90%,
60%,
70%,

BC:
BC:
BC:
BC:
BC:

80%, BC:
90%, BC:
60%, BC:
70%, BC:
80%, BC:
90%, BC:
60%, BC:
70%, BC:
80%, BC:
90%, BC:

90%
90%
90%
90%
80%
80%
80%
80%
70%
70%
70%
70%
60%
60%
60%
60%
50% A
50% A
50% A
50% A

0.000 0.025 0.050 0.075 0.100 0.125 0.150 0.175
Proportional difference




image30.png
ORI cov: 60%
ORI cov: 70%
ORI cov: 80%
ORI cov: 90%

Less ORI coverage achieved (105 days)

. BC: 100% ]

, BC: 100%
, BC: 100%
, BC: 100% -

ﬁ

ORI cov: 60%, BC:
ORI cov: 70%, BC:

ORI cov:
ORI cov:
ORI cov:
ORI cov:
ORI cov:
ORI cov:
ORI cov:
ORI cov:
ORI cov:
ORI cov:
ORI cov:
ORI cov:
ORI cov:
ORI cov:
ORI cov:
ORI cov:
ORI cov:
ORI cov:

80%, BC:
90%, BC:
60%, BC:
70%, BC:
80%, BC:
90%, BC:
60%, BC:
70%, BC:
80%, BC:
90%, BC:
60%, BC:
70%, BC:
80%, BC:
90%, BC:
60%, BC:
70%, BC:
80%, BC:
90%, BC:

90%
90%
90%
90%
80%
80%
80%
80%
70%
70%
70%
70%
60%
60%
60%
60%
50% A
50% A
50% A
50% A

0.00

0.10 0.15 0.20

Proportional difference

0.05





image31.png
Less ORI coverage achieved (90 days)

ORI cov: 60%, BC: 100%
ORI cov: 70%, BC: 100%
ORI cov: 80%, BC: 100%
ORI cov: 90%, BC: 100%
ORI cov: 60%, BC: 90%
ORI cov: 70%, BC: 90%
ORI cov: 80%, BC: 90%
ORI cov: 90%, BC: 90%
ORI cov: 60%, BC: 80%
ORI cov: 70%, BC: 80%
ORI cov: 80%, BC: 80%
ORI cov: 90%, BC: 80%
ORI cov: 60%, BC: 70%
ORI cov: 70%, BC: 70%
ORI cov: 80%, BC: 70%
ORI cov: 90%, BC: 70%
ORI cov: 60%, BC: 60%
ORI cov: 70%, BC: 60%
ORI cov: 80%, BC: 60%
ORI cov: 90%, BC: 60%
ORI cov: 60%, BC: 50% A
ORI cov: 70%, BC: 50% -
ORI cov: 80%, BC: 50% A
ORI cov: 90%, BC: 50% A

0.00 0.65 0.10 0.15 0.20 0.25 0.30
Proportional difference




image32.png
Less ORI coverage achieved (75 days)

ORI cov: 60%, BC: 100%
ORI cov: 70%, BC: 100%
ORI cov: 80%, BC: 100%
ORI cov: 90%, BC: 100%
ORI cov: 60%, BC: 90%
ORI cov: 70%, BC: 90%
ORI cov: 80%, BC: 90%
ORI cov: 90%, BC: 90%
ORI cov: 60%, BC: 80%
ORI cov: 70%, BC: 80%
ORI cov: 80%, BC: 80%
ORI cov: 90%, BC: 80%
ORI cov: 60%, BC: 70%
ORI cov: 70%, BC: 70%
ORI cov: 80%, BC: 70%
ORI cov: 90%, BC: 70%
ORI cov: 60%, BC: 60%
ORI cov: 70%, BC: 60%
ORI cov: 80%, BC: 60%
ORI cov: 90%, BC: 60%
ORI cov: 60%, BC: 50% A
ORI cov: 70%, BC: 50% 1
ORI cov: 80%, BC: 50% A
ORI cov: 90%, BC: 50% -

0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35
Proportional difference




image33.png
ORI cov: 60%
ORI cov: 70%
ORI cov: 80%
ORI cov: 90%

Less ORI coverage achieved (60 days)

, BC: 100%
, BC: 100%
, BC: 100%
, BC: 100% -

ORI cov: 60%, BC:
ORI cov: 70%, BC:

ORI cov:
ORI cov:
ORI cov:
ORI cov:
ORI cov:
ORI cov:
ORI cov:
ORI cov:
ORI cov:
ORI cov:
ORI cov:
ORI cov:
ORI cov:
ORI cov:
ORI cov:
ORI cov:
ORI cov:
ORI cov:

80%, BC:
90%, BC:
60%, BC:
70%, BC:
80%, BC:
90%, BC:

90%
90%
90%
90%
80%
80%
80%
80%

60%,
70%,
80%,

BC:
BC:
BC:

70%
70%
70%

90%, BC:
60%, BC:
70%, BC:
80%, BC:
90%, BC:
60%, BC:
70%, BC:
80%, BC:
90%, BC:

70%
60%
60%
60%
60%
50% A
50% A
50% A
50% A

0.0 0.1 0.2 0.3 0.4
Proportional difference




image34.png
ORI cov: 60%
ORI cov: 70%
ORI cov: 80%
ORI cov: 90%

Less ORI coverage achieved (45 days)

, BC: 100%
, BC: 100%
, BC: 100%
, BC: 100%

ORI cov: 60%, BC:
ORI cov: 70%, BC:

ORI cov:
ORI cov:
ORI cov:
ORI cov:
ORI cov:
ORI cov:
ORI cov:
ORI cov:
ORI cov:
ORI cov:
ORI cov:
ORI cov:
ORI cov:
ORI cov:
ORI cov:
ORI cov:
ORI cov:
ORI cov:

80%, BC:
90%, BC:
60%, BC:
70%, BC:
80%, BC:
90%, BC:

90%
90%
90%
90%
80%
80%
80%
80%

60%,
70%,
80%,

BC:
BC:
BC:

70%
70%
70%

90%, BC:
60%, BC:
70%, BC:
80%, BC:
90%, BC:
60%, BC:
70%, BC:
80%, BC:
90%, BC:

70%
60%
60%
60%
60%
50% A
50% A
50% A
50% A

0.2 0.3
Proportional difference

0.0 0.1 0.4




image35.png
ORI cov: 60%, BC: 100%
ORI cov: 70%, BC: 100%
ORI cov: 80%, BC: 100%
ORI cov: 90%, BC: 100%

ORI cov: 60%, BC:
ORI cov: 70%, BC:
ORI cov: 80%, BC:
ORI cov: 90%, BC:
ORI cov: 60%, BC:
ORI cov: 70%, BC:
ORI cov: 80%, BC:
ORI cov: 90%, BC:
ORI cov: 60%, BC:
ORI cov: 70%, BC:
ORI cov: 80%, BC:
ORI cov: 90%, BC:
ORI cov: 60%, BC:
ORI cov: 70%, BC:
ORI cov: 80%, BC:
ORI cov: 90%, BC:
ORI cov: 60%, BC:
ORI cov: 70%, BC:
ORI cov: 80%, BC:
ORI cov: 90%, BC:

Less ORI coverage achieved (30 days)

90%
90%
90%
90%
80%
80%
80%
80%
70%
70%
70%
70%
60%
60%
60%
60%
50% A
50% A
50% A
50% A

0.0

0.1

0.2 0.3
Proportional difference

0.4

0.5





image36.png
Less ORI coverage achieved (15 days)

ORI cov: 60%, BC: 100%
ORI cov: 70%, BC: 100%
ORI cov: 80%, BC: 100%
ORI cov: 90%, BC: 100%
ORI cov: 60%, BC: 90%
ORI cov: 70%, BC: 90%
ORI cov: 80%, BC: 90%
ORI cov: 90%, BC: 90%
ORI cov: 60%, BC: 80%
ORI cov: 70%, BC: 80%
ORI cov: 80%, BC: 80%
ORI cov: 90%, BC: 80%
ORI cov: 60%, BC: 70%
ORI cov: 70%, BC: 70%
ORI cov: 80%, BC: 70%
ORI cov: 90%, BC: 70%
ORI cov: 60%, BC: 60%
ORI cov: 70%, BC: 60%
ORI cov: 80%, BC: 60%
ORI cov: 90%, BC: 60%
ORI cov: 60%, BC: 50% A
ORI cov: 70%, BC: 50% 1
ORI cov: 80%, BC: 50% A
ORI cov: 90%, BC: 50% -

0.0 0.1 0.2 0.3 0.4
Proportional difference




image37.png
Yellow fever ORI sensitivity to 100% ORI coverage (TM: 0.5)

105 days, BC: 80%
90 days, BC: 80%
75 days, BC: 80%
60 days, BC: 80%
45 days, BC: 80%
30 days, BC: 80%
15 days, BC: 80%
105 days, BC: 70%
90 days, BC: 70%
75 days, BC: 70%
60 days, BC: 70%
45 days, BC: 70%
30 days, BC: 70%
15 days, BC: 70%
105 days, BC: 60%
90 days, BC: 60%
75 days, BC: 60%
60 days, BC: 60%
45 days, BC: 60%
30 days, BC: 60%
I 15 days, BC: 60%
I 105 days, BC: 50%
[ 90 days, BC: 50%
I 75 days, BC: 50%
60 days, BC: 50%
45 days, BC: 50%
30 days, BC: 50%
15 days, BC: 50%
I 105 days, BC: 40%
I 90 days, BC: 40%
75 days, BC: 40%
1 60 days, BC: 40%
45 days, BC: 40%
I 30 days, BC: 40%
I 15 days, BC: 40%

—0.0200 -0.0175 —0.0150 —0.0125 -0.0100 —0.0075 —0.0050 —0.0025 0.0000
Proportional difference




image38.png
Yellow fever ORI sensitivity to 100% ORI coverage (TM: 0.75)

—0.016

—0.014

-0.012

-0.010 -0.008 —0.006
Proportional difference

—0.004

—0.002

105 days, BC: 80%
90 days, BC: 80%
75 days, BC: 80%
60 days, BC: 80%
45 days, BC: 80%
30 days, BC: 80%
15 days, BC: 80%
105 days, BC: 70%
90 days, BC: 70%
75 days, BC: 70%
60 days, BC: 70%
45 days, BC: 70%
30 days, BC: 70%
15 days, BC: 70%
105 days, BC: 60%
90 days, BC: 60%
75 days, BC: 60%
60 days, BC: 60%
45 days, BC: 60%
30 days, BC: 60%
15 days, BC: 60%
105 days, BC: 50%
90 days, BC: 50%
75 days, BC: 50%
60 days, BC: 50%
45 days, BC: 50%
30 days, BC: 50%
15 days, BC: 50%
105 days, BC: 40%
90 days, BC: 40%
75 days, BC: 40%
60 days, BC: 40%
45 days, BC: 40%
30 days, BC: 40%
15 days, BC: 40%

0.000




image39.png
Yellow fever ORI sensitivity to 100% ORI coverage (TM: 1.0)

105 days, BC: 80%
90 days, BC: 80%
75 days, BC: 80%

[ 60 days, BC: 80%
I 45 days, BC: 80%
[ 30 days, BC: 80%
I 15 days, BC: 80%
- 105 days, BC: 70%
I 90 days, BC: 70%
75 days, BC: 70%
I 60 days, BC: 70%
I 45 days, BC: 70%
I 30 days, BC: 70%
- 15 days, BC: 70%
[ 105 days, BC: 60%
[ 90 days, BC: 60%
I — - 75 day's, BC: 60%
I 60 days, BC: 60%
I 45 days, BC: 60%
30 days, BC: 60%
15 days, BC: 60%
105 days, BC: 50%
90 days, BC: 50%
75 days, BC: 50%
60 days, BC: 50%
I 45 days, BC: 50%
I 30 days, BC: 50%
q 15 days, BC: 50%
105 days, BC: 40%
I 90 days, BC: 40%
I 75 days, BC: 40%

60 days, BC: 40%
45 days, BC: 40%
30 days, BC: 40%

[ 15 days, BC: 40%

—-0.035 —-0.030 —-0.025 —0.020 —-0.015 —-0.010 —0.005 0.000
Proportional difference




image40.png
Yellow fever ORI sensitivity to 100% ORI coverage (TM: 1.25)

105 days, BC: 80%

90 days, BC:
75 days, BC:
60 days, BC:
45 days, BC:
30 days, BC:
15 days, BC:

80%
80%
80%
80%
80%
80%

105 days, BC: 70%

90 days, BC:
75 days, BC:
60 days, BC:
45 days, BC:
30 days, BC:
15 days, BC:

70%
70%
70%
70%
70%
70%

105 days, BC: 60%

90 days, BC:
75 days, BC:
60 days, BC:
45 days, BC:
30 days, BC:
15 days, BC:

60%
60%
60%
60%
60%
60%

105 days, BC: 50%

90 days, BC:
75 days, BC:
60 days, BC:
45 days, BC:
30 days, BC:
15 days, BC:

50%
50%
50%
50%
50%
50%

105 days, BC: 40%

90 days, BC:
75 days, BC:
60 days, BC:
45 days, BC:
30 days, BC:
15 days, BC:

—0.08

-0.07

—0.06

-0.05 -0.04 -0.03
Proportional difference

—0.02

-0.01

0.00

40%
40%
40%
40%
40%
40%




image41.png
Yellow fever ORI sensitivity to 100% ORI coverage (TM: 1.5)

—-0.07

—0.06

—0.05 —-0.04 —-0.03
Proportional difference

—-0.02

-0.01

105 days, BC: 80%
90 days, BC: 80%
75 days, BC: 80%
60 days, BC: 80%
45 days, BC: 80%
30 days, BC: 80%
15 days, BC: 80%
105 days, BC: 70%
90 days, BC: 70%
75 days, BC: 70%
60 days, BC: 70%
45 days, BC: 70%
30 days, BC: 70%
15 days, BC: 70%
105 days, BC: 60%
90 days, BC: 60%
75 days, BC: 60%
60 days, BC: 60%
45 days, BC: 60%
30 days, BC: 60%
15 days, BC: 60%
105 days, BC: 50%
90 days, BC: 50%
75 days, BC: 50%
60 days, BC: 50%
45 days, BC: 50%
30 days, BC: 50%
15 days, BC: 50%
105 days, BC: 40%
90 days, BC: 40%
75 days, BC: 40%
60 days, BC: 40%
45 days, BC: 40%
30 days, BC: 40%
15 days, BC: 40%

0.00




image42.png
Meningococcal meningitis ORI sensitivity to daily vaccination rate

Vaccinated in one day Vaccinated over one month

75 days, IP: 10.0% NN
60 days, IP: 10.0% N
45 days, IP: 10.0% NI
30 days, IP: 10.0% N
15 days, IP: 10.0% N
75 days, IP: 7.5% I
60 days, IP: 7.5% NI
45 days, IP: 7.5% I
30 days, IP: 7.5% I
15 days, IP: 7.5% I
75 days, IP: 5.0% NN
60 days, IP: 5.0% NG
45 days, IP: 5.0% NG
30 days, IP: 5.0% I
15 days, IP: 5.0% NI
75 days, IP: 2.5% NG
60 days, IP: 2.5% I
45 days, IP: 2.5% I
30 days, IP: 2.5% I
15 days, IP: 2.5% I
75 days, IP: 1.0% I
60 days, IP: 1.0% IE—
45 days, IP: 1.0% B
30 days, IP: 1.0% I
15 days, IP: 1.0% IE—
75 days, IP: 0.25%
60 days, IP: 0.25%
45 days, IP: 0.25%
30 days, IP: 0.25%
15 days, IP: 0.25%

-0.12 -0.10 -0.08 -0.06 -0.04 -0.02 0.00 0.00 0.02 0.04 0.06 0.08 0.10 0.12
Proportional difference Proportional difference




image43.png
Cholera ORI sensitivity to daily vaccination rate
Vaccinated in one day Vaccinated over one month

105 days

90 days

75 days

60 days

45 days

30 days

15 days

-0.4 -0.3 -0.2 -0.1 0.0 0.0 0.1 0.2 0.3 04
Proportional difference Proportional difference




image44.png
Measles ORI sensitivity to daily vaccination rate

Vaccinated in one day Vaccinated over one month

120 days, BC: 100% H
105 days, BC: 100% M
90 days, BC: 100%
75 days, BC: 100%
60 days, BC: 100% Il
45 days, BC: 100%
30 days, BC: 100% HEEE
15 days, BC: 100% [
120 days, BC: 90% N
105 days, BC: 90%
90 days, BC: 90% Il
75 days, BC: 90%
60 days, BC: 90% I
45 days, BC: 90% B
30 days, BC: 90% Il
15 days, BC: 90% E———
120 days, BC: 80% E—
105 days, BC: 80%
90 days, BC: 80% IE—
75 days, BC: 80% E—
60 days, BC: 80% 1
45 days, BC: 80%
30 days, BC: 80% Il
15 days, BC: 80%
120 days, BC: 70% I
105 days, BC: 70% I
90 days, BC: 70% I
75 days, BC: 70% I
60 days, BC: 70%
45 days, BC: 70% s
30 days, BC: 70% mmm—
15 days, BC: 70% I
120 days, BC: 60% M
105 days, BC: 60% M
90 days, BC: 60% M
75 days, BC: 60% M
60 days, BC: 60% W
45 days, BC: 60% 1
30 days, BC: 60% Il
15 days, BC: 60% =
120 days, BC: 50%
105 days, BC: 50%
90 days, BC: 50%
75 days, BC: 50%
60 days, BC: 50%
45 days, BC: 50%
30 days, BC: 50%
15 days, BC: 50%

-0.25 -0.20 -0.15 -0.10 -0.05 0.00 0.00 0.05 0.10 0.15 0.20
Proportional difference Proportional difference

o

0.25




image45.png
Yellow fever ORI sensitivity to daily vaccination rate (TM: 0.5)

Vaccinated in one day

—-0.06 —-0.04 -0.02
Proportional difference

0.00

105 days, BC:
90 days, BC:
75 days, BC:
60 days, BC:
45 days, BC:
30 days, BC:
15 days, BC:

105 days, BC:
90 days, BC:
75 days, BC:
60 days, BC:
45 days, BC:
30 days, BC:
15 days, BC:

105 days, BC:
90 days, BC:
75 days, BC:
60 days, BC:
45 days, BC:
30 days, BC:
15 days, BC:

105 days, BC:
90 days, BC:
75 days, BC:
60 days, BC:
45 days, BC:
30 days, BC:
15 days, BC:

105 days, BC:
90 days, BC:
75 days, BC:
60 days, BC:
45 days, BC:
30 days, BC:
15 days, BC:

80%
80%
80%
80%
80%
80%
80%
70%
70%
70%
70%
70%
70%
70%
60%
60%
60%
60%
60%
60%
60%
50%
50%
50%
50%
50%
50%
50%
40%
40%
40%
40%
40%
40%
40%

0.

Vaccinated over one month

—-

00 0.02 0.04 0.06
Proportional difference




image46.png
Yellow fever ORI sensitivity to daily vaccination rate (TM: 0.75)

Vaccinated in one day

—-0.25

-0.20 -0.15 -0.10 -0.05
Proportional difference

0.00

105 days, BC:
90 days, BC:
75 days, BC:
60 days, BC:
45 days, BC:
30 days, BC:
15 days, BC:

105 days, BC:
90 days, BC:
75 days, BC:
60 days, BC:
45 days, BC:
30 days, BC:
15 days, BC:

105 days, BC:
90 days, BC:
75 days, BC:
60 days, BC:
45 days, BC:
30 days, BC:
15 days, BC:

105 days, BC:
90 days, BC:
75 days, BC:
60 days, BC:
45 days, BC:
30 days, BC:
15 days, BC:

105 days, BC:
90 days, BC:
75 days, BC:
60 days, BC:
45 days, BC:
30 days, BC:
15 days, BC:

Vaccinated over one month

80%
80%
80%
80%
80%
80%
80%
70%
70%
70%
70%
70%
70%
70%
60%
60%
60%
60%
60%
60%
60%
50%
50%
50%
50%
50%
50%
50%
40%
40%
40%
40%
40%
40%
40%

0.00

0.05

0.10 0.15 0.20
Proportional difference

0.25




image47.png
Yellow fever ORI sensitivity to daily vaccination rate (TM: 1.0)

Vaccinated in one day

-1.25 -1.00 -0.75 -0.50 —0.25 0.00
Proportional difference

105 days, BC:
90 days, BC:
75 days, BC:
60 days, BC:
45 days, BC:
30 days, BC:
15 days, BC:

105 days, BC:
90 days, BC:
75 days, BC:
60 days, BC:
45 days, BC:
30 days, BC:
15 days, BC:

105 days, BC:
90 days, BC:
75 days, BC:
60 days, BC:
45 days, BC:
30 days, BC:
15 days, BC:

105 days, BC:
90 days, BC:
75 days, BC:
60 days, BC:
45 days, BC:
30 days, BC:
15 days, BC:

105 days, BC:
90 days, BC:
75 days, BC:
60 days, BC:
45 days, BC:
30 days, BC:
15 days, BC:

Vaccinated over one month

80%
80%
80%
80%
80%
80%
80%
70%
70%
70%
70%
70%
70%
70%
60%
60%
60%
60%
60%
60%
60%
50%
50%
50%
50%
50%
50%
50%
40%
40%
40%
40%
40%
40%
40%

0.00

0.25

0.50 0.75 1.00
Proportional difference

1.25





image48.png
Yellow fever ORI sensitivity to daily vaccination rate (TM: 1.25)

Vaccinated in one day

-2.0

-1.5 -1.0 -0.5
Proportional difference

0.0

105 days, BC:
90 days, BC:
75 days, BC:
60 days, BC:
45 days, BC:
30 days, BC:
15 days, BC:

105 days, BC:
90 days, BC:
75 days, BC:
60 days, BC:
45 days, BC:
30 days, BC:
15 days, BC:

105 days, BC:
90 days, BC:
75 days, BC:
60 days, BC:
45 days, BC:
30 days, BC:
15 days, BC:

105 days, BC:
90 days, BC:
75 days, BC:
60 days, BC:
45 days, BC:
30 days, BC:
15 days, BC:

105 days, BC:
90 days, BC:
75 days, BC:
60 days, BC:
45 days, BC:
30 days, BC:
15 days, BC:

Vaccinated over one month

80%
80%
80%
80%
80%
80%
80%
70%
70%
70%
70%
70%
70%
70%
60%
60%
60%
60%
60%
60%
60%
50%
50%
50%
50%
50%
50%
50%
40%
40%
40%
40%
40%
40%
40%

0.0

0.5 1.0 1.5
Proportional difference

2.0





image49.png
Yellow fever ORI sensitivity to daily vaccination rate (TM: 1.5)

Vaccinated in one day

-3.0 -25 -20 -15 -1.0 -05
Proportional difference

0.0

105 days, BC:
90 days, BC:
75 days, BC:
60 days, BC:
45 days, BC:
30 days, BC:
15 days, BC:

105 days, BC:
90 days, BC:
75 days, BC:
60 days, BC:
45 days, BC:
30 days, BC:
15 days, BC:

105 days, BC:
90 days, BC:
75 days, BC:
60 days, BC:
45 days, BC:
30 days, BC:
15 days, BC:

105 days, BC:
90 days, BC:
75 days, BC:
60 days, BC:
45 days, BC:
30 days, BC:
15 days, BC:

105 days, BC:
90 days, BC:
75 days, BC:
60 days, BC:
45 days, BC:
30 days, BC:
15 days, BC:

Vaccinated over one month

80%
80%
80%
80%
80%
80%
80%
70%
70%
70%
70%
70%
70%
70%
60%
60%
60%
60%
60%
60%
60%
50%
50%
50%
50%
50%
50%
50%
40%
40%
40%
40%
40%
40%
40%

0.0

0.5

1.0 15 20
Proportional difference

2.5

3.0




