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" I simply wish that, in a matter which so closely concerns the wellbeing of the human 

race, no decision shall be made without all the knowledge which a little analysis and 

calculation can provide."  
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Abstract: 

 
This thesis aims to advance Bayesian modelling approaches for comprehending infectious 

disease patterns and epidemics, with a specific focus on contributing methodological 

enhancements to immunization and vaccination research. The research presented first 

explores Bayesian temporal models in discrete time to describe disease incidence. Then, 

it delves into spatiotemporal Bayesian models for cluster detection and identification of 

small areas that follow a similar trend. Discrete-time models are applied to two case 

studies for the study of bronchiolitis and the respiratory syncytial virus (RSV), while the 

spatiotemporal approach is applied to a different case study corresponding to human 

papillomavirus (HPV) vaccination. These case studies address important questions in the 

field of vaccine research. Namely, in the first case study, a Bayesian stochastic model is 

developed to describe bronchiolitis dynamics in young children. The proposed model is 

a multivariate age-structured model that accurately captures both endemic and epidemic 

periods. It considers interactions among age groups by combining ideas from 

compartmental models and Bayesian hierarchical Poisson models or negative binomial 

models in a novel way. The study employs high-quality population-based data from the 

Valencian Integrated Databases (VID). In a second stage, the proposed model is extended 

to simulate the potential effects of different newborn immunization scenarios against the 

RSV on bronchiolitis. We provide an app tool that estimates the expected reduction in 

bronchiolitis episodes for a range of different values of the uptake and effectiveness. 

 

The second case study focuses on the recent approval of the monoclonal antibody 

nirsevimab and the bivalent prefusion RSV vaccine for maternal immunization. We 

employ an adaptation of the previously proposed model-based approach to estimate a 

realistic reduction of RSV bronchiolitis in infants under 12 months old if each of these 

two interventions is applied. This study aims to have a greater knowledge of the disease 

and more precise and realistic impact estimations considering new findings regarding 

efficacy and protection duration in clinical trials.  Results indicate that both interventions 

could effectively reduce RSV bronchiolitis and hospitalizations, providing valuable 

insights into their potential impact. 

 

The third case study aims to detect suboptimal vaccination coverage of the HPV vaccine 

in the Valencia Region, despite its inclusion in the systematic vaccination program since 
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2008. A spatiotemporal clustering model is developed to identify health districts with 

similar vaccination behaviour. The model allows for the exploration of different spatial 

and temporal structures, revealing suboptimal HPV vaccination coverage in specific 

health districts. This information is essential for implementing targeted strategies to 

enhance vaccination coverage. 

 

In conclusion, this thesis contributes methodological improvements to the field of 

infectious disease modelling, disease mapping and vaccination research. The developed 

Bayesian models offer flexible and effective tools for understanding disease dynamics 

and assessing the potential impact of immunization strategies. The case studies provide 

valuable insights for public health decision-making and highlight the importance of 

considering real-world data in modelling studies. 

 

Resumen: 
 

Esta tesis tiene como objetivo avanzar en la modelización bayesiana para comprender la 

dinámica de enfermedades infecciosas, con especial hincapié en proporcionar 

metodología adecuada para la investigación del efecto de estrategias de inmunización y 

vacunación. La investigación presentada explora, en primer lugar, modelos temporales 

bayesianos en tiempo discreto para describir la incidencia de enfermedades infecciosas. 

A continuación, profundiza en el desarrollo de modelos bayesianos espaciotemporales 

para la detección de conglomerados e identificación de áreas pequeñas que siguen una 

tendencia similar.  Los modelos temporales son aplicados a dos estudios de caso:  la 

bronquiolitis y el virus sincitial respiratorio (VSR), mientras que el modelo 

espaciotemporal se aplica a un estudio de caso diferente correspondiente a la vacunación 

contra el virus del papiloma humano (VPH). Estos estudios de caso abordan preguntas 

fundamentales en el campo de la investigación de vacunas. Específicamente, en el primer 

estudio de caso, se desarrolla un modelo estocástico bayesiano para describir la dinámica 

de la bronquiolitis en niños pequeños. El modelo propuesto es un modelo multivariado 

estructurado por edades que captura con precisión tanto los períodos endémicos como 

epidémicos. Además, considera las interacciones entre grupos de edad combinando ideas 

de modelos compartimentales y modelos jerárquicos bayesianos de Poisson o modelos 

binomiales negativos de una manera novedosa. El estudio emplea datos poblacionales de 

alta calidad de las Bases de Datos Integradas de la Comunidad Valenciana. En una 
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segunda etapa, el modelo propuesto se extiende para simular los efectos potenciales de 

diferentes escenarios de inmunización neonatal contra el VSR en la bronquiolitis. Para 

este estudio proporcionamos una aplicación que estima la reducción esperada en 

episodios de bronquiolitis para diferentes combinaciones de la cobertura y efectividad.  

 

El segundo estudio de caso se centra en la aprobación reciente del anticuerpo monoclonal 

nirsevimab y la vacuna bivalente de perfusión contra el VSR para la inmunización 

materna. Empleamos una adaptación del modelo desarrollado previamente para estimar 

de manera realista la reducción de la bronquiolitis por VSR en lactantes menores de 12 

meses si se aplican cada una de estas dos intervenciones. Este estudio tiene como objetivo 

obtener un mayor conocimiento de la enfermedad y estimaciones de impacto más precisas 

y realistas considerando los nuevos resultados sobre eficacia y duración de la protección 

en ensayos clínicos. Los resultados indican que ambas intervenciones podrían reducir 

efectivamente la bronquiolitis por VSR y las hospitalizaciones, proporcionando 

información valiosa sobre su impacto potencial.  

 

El tercer estudio se centra en la detección de coberturas de vacunación subóptimas contra 

el VPH en la Comunidad Valenciana, a pesar de su inclusión en el programa de 

vacunación sistemática desde 2008. Para ello, desarrollamos un modelo de agrupamiento 

espaciotemporal, que nos permite identificar distritos sanitarios con comportamientos de 

vacunación similares. El modelo permite explorar diferentes estructuras espaciales y 

temporales, revelando una cobertura de vacunación contra el VPH subóptima en distritos 

sanitarios específicos. Esta información es esencial para implementar estrategias dirigidas 

para mejorar la cobertura de vacunación.  

 

En conclusión, esta tesis aporta mejoras metodológicas en el campo de la modelización 

de enfermedades infecciosas, mapeo de enfermedades e investigación en vacunas. Los 

modelos bayesianos desarrollados ofrecen herramientas flexibles y efectivas para 

comprender la dinámica de estas enfermedades y evaluar el impacto potencial de las 

estrategias de inmunización consideradas. Los estudios de caso proporcionan 

conocimientos valiosos para la toma de decisiones en salud pública y destacan la 

importancia de considerar datos del mundo real en los estudios de modelización. 
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Thesis structure: 
 

This thesis is structured into five chapters. Chapter one contextualizes the theme of the 

thesis. It explains key concepts such as infectious diseases, epidemics, vaccination, and 

the role of mathematics and statistics in epidemic prevention and vaccination research. 

We then delve into key concepts regarding Bayesian statistics and commonly used models 

for epidemic modelling and vaccination research, focusing on those that have motivated 

our research. 

 

In the second chapter, we present the first case study, delving into discrete-time stochastic 

models. Specifically, we introduce a Bayesian multivariate stochastic age-structured 

model for the study of bronchiolitis dynamics. An extension of the methodology is also 

presented to simulate the potential impact if a proportion of newborn were immunized. 

 

In the third chapter, we apply a modified version of the previously described model to 

gain more insight into RSV dynamics. In particular, the model includes finer age groups 

and considers the latest findings from clinical trials. This model better simulates the 

impact of two immunization strategies on RSV. 

 

In the fourth chapter, we present a novel spatiotemporal clustering model for the study of 

the HPV vaccination coverage. The model allows exploring different spatial and temporal 

structures, revealing suboptimal HPV vaccination coverage in specific health districts. 

 

These three chapters follow the same structure. They include an abstract followed by an 

introduction, which motivates the study and incorporates a review of related literature. 

Details about the proposed methodology and main results are then provided. At the end, 

some concluding remarks and directions for future research are given.  

 

The last chapter offers general concluding remarks as well as key insights and avenues 

future research.  
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Chapter 1 
 

Introduction 

 

1. With Bayes, Bernoulli, and Jenner, it all begins. 

 
Nowadays, we can use Bayesian models to understand the dynamics of infectious 

diseases and to either describe or simulate the effects of vaccination programs and other 

forms of immunization.  This is possible thanks to three pivotal discoveries at the end of 

the eighteenth century: the revelation of Bayes’ theorem, the formulation of the first 

epidemiological model, and the development of the first vaccine. These historical 

milestones laid the foundation for our current understanding of the interconnectedness 

between mathematics, epidemiology, and vaccines. 

 

The history of mathematics behind epidemics begins with two significant breakthroughs 

during the smallpox era, a period marked by the prevalence of one of the most devastating 

diseases in the humanity caused by the variola virus. In 1766, Daniel Bernoulli published 

a groundbreaking paper titled "Essai d'une nouvelle analyse de la mortalité causée par la 

petite vérole", presenting the inaugural mathematical model for analysing the spread of 

smallpox. Bernoulli argued the benefits of variolation, an inoculation technique exposing 

individuals without prior smallpox experience to material from smallpox sores (pustules). 

In 1772, D’Alembert further advanced Bernoulli's work by incorporating age-dependent 

parameters into the model. While Laplace also made contributions to the concept, 

systematic development only materialized with the 1911 benchmark paper by Ross, 

establishing the foundations of modern mathematical epidemiology (1–4). 

 

Twenty years after, in 1796, Edward Jenner discovered the smallpox vaccine, marking a 

vital moment in medical history. His merit is underscored by the practical evidence he 

presented, demonstrating that the inoculation of material from a person with cowpox 

lesions to a healthy child can confer protection against smallpox. This groundbreaking 

discovery, which laid the foundation for modern vaccination, transpired in Europe 

between the late eighteenth and early nineteenth centuries. Jenner's pioneering work not 
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only transformed the approach to disease prevention but it also set the stage for 

subsequent advancements in immunization science (5). 

 

The other key discovery emerged simultaneously to Bernoulli’s model in 1763. The 

Bayes’ theorem, formulated by Thomas Bayes, was presented two years after his death 

by the philosopher Richard Price to the Royal Society. Thomas Bayes' manuscript, titled 

'An Essay Towards Solving a Problem in the Doctrine of Chances', provided the first clear 

solution to the problem of inverse probability. It describes how we can calculate the 

probability of the occurrence of an event given the known probability of a certain 

condition. The theorem was abandoned until 1812, when it was independently 

rediscovered by Pierre Simon Laplace. There is a belief that Laplace might not have been 

aware of Bayes' theorem, as he developed a more formal version of it during his 

rediscovery. Until the end of the 20th century, the Bayesian approach was in disuse due 

to time requirements. New technological advances have recently increased the use of 

Bayesian models in many fields, including epidemiology and for public health decision-

making (6).   Nowadays, epidemics models, vaccination research and Bayesian analysis 

are intimately connected.  

 

2. Infectious diseases, immunization, mathematics and beyond 

 
This section introduces key concepts that are essential for contextualizing and 

understanding the thesis:  infectious diseases, vaccination as a preventive measure, and 

the role of mathematical models in public health decision-making. 

 

Infectious diseases are disorders caused by various microorganisms like viruses, bacteria, 

protozoa, and fungi. They can be transmitted from person to person, from animals to 

humans, or from the environment to humans. They represent the leading cause of 

morbidity and mortality worldwide, having more impact in middle- and low-income 

countries (7).  Infectious diseases exhibit various dissemination patterns: epidemic, 

pandemic, endemic, and outbreak. An epidemic denotes the sudden and widespread 

occurrence of a disease, exceeding expected cases, in a specific population or region. 

When an epidemic spans international borders and affects a significant global population, 

it becomes a pandemic. In contrast, endemic signifies the persistent, usual presence of a 

disease within a specific region or population, indicating a steady baseline prevalence. 
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An outbreak, like an epidemic but more localized, is related with an increased number of 

cases in a specific community (8).  In today's interconnected world, the COVID-19 

pandemic serves as prime evidence of the global impact that epidemics and pandemics 

can have. Health crises not only affect specific regions, but also have far-reaching social 

and economic consequences that transcend geographical boundaries (7,9,10).  

 

Several infectious diseases, such as COVID-19, measles, or rotavirus infection, can be 

prevented by vaccination, a simple, safe, and cost-effective way of protection. Vaccines 

activate artificially the immune system to build resistance to specific infections and make 

the immune system stronger (11). In addition to the direct protection offered to vaccinated 

individuals, vaccines also have indirect effects by curbing disease transmission from the 

vaccinated to others (12,13). Ensuring adequate levels of herd immunity is the only 

reliable method for preventing epidemics and a re-emergence of vaccine-preventable 

diseases (VPDs) (14). Herd immunity is achieved when a significant portion of a 

population becomes immune to an infectious disease, either through vaccination or prior 

illness, reducing so the likelihood of person-to-person transmission. This protection 

extends to individuals who are not vaccinated, such as newborns and those with chronic 

illnesses, as the disease finds limited opportunities to spread within the community (15). 

 

Other ways of protection, such as passive immunity, are also available. It occurs when a 

person receives antibodies to a disease rather than producing them internally. This 

immediate protection can be acquired from sources such as the mother through the 

placenta or through antibody-containing blood products. Unlike active immunity,  passive 

immunity  is short-lived, lasting only for a few weeks or months (16). Another avenue for 

passive protection is the use of monoclonal antibodies (mAbs), which are laboratory-

produced molecules designed to mimic the immune system's ability to fight off harmful 

pathogens, such as viruses or bacteria They are particularly beneficial for 

immunosuppressed individuals. They also present advantages in generic manufacturing, 

facilitating a swift response during outbreaks (17).  

 

Public health agencies play a crucial role in the detection, prevention, and control of 

infections within the population. They also have the responsibility to implement and 

assess immunization programs to ensure sufficient protection. During the second half of 

the 20th century, vaccination programs have successfully eradicated smallpox, nearly 
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eliminated polio, and substantially reduced viral and bacterial infections in children 

through national immunization programs in developed countries. It is considered the most 

effective medical intervention, in fact, vaccines have prevented nearly one-quarter 

(21.7%)  of the 5.3 million deaths among children under the age of 5 years in 2019 (18). 

However, outbreaks of VPDs continue to occur even in countries with well-established 

vaccination programs. Reasons include the existence of under-vaccinated populations due 

to the increasing anti-vaccination movement, the increasing movement of  individuals 

across borders, or socioeconomic inequalities in the population (14,19). 

 

Mathematical and statistical models play a pivotal role in epidemiology, serving as 

indispensable tools for understanding the dynamics and key features of infectious 

diseases. Beyond their scientific significance, these models contribute to shaping political 

decisions and guiding interventions. For instance, they allow analysing early outbreak 

stages, assessing interventions like immunization programs, identifying risk factors 

related to either individuals or the environment and analysing spatial and temporal 

patterns. Moreover, mathematical and statistical models facilitate hypothesis generation 

and formal testing, effectively minimizing bias and enhancing the precision of 

epidemiological observations (6,20–22). The influence of these models is growing due to 

the increasing abundance of data on infectious diseases, a consequence of the 

advancements in technology and the rise of big data in health data collection and 

infectious disease surveillance (23,24).  

 

As illustrative examples, during the 2009 influenza pandemic, mathematical models 

assisted the World Health Organization (WHO) and national response units in 

interpreting outbreak data and guiding decisions on vaccination strategies. They were 

used to estimate the basic reproduction number, represent the average number of 

secondary infections per infected individual in a susceptible population, and evaluate the 

impact of vaccination timing and targeting on the epidemic's peak and duration. Another 

example is the 2014-2016 Ebola outbreak in West Africa.  In this case, mathematical 

models helped estimating key parameters for outbreak control measures, including case 

isolation and contact tracing. The experience with Ebola contributed to the development 

of guidance for designing vaccine efficacy trials during public health emergencies (25). 

The most recent example is the multitude of mathematical models developed during the 

COVID-19 pandemic, providing insights into contagion dynamics and response strategies 
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(26). Bayesian applications in epidemiology, such as the spatiotemporal cluster detection 

of varicella (27), the  assessment of the impact of rotavirus vaccination on hospitalizations 

due to rotavirus (28), and  the evaluation of the impact of temperature on the transmission 

of Zika, dengue, and chikungunya (29), showcase the versatility of Bayesian methods for  

understanding and addressing complex issues in public health.  

 

Models can be classified based on their purpose: explanatory, descriptive, or predictive. 

Explanatory modelling is commonly used for causal testing. Descriptive modelling is the 

most utilized and developed by statisticians.  Descriptive models aim to summarize or 

represent data structures in a concise manner. Unlike explanatory modelling, these 

models do not heavily rely on an underlying causal theory. They focus on the measurable 

level rather than the construct level.  A regression model is descriptive when it captures 

associations between dependent and independent variables without emphasizing causal 

inference or prediction. Predictive modelling involves applying statistical models or data 

mining algorithms to predict new or future observations (30). 

 

3. Bayesian statistics, key concepts. 

 

Two approaches for statistical analyses are the frequentist paradigm and the Bayesian 

paradigm. The influence and utilization of Bayesian statistics have expanded significantly 

across diverse facets of medical research and practice, mainly in epidemiology research 

(31). A key distinction lies in their treatment of parameters and the interpretation of the 

probability. The frequentist approach considers the parameters as fixed quantities to be 

determined. In the Bayesian approach, the model parameters are assumed to be random 

variables, and so we have to determine their distribution. Unlike the frequentist approach, 

Bayesian inference allows the formal inclusion of prior knowledge in the analysis, 

combining information from the observed data with the researcher's accumulated 

experience through specified prior probabilities. Furthermore, Bayesian methods excel in 

statistical inference for complex models that pose challenges for frequentist techniques. 

While frequentist approaches may encounter difficulties in estimating parameters in such 

cases, Bayesian methods provide a robust solution by simulating samples from the 

posterior distribution of the parameters of interest using Markov chain Monte Carlo 

(MCMC) techniques (6). 
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3.1 Parameter estimation 

In the Bayesian paradigm, parameters are treated as random variables, and so they are 

given a prior distribution. Once the information from the data is incorporated, this prior 

distribution is updated using Bayes’ theorem, obtaining so the posterior distribution:  

  

𝑃(θ|𝑌) =
𝑃(𝜃)𝑃(𝑌|𝜃)

𝑃(𝑌)
=

𝑃(𝜃)𝑃(𝑌|𝜃)

∫ 𝑃(𝜃)𝑃( 𝑌|𝜃)𝑑𝜃𝛺

  ∝  𝑃(𝜃)𝑃(𝑌|𝜃), 

where: 

θ is the set of model parameters. 

P(θ) is the prior distribution; that is, before observing the data.  If prior information 

is unavailable, the priors considered are non-informative, and all the information will be 

obtained from the data. 

P(Y∣θ) is the likelihood function quantifying the information provided by the data 

about θ. 

P(θ∣Y) is the posterior distribution; that is, the distribution of θ once the 

information from the data is incorporated. 

 

In Bayesian inference, the primary focus revolves around properties derived from the 

posterior distribution of the model parameters or related functions. These properties are 

often expressed as expectations computed over the posterior distribution P(θ∣Y): 

𝐸(𝑔(𝜃)|𝑌) = ∫ g(θ)P(θ|𝑌)𝑑𝜃
Ω

   

 

On many occasions, the posterior distribution is analytically intractable. A possible 

solution to estimate the  quantities of interest is the use of MCMC simulation methods, 

which involve simulating samples from the posterior distributions (32). Two commonly 

used MCMC simulation techniques are the Gibbs sampling procedure and the Metropolis-

Hastings algorithm. 

 

3.2 Gibbs sampling and Metropolis-Hastings 

One of the most popular MCMC methods is the Gibbs sampling procedure, which 

involves sampling from the known conditional distributions.  Let Y be the data vector, θ 

= (θ1 , 𝜃2, , ..., 𝜃𝑘) the set of parameters, and (𝜃1
0, 𝜃2

0, , ..., 𝜃𝑘
0) an initial value for the 

parameters. The procedure proceeds as follows: 
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𝜃1
(𝑡+1)

∼ 𝑃(𝜃1|𝑌, 𝜃2 = 𝜃2
(𝑡)

, … , 𝜃𝑘 = 𝜃𝑘
(𝑡)

) 

𝜃2
(𝑡+1)

∼ 𝑃(𝜃2|𝑌, 𝜃1 = 𝜃1
(𝑡+1)

, 𝜃3 = 𝜃3
(𝑡)

 … , 𝜃𝑘 = 𝜃𝑘
(𝑡)

)  

    ⋮ 

𝜃𝑘
(𝑡+1)

∼ 𝑃(𝜃𝑘|𝑌, 𝜃1 = 𝜃1
(𝑡)

, … , 𝜃𝑘−1 = 𝜃𝑘−1
(𝑡)

) 

 for t = 0, ..., N,  N being the number of  simulated values from the posterior distribution  

(33).  

 

Another commonly used method for MCMC is the Metropolis-Hastings (MH) algorithm. 

Here, a proposal distribution is used to generate candidate values for the parameters.  In 

particular, the method generates  𝜃′ = (𝜃1
′ , 𝜃2

′ , … , 𝜃𝑘
′ ) values from the proposal 

distribution  𝑄( 𝜃 ∣∣ 𝜃(t) ) given the parameter 𝜃(t) . The acceptance of this new vector of 

parameter values depends on an acceptance rate defined as: 

𝛼(𝜃′|𝜃(t)) = 𝑚𝑖𝑛 ( 1,
𝑃(𝜃′|𝑌)𝑄( 𝜃(t) ∣∣ 𝜃′ )

𝑃(𝜃(t)|𝑌)𝑄( 𝜃′ ∣∣ 𝜃(t) ).
) 

    

For the acceptance-rejection decision, a number 𝑢 is generated from a U (0,1) 

distribution. If 𝑢 ≤  𝛼 the proposed candidate is accepted; that is, 𝜃(𝑡+1) = 𝜃′; 

otherwise, 𝜃(𝑡+1) = 𝜃(t). 

 

Gibbs sampling is a special case of MH sampling where proposal distributions are the 

posterior conditionals. Recall that all proposals are accepted in Gibbs sampling, which 

implies that the acceptance probability is always 1 (34). 

 

3.3 MCMC diagnoses 

When running an MCMC algorithm, it is important to examine whether the simulated 

values have approximately converged to the stationary distribution P(θ∣X). When 

implementing the model, it is common to launch two or three chains with N simulations 

for each parameter. To assess convergence, the simulated values 𝜃(𝑡) are plotted against 

t (t = p, …, N) for each of the simulated chains. Here, p is the number of simulations in 

the burn-in period. These initial simulations are not considered for posterior estimation 

as they belong to the chain adaptation process and are typically highly correlated. If the 
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chains cross each other and exhibit a stationary behaviour, it is indicative that they have 

good convergence and, consequently, the conducted simulation provides a reliable 

estimate of the posterior (35). Other measures such as the effective sample size (neff) or 

Rhat are commonly used for MCMC diagnostics, with neff values above 100 and an Rhat 

around one indicating good convergence. 

 

3.4 Bayesian software  

The field of Bayesian inference has seen significant advancements in software 

development, with a range of tools and libraries catering to different needs and 

preferences. In this thesis, we used WinBUGS (Bayesian inference Using Gibbs 

Sampling) and Nimble, which is an extension of the BUGS language but also implements 

a modelling language embedded in R. Several Bayesian computation methods are 

implemented, including Metropolis Hastings, Gibbs sampling, and sequential Monte 

Carlo among others (35). 

 

4. Commonly used models for infectious diseases epidemics and 

vaccination research 
 

A high variety of mathematical and statistical models as well as computational tools have 

been proposed both to analyse the transmission and spread of diseases and the effects of 

interventions  and to anticipate the future course of epidemics under different scenarios 

(36). 

4.1  Mathematical modelling 

4.1.1 The general epidemic model  

Compartmental models are widely used to study the transmission dynamics of infectious 

diseases or to calculate the percentage of people that have to be vaccinated for herd 

immunity. One of the simplest compartmental models is the 'S-I-R' model, also known as 

the general epidemic model, where the population is divided into three compartments 

based on their epidemiological status. Here, S(t) represents susceptible individuals, I(t) 

represents the infected, and R(t) represents individuals removed by recovery or death at 

time t. The total population at time t, N(t), is given by the sum of the susceptible, infected, 

and removed individuals (N(t) = S(t) + I(t) + R(t)). For simplicity in notation, we will 

refer to S(t) as S, I(t) as I, and so forth. The rates of transfer between compartments are 
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expressed mathematically as derivatives with respect to time of the sizes of the 

compartments. The solution to the model can be obtained through (partial) differential 

equations: 

𝑑𝑆

𝑑𝑡
=  −𝛽.

𝑆. 𝐼

𝑁
 

𝑑𝐼

𝑑𝑡
=  𝛽.

𝑆. 𝐼

𝑁
− 𝛾. 𝐼 

𝑑𝑅

𝑑𝑡
= 𝛾. 𝐼 

where the initial values of the epidemic are S(0) = N-1, I(0) = 1, and R(0) = 0 . Parameter 

β is the effective contact rate (reflects both the average of contacts per time period and 

the probability of disease transmission per contact) and γ is the recovery rate. The increase 

in disease incidence is observed if  
𝑑𝐼

𝑑𝑡
> 0; that is, if 𝛽.

𝑆.𝐼

𝑁
> 𝛾. 𝐼 or, equivalently, if  

𝛽𝑆

𝛾𝑁
>

1. Note that if all the individuals are susceptible to be infected, then N is equal to S. In 

that case, an increase in disease incidence will be observed if  
𝛽

𝛾
> 1. This quantity is 

known as the basic reproduction number, 𝑅0 =  
𝛽

𝛾
, and describes the number of secondary 

infections produced by one case during his infectious period in a completely susceptible 

population. If 𝑅0>1, the infection can spread; once a significant portion of the population 

becomes immune, the likelihood of infected individuals encountering susceptible ones 

decreases, reducing the average number of secondary cases. If 𝑅0<1, the epidemic is 

under control (1,36,37). 

 

Vaccination plays a crucial role in controlling disease outbreaks. If a fraction v of the 

population is vaccinated before an outbreak, the number of infections caused by an 

individual decreases to R0⋅(1−v). This is because only 1−v of all contacts result in 

infection. The new reproduction number is then given Rv = (1−v)⋅R0. If Rv>1, a positive 

fraction of the community may get infected. This condition is equivalent to v<1−1/R0. 

The critical vaccination coverage, or the fraction necessary to vaccinate, is denoted vc 

=1−1/R0 (38).  

 

 This general epidemic model can be adapted according to relevant characteristics that 

can influence disease transmission, such as the age, vaccination status, sex, or region, 

among others. This can be done by partitioning the compartments based on these 



23 

 

characteristics.  Also, different tools have been proposed to  compute  𝑅0 as a function of 

other parameters (36). 

  

Depending on the nature of the disease under study, other compartmental models have 

been formulated: the SIS model  describes a disease with no immunity against re-

infection; the SEIR or SEIS models  include an exposed period between becoming 

infected and being infective; the SIRS model captures temporary immunity on recovery 

from infection; the SVIR model includes a compartment accounting for vaccinated 

individuals (39,40).   

 

For more complex models with many partitions of the population, this approach does not 

scale efficiently when the number of relevant characteristics increases. In this case, an 

individual-based model (IBM) may be more appropriate.  Within this approach, 

mathematical equations for the average population are replaced by individual rules of 

change that will be solved by computer simulation (36,(41).  

 

4.1.2 Stochastic models  

Most epidemic compartmental models are solved in a deterministic way; that is, 

predictions are determined entirely by their initial conditions, the set of underlying 

equations, and the assumed values of the parameters. However, when the number of 

infectious individuals is small, the homogeneous mixing assumption may not be 

appropriate. Furthermore, the stochastic nature of transmission and recovery events are 

critically important to understanding disease dynamics. This motivates the use of 

stochastic models, where S, I, and R as considered to be random variables.   

 

One example is the Reed–Frost model, a simple stochastic epidemic mathematical model 

where population is divided into S and I. In the discrete-time version, let 𝐼𝑡  be the number 

of individuals who got infected at time t and 𝑝 the probability that a person encounters 

another person in one time-step and the contact results in disease transmission. A 

susceptible individual escapes infection at time t+1 if he/she avoids getting infected from 

the infected people at time t, so this happens with probability (1 − 𝑝)𝐼𝑡.The probability 

to get infected is then given by 1 − (1 − 𝑝)𝐼𝑡. Individual’s classification may be updated 

only when time changes from t to t+1.  The model can be written as: 
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𝐼𝑡+1~𝐵𝑖𝑛(𝑆𝑡, 1 − (1 − 𝑝)𝐼𝑡) 

𝑆𝑡+1 = 𝑆𝑡 − 𝐼𝑡+1 

Overall, the Reed-Frost model remains a valuable tool for understanding the basic 

principles of infectious disease spread in small populations. To improve its limitations, 

some extensions have been proposed (42,43). Other stochastic methods are explained  in 

(44). 

 

4.2 Statistical-based models  

Multitude of different statistical models have been widely used in epidemiology for the 

analysis of infectious diseases, epidemics, and vaccination data. Generalized linear 

models, mainly  Poisson or negative binomial regression models, are commonly used to 

describe disease counts and rates (45,46).  Here, the variability in the response 

(dependent) variable Y is explained by means of one or more of independent or control 

variables X. The conditional mean μ of the distribution depends on the independent 

variables as follows: 

𝐸(𝑌|𝑋) = 𝜇 = 𝑔−1 (𝑋𝛽), 

where E(Y | X) is the expected value of Y conditional on X; Xβ is the linear predictor, a 

linear combination of unknown parameters β; and g is the link function. If Y follows a 

Poisson or negative binomial distribution, the link function is the log link and so: 

𝜇 = 𝑒𝑥𝑝(𝑋𝛽). 

The unknown parameters β are typically estimated with maximum likelihood, 

maximum quasi-likelihood, or from a Bayesian  viewpoint (47). 

 

Poisson regression models have been the basis for the implementation of other more 

sophisticated models to describe epidemics. Held et al. (48) proposed a two-stage model 

where the counts of disease follow a Poisson or negative binomial observation model with 

two components: 1) a parameter-driven component that relates disease incidence to latent 

parameters describing endemic seasonal patterns, which are typical for infectious disease 

surveillance data, and 2) an observation-driven or epidemic component, which is 

modelled with an autoregression on the number of cases at previous time points and 

explains the increase in disease incidence due to epidemics. Let 𝑌𝑡 be the number of 

diseases counts at time t (t=1, …, n), following a Poisson distribution. The first model 

proposed by Held et al. is formulated as: 

https://en.wikipedia.org/wiki/Expected_value
https://en.wikipedia.org/wiki/Conditional_expectation
https://en.wikipedia.org/wiki/Maximum_likelihood
https://en.wikipedia.org/wiki/Quasi-likelihood
https://en.wikipedia.org/wiki/Bayesian_probability
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𝐸(𝑌𝑡|𝑌𝑡−1) = 𝜇𝑡 = (𝜈 + λYt−1) 

Where 𝜈 > 0 is the endemic component and 𝜆𝑦𝑡−1 is the epidemic one, with 0 < 𝜆 < 1. 

Under  certain conditions, it is interpreted as the R0 (49).  

 

A statistical discrete-time approach to conventional compartmental models was 

developed in Corberán et al. (50).   The proposed model can be viewed as a flexible 

stochastic SIR model, which is analysed from a Bayesian viewpoint. Similar to Held et 

al., the authors model 𝑌𝑡 with a binomial distribution with parameters (St−1, pt), where the 

probability of infection at time t, pt, depends on the number of previous infections and is 

influenced by a transmission rate. Seasonality is accounted for through a Fourier series 

(50). These two methodologies will be explained in more depth in Chapter two, as they 

serve as the motivation for our proposed model in that chapter. 

 

Held et al. endemic-epidemic model has also been expanded to accommodate either 

spatiotemporal data or age-structured scenarios for the modelling of multivariate time 

series. Within the scenario of infectious disease counts in neighbouring small areas, let 

 Yit be the count of disease in area i, i=1, …, I. Then, Yit is assumed to follow a negative 

binomial distribution with mean given by: 

𝜇it =𝜈𝑖t + 𝜆𝑌𝑖,t−1 + 𝜙 ∑ 𝑤𝑗𝑖

𝑗≠i

𝑌𝑗,t−1, 

where 𝜈𝑖t denotes the endemic component, λ captures the epidemic influence from the 

previous time step , and 𝜙 ∑ 𝑤𝑗𝑖𝑗≠i 𝑌𝑗,t−1 incorporates spatial dependencies with weights 

𝑤𝑗𝑖. This model is designed to handle the intricacies of multivariate time series modelling, 

considering both the temporal and spatial dimensions of infectious disease counts (51). 

 

One of the most popular models to describe spatial dependencies in the analysis of spatial 

health-related data is the Besag-York-Mollié (BYM) model, which incorporates random 

effects to capture unstructured and spatially structured heterogeneity. Let us assume that 

the observed count of disease in area i, 𝑌𝑖,  follows a Poisson distribution:  

𝑦i ~ 𝑃𝑜𝑖𝑠𝑠𝑜𝑛(𝑒𝑖𝜃𝑖), 

where 𝑒𝑖 is the known expected number of cases in the area i, and 𝜃𝑖 is the relative risk in 

area i. Then, this relative risk is modelled as  

𝑙𝑜𝑔(θ𝑖)  =  μ +  si  + hj, 
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where 𝜇 is the overall risk level for the study region. The spatially correlated random 

effect is represented by 𝑠𝑖 , and it is modelled as an autoregressive CAR-normal:  

𝑠𝑖 ~ N(𝑠̅𝑖, τ𝑖
2) 

𝑠̅𝑖 =
1

∑ ω𝑖𝑗𝑗
∑ sjω𝑖𝑗

𝑗

 

𝜏𝑖
2 =

𝜏𝑠
2

∑ 𝜔𝑖𝑗𝑗
 

The 𝜔𝑖𝑗 define the relationship between areas i and j (𝜔𝑖𝑗=1 if i and j are neighbours and 

0 if they are not). The random effect ℎ𝑗  is the uncorrelated heterogeneity and follows a  

𝑁(0, 𝜏ℎ
2). The precision parameters 𝜏𝑠

2 and 𝜏ℎ
2 control the amount of variability of the 

random effects (52). 

 

A novel Bayesian hierarchical model that simultaneously allows for risk estimation and 

cluster detection in a purely spatial context is presented in (53). The model assumes that 

there exists an unknown number of underlying risk levels that describe the risk surface. 

Small area count data are assigned to a risk class using independent and identically 

distributed Multinomial indicator vectors. Consequently, geographically separated small 

areas with similar risks can be grouped into the same class. Unlike previous model 

formulations, no spatial correlation is imposed, providing so a flexible methodology to 

describe different risk structures. We delve into this modelling chapter four. 
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Chapter 2 
 

A multivariate age-structured stochastic model 

with immunization strategies to describe 

bronchiolitis dynamics. 

 

Abstract 

 

Bronchiolitis has a high morbidity in children under 2 years old. Respiratory syncytial 

virus (RSV) is the most common pathogen causing the disease. At present there is only a 

costly humanized monoclonal RSV-specific antibody to prevent RSV. However, different 

immunization strategies are being developed. Hence, evaluation and comparison of their 

impact is important for policymakers. The analysis of the disease with a Bayesian 

stochastic compartmental model provided an improved and more natural description of 

its dynamics. However, the consideration of different age groups is still needed, since 

disease transmission greatly varies with age. In this work, we propose a multivariate age-

structured stochastic model to understand bronchiolitis dynamics in children younger than 

2 years of age considering high-quality data from the Valencia health system integrated 

database. Our modelling approach combines ideas from compartmental models and 

Bayesian hierarchical Poisson models in a novel way. Finally, we develop an extension 

of the model that simulates the effect of potential newborn immunization scenarios on the 

burden of disease. We provide an app tool that estimates the expected reduction in 

bronchiolitis episodes for a range of different values of the uptake and effectiveness. 

 

1. Background 
 

Bronchiolitis is a common lower respiratory tract infection (LRTI) that mainly affects 

children under 2 years old, with the greatest burden occurring in infants younger than 6 

months (54). Respiratory syncytial virus (RSV) is by far the most common cause of viral 

bronchiolitis (55). Previous data from the Valencia region of Spain showed that 

approximately 2 out of 10 children younger than 2 years of age are diagnosed of 

bronchiolitis, 3 out of 100 are hospitalized and 1.6 out of 100 are hospitalized with RSV 

bronchiolitis (56,57). 
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At present, palivizumab is the only prophylactic therapy available for RSV. This is a 

costly humanized monoclonal RSV-specific antibody that is given monthly to infants at 

increased risk of severe RSV infection: premature babies, infants with chronic lung 

disease and infants with congenital heart disease (58,59). However, different RSV 

immunization strategies, including maternal immunization, immunoprophylaxis with 

new monoclonal antibodies (mAbs) and paediatric immunization, are currently under 

development and could be available soon (60,61). 

 

Immaturity of the infant’s immune system does not allow active immunization until 2 

months of age. However, this population subgroup is more susceptible to severe RSV 

infection. Therefore, passive immunization practices (maternal vaccination and mAbs 

administered at birth) have the potential to be the most effective strategies to protect 

individuals at an early age. ResVax is the most advanced maternal vaccine in clinical 

development. In a phase III multi-country, randomized, placebo-controlled trial 

evaluating its efficacy against RSV-LRTI in infants from birth to 90–180 days of life, 

ResVax showed 44% efficacy in reducing RSV-LRTI hospitalization. However, it failed 

to meet the primary outcome of prevention of medically significant LRTI (62). A phase 

III trial showed the potential of mAb nirsevimab to protect infants for an entire RSV 

season with just one injection. A single dose of this mAb with an extended half-life 

resulted in a lower incidence of medically attended RSV-associated LRTI and 

hospitalizations than with a placebo in healthy preterm infants entering their first RSV 

season. They were approximately 70% and 80% lower respectively (63). 

 

Before the licensure of these products for RSV and the implementation of a particular 

preventive strategy, policymakers will need to assess their potential health and economic 

benefits. This requires an exhaustive evaluation of the real burden of disease and the 

simulation of disease incidence under different immunization scenarios. 

 

Different studies have been proposed to analyse either bronchiolitis or RSV dynamics. 

Most of these studies consider classical regression models to describe causal relationships 

between risk factors (baseline characteristics or clinical features) and disease counts 

(57,64–68). Deterministic compartmental models based on differential equations have 

also been commonly implemented to model RSV dynamics (69–72). Deterministic 

models assume that every individual has an equal probability of contacting every other 
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individual in the population, and so they may fail if the sizes of the compartments are not 

large enough to ensure homogeneous mixing. The incorporation of stochasticity into 

epidemic models is necessary for considering heterogeneous mixing of individuals in the 

population and also the inherent stochasticity in the transmission of disease (39,73–75). 

A Bayesian stochastic compartmental model in discrete time has improved the description 

of RSV disease (50). 

 

Alternative stochastic approaches for the analysis of time series of infectious disease 

counts have been described by Held et al (48). They explain disease counts by means of 

a Poisson (or negative binomial) model with two components: a parameter-driven 

component that describes endemic seasonal patterns and an observation-driven 

component, which is an autoregression on past counts, that explains localized epidemics. 

This model can be extended in a multivariate setting to analyse time series that correspond 

to disease counts in different spatial units or different age groups jointly (49). 

 

Systematic reviews of model-based evaluations of immunization strategies against RSV 

have been presented in (76,77). Many of the studies use mathematical models based on 

ordinary differential equations (see, for instance, (70,78,79)). Bayesian stochastic 

compartmental models have also been extended to simulate and assess the effect of a 

vaccination strategy that consists of vaccinating a proportion of newborns (80). Since 

clinical data are not yet available, models exploring the epidemiological and economic 

outcomes of potential RSV interventions adopt different assumptions regarding the target 

population, uptake rates, effectiveness, and duration of immunity. Therefore, the 

estimates that are obtained vary considerably. 

 

In this chapter, we present a Bayesian multivariate age-structured model in discrete time 

to describe bronchiolitis dynamics in the region of Valencia in a population of children 

under 2 years of age. In particular, the population has been divided into four age groups 

and new infections are described considering interaction among these groups. We base 

our formulation on a Poisson model (or a negative binomial model if the data exhibit 

overdispersion). The main innovation is that the mean of the distribution at each time 

point can be seen as an observation-driven component where the autoregressive 

parameter varies stochastically over time. A parameter allowing for heterogeneous 

mixing of individuals in the population is also introduced to capture different contact 
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patterns. This modelling approach does not require information on susceptibles and it also 

provides a simplified framework to describe disease counts, since it avoids the modelling 

of complex transitions between the different compartments. To estimate the impact of 

potential prevention strategies for RSV, an extension of the model including simulation 

of bronchiolitis episodes under different passive immunization scenarios is considered. 

 

2. The data 
 

2.1 Population of interest 

The region of Valencia, one of the 17 autonomous regions of Spain, has approximately 

4,900,000 inhabitants. Around 2% of the Valencia population is younger than 2 years old 

(approximately 100,000 children). The Regional Health System (RHS) is divided into 

241 health care districts structured into 24 health departments. It includes 34 public 

hospitals, 24 of them attending acute paediatric patients. This study includes children 

under the age of 2 years that were born in the region of Valencia between January 2009 

and December 2012 that are covered by the RHS. 

 

2.2 Data Sources 

The region of Valencia has a health system integrated database (VID) that gathers health 

and sociodemographic data from 98% of the population (24). In particular, we used the 

population information system (an administrative database that collects and updates 

sociodemographic data from both residents and non-residents with access to public health 

services) to determine the population of interest. Primary care electronic medical notes 

(SIA) were implemented in 2006 and all medical visits are registered, and ICD coded. 

Hospitalizations were obtained using discharge reports from the Spanish Minimum Basic 

Data Set (MBDS). 

 

2.3 Age-structured bronchiolitis cases 

Because around 90% of bronchiolitis cases on children less than 2 years of age are treated 

in primary care offices and very few cases have a RSV microbiological confirmation, the 

analysis of laboratory-confirmed cases of RSV bronchiolitis is less useful for incidence 

estimation due to underreporting. Hence, it is more practical to analyse bronchiolitis-
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associated outpatient visits and hospitalizations to evaluate the potential impact of RSV 

immunization strategies. 

 

We analyse bronchiolitis episodes identified from hospitalization and primary care 

attendance through a search of the first appearance of the following ICD-9-codes: 466.1, 

466.11 and 466.19, in MBDS and SIA. Based on McConnochie criterion, only the first 

health care encounter (either outpatient visit or hospitalization) with a bronchiolitis ICD-

9-MC code was counted as a case of bronchiolitis. 

 

Considering that children aged less than 6 months have an elevated morbidity, we 

consider four age groups: 0-5, 6-11, 12-17, and 18-23 months of age. This grouping 

allows us to analyse in greater detail both transmission dynamics and the impact of 

potential immunization measures. Weekly aggregated cases from July 2010 (week 06/28 

– 07/04) to December 2012 (week 12/24 – 12/30) are considered (T = 131 weeks in total). 

Since this is a population-based cohort study, data for all the age groups were not 

available until July 2010, and so data from January 2009 to June 2010 are excluded in the 

analysis. In total, the study includes 30,555 cases of bronchiolitis, 14,635 (47.90%) of 

them are in children aged less than 6 months, 10,600 (34.69%) cases in age group 6-11 

months, 3,462 (11.33%) in age group 12-17 months, and 1,858 (6.08%) in age group 18-

23 months. Figure 2.1 shows the time plot of the series for the four age groups. As can be 

seen, there is a higher incidence for younger children and a clear seasonal pattern, with 

more cases during the weeks of autumn and winter. These data can be downloaded from 

https://rotapp.shinyapps.io/APP_IMPACTO_RSV. 

 

3. Model description. 
 

3.1 Background 

The most commonly used models in the analysis of infectious disease counts are 

compartmental models, that divide the population being studied into different 

compartments according to disease status and describe the evolution of infection through 

changes in the number of individuals in each compartment. Corberán et al. (50) proposed 

a Bayesian stochastic compartmental model in discrete time to describe RSV dynamics 

in the Region of Valencia. Let 𝑦𝑡, 𝑡 = 1,2, … , 𝑇, be the number of newly infected 

individuals at week 𝑡. The model assumes that:  

https://rotapp.shinyapps.io/APP_IMPACTO_RSV
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𝑦𝑡   ∼   𝐵𝑖(𝑆𝑡−1, 𝑝𝑡),                 (2.1) 

 

 𝑆𝑡−1 being the susceptible population at time 𝑡 − 1, which is weekly updated using some 

recursion equations, and 𝑝𝑡 the probability of becoming infected at time 𝑡. To take into 

account the transmissible nature of the infection, 𝑝𝑡 is modelled as:  

                                  𝑝𝑡 =
𝑦𝑡−1

ℎ ⋅exp(𝑟𝑡)

1+𝑦𝑡−1
ℎ ⋅exp(𝑟𝑡)

,                                          (2.2) 

 where the mixing parameter ℎ allows for heterogeneous mixing of individuals in the 

population and 𝑟𝑡 = 𝛼0 + ∑𝑊
𝑤=1 (𝛽𝑤 ⋅ sin (

2⋅𝜋⋅𝑤⋅𝑡

52
) + 𝛾𝑤 ⋅ cos (

2⋅𝜋⋅𝑤⋅𝑡

52
)) + 𝜀𝑡. By 

allowing the transmission rate exp(𝑟𝑡) to vary over time, the stochastic model provided 

an improved and accurate description of the pattern of disease. 

 

Figure 2.1: Weekly counts of bronchiolitis for the four age groups from July 2010 (week 06/28 – 

07/04) to December 2012 (week 12/24 – 12/30). 

 

When the focus is on describing counts of new infections, the use of a Bayesian 

hierarchical model provides an alternative framework. Held et al. (48) proposed an 

stochastic model for the analysis of disease counts based on a Poisson (or negative 

binomial) model with two components, which describe endemic seasonal patterns and 

localized epidemics. The starting point was a simple branching process model, which was 

latter extended to include seasonal terms in the endemic rate or to adjust for 

overdispersion. In particular, weekly new counts of disease 𝑦𝑡, 𝑡 = 1,2, … , 𝑇, are 

modelled as:  
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                                𝑦𝑡 ∼   𝑃𝑜𝑖𝑠𝑠𝑜𝑛(𝜈𝑡 + 𝜆𝑡 ⋅ 𝑦𝑡−1),                            (2.3) 

 where 𝜈𝑡 is the parameter-driven (or endemic) component and 𝜆𝑡 ⋅ 𝑦𝑡−1 the observation-

driven (or epidemic) component, which allows for occasional outbreaks. A main feature 

of the proposed model is that the autoregressive parameter 𝜆 is allowed to vary over time. 

To do that, a Bayesian changepoint model with unknown number of changepoints is used 

to capture sudden changes in infectiousness. The endemic component is described by:  

                     𝜈𝑡 = exp (𝛼0 + 𝛽 ⋅ sin (
2⋅𝜋⋅𝑡

52
) + 𝛾 ⋅ cos (

2⋅𝜋⋅𝑡

52
)).                  (2.4) 

Multivariate extensions of that model can be found in (81) for the joint analysis of 

multiple time series of counts, where each component corresponds to a geographical 

region or a certain age group. Let 𝑦𝑡
𝑗
 denote the count of disease in age group 𝑗 at week 

𝑡. In the multivariate scenario, counts of disease can be described as:  

𝑦𝑡
𝑗

∼   𝑃𝑜𝑖𝑠𝑠𝑜𝑛(𝜈𝑡
𝑗

+ 𝜆 ⋅ 𝑦𝑡−1
𝑗

), 

𝜈𝑡
𝑗

= exp (𝛼0
𝑗

+ 𝛼1 ⋅ 𝑡 + ∑

𝑊

𝑤=1

(𝛽𝑤 ⋅ sin (
2 ⋅ 𝜋 ⋅ 𝑤 ⋅ 𝑡

52
) + 𝛾𝑤 ⋅ cos (

2 ⋅ 𝜋 ⋅ 𝑤 ⋅ 𝑡

52
))), 

 where parameters 𝛼0
𝑗
 allow for different incidence levels in the different age groups. The 

epidemic component here depends only on previous counts in the corresponding age 

group. 

 

A more general model considering previous counts in other age groups as potential 

explanatory variables is formulated as:  

𝑦𝑡
𝑗

∼   𝑃𝑜𝑖𝑠𝑠𝑜𝑛 (𝜈𝑡
𝑗

+ 𝜆 ⋅ 𝑦𝑡−1
𝑗

+ 𝜙 ⋅ ∑

𝑖≠𝑗

𝑦𝑡−1
𝑖 ), 

 where the additional parameter 𝜙 captures the autoregressive effect of the other age 

groups. Paul et al. (82) extended this multivariate model by allowing the autoregressive 

parameters to depend on the age-group; that is, 𝜆𝑗  and 𝜙𝑗  for each time series. Yet, in 

these multivariate models, the autoregressive parameters 𝜆 and 𝜙 are not allowed to vary 

over time. 

 

3.2   Our proposal 

Let 𝑦𝑡
𝑗
 denote the count of disease in age group 𝑗, 𝑗 = 1,2,3,4, observed at week 𝑡, 𝑡 =

1,2, … , 𝑇 = 131. We use a Bayesian hierarchical model, which provides a 
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straightforward framework to describe counts of new infections at each week. Our model 

assumes that the probability governing the counts is a Poisson distribution or a negative 

binomial distribution if the data exhibit overdispersion. In those situations, in which the 

population size is not large enough in comparison with the observed counts of disease, 

the binomial distribution could be used in a similar way. 

 

Seasonal variation in disease transmission that is persistent with a stable pattern is 

modelled through sine-cosine waves which are common for all groups. This is a sensible 

assumption since annual epidemic peaks occur simultaneously in the different age groups. 

On the other hand, it is reasonable to assume that contacts among the different age groups 

considered here are equally likely to occur. Hence, counts of disease at time 𝑡 − 1 are 

summed up to describe new infections. Also, heterogeneous mixing of individuals in the 

population is allowed. Finally, due to the epidemiology of bronchiolitis, it is important to 

consider a different transmission rate for each age group. 

Taking into account these considerations, the proposed model is given by the following 

equations:  

               𝑦𝑡
𝑗

∼ 𝑃𝑜𝑖𝑠𝑠𝑜𝑛(𝜇𝑡
𝑗
),                                                        (2.5) 

𝜇𝑡
𝑗

= exp(𝜆𝑡
𝑗
) ⋅ (∑4

𝑖=1 𝑦𝑡−1
𝑖 )

ℎ
,                                                   (2.6) 

𝜆𝑡
𝑗

= 𝛼0
𝑗

+ 𝛽 ⋅ sin (
2⋅𝜋⋅𝑡

52
) + 𝛾 ⋅ cos (

2⋅𝜋⋅𝑡

52
) + 𝜀𝑡,                 (2.7) 

 where the autoregressive parameter exp(𝜆𝑡
𝑗
) is allowed to vary stochastically over time 

by means of random effects {𝜀𝑡   ∼   𝑁(0, 𝜎𝜀
2)} that represent unspecified features of week 

𝑡. To avoid overfitting, these random effects are common for all the age groups; that is, 

if counts of disease at a particular week are higher (or lower) than expected for some age 

groups, that increase (or decrease) should also be observed in the remaining age groups. 

ℎ ∈ [0,1] is the mixing parameter (ℎ = 1 would correspond to the assumption of mass 

action). Non-informative flat prior distributions are considered for parameters 𝛼0
𝑗
, 𝛽, and 

𝛾. The uniform distribution in the interval [0,1] is considered as a prior for ℎ and the 

uniform distribution in the interval (0,2) is considered for the standard deviation 𝜎𝜀 . 

To adjust for overdispersion, the negative binomial distribution can be used instead. In 

that case, the model can be formulated as:  

𝑦𝑡
𝑗

∼ 𝑁𝑒𝑔𝐵𝑖𝑛(𝑝𝑡
𝑗
, 𝑘),     (2.8) 

𝑝𝑡
𝑗

=
𝑘

𝑘+𝜇𝑡
𝑗,      (2.9) 
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 where 𝜇𝑡
𝑗
 is defined as in Equation (6). Hence, the mean of the distribution is equal to 𝜇𝑡

𝑗
 

and the variance is given by 𝜇𝑡
𝑗

+
(𝜇𝑡

𝑗
)2

𝑘
. The second parameter 𝑘 > 0 incorporates the 

extra-Poisson variation (the limiting case 𝑘 = ∞ corresponds to the Poisson distribution). 

As a prior distribution for parameter 𝑘, we consider the Gamma distribution 𝐺𝑎(1,0.01). 

It is important to emphasize that our formulation can be seen as a Poisson model with 

only one component, the observation-driven component (48,81), modified in a novel way 

to allow for contact heterogeneity. By considering a time-varying autoregressive 

parameter, the model properly describes both endemic an epidemic period. As shown in 

the next section, this formulation will allow us to simulate disease incidence in a scenario 

with immunization measures. On the other hand, the mean of the distribution is equivalent 

to that proposed in (50), where the process intensity mean was dependent on the product 

of 𝑆𝑡−1, 𝑦𝑡−1
ℎ  and the transmission rate exp(𝑟𝑡). In our modelling framework, where 

information on susceptibles is not incorporated, the autoregressive parameter exp(𝜆𝑡
𝑗
) 

describes how infected individuals in the previous week produce new infections. 

 

3.3   Our extension with immunization strategies 

We show here how the proposed model can be used to simulate the impact of passive 

immunization through maternal vaccination or mAb administered at birth. The main 

parameters to consider when estimating the effects of a particular immunization strategy 

are the uptake, the efficacy and the duration of protection. 

Based on vaccination coverage data provided by the Ministry of Health, Consumer 

Affairs and Social Welfare of Spain 

(https://www.mscbs.gob.es/profesionales/saludPublica/prevPromocion/vacunaciones/cal

endario-y-coberturas/coberturas/home.htm) and the clinical trial results presented in (62) 

and (63), the following assumptions are incorporated into the simulation process: 

    In the case of maternal vaccination:   

        (a) A range of vaccine uptake from 50 to 85%.  

        (b) 40% efficacy in reducing RSV bronchiolitis episodes.  

        (c) Duration of protection of 6 months.  

    With respect to the use of mAb:   

        (a) The uptake parameter can be considered to be 95%.  

        (b) 70% efficacy in reducing RSV bronchiolitis episodes.  

        (c) 6 months of induced immunity.  
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Because the duration of protection is assumed to be 6 months, children are immune from 

birth to 6 months, when they move to the next age group. Hence, in our modelling scheme, 

the evaluation of these two strategies come down to a decrease in the number of cases in 

the first age group (0-5 months) throughout the simulation study. Since we analyse total 

counts of bronchiolitis, it is also important to take into account that approximately 70% 

of bronchiolitis cases are due to RSV. 

 

Table 2.1 shows the percentage of children in the age group 0-5 months that should be 

removed according to the specified values for the uptake and the efficacy parameters. 

These values are also in accordance with the assumptions made in some of the studies 

discussed in (76).   

 

Maternal vaccination mAb at birth 

Uptake Efficacy % removed Uptake  Efficacy % removed 

50% 40% 20% 95% 70% 66.50% 

85% 40% 34%    

Table 2.1: Possible scenarios in the evaluation of immunization strategies. 

 

Let 𝜋𝑟𝑠𝑣 represent the proportion of bronchiolitis cases due to RSV and 𝜋𝑖𝑚 the 

proportion of children in the age group 0-5 months that are immune as a result of the 

implementation of an immunization strategy. For age group 1 (0-5 months), the number 

of infected children at week 𝑡 can be estimated from our model as:  

𝑦̂𝑡
1 = (1 − 𝜋𝑖𝑚) ⋅ 𝜋𝑟𝑠𝑣 ⋅ (exp(𝜆𝑡

1) ⋅ (∑4
𝑖=1 𝑦̂𝑡−1

𝑖 )
ℎ

) + (1 − 𝜋𝑟𝑠𝑣) ⋅ (exp(𝜆𝑡
1) ⋅ (∑4

𝑖=1 𝑦̂𝑡−1
𝑖 )

ℎ
) ; 

 (2.10) 

 that is, a proportion 𝜋𝑖𝑚 is removed from the number of RSV bronchiolitis cases that 

would be expected from contacts with infected children at week 𝑡 − 1. Note that, under 

the immunization scenario, contacts of immune children will not end in contagion. 

For the age groups 𝑗 = 2,3,4, infected children at week 𝑡 can be estimated as:  

𝑦̂𝑡
𝑗

= exp(𝜆𝑡
𝑗
) ⋅ (∑4

𝑖=1 𝑦̂𝑡−1
𝑖 )

ℎ
.                                (2.11) 

In the previous equations, exp(𝜆𝑡
𝑗
) ⋅ (∑4

𝑖=1 𝑦̂𝑡−1
𝑖 )

ℎ
 represents the mean 𝜇𝑡

𝑗
 of the 

distribution governing the counts, which is either the Poisson or the negative binomial 

distribution, based on the simulated counts under the immunization scenario. Parameters 
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{exp(𝜆𝑡
𝑗
)} and ℎ are, respectively, the autoregressive parameters and the mixing 

parameter of the model without an immunization strategy (see Equation (2.6)). It is 

important to emphasize that these parameters represent features of bronchiolitis dynamics 

(how the disease spreads at each time point for the different age groups) and contact 

patterns that do not depend on the number of infected children at previous weeks. Hence, 

they can be used to simulate the number of infections after a particular preventive 

intervention has been implemented. 

 

4. Results 

R Statistical Software (Foundation for Statistical Computing, Vienna, Austria) and 

WinBUGS program (83) were used to perform the analysis using MCMC simulation 

methods. A total of 25,000 iterations were used as the burn-in period of the MCMC. After 

that, 75,000 iterations were run and only 1 in every 150 of them was kept to reduce 

correlation. 2 chains were simulated, and so 𝑀 = 1,000 values were simulated in total 

from the posterior distribution. MCMC convergence was assessed by visual inspection of 

the trace plots, the Brooks-Gelman-Rubin scale reduction factor (Rhat equal to 1 means 

good convergence) and the effective sample size (n.eff above 100 means good 

convergence). All statistical analyses of the study are completely reproducible. The 

BUGS code used can be found as supplementary material to the paper. 

 

4.1   Results without immunization strategies 

We fitted both the Poisson and the binomial negative model to the bronchiolitis data. The 

corresponding DIC (84) values are, respectively, 3811.77 (pD 105.89) and 3710.97 (pD 

83.96), so adjusting for overdispersion provides a better fit. The posterior mean of 

parameter 𝑘 is 44.45, being the 95% credible interval [32.65,59.41]. Figure 2.2 displays 

the posterior mean bronchiolitis temporal profile (red line) together with real counts of 

disease (black line). As can be seen, the proposed model is able to accurately recover 

disease dynamics in all the age groups. 

 

Figure 2.3 shows the estimated autoregressive parameter exp(𝜆𝑡
𝑗
) in each age group and 

time point together with its seasonal component, which is given by:  
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exp (𝛼0
𝑗

+ 𝛽 ⋅ sin (
2 ⋅ 𝜋 ⋅ 𝑡

52
) + 𝛾 ⋅ cos (

2 ⋅ 𝜋 ⋅ 𝑡

52
)). 

 

As expected, previous counts of disease have a higher impact on youngest children. In 

fact, the transmission of disease decreases as the age increases. This figure also 

demonstrates that seasonality has a strong influence on transmission dynamics. However, 

because the seasonal pattern varies slightly from year to year, the incorporation of random 

effects accounting for stochasticity in the transmission is fundamental to provide a more 

accurate description of the data. These results agree with those obtained in (50). In that 

paper, the proposed model with a stochastic transmission rate led to an improved 

goodness of fit in comparison with its counterpart where the seasonal pattern repeated 

over time; that is, there were no weekly random effects in the model assumed for the 

transmission rate. 

 
Figure 2.2:  Model accuracy. Bronchiolitis counts (black line) together with posterior mean 

estimates (red line) from July 2010 to December 2012 (T = 131 weeks) obtained with the proposed 

model based on the negative binomial distribution. 
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4.1.1 Model comparison. 

In order to assess the performance of our model, we also analysed the bronchiolitis data 

with a Poisson model whose mean is given by the sum of an endemic and an epidemic 

components. Taking into account the assumptions made in this particular case study 

(common seasonality for all ages and contacts among the different age groups that are 

equally likely to occur), the Poisson model with two components is formulated as:  

 

𝑦𝑡
𝑗

∼ 𝑃𝑜𝑖𝑠𝑠𝑜𝑛(𝜈𝑡
𝑗

+ 𝜆𝑗 ⋅ ∑4
𝑖=1 𝑦𝑡−1

𝑖 )                                           (2.12) 

𝜈𝑡
𝑗

= exp (𝛼0
𝑗

+ 𝛽 ⋅ sin (
2⋅𝜋⋅𝑡

52
) + 𝛾 ⋅ cos (

2⋅𝜋⋅𝑡

52
)).                        (2.13) 

 

To ensure that the mean of the Poisson is non-negative, parameter 𝜆𝑗 is modeled as 𝜆𝑗 =

exp(𝛿𝑗), with 𝛿𝑗 ∼ 𝑁(0, 𝜎𝛿). 

 

Figure 2.4 displays the posterior mean bronchiolitis temporal profile (red line) 

corresponding to this Poisson model with two components together with real counts of 

disease (black line). The DIC value for this model is 4506.18 (pD 9.88). 
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Figure 2.3:  Estimated autoregressive parameter (red line) together with its seasonal component 

(black line). 

  

This two-component model is able to describe the overall dynamics of bronchiolitis. 

However, the Poisson model proposed here provides a better fit, as judged by a lower 

DIC (3811.77 against 4506.18). This may be since the epidemic component, which 

depends on a time-constant autoregressive parameter, cannot explained the stochasticity 

inherent in transmission dynamics. 

 

   

Figure 2.4:  Bronchiolitis counts (black line) together with posterior mean estimates (red line) 

obtained with a Poisson model with two components. 

  

4.2  Results with immunization strategies 

Once we have obtained a sample from the posterior distribution of the parameters of our 

model without an immunization program, we can evaluate the effect of the immunization 

strategies previously described. We assume here that the immunization strategy started 

six months before the first week of July 2010 (week 06/28 – 07/04), so that the specified 

percentage (see Table 2.1) of children in the age group 0-5 months can be assumed to be 

immune at time 𝑡 = 1 of our analysis. We simulate the evolution of bronchiolitis counts 

using Equations (10) and (11), assuming 𝜋𝑟𝑠𝑣 = 0.7. Note that for each iteration of the 
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MCMC simulation, we have one simulated value of the regression parameters and the 

mixing parameter: {exp(𝜆𝑡
𝑗(𝑚)

)} and ℎ(𝑚), 𝑚 = 1,2, … , 𝑀 = 1,000, and so we have 𝑀 

simulated values for the number of infections for each age group and week. Using these 

values we can get point estimates (for instance, the mean of the simulated values) as well 

as credible intervals. 

 

Figure 2.5 shows real counts of bronchiolitis and point estimates (mean values) for three 

simulation scenarios, corresponding to 𝜋𝑖𝑚 = 0.2 (green line), 0.34 (blue line), and 0.67 

(red line). As expected, the number of bronchiolitis cases decreases as the proportion of 

immune children in the age group 0–5-month increases. Because of herd protection, the 

decrease can be observed in all the age groups. The decrease expected in each age group 

and the total decrease are shown in Table 2.2. 

 
   

Figure 2.5:  Bronchiolitis counts (black line) together with simulated counts (mean values) for 

three different immunization proportions: 𝜋𝑖𝑚 = 0.2 (green line), 0.34 (blue line), and 0.67 (red 

line). 
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              𝝅𝒊𝒎 0-5 months 6-11 months 12-17 months 18-23 months Overall 

0.2 28.94% 14.63% 15.48% 16.25% 21.68% 

0.34 7.48% 28.75% 29.78% 30.03% 7.92% 

0.67 6.32% 4.17% 54.56% 54.84% 64.87% 

Table 2.2: Expected decrease in the number of bronchiolitis counts for three different 

immunization proportions: 𝜋𝑖𝑚 = 0.2, 0.34, and 0.67. 

 

We have also developed an R Shiny application (available at 

https://rotapp.shinyapps.io/APP_IMPACTO_RSV) that simulates the evolution of 

bronchiolitis that would be obtained by varying the uptake and the efficacy parameters, 

as well as the percentage of bronchiolitis cases due to RSV (more information in annex 

2.2). 

 

5. Conclusions 

We have developed an age-structured stochastic model that allows us to accurately 

explain bronchiolitis dynamics in the region of Valencia. Our modelling approach 

combines ideas from compartmental models and Bayesian hierarchical Poisson models 

in a novel way. By using a hierarchical Poisson (or a binomial negative) model, we do 

not require information on susceptibles and we avoid the modelling of complex 

transitions between the multiple compartments. Unlike standard formulations, the main 

innovation of our model is that the mean of the distribution at each time point depends 

only on an observation-driven component where the autoregressive parameter is allowed 

to vary stochastically over time. A mixing parameter is also introduced to capture 

heterogeneous mixing of individuals in the population. By modelling the dynamics of 

disease as a function of previous counts, we can simulate disease incidence under 

different immunization scenarios. Note that the incorporation of a parameter-driven 

component would hinder simulation of disease evolution when a decrease in the number 

of cases at previous weeks has been obtained as a result of the assumed immunity. 

Even though we have developed the model for the analysis of bronchiolitis, it can be 

adapted for other infectious diseases with (or without) a seasonal pattern, replacing the 

transmission rate according to the nature of disease. 

 

The extension proposed in this paper provides a useful framework to address one of the 

important needs in RSV bronchiolitis incidence control: the implementation of an 
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immunization strategy. We have assessed here the effects of passive immunization 

through maternal vaccination or mAb administered at birth. In our modelling scheme, the 

evaluation of these two strategies come down to a decrease in the number of cases in the 

first age group (0-5 months) throughout the simulation study. We have simulated the 

evolution of bronchiolitis counts for different values of the uptake and efficacy. The 

duration of immunity has been assumed to be equal to 6 months. If immunity lasts more 

than 6 months, the model can be adapted so that a percentage of children in the age group 

6-11 months is also removed, since children would move to this age group being immune 

for a certain number of weeks. On the other hand, if immunity lasts less than 6 months, 

the percentage of children removed in the age group 0-5 months should be reduced 

accordingly. 

 

The results obtained show that newborn immunization contributes to a substantial 

decrease in the number of bronchiolitis infections. Because of herd immunity, this 

decrease is also observed in all the age groups considered. As expected, the decrease is 

greater when the uptake and/or the efficacy increase. As the profiles of the products under 

development become better defined, further alignment will be possible. 

We have developed an R Shiny application that simulates the evolution of bronchiolitis 

episodes for different values of the uptake and the efficacy, as well as the percentage of 

bronchiolitis cases due to RSV. This application is an easy tool that allows users and 

decision makers to interact with the simulation analysis and improves visualization of the 

results. 

 

We have not assessed here the impact of immunization of high-risk children, such as 

preterm infants or children with high-risk comorbid conditions. It may be important to 

consider a separate analysis for these groups most at risk. 

Another fruitful area for further research would be the consideration of smaller age 

groups, so that different immunization strategies such as vaccination of infants older than 

3 months could also be tested. Stratification by gestational age may also be important 

when evaluating maternal vaccination strategies since transfer of maternal antibodies for 

preterm infants may be incomplete. 

 

The content of this chapter was published in Int J Environ Res Public Health. 2021 Jul 

17;18(14):7607. doi: 10.3390/ijerph18147607. 
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Chapter 3 
 

Potential impact of nirsevimab and bivalent 

maternal vaccine against RSV bronchiolitis in 

infants: A population-based modelling study. 

 

Abstract 

A new monoclonal antibody (nirsevimab; Beyfortus®) and a bivalent prefusion RSV 

vaccine (Abrysvo®) for maternal immunization have been approved recently. This is a 

modelling study to estimate the potential impact of different immunization programs with 

these products on RSV-bronchiolitis. Population-based real-world data from primary care 

and hospitalizations were considered. RSV bronchiolitis dynamics in absence of these 

immunization scenarios were explained by a multivariate age-structured Bayesian model. 

Then, the potential impact was simulated under different assumptions including the most 

recent clinical trial data. Differences in endpoints, populations, and timeframes between 

trials make the two products’ efficacy difficult to compare. Our results suggest that each 

strategy would effectively reduce RSV-bronchiolitis. A seasonal with catch-up program 

with nirsevimab would prevent up to 9,210 RSV bronchiolitis and up to 1,755 RSV-

hospitalizations per 100,000 infants-year. A year-round maternal immunization program 

would prevent up to 5,837 RSV bronchiolitis and up to 1,282 RSV-hospitalizations per 

100,000 infants-year. 

 

1. Background  

 Respiratory Syncytial Virus (RSV) infections are a significant threat to public health, 

particularly for vulnerable populations such as babies, older adults, and those with 

compromised immune systems (85). The virus is the most common cause of acute lower 

respiratory tract infections in infants and is responsible for many deaths in low- and 

middle-income countries within the first 6 months of life (86). Evidence also links RSV 

infection with pneumococcal infection, positioning children at higher risk of severe 

disease (87). 
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Bronchiolitis is the most common presentation in RSV-infected infants, leading to 

hospitalization in about 2-4% of infants under one year old. Approximately 20% of 

infants with RSV infection require outpatient medical attention (88–90). RSV accounts 

for about 60% of bronchiolitis hospitalizations (57,86,91) and over 50% of primary care 

cases (92). 

 

Until now, the only available prophylactic therapy to prevent RSV disease was the RSV-

specific monoclonal antibody (mAb) palivizumab. However, its high cost and 

requirement for monthly injections restrict its widespread use, making it recommended 

only for children with "high-risk" conditions like prematurity and bronchopulmonary 

disease (93). 

 

Two  recent prophylactic drugs  have been approved: a new monoclonal antibody 

(nirsevimab; Beyfortus®; NmAb) for passive immunization that has shown a long-lasting 

(at least 150 days) protection against RSV disease in infants (94–96), and a bivalent 

prefusion RSV vaccine (Abrysvo®) for maternal immunization (MI) that has also 

demonstrated efficacy in preventing RSV in infants from birth up to six months of age 

(97). 

 

Several modelling studies, including compartmental deterministic models, static cohort 

models, decision tree models, individual-level transmission models, and Bayesian 

models, have evaluated the impact of these new prophylactic interventions for RSV 

(77,80,98). They suggest that both the NmAb and MI would effectively reduce 

hospitalizations, with seasonal NmAb demonstrating a higher impact (99). MI has also 

shown potential significant reductions in mortality and morbidity in low- and middle-

income countries (100). However, further research is needed to assess the realistic impact 

of these interventions in different populations, considering RSV burden in ambulatory 

care settings and incorporating recent clinical trial data to improve model assumptions 

(60,77).  

 

Comparing the potential impact of the two interventions is challenging due to differences 

in the endpoints of the clinical trials, which can introduce bias depending on the chosen 

endpoint. To address this, our study simulates the potential impact of each intervention 

on the prevention of RSV bronchiolitis in infants under 12 months old within the same 
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population. Bronchiolitis serves as a proxy for RSV infections due to its well-modelled 

dynamics and its representation of a significant proportion of RSV infections in infants. 

We employ an enhanced and simplified model-based approach (98), that accurately 

describes RSV-bronchiolitis dynamics and serves as the basis for estimating the impact 

of  each of the two new strategies, NmAb, and MI. The results of these estimates might 

be useful for public health decisions. 

 

2. Methods 

A multivariate age-structured model was developed to explain the dynamics of RSV 

bronchiolitis in children under 2 years old, using population-based bronchiolitis cases 

from the Valencia Integrated Databases (VID) in the Valencia Region of Spain (24). An 

extension of this model was implemented to simulate the impact of RSV NmAb  when 

administered in infants or the bivalent maternal vaccine (MI) on RSV bronchiolitis in 

infants (101). 

 

2.1 Study population and period  

The study population included all children under 2 years old residing in the Valencia 

region of Spain from November 2010 to the end of January 2016, including 290,484 

infants. Our model focuses on bronchiolitis cases within this age group to explain RSV 

bronchiolitis dynamics. However, in assessing the impact of immunization strategies, we 

only estimated the impact in infants up to 11 months of age. 

 

2.2 Data sources 

Data for this study were sourced from the Valencia Health System Integrated Database  

(VID) (24) which consists of multiple public, population-wide electronic databases, 

including the population-based administrative database (SIP) to determine the study 

population, Primary Care (PC) database (SIA), which contains medical information for 

each ICD9-coded PC visit, hospital discharge database (Minimum Basic Data Set; 

MBDS) which collects diagnoses and procedures at discharge (ICD9 until 2016 and 

ICD10 afterward), and the microbiological dataset (RedMIVA) used to identify RSV lab-

confirmed hospitalizations.  
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2.3 Identification of RSV-Bronchiolitis cases 

First, we identified the incidence of all-cause bronchiolitis by searching for the first 

occurrence of the following codes (ICD-9 466.11, 466.1, 466.19 or ICD10 J21.0, J21.8, 

J21.9) in PC (SIA) or hospital (MBDS) datasets. Then, the following two outcomes were 

studied: 1) RSV-bronchiolitis hospitalizations, defined as the first occurrence of the 

before-mentioned ICD-codes in any diagnostic position in hospital setting (MBDS) with 

a laboratory RSV-confirmation from RedMIVA; 2) RSV-bronchiolitis, defined as 54.9% 

of all-cause bronchiolitis (based on literature, 8) attended in PC (SIA) and RSV-

bronchiolitis hospitalizations. We included both settings to be aligned with the definition 

used in clinical trials for RSV medically attended lower respiratory tract infections (RSV-

MA-LRTI). When a PC bronchiolitis code was followed by a hospitalization within 30 

days, it was assumed to be the same case and considered hospitalized bronchiolitis.  

 

2.4 Age-structured time-series  

Data were processed to obtain weekly age-structured time series, providing a detailed 

representation of RSV bronchiolitis cases over time (annex 3.2). Weekly counts of RSV-

Bronchiolitis and RSV-bronchiolitis hospitalizations were considered for modelling. The 

data covered a total of 270 weeks, from November 2010 (week 48, 2010) to January 2016 

(week 4, 2016). Cases were stratified into 13 age-groups, including monthly age-groups 

up to 12 months of age, and the 12-23 months group.   

 

2.5 Model Description 

Two multivariate age-structured Bayesian models (one for each outcome) were developed 

to explain the dynamics of the bronchiolitis in the absence of the two immunization 

scenarios. Both provided an accurate estimation of the real data in the different settings 

for all age-groups (annex 3.2). Then, an extension of this model was implemented to 

simulate the potential impact of each of the two RSV immunization programs (with 

NmAb or MI) depending on the immunization coverage.  Models were based on a 

previously published model (chapter 2) (98), in which, a Bayesian Poisson (or negative 

binomial) model was developed to describe the disease dynamics when the data available 

are counts of new infections each week.   
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This study aimed to have a greater knowledge of the disease and more precise and realistic 

impact estimations considering the new results regarding efficacy and protection duration 

in clinical trials. Hence, we structured the first two years of life into smaller groups (13 

age-groups instead four). Because we have smaller populations, we modelled counts of 

RSV bronchiolitis (and RSV bronchiolitis hospitalizations) with a Binomial distribution. 

The model assumed that the distribution governing the counts was the Binomial 

distribution:  

 

 Where, 𝑦𝑡
𝑗
 is the number of potential RSV-bronchiolitis (or RSV-bronchiolitis 

hospitalizations), 𝑝𝑡
𝑗
, the probability of becoming infected and, 𝑁𝑡

𝑗
, was the population 

size in age-group j (j = 1, …, 13) at time t (t = 1, …, n=270). 

The probability of becoming infected at time t for each age-group was modelled though 

the logit of  𝑝𝑡
𝑗
 , 𝑙𝑜𝑔𝑖𝑡(𝑝𝑡

𝑗
) as:  

𝑙𝑜𝑔𝑖𝑡(𝑝𝑡
𝑗
) = log (

𝑝𝑡
𝑗

1−𝑝𝑡
𝑗) = 𝜆𝑡

𝑗
+ ℎ ⋅ log(∑13

𝑖=1 𝑦𝑡−1
𝑖 )                      (3.1) 

This equation is equivalent to: 

𝑝𝑡
𝑗

=
exp(𝜆𝑡

𝑗
)⋅(∑13

𝑖=1 𝑦𝑡−1
𝑖 )

ℎ

1+exp(𝜆𝑡
𝑗

)⋅(∑13
𝑖=1 𝑦𝑡−1

𝑖 )
ℎ                                            (3.2) 

That is, the probability of infection 𝑝𝑡
𝑗
 , depends on the previous number of infected 

children (in hospital and in PC) in all age-groups and a transmission rate exp(𝜆𝑡
𝑗
)  that is 

allowed to vary stochastically over time. On the other hand, it is reasonable to assume 

that contacts among the different age groups considered here are likely to occur. Hence, 

counts of potential RSV-bronchiolitis at time t−1 are summed up to describe new 

infections. Parameter h allows for heterogeneous age-mixing of individuals in the 

population.  

The transmission rate was modelled as: 

𝜆𝑡
𝑗

= 𝛼0
𝑗

+ 𝛽 ⋅ sin (
2⋅𝜋⋅𝑡

52
) + 𝛾 ⋅ cos (

2⋅𝜋⋅𝑡

52
) + 𝜀𝑡,                      (3.3) 

𝛼0
𝑗
, allows for different incidence levels in the different age groups. The simple harmonic 

wave was considered to account for seasonality (2). A common seasonality for all age 

𝑦
𝑡
𝑗 ∼ 𝐵𝑖 (𝑁𝑡

𝑗 , 𝑝
t
j
) 
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groups was considered. As shown in Supplemental material 1a, annual epidemic peaks 

occur simultaneously in all age-groups. 𝜀𝑡∼N (0, σ2
ε), is a stochastic random effects term 

which represents the unspecified features of week t. To avoid overfitting, these random 

effects are common for all the age groups; that is, if the probability of infection at a 

particular week are higher (or lower) than expected that increase (or decrease) should be 

also observed in all the age groups. 

 

Non-informative flat prior distributions are considered for parameters 𝛼0
𝑗
, β and γ. The 

uniform distribution in the interval [0, 1] is considered as a prior for the homogeneous 

mixing parameter h. The uniform distribution in the interval [0, 2] is considered for the 

standard deviation of the random errors. 

 

R Statistical Software (Foundation for Statistical Computing, Vienna, Austria) and 

WinBUGS program were used to perform the analysis using MCMC simulation methods. 

A total of 25,000 iterations were used as the burn-in period of the MCMC. After that, 

75,000 iterations were run, and only 1 in every 150 of them was kept reducing correlation. 

Two chains were simulated, so M=1000 values were simulated in total from the posterior 

distribution. MCMC convergence was assessed by visual inspection of the trace plots, the 

Brooks–Gelman–Rubin scale reduction factor (Rhat equal to 1 means good convergence) 

and the effective sample size (n.eff above 100 means good convergence). All statistical 

analyses of the study are completely reproducible. 

  

2.6 Impact simulation assumptions 

The impact of a program with NmAb or MI on RSV bronchiolitis was simulated under 

different assumptions including intervention efficacy and duration of protection, uptake 

rates, and immunization strategies. 

 

2.6.1 Effectiveness and duration of protection 

The assumed effectiveness of each product was based on reported clinical trial efficacy 

(95,97,102–104). Only direct effects were considered due to insufficient data on potential 

indirect effects.  

For NmAb, pooled analyses of pivotal phase 2b and phase 3 studies showed a 5-month 

efficacy of 79.5% in preventing RSV-MA-LRTI and 77.3% efficacy for RSV-MA-LRTI 
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hospitalizations in infants during their first RSV season (104). NmAb appeared to have 

longer protection (95,105), f as according to the pharmacoeconomic model presented by 

the CDC (106), efficacy remained constant for the first 5 months,  then linearly decreased 

to 0 by 10 months (Table 3.1).  

 

For the MI, efficacy against hospitalization was 56% up to day 180, and 51.3% for RSV-

MA-LRTI (97,102,107), then we assumed a , linear decrease to 0 by month 10 (Table 

3.2). The clinical trial (108) described efficacy against RSV hospitalizations, which could 

potentially be higher for those with severe lower respiratory tract infections (LRTI), but 

this figure is not shown.   

 

A sensitivity analysis of the effectiveness used in each immunization program was 

developed. We assumed 10% and 20% lower effectiveness than the main analysis for the 

first 5 months and 6 months for NmAb and MI, respectively. Then, a linear decay to 0 

was used.  

 

NmAb     
 

RSV-bronchiolitis hospitalizations RSV-bronchiolitis 

Months of protection                                   Effectiveness 

0,1,2,3,4 77.3 79.5 

Decay y=-12.88*x+128.83 y= -13.25*x+132.5 

5 66.3 64.4 

6 53.0 51.6 

7 39.8 38.7 

8 26.5 25.8 

9 13.3 12.9 

10 0.0 0.0 

Table 3.1: NmAb effectiveness values by month after administration, for RSV-bronchiolitis 

hospitalizations and RSV-bronchiolitis. Flat effectiveness was assumed for the first 5 months of 

protection, followed by a linear decay to 0. Equations represent the decay were, x, are the specific 

month after immunization and, y, the estimated effectiveness. 
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MI     
 

RSV-bronchiolitis hospitalizations RSV-bronchiolitis 

Months of protection                                 Effectiveness 

0,1,2,3,4,5 56.8 51.3 

Decay  y=-11.36*x+113.6 y= -10.26*x+102.6 

6 45.4 41.0 

7 34.1 30.8 

8 22.7 20.5 

9 11.4 10.3 

10 0.0 0.0 

Table 3.2: MI effectiveness values by month after administration, for RSV-bronchiolitis 

hospitalizations and RSV-bronchiolitis. Flat effectiveness was assumed for the first 6 months of 

protection, followed by a linear decay to 0. Equations represent the decay were, x, are the specific 

month after immunization and, y, the estimated effectiveness. 

 

2.6.2 Immunization Programs  

RSV season was considered between November-March (78). For NmAb, a seasonal 

program was considered, immunizing all newborns from November to March, with a 

catch-up immunization of infants born from April to October when they are under 7 

months of age at the beginning of the RSV season.  

 

For MI, two scenarios were considered: seasonal vaccination to prevent infections in 

children born right before or during the RSV season which would mean to immunize 

pregnant women when they expect to deliver between November and March, and year-

round vaccination (Figure 3.1).   

 

2.6.3 Immunization Coverage  

As there might be different immunization coverages depending on the area, health system 

or program, we carried out a sensitivity analysis with different uptake levels (55%, 65%, 

75%, 85% and 95%), so that the estimated impact of each program can be assessed.   
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Figure 3.1: Immunization schedules for interventions. A seasonal with catch-up strategy for 

NmAb, and seasonal and year-round strategies for MI were considered. Dark blue boxes 

represent the age at immunization, followed by subsequent months of protection during the RSV 

season (light blue) and out of season (light green).   

 

2.6.4 Impact simulation  

The potential impact of the implementation of an immunization program with NmAb or 

MI was assessed as the predicted percentage reduction in RSV-bronchiolitis and RSV-

bronchiolitis hospitalizations compared to the predicted number in the absence of each 

preventive strategy. Also, the predicted number of the averted episodes (including 95% 

credible intervals) were reported. Impact was estimated in the overall study period (Nov 

2010 – Jan 2016) and by RSV-season (from October to September). We simulated the 

evolution of RSV-bronchiolitis episodes and RSV-bronchiolitis hospitalizations from 

November 2010 (time t=1 in the analysis) to January 2016 (time T=270) within the 

Elegible Infants Age at

born in immunization Apr May Jun Jul Aug Sep Oct Nov Dec Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Jan

NmAb (months)

April 7 7 8 9 10 11 12 13 14 15 16

May 6 6 7 8 9 10 11 12 13 14 15

June 5 5 6 7 8 9 10 11 12 13 14

July 4 4 5 6 7 8 9 10 11 12 13

August 3 3 4 5 6 7 8 9 10 11 12

September 2 2 3 4 5 6 7 8 9 10 11

October 1 1 2 3 4 5 6 7 8 9 10

November 0 0 1 2 3 4 5 6 7 8 9

December 0 0 1 2 3 4 5 6 7 8 9

January 0 0 1 2 3 4 5 6 7 8 9

February 0 0 1 2 3 4 5 6 7 8 9

March 0 0 1 2 3 4 5 6 7 8 9

MI (seasonal)

November 0 0 1 2 3 4 5 6 7 8 9

December 0 0 1 2 3 4 5 6 7 8 9

January 0 0 1 2 3 4 5 6 7 8 9

February 0 0 1 2 3 4 5 6 7 8 9

March 0 0 1 2 3 4 5 6 7 8 9

MI (year-round)

April 0 0 1 2 3 4 5 6 7 8 9

May 0 0 1 2 3 4 5 6 7 8 9

June 0 0 1 2 3 4 5 6 7 8 9

July 0 0 1 2 3 4 5 6 7 8 9

August 0 0 1 2 3 4 5 6 7 8 9

September 0 0 1 2 3 4 5 6 7 8 9

October 0 0 1 2 3 4 5 6 7 8 9

November 0 0 1 2 3 4 5 6 7 8 9

December 0 0 1 2 3 4 5 6 7 8 9

January 0 0 1 2 3 4 5 6 7 8 9

February 0 0 1 2 3 4 5 6 7 8 9

March 0 0 1 2 3 4 5 6 7 8 9

Age at immunization

Age groups (months) immunized during RSV season

Age groups (months) immunized out off RSV season

Age groups (months) 1 year or older of age immunized
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different scenarios described in Figure 1. Let  {𝑃𝑡
𝑗(𝑚)

}
𝑚=1 

𝑀

be the sample simulated from 

the posterior distribution of the model parameters without the immunization program. 

 

For the different age groups included in the immunization schedules (either NmAb or 

MI), the numbers of bronchiolitis episodes, 𝑦̂𝑡
𝑗
, at week t, were predicted as the mean of 

the M simulated values: 

𝑦̂𝑡
𝑗(𝑚)

= (1 −  πim) ⋅ 𝑁𝑡
𝑗

⋅ 𝑃𝑡
𝑗(𝑚)

 

Where, πim, was the product between the uptake and the efficacy and Nt
j
 was the 

population at time t in each age-group. The 2.5 and 97.5 percentiles of the resulting 

simulations were used to generate 95% prediction intervals. 

 

For infants during unprotected months, the episodes were estimated as the product of the 

population and the probability of bronchiolitis episodes predicted by our model: 

𝑦̂𝑡
𝑗(𝑚)

= 𝑁𝑡
𝑗

⋅ 𝑃𝑡
𝑗(𝑚)

 

that is, the mean of the Binomial distribution. 

 

The potential impact of prevention strategies against RSV was measured as the 

percentage reduction in potential and hospitalized RSV-bronchiolitis after 

implementation compared to the predicted number with no prevention strategies. Also, 

the numbers of the averted episodes (including the 95% predictive interval) were reported.  

  

3. Results  

3.1 Data description 

A total of 64,137 all-cause bronchiolitis were registered in the cohort of children under 2 

years, 36,159 episodes were considered RSV-bronchiolitis. Of the 8,142 all-cause 

hospitalized cases, 5,048 (62%) were lab-confirmed (RSV-bronchiolitis hospitalizations).  

Figure 3.2 displays the time-series plot of the number of all-cause bronchiolitis, RSV-

bronchiolitis, and RSV-bronchiolitis hospitalizations in children <2 years old. The 14.0% 

of RSV-bronchiolitis are hospitalizations (Table 3.3).  
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There was a marked seasonality, with 75% of all-cause bronchiolitis diagnosed between 

December and January, as well as 76% of RSV-bronchiolitis and 97% of RSV-

bronchiolitis hospitalizations.  

 

Most cases of RSV-bronchiolitis occurred in the first year of life (82%) mainly between 

1 to 7 months of age. 68% of RSV bronchiolitis hospitalizations occurred in the first 3 

months of life and more than 90% in the first 6 months. In infants <1 year old, 

hospitalizations represented 16.5% of the RSV-bronchiolitis (Table 3.3). 

 

3.2 Impact simulation of Immunization Strategies 

The model estimated that 29,872 RSV-bronchiolitis and 4,924 RSV-bronchiolitis 

hospitalizations occurred from November 2010 to January 2016 in children aged 0-11 

months. That represents an incidence of 15,561 (95% Credibility interval (CrI): 15,215, 

15,909) RSV-bronchiolitis cases per 100,000 infants-year, and 2,482 (95%CrI 2,336, 

2,642) RSV-bronchiolitis hospitalizations per 100,000 infants-year.  

 

Table 3.4 shows the impact of NmAb by coverage levels.  Assuming NmAb coverages 

from 55% to 95%, between 10,347 (95%CrI: 10,220, 10,464) and 17,873 (95%CrI: 

17,653, 18,074) RSV-bronchiolitis cases could have been averted during the study period, 

representing a reduction of 35% to 60%. The sensitivity analysis incorporating a 20% 

reduction in effectiveness showed a reduction ranging from 28% to 48%. Additionally, 

between 2,021 (95%CrI: 1,967, 2,082) and 3,491 (95%CrI: 3,398, 3,596) RSV-

bronchiolitis hospitalizations could have been prevented, which corresponds to a 

reduction of 41% to 71% (see Table 3.5A). Assuming a 20% reduction of the 

effectiveness, the impact decreased from 31% to 53% (see annex 3.4 table 4A).  Annually, 

between 1,016 (95%CrI: 954, 1,083) and 1,755 (95%CrI: 1,648, 1,870) RSV-

bronchiolitis hospitalizations per 100,000 infants could have been averted (see Table 

3.4B).  
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Age (months)   RSV-bronchiolitis hospitalizations   

N (%)   

  RSV-bronchiolitis   

N (%)   

0-11 months   4924 (97.5%) 29869 (82.6%) 

0   919 (18.3%) 1279 (3.5%) 

1   1544 (30.7%) 2903 (8%) 

2   954 (19.0%) 3129 (8.7%) 

3   553 (11.0%) 3204 (8.9%) 

4   329 (6.5%) 3741 (10.3%) 

5   223 (4.4%) 3431 (9.5%) 

6   123 (2.4%) 3281 (9.1%) 

7   96 (1.9%) 2538 (7%) 

8   64 (1.3%) 2085 (5.8%) 

9   52 (1.0%) 1692 (4.7%) 

10   50 (1.0%) 1469 (4.1%) 

11   17 (0.3%) 1117 (3.1%) 

12-23 months   124 (2.5%) 6290 (17.4%) 

0-23 months   5048   36159  

  

Table 3.3: Distribution of RSV-bronchiolitis hospitalizations and RSV-bronchiolitis cases by 

age. Cases are summarized by frequencies (N) and proportions (%). 

Table 3.5 shows the impact of two scenarios (seasonal and year-round) of MI by 

vaccination coverage.   Assuming coverages ranging from 55% to 95% in a seasonal 

program, between 8% and 13% of RSV-bronchiolitis and from 19% to 34% of 

hospitalizations would have been averted. Regarding the year-round program, between 

6,492 (95%CrI: 6408, 6569) and 11,213 (95%CrI: 11,068, 11,346) RSV-bronchiolitis 

cases could be averted, representing a reduction of 22% to 38%. The impact decreased to 

a range of 16% to 27% when effectiveness was reduced by 20% (see annex 3.4 table 5A). 

Also, between 1473 (95%CrI: 1433, 1516) and 2544 (95%CrI: 2475, 2618) RSV-

bronchiolitis hospitalizations could be prevented, which corresponds to a reduction of 

30% to 52% (see Table 3.4A). A 20% effectiveness reduction showed a range of 20% to 

34% (see annex 3.4 table 5A). This represents a range from 489 (95%CrI: 458,522) to 

845 (95%CrI: 791, 903) RSV bronchiolitis hospitalizations in a seasonal strategy and 742 

(95%CrI:  698, 790) to 1282 (95%CrI: 1206, 1365) with a year-round strategy prevented 

per-100000 infants-year. 
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Figure 3.2: Weekly counts of bronchiolitis in children <2 y/o from November 2010 (week 48, 

2010) to January 2016 (week 4, 2016). Black line: All-cause bronchiolitis. Dashed line: RSV-

bronchiolitis. Red line: RSV-bronchiolitis hospitalizations.  

 

Annex 3.3 shows the results for the sensitivity analysis of the effectiveness. 

Supplementary material 5 displays the weekly average counts of RSV-bronchiolitis and 

RSV-bronchiolitis hospitalizations predicted by the model without immunization 

strategies and under a catch-up and seasonal NmAb (annex 3.5a) and a year-round MI 

strategy (annex 3.5b). Supplementary 6 represents the impact by month of birth for the 

NmAb (annex 3.6a) and for the year-round MI (annex 3.6b). 

 

4. Discussion  

 This paper provides the potential impact of the immunization programs with nirsevimab 

(Beyfortus®) or MI (Abrysvo®) on RSV-bronchiolitis and their hospitalizations, given a 

range of coverage using a multivariate age-structured Bayesian model. This modelling 

study not only used the most recent clinical trial data in the assumptions, but it was also 

fitted with population-based real-world data from VID (24), enhancing  the validity of the 

results. An additional novelty would be the assessment of impact on PC, in addition to 

hospitalizations. Our results suggest that both strategies would effectively reduce RSV-

bronchiolitis in a maximum range of 38% to 59% in RSV bronchiolitis cases and from 

52% to 70% in hospitalizations depending on the strategy and program. However, the 

difference in endpoints, populations and timeframes between trials can all have an impact 
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on the efficacy values. Furthermore, the uncertainty given by the 95% credibility interval 

is minimal.  

 

A) NmAb Impact estimations (Nov 10 – Jan 16)    

RSV-bronchiolitis      29872 (29533, 30198) *  

   N (95% CrI) averted bronchiolitis; impact %   

Program/ 

Uptake   

55%    65%    75%    85%    95%    

Catch-up & 

Seasonal  

10347 

(10220,10464) 

35%   

12229 

(12079,12367) 

41%   

14110 

(13937,14269) 

47%   

15992 

(15795,16172) 

54%   

17873 

(17653,18074) 

60%   

 RSV-bronchiolitis hospitalizations      4924 (4794, 5072) *  

Catch-up & 

Seasonal  

2021 

(1967,2082) 

41%  

2389 

(2325,2461) 

49%  

2756 

(2682,2839) 

56%  

3124 

(3040,3218) 

63%  

3491 

(3398,3596) 

71%  

B) NmAb Impact estimations annually from Oct -Sep ** 

RSV-bronchiolitis      15561(15215, 15909) *  

   N (95% CrI) averted bronchiolitis per 100,000 children-yr; impact %   

Program/Uptake

   

55%    65%    75%    85%    95%    

Catch-up & 

Seasonal  

5332 

(5204,5460) 

34% 

6302 

(6150,6453) 

40% 

7272 

(7097,7446) 

47% 

8241 

(8043,8438) 

53% 

9210 

(8989,9431) 

59% 

RSV-bronchiolitis hospitalizations     2482(2336,2642) *  

Catch-up & 

Seasonal  

1016 

(954,1083) 

41% 

1201 

(1127,1280) 

48% 

1386 

(1301,1477) 

56% 

1570 

(1474,1674) 

64% 

1755 

(1648,1870) 

70% 
 

Table 3.4: Impact of seasonal with catch-up NmAb program on RSV-bronchiolitis and RSV-

bronchiolitis hospitalizations. A) provides the average number of bronchiolitis cases averted with 

the corresponding impact percentages, for the whole study period and B) by 100,000 infants per 

year. Different uptake MI levels (55% to 95%) were assessed. 95% CrI: 95% credible interval. * 

Number of predicted bronchiolitis without immunization program. ** The annual (October-

September) average of number of averted bronchiolitis per 100,000 children was estimated 

excluding the incomplete periods 1) 2010-Nov, 2011-Sep and 2) 2015-Oct, 2016-Jan. 
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A) NmAb Impact estimations (Nov 10 – Jan 16)    

RSV-bronchiolitis      29872 (29533, 30198) *  

   N (95% CrI) averted bronchiolitis; impact %   

Program/ 

Uptake   

55%    65%    75%    85%    95%    

Seasonal   2243  

(2205,2277) 

 8%   

2650  

(2606,2692) 

 9%   

3058  

(3007,3106) 

 10%   

3466  

(3407,3520) 

 12%   

3874  

(3808,3934) 

 13%   

Year-round  6492  

(6408,6569) 

 22%   

7672  

(7573,7763) 

 26%   

8853  

(8738,8957) 

 30%   

10033 

(9903,10152) 

34%   

11213 

(11068,11346) 

38%   

 RSV-bronchiolitis hospitalizations 4924 (4794, 5072) *  

Seasonal   956  

(925,989)  

19%   

1130  

(1093,1168) 

 23%   

1304  

(1262,1348) 

  26%   

1478  

(1430,1528) 

 30%   

1652  

(1598,1708) 

 34%   

Year-round  1473  

(1433,1516) 

 30%   

1741  

(1693,1791) 

 35%   

2008  

(1954,2067) 

 41%   

2276  

(2214,2342) 

 46%   

2544  

(2475,2618) 

 52%   

B) NmAb Impact estimations annually from Oct -Sep ** 

RSV-bronchiolitis      15561(15215,15909) *  

   N (95% CrI) averted bronchiolitis per 100,000 children-yr; impact %   

Program/Uptake   55%    65%    75%    85%    95%    

Seasonal   1195 

(1164,1228) 

8% 

1413 

(1375,1451) 

9% 

1630 

(1586,1674) 

10% 

1847 

(1798,1898) 

12% 

2065 

(2010,2121) 

13% 

Year-round  3379 

(3301,3457) 

22% 

3994 

(3901,4086) 

26% 

4608 

(4501,4714) 

30% 

5222 

(5101,5342) 

34% 

5837 

(5702,5971) 

38% 

  RSV-bronchiolitis hospitalizations      2482(2336,2642) *  

Seasonal   489 

(458,522) 

20% 

578 

(541,617) 

23% 

667 

(624,712) 

26% 

756 

(707,808) 

30% 

845 

(791,903) 

34% 

Year-round  742 

(698,790) 

30% 

877 

(824,934) 

35% 

1012 

(952,1077) 

41% 

1147 

(1078,1221) 

46% 

1282 

(1206,1365) 

52% 

 Table 3.5: Impact of seasonal and year-round maternal immunization programs on RSV-bronchiolitis 

and RSV-bronchiolitis hospitalizations. A) provides the average number of bronchiolitis cases averted 

with the corresponding impact percentages, for the whole study period and B) by 100,000 infants per 

year. Different uptake MI levels (55% to 95%) were assessed. 95% CrI: 95% credible interval. * 

Number of predicted bronchiolitis without immunization program. ** The annual (October-September) 

average of number of averted bronchiolitis per 100,000 children was estimated excluding the 

incomplete periods 1) 2010-Nov, 2011-Sep and 2) 2015-Oct, 2016-Jan.   
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This study shows that an immunization program with NmAb would prevent from 5,332 to 

9,210 RSV-bronchiolitis and from 1,016 to 1,755 RSV-hospitalizations per 100,000 infants-

year. The NmAb schedule in the model aligns with the Draft Interim Clinical Considerations 

of the CDC (102), ensuring that all children born from April to the end of the season receive 

immunization. The program suggests an intermittent administration of the mAb in hospitals, 

or early after discharge, and a catch up where children age < 8 months had to be immunized in 

a short period, coinciding with the flu vaccination in older babies and children. Hospital 

administration does not seem a concern, the other available mAb, palivizumab, is extensively 

used in hospitals before and during the RSV season. It should be noted that infant vaccination 

coverage in Spain exceeds 95% (109).  Therefore, the NmAb program could achieve high 

coverage rates. In addition, preliminary data of the pragmatic clinical trial, HARMONIE, have 

shown higher efficacy against RSV-LRTI hospitalization (83.21%) and against very severe 

RSV-LRTI (75.71%) (110). 

 

Regarding MI, the seasonal program shows a low impact on the epidemiology of bronchiolitis. 

It is also a challenge due to the difficulty of immunizing mothers when they are expected to 

deliver just before or during the RSV season. However, as shown here, a year-round 

immunization program would prevent between 3,379 and 5,837 RSV-bronchiolitis and 742 to 

1282 RSV-hospitalizations per 100,000 children-year, and would be easier to implement than 

the seasonal program, though it may require further visit as it is recommended not to be 

administered concomitantly with the dTaP vaccine, scheduled in Spain (111).  

The MATISSE trial of the MI (97,112) stopped recruitment, as recommended by the data 

monitoring committee, when one of the primary endpoints reached the success criterion for 

vaccine efficacy, which occurred before the planned number of cases were collected, and this 

could influence the results for other endpoints. In that trial the efficacy for MA-LRTI did not 

meet the success criterion (a lower boundary of the 99.5% CI greater than 20% at 90 days and 

97.58% CI at later intervals) at 90 days of follow up s. Although the trial assessed all-cause 

RSV hospitalizations, this may include cases where infants experienced upper respiratory 

congestion or feeding difficulties without lung involvement. Consequently, the vaccine 

effectiveness could be lower in such cases. However, due to the absence of published data, the 

vaccine's effectiveness in preventing hospitalizations was considered based on the trial 

description.  
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Other model-based evaluations, including ordinary differential equations, deterministic 

dynamic models, static cohort models, decision tree models, and individual-level transmission 

models, also concluded that the NmAb and the MI could have  great impacts on RSV disease 

(60,77,99,100). Additionally, Bayesian stochastic compartmental models have been also used 

to simulate the effect of potential immunization strategies (80,98). However, many of these 

evaluations were conducted prior to the availability of recent clinical trials data, using a wide 

range of different assumptions (target population, uptake rates, effectiveness, and duration of 

immunity). Consequently, the estimates obtained from these studies exhibited considerable 

variation. In contrast, our model shown here incorporated 1) more realistic and updated 

assumptions from the latest NmAb and MI results, 2) smaller-range age groups within the first 

year of life, allowing more precise estimates and gaining deeper insights into RSV-

bronchiolitis dynamics, and 3) both population-based PC and hospital data, whereas many 

previous studies have focused primarily on the hospital setting. Furthermore, our modelling 

approach combines ideas from compartmental models and Bayesian hierarchical models in a 

novel and simple way explained elsewhere (98).  

 

Nevertheless, several limitations should be noted. We assumed a constant percentage of 

bronchiolitis cases attributable to RSV across all calendar weeks, whereas this percentage may 

vary depending on the virus's circulation patterns and other factors. Also, the model did not 

distinguish the impact of MI on late preterm babies, whose protection might be lower, or the 

need for NmAb use in early preterm babies whose mothers either could not be immunized or 

did not have sufficient time to develop a complete immune response. Therefore, the MI 

program would require an NmAb catch-up for preterm infants that was not considered in the 

model and potentially overestimated the impact of the MI. Further, the epidemiology of 

bronchiolitis was characterized when palivizumab was widely used in early preterm babies. 

Therefore, if palivizumab is no longer used, the number of bronchiolitis cases not prevented 

by the MI would increase. A major limitation of this study is the limited strong data on the 

duration of protection of the interventions. Also, it is important to note that the conducted trials  

were optimized to demonstrate the efficacy of interventions in highly selected patient groups, 

which in some instances may limit their generalizability to a larger clinical context (23).  For 

instance in the MI trial, a highly selected pregnant population was studied. Large trials often 

stop recruitment once they achieve one of their primary objectives, potentially resulting in a 

lack of statistical significance for some or all of the other objectives (112) in these cases we 

considered that the intervention was efficacious though one of the primary endpoints was not 
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met in the trial. A pragmatic trial (HARMONIE) has been developed with nirsevimab to 

provide further evidence (114). Once that trial is completed, we may need updated estimates 

of the impact of this preventive measure. 

 

In conclusion, this modelling study predicts that each prophylactic strategy assessed will have 

an impact on the burden of bronchiolitis. Depending on the strategy and program used, we 

could expect an annual reduction of RSV-bronchiolitis cases by 8-59% and RSV-bronchiolitis 

hospitalizations by 19-70%. It is important to note that the results of the model are descriptive. 

However, the study used real world data and the best available evidence about each product to 

date. The models should be reassessed as more data of each product becomes available.  
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Chapter 4 
 

A Bayesian spatiotemporal model for cluster 

detection: Identifying HPV suboptimal vaccine 

coverage. 

 

Abstract 

Human papillomavirus (HPV) is a common sexually transmitted virus responsible for several 

types of cancer. HPV vaccines have been included in the systematic vaccination of the 

Valencia Region since 2008. Despite clinical agreement on the safety and effectiveness of the 

vaccines, vaccination coverage remains suboptimal in many areas. In order to facilitate the 

implementation of targeted strategies to enhance vaccination coverage, we develop here a 

spatiotemporal clustering model that identifies groups of health districts that share similar 

behaviour. Namely, health districts are clustered twice. First, they are grouped into spatial 

clusters based on their underlying vaccination coverage, which is constant over time. Second, 

they are clustered according to their evolution of annual vaccination rates. A feature of our 

model is that it does not impose that geographically neighbouring areas are assigned to the 

same spatial cluster or the same temporal trend. This flexibility allows us to explore different 

spatial and temporal structures. Suboptimal HPV vaccination coverage was found in some 

health districts, whose coverage was around 9% lower than others.   

 

1. Background  

Human papillomavirus (HPV) is a sexually transmitted virus causative of several cancers 

(cervical, oropharyngeal, penile, vaginal, vulvar, and anal cancer). Among the more than 200 

related types, HPV-16 and HPV-18 are the two primary high-risk types responsible for almost 

70% of cervical cancers. HPV types 31, 33, 45, 52, and 58 together account for 15% of cervical 

cancers. HPV-6 and HPV-11 are the two primary low-risk types of causative of anogenital 

warts (GW) (115). 

 

Three HPV vaccines are currently licensed: a quadrivalent vaccine (HPV 6, 11, 16, and 18) 

(HPV4v) available since 2006, which was followed by license of the bivalent vaccine (HPV 

16 and 18) (HPV2v), and most recently the nonavalent vaccine (HPV 6, 11, 16, 18, 31, 33, 45, 
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52, and 58) (HPV9v). Efficacy (116–118) and effectiveness (119–122) of these vaccines 

preventing HPV infection, GW, precancerous lesions and cervical cancer (123,124) have been 

proven in different clinical trials and post-authorization studies. 

 

In October 2008, the Valencia Region of Spain started a three-dose HPV4v vaccine programme 

for girls aged 14 years old. In 2011, the immunization program changed the HPV4v vaccine 

for the HPV2v vaccine. In 2015, the vaccination was extended to girls aged 12 years old. Since 

October 2022, the HPV vaccination programme included the HPV9v vaccine (for both girls 

and boys aged 12 years old). Although HPV vaccines are funded by the Valencian Public 

Health System, the uptake from 2017 to 2022 ranged between 83% and 89% (125), which is 

below the coverage levels achieved with other paediatric vaccines. The limited HPV vaccine 

uptake is probably related to two cases of vaccine-unrelated adverse events in 2008 that 

negatively influenced the acceptance of the vaccine, leading to an immediate decrease of 12% 

in the vaccination coverage (126). The study of both the spatial heterogeneity in HPV 

vaccination coverage at health district level and its temporal evolution would allow the 

identification of areas with persistently low vaccination over time. This would facilitate the 

implementation of targeted strategies to optimize resource allocation and enhance vaccination 

coverage. 

 

Statistical models have already been applied to study the spatial variation in HPV vaccination 

uptake. For instance, a multilevel spatial logistic regression model was implemented to explain 

vaccination rates in a region of Minnesota (127). The model adjusts for individual and area-

level sociodemographic characteristics and includes spatial random effects modelled as an 

approximated Gaussian field. A Bayesian hierarchical logistic regression model was also 

proposed to investigate spatial heterogeneity of HPV vaccination uptake in Switzerland (128). 

Spatial autocorrelation was modelled using the Besag-York-Mollié conditional autoregressive 

model. In (129), Bayesian hierarchical spatial regression models were used to describe the 

variation in HPV vaccination rates among boys and girls within ZIP codes in Virginia. 

Smoothed vaccination probabilities for each sex were also estimated using a conditional 

autoregressive (CAR) prior for spatial random effects. Correlation between sexes was then 

considered using either a multivariate CAR prior or the shared component model. A 

spatiotemporal analysis to identify priority areas in Washington State with low HPV vaccine 

rates over time is presented in (130). The study was performed using the CARBayesST 

package, which is a software package that provides a suite of models for capturing 
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spatiotemporal autocorrelation via random effects that are assigned CAR priors within a 

hierarchical Bayesian model (131). 

 

The models discussed above are well-known models in the field of disease mapping, where 

the main objective is to investigate geographic disease variation across the predefined study 

region. By borrowing strength from nearby locations, these models provide smoothed risk 

surfaces and improve local estimates (132–134). However, when the objective is to identify 

areas exhibiting elevated (or low) risks compared with their geographical neighbours (in our 

scenario detection of areas with low vaccination coverage), these spatial models may fail due 

to oversmoothing (135). On those occasions, the use of specific methodology to address cluster 

detection may be advisable (136–139). In (53), the authors propose a spatial model that 

simultaneously allows for risk estimation and cluster identification. Unlike previous 

formulations, the main novelty of that model is that it does not impose any spatial correlation, 

so geographically separated small areas with a similar risk can be grouped in the same class. 

This feature allows the user to explore different risk structures. 

 

In the space-time domain, one may aim to detect groups of contiguous areas with unusually 

high risk within a particular time period. Recent proposals use dummy variables to represent 

potential clusters and cluster detection is done by performing variable or model selection. The 

increase in disease risk within each cluster can be measured by including cluster-specific 

effects. For instance, (140) describe a model-based approach that links generalized linear 

models (GLM) and the spatial scan statistic (141). In particular, the approach involves fitting 

many different GLMs for which dummy variables that represent possible clusters are included 

one at a time. Cluster detection is based on selecting a number of dummy cluster variables 

using different criteria for model selection. An agglomerative hierarchical clustering algorithm 

is proposed in (142) to map out the set of potential clusters. In a second stage, for each 

particular configuration, a Bayesian spatiotemporal model is fitted to the data and the optimal 

cluster configuration is selected based on a measure of goodness-of-fit. A Lasso-based 

approach is proposed in (143) to detect multiple spatiotemporal clusters. 

 

A different clustering paradigm can be found in (144), where the authors propose a Bayesian 

spatiotemporal mixture model for clustering areas based on their temporal trends. The 

candidate trend functions included in the model have fixed parametric forms or constrained 

shapes. This flexible methodology allows the user to test specific hypotheses about the data 
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being modelled while avoids identifiability problems. More recently, a Bayesian hierarchical 

model, which can be seen as a Gaussian Markov random field, has been proposed both to 

estimate spatiotemporal dependencies and to identify groups of small areas sharing similar 

features. The nonparametric Dirichlet process prior is employed to perform clustering of the 

areal-specific time series through the effects of time- and areal-specific predictors as well as 

CAR-modelled random effects (145). 

 

In this chapter, we propose an alternative version of the spatial model presented in (53). This 

formulation can be easily implemented in statistical software for Bayesian analysis using 

MCMC methods. The proposed model provides estimates of the probability of vaccination in 

each health district in the Valencia Region, while avoiding oversmoothing. By identifying 

groups of areal units that share similar coverage, it enables uncovering health inequalities 

across the health districts. We then extend the model to the spatiotemporal domain following 

the guidelines in (144). The clustering of the areal-specific time series based on their trends 

allows the identification of groups of health districts with a similar evolution of their annual 

vaccination rates. This double grouping of the small areas is of great practical interest since it 

can be used to inform future planning efforts for geographically targeted interventions and 

assess the impact of vaccination policies. 

 

2. The data 

2.1 Population of interest and setting 

The study included all girls born in the Valencia Region between 1995 and 2006 covered by 

the Public Health System (PHS). The study period covered from 01/01/2009 to 12/31/2017. 

During this period, target population of regional HPV vaccination programme was 14-year-

old girls from October 2008 to 2014 and 12-year-old girls since 2015. 

 

The Valencia Region is one of the 17 autonomous regions of Spain. It has a population of 

around 5 million inhabitants, of which 98% are covered by the Spanish PHS. The Regional 

Health System is divided into 241 health care districts, which are structured into 24 health 

departments that include at least 1 hospital, 1 specialty center and several primary care centers 

(241 throughout the region, corresponding to the health districts). 
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2.2 Data sources 

We use real-world data from the Valencia health system integrated database (VID), which is a 

set of multiple, public, population-wide electronic databases for the Valencia Region. All the 

information in the VID databases can be linked at individual-level through a unique personal 

identification code (24). In particular, we used 1) the population information system (SIP), 

which provides basic information on healthcare utilization and also some sociodemographic 

data and 2) the vaccine information system (SIV), which stores all the information on 

vaccination (vaccine by type, number of doses, location and administration date, etc.). It is 

important to emphasize that more than 90% of public and private vaccinations are registered 

in the VID. 

 

Vaccination status was obtained at individual level from the SIV. A girl was considered 

vaccinated against HPV if she had at least one recorded dose of HPV2v, HPV4v or HPV9v. 

The percentage of young women vaccinated against HPV can be estimated, for each health 

district and year, as the number of vaccinated girls divided by the eligible population for 

vaccination. 

 

3. Methodology 

In this section, we first describe an alternative formulation of the spatial clustering model 

proposed in (53). This new formulation can be easily implemented in statistical software for 

Bayesian analysis using MCMC simulation methods. We then describe a spatiotemporal 

extension of the model following the approach proposed in (144). This extension groups 

together areal units that exhibit similar underlying probabilities of vaccination and also similar 

temporal trends. 

 

3.1 Spatial model 

Let us assume that the study region is divided in 𝑚 contiguous non-overlapping small areas 

and let 𝑦𝑖 represent the observation in the 𝑖-th area, 𝑖 = 1,2, … , 𝑚. Here, 𝑦𝑖 is the number of 

girls vaccinated against HPV in the 𝑖-th health district (𝑖 = 1,2, … , 𝑚 = 241). At the first level 

of the model hierarchy, we assume that the observations follow a Binomial distribution:  

 𝑦𝑖 ∼ 𝐵𝑖𝑛(𝑁𝑖, 𝑝𝑖),                                          (4.1) 
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 where 𝑁𝑖 is the (finite) target population (here, the number of girls eligible to receive the 

vaccine) and 𝑝𝑖 is the probability of getting the vaccine (vaccination coverage) in area 𝑖. This 

probability is modeled using the logit link function as:  

 𝑙𝑜𝑔𝑖𝑡(𝑝𝑖) = 𝑙𝑜𝑔 (
𝑝𝑖

1−𝑝𝑖
) = 𝑙𝑜𝑔(𝜃𝑖), (4.2) 

 where parameter 𝜃𝑖 = 𝑝𝑖/(1 − 𝑝𝑖) ∈ [0, ∞) is a positive quantity related to the probability of 

getting the vaccine. From now on we will refer to these quantities as relative probabilities. 

Following (53), we assume that there is a piecewise constant probability surface that describes 

spatial variation, and so:  

 𝜃𝑖 = 𝑧𝑖′𝜂,   (4.3) 

 where 𝑘 is the number of classes (that can be viewed as clusters), 𝜂 = (𝜂1, 𝜂2, … , 𝜂𝑘)′ is the 

vector of latent relative probabilities, and 𝑧𝑖 = (𝑧𝑖1, 𝑧𝑖2, … , 𝑧𝑖𝑘)′ is the latent indicator vector 

that assigns the small area 𝑖 to one of the 𝑘 classes; that is, 𝑧𝑖𝑗 is equal to one if the relative 

probability for area 𝑖 corresponds to 𝜂𝑗 and zero otherwise. In order to mitigate the label 

switching problem common in mixture models, we propose to order the classes. In particular, 

we assume:  

𝜂1 = Λ1, 

𝜂𝑗 = 𝜂𝑗−1 + Λ𝑗,    𝑗 = 2, … , 𝑘 

Λ𝑗 ∼ 𝐺𝑎(1,1),      𝑗 = 1, … , 𝑘 

 so that each term is equal to the previous one plus a positive quantity. 

 

Finally, a common prior distribution for all the indicator vectors 𝑧𝑖, 𝑖 = 1,2, … , 𝑚, is assumed, 

which implies that the prior probabilities of the areas belonging to every possible class are the 

same. In particular:  

𝑧𝑖 ∼ 𝑀𝑢𝑙𝑡(1, 𝛼), 

𝛼 ∼ 𝐷𝑖𝑟(𝑎), 

 where 𝑎 is assigned a particular value. We consider here the flat Dirichlet distribution; that is, 

𝑎 is the 𝑘 × 1 vector of 1s. 

 

Note that in disease mapping studies, 𝑦𝑖 usually represents the count of disease. The method 

presented here can be applied on such occasions. In that case, 𝑝𝑖 would represent the 

probability of getting the disease and 𝜃𝑖 the relative risk in area 𝑖. 
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3.2 Spatiotemporal extension 

In a spatiotemporal scenario, counts that evolve over time are available for each small area. 

Let 𝑦𝑖𝑡 be the number of vaccinated girls in small area 𝑖, 𝑖 = 1,2, … , 𝑚, and time 𝑡, 𝑡 =

1,2, … , 𝑇 (here 𝑖 = 1,2, … , 𝑚 = 241 and 𝑡 = 1,2, … , 𝑇 = 9). Following (144), the general 

model is defined as:  

yit~Bin(Nit, pit) 

𝑙𝑜𝑔𝑖𝑡(𝑝𝑖𝑡) = 𝑙𝑜𝑔(θ𝑖) + ∑ ω𝑖𝑠
𝑆
𝑠=1 𝑓𝑠(𝑡|γ𝑠)                               (4.4) 

where 𝑁𝑖𝑡 and 𝑝𝑖𝑡 are defined as in (4.1) but now they refer to a particular time period 𝑡. The 

spatial component 𝜃𝑖, which is common to all time periods, is also modelled as in (4.3). The 

temporal component is a clustering model that assigns each small area to one of the 𝑆 temporal 

trends: 𝑓1(𝑡|𝛾1), 𝑓2(𝑡|𝛾2), … , 𝑓𝑆(𝑡|𝛾𝑆). The number of trends (𝑆) and their particular definition 

are chosen by the user based on the data under study. The indicator variable 𝜔𝑖𝑠 is equal to one 

if the temporal trend corresponding to area 𝑖 fits 𝑓𝑠(𝑡|𝛾𝑠) and zero otherwise. Since ∑𝑆
𝑠=1 𝜔𝑖𝑠 =

1, the following multinomial prior distribution is used for 𝜔𝑖 = (𝜔𝑖1, 𝜔𝑖2, … , 𝜔𝑖𝑆)′:  

𝜔𝑖 ∼ 𝑀𝑢𝑙𝑡(1, 𝛽), 

𝛽 ∼ 𝐷𝑖𝑟(𝑏), 

 𝑏 being the 𝑆 × 1 vector of 1s. 

 

It is important to emphasize here that the small areas are clustered twice. First, they are grouped 

into spatial clusters based on their underlying probability of getting the vaccine (namely, based 

on the constant relative probability 𝜃𝑖). Second, they are clustered according to their temporal 

trends; that is, the evolution of annual vaccination rates. Also, allocation indicators 𝑧𝑖 and 𝜔𝑖 

are both modeled as independent rather than spatially autocorrelated; that is, the model does 

not impose that geographically neighboring areas are assigned to the same spatial cluster or 

the same temporal trend. Hence, this mixture model allows us to explore different spatial 

structures and determine the clustering of areas to trends based on the data. 

 

3.2.1 Choice of trend functions 

As recommended in (144), the trends included should be different from each other in order to 

get a sensible cluster identification and avoid the label switching problem. Also, in this 

particular case study, due to the change in the vaccination strategy that took place in 2015 

(when the vaccination was extended to girls aged 12 years old), the time series for the different 

small areas show a drop at this year, which corresponds to time period 𝑡 = 7. This is due to 
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the fact that the number of girls eligible to receive the vaccine increased, but many of these 

girls were reluctant to get vaccinated at such a young age. Hence, we consider the nine 

parametric trends described in Table 4.1. 

 

In the previous definitions, 𝐼(𝑥 ≥ 0) is the indicator function that takes the value one if 𝑥 ≥ 0 

and zero otherwise. Parameter 𝛾 captures the drop in the mean level of the series at time period 

𝑡 = 7. As a prior distribution for this parameter, we consider the 𝑁(0,1000) distribution. The 

other parameters 𝛾𝑠 modulate the linear trends. Superscript + or − indicates if the linear trend 

is constrained to be increasing or decreasing, respectively. This is achieved by means of 

truncated non-informative Normal prior distributions. In particular, 𝛾𝑠.
+ ∼ 𝑁(0,1000)𝐼(𝛾𝑠.

+ >

0), while 𝛾𝑠.
− ∼ 𝑁(0,1000)𝐼(𝛾𝑠.

− < 0). 

 

 Stable-Stable  𝑓1(𝑡|𝛾1) = 𝛾 ⋅ 𝐼(𝑡 ≥ 7)  

Decreasing-Stable  𝑓2(𝑡|𝛾2) = 𝛾21
− ⋅ 𝑡 ⋅ 𝐼(𝑡 ≤ 6) + 𝛾 ⋅ 𝐼(𝑡 ≥ 7)  

Increasing-Stable  𝑓3(𝑡|𝛾3) = 𝛾31
+ ⋅ 𝑡 ⋅ 𝐼(𝑡 ≤ 6) + 𝛾 ⋅ 𝐼(𝑡 ≥ 7)  

Stable-Decreasing  𝑓4(𝑡|𝛾4) = 𝛾 ⋅ 𝐼(𝑡 ≥ 7) + 𝛾42
− ⋅ (𝑡 − 7) ⋅ 𝐼(𝑡 ≥ 7)  

Decreasing-Decreasing  𝑓5(𝑡|𝛾5) = 𝛾51
− ⋅ 𝑡 ⋅ 𝐼(𝑡 ≤ 6) + 𝛾 ⋅ 𝐼(𝑡 ≥ 7) + 𝛾52

− ⋅ (𝑡 − 7) ⋅ 𝐼(𝑡 ≥ 7)  

Increasing-Decreasing  𝑓6(𝑡|𝛾6) = 𝛾61
+ ⋅ 𝑡 ⋅ 𝐼(𝑡 ≤ 6) + 𝛾 ⋅ 𝐼(𝑡 ≥ 7) + 𝛾62

− ⋅ (𝑡 − 7) ⋅ 𝐼(𝑡 ≥ 7)  

Stable-Increasing  𝑓7(𝑡|𝛾7) = 𝛾 ⋅ 𝐼(𝑡 ≥ 7) + 𝛾72
+ ⋅ (𝑡 − 7) ⋅ 𝐼(𝑡 ≥ 7)  

Decreasing-Increasing  𝑓8(𝑡|𝛾8) = 𝛾81
− ⋅ 𝑡 ⋅ 𝐼(𝑡 ≤ 6) + 𝛾 ⋅ 𝐼(𝑡 ≥ 7) + 𝛾82

+ ⋅ (𝑡 − 7) ⋅ 𝐼(𝑡 ≥ 7)  

Increasing-Increasing  𝑓9(𝑡|𝛾9) = 𝛾91
+ ⋅ 𝑡 ⋅ 𝐼(𝑡 ≤ 6) + 𝛾 ⋅ 𝐼(𝑡 ≥ 7) + 𝛾92

+ ⋅ (𝑡 − 7) ⋅ 𝐼(𝑡 ≥ 7)  

Table 4.1: Trends included in the spatiotemporal model. 

 

3.3 Model selection 

Identification of the number of risk classes 𝑘 (here the number of latent relative probabilities 

that describe spatial variation in HPV vaccination uptake) can be a challenging problem. In the 

context of Bayesian finite mixture models, (146) propose a criterion whose performance 

compares favourably with alternative criteria. The criterion, which can be easily computed 

using standard software for Bayesian analysis, is based on the posterior distribution of the class 

proportions. In particular, the mixture model is estimated with a relatively large number of 

latent classes. The true number of classes is then chosen as the posterior mode of the number 

of non-empty classes, where a class is defined as empty in an MCMC iteration of the 

simulation procedure if the proportion of observations assigned to that class is below a certain 

cut-off. 



70 

 

 

In our framework, given a number of spatial clusters 𝑘, we define 𝜉𝑗
(𝑐)

 as the proportion of 

small areas that are assigned to cluster 𝑗, 𝑗 = 1,2, … , 𝑘, in the 𝑐-th iteration of the McMC 

simulation procedure. For a fixed cut-off 𝜀 > 0, a cluster is considered to be empty if 𝜉𝑗
(𝑐)

≤ 𝜀. 

Then, the number of non-empty clusters in iteration 𝑐 corresponds to |{𝑗: 𝜉𝑗
(𝑐)

> 𝜀}|, where | ⋅ | 

represents the cardinality of a set. Note that this procedure allows us to detect both clusters 

that are actually empty for a specific iteration and clusters that are of little relevance since they 

barely intervene in the data fit. Additionally, we also use the Watanabe-Akaike Information 

Criterion (WAIC, (147)) to assess the overall fit of each model. 

 

3.4 Model implementation 

The spatiotemporal model proposed here has been implemented with the NIMBLE system 

(148), a novel software for Bayesian inference based on MCMC procedures.  

The 4.0.3 version of the R programming language (149) has been used for the analysis. In 

particular, the R packages ggplot2 (150), nimble (148), rgdal (151), rgeos (152), and spdep 

(153) have been employed. 

 

4. Results 

4.1 Data description 

A total of 213,866 young women were followed, of whom 195,482 (91.4%) were vaccinated 

according to the HPV vaccination program with at least one dose. The percentage of health 

districts with coverage below 90% ranged from 2% to 55%, depending on the year, peaking in 

2015. In 2014, 10% of the health districts reached coverage below 80%, being 22% in 2015, 

and 11% in 2016. 

 

4.2 Model selection 

Values of 𝑘 between 2 and 10 have been tested in order to determine an optimal number of 

spatial clusters. Table 2 shows the WAIC obtained for each of these models. The WAIC is 

minimized for 𝑘 = 6, being the optimal number of spatial clusters for our dataset. Table 2 also 

displays the median of the number of non-empty spatial clusters estimated for different cut-off 

values, namely 𝜀 ∈ {0.01,0.02,0.05}. When 𝑘 = 2,3,4,5, and 6 the median matches with the 

number of clusters specified in the model. For larger choices of 𝑘, the number of non-empty 
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clusters tends to be lower than the number of clusters specified. Therefore, the choice of 𝑘 = 6 

is also suitable in terms of the number of clusters that are determined as non-empty according 

to the criterion in (146). Henceforth, we show the results obtained for the proposed 

spatiotemporal model when 𝑘 = 6. 

 

   

𝑘 = 2  

 

𝑘 = 3  

 

𝑘 = 4  

 

𝑘 = 5  

 

𝑘 = 6  

 

𝑘 = 7  

 

𝑘 = 8  

 

𝑘 = 9  

 

𝑘 = 10  

WAIC  

13812.76  

 

15169.03  

 

14487.32  

 

13430.19  

 

12783.05  

 

12945.27  

 

13100.19  

 

12971.31  

 

12945.70  

𝜀 = 0.01   2  3  4   5   6   7   7   8   8  

𝜀 = 0.02   2   3  4   5   6   7   6   7   7  

𝜀 = 0.05   2   3   4   5   6   6   6   6   6  

 Table 4.2: WAIC values obtained for the proposed spatiotemporal model, considering a number of 

spatial clusters 𝑘 between 2 and 10, and posterior median of the number of non-empty clusters 

determined for cut-off values 𝜀 ∈ {0.01,0.02,0.05}. 

   

4.3 Spatial clustering 

We group the health districts into spatial clusters according to the posterior mean of the latent 

indicator vectors 𝑧𝑖. In particular, the 𝑖-th health district is assigned to the cluster 𝑗, 𝑗 =

1,2, . . . ,6, that presents the highest posterior mean among the {𝑧𝑖𝑗}𝑗=1
6 . The estimated 

probabilities of getting the vaccine range from 0.90 (cluster 1) to 0.99 (cluster 6). Figure 1 

contains a choropleth map of the spatial cluster assigned to each health district. All clusters 

included a considerable number of health districts (the number of small areas assigned to each 

cluster ranges between 14 and 59). A greater proportion of districts were assigned to clusters 

1 and 2 in the south of the Valencia Region and also around the city of Valencia. In contrast, 

districts located in the north of the study region and those that are located to the south of 

Valencia tend to be assigned to clusters 5 and 6. 

 

Figure 4.2 shows the posterior probabilities of each health district being assigned to each of 

the six spatial clusters considered. Most of the districts are assigned to a single spatial cluster, 

suggesting that the spatial clustering process results in sets of health districts that are well 

separated from each other in terms of the latent coverage rate. 
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Figure 4.1: Left: Choropleth map of the spatial cluster assigned to each health district within the study 

region. Right: City of Valencia, expanded. 

   

 

 

Figure 4.2: Posterior probabilities of each health district being assigned to each of the six spatial 

clusters considered in this analysis. 
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4.4 Temporal dynamics 

The temporal evolution of each health district is described by the second clustering structure 

included in the model, which corresponds to the set of nine possible parametric trends 

described in Table 4.1. The nine trends include a change point at 𝑡 = 7 that corresponds to the 

drop in HPV vaccination coverage that occurred in 2015 due to some changes in the 

vaccination strategy. This variation in the mean vaccination level is captured by the 𝛾 

parameter included in the model (see Table 4.1). The posterior mean of 𝛾 is -1.28, being the 

95% credible interval (−1.33, −1.22). 

 

We also assign the 𝑖-th health district to the most likely trend (temporal cluster) based on the 

posterior mean of the allocation variables {𝜔𝑖𝑠}𝑠=1
9 . This allows us to create the choropleth 

map displayed in Figure 4.3. Most of the health districts are assigned to the Increasing - 

Increasing and the Stable - Increasing trends (70 and 106 out of the 241 districts, respectively). 

No health district was assigned to the Increasing - Decreasing trend. 

 

  

 

Figure 4.3: Left: Choropleth map of the time trend assigned to each health district within the study 

region. Right: City of Valencia, expanded. 
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Figure 4.4 summarizes the posterior probabilities for each health district of being assigned to 

each temporal cluster. Most of the districts are assigned unambiguously to a single time trend, 

showing robustness in the temporal clustering. In other cases, we observe a high probability of 

assignment for both trends Increasing - Increasing and Stable - Increasing. However, this does 

not seem to be a cause for concern since these trends do not differ markedly in the current 

study. Indeed, as can be appreciated in Figure 5, which shows the estimated annual HPV 

vaccination rates for the study period, these two-time trends have evolved similarly. In fact, 

the increasing trends identified for some health districts before 2015 are rather subtle, while 

the same kind of trends estimated from year 2015 are quite marked. 

 

Finally, Table 4.3 shows the estimates of all slope parameters involved in the predefined 

trends. 

 

 

Figure 4.4: Posterior probabilities of each health district being assigned to each of the nine time trends 

considered.  
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Trend Parameter Mean Lo Up Parameter Mean Lo Up 

Decreasing- Stable  𝛾21
−  -1.03 -1.06 -1.00 - - - - 

Increasing - Stable  𝛾31
+  0.32 0.17 0.50 - - - - 

Stable - Decreasing  - - - - 𝛾42
−  -0.69 -5.56 -0.21 

Decreasing- Decreasing  𝛾51
−  -0.75 -0.78 -0.72 𝛾52

−  -0.05 -0.15 -0.00 

Increasing - Decreasing  𝛾61
+  25.37 1.12 71.98 𝛾62

−  -25.08 -71.48 -0.65 

Stable - Increasing  - - - - 𝛾72
+  0.64 0.58 0.70 

Decreasing - Increasing  𝛾81
−  -0.36 -0.38 -0.34 𝛾82

+  0.37 0.26 0.49 

Increasing - Increasing  𝛾91
+  0.21 0.18 0.24 𝛾92

+  0.65 0.57 0.73 

Table 4.3: Posterior mean and 95% credible interval for the parameters involved in the parametric 

time trends considered in the model. 

 

5.   Discussion 

We have presented a novel spatiotemporal model to identify clusters of health districts with 

HPV vaccination coverage lower than expected in a vaccination program. The study was based 

on high-quality population-based data of young women from the Valencia Region with a long-

term follow-up period of nine years. 

 

Previous studies have been developed to examine spatial and spatiotemporal variation in HPV 

vaccination coverage (127–130), but they do not address cluster detection. Considering the 

limited variability in vaccination practices incorporated into the public health schedule, the use 

of spatially correlated random effects to smooth HPV vaccination rates may mask subtle 

differences between neighbouring areas. Therefore, the use of a clustering model avoiding 

oversmoothing may be advisable. 

 

The spatial model proposed here represents an improved version of the model presented in 

(53). The alternative formulation simplifies its implementation in statistical software for 

Bayesian analysis. In this way, we enhance its reproducibility, and it can be used by a greater 

number of practitioners. Following the methodology described in (144), the model has been 

extended to the spatiotemporal domain to describe temporal trends. The incorporation of 

temporality in the spatial model allowed us both to characterize the temporal pattern of annual 

vaccination rates and to detect departures from stable behaviours. The spatiotemporal 

clustering model identifies both spatial and temporal clusters. First, health districts are grouped 

based on their underlying vaccination probability, which is constant over time. Next, health 

districts are clustered according to their evolution of annual vaccination rates. This double 

grouping of the small areas is of great practical interest since it can be used to inform future 

planning efforts for geographically targeted interventions and assess the impact of vaccination 
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policies. This model could also be applied to study the uptake of other vaccines or the risk of 

diseases. 

 

 

 

Figure 4.5: Estimated HPV vaccination coverage (𝑝̂𝑖𝑡) for the 241 health districts during the period 

2009-2017. The estimates are grouped according to the time trend assigned to each health district. The 

dashed line is located at year 𝑡 = 2015, where the change point took place. 

 

Even though HPV vaccine is included in the Spanish vaccination calendar, and so it is free, 

our study provides evidence of the presence of health districts with suboptimal HPV 

vaccination. In fact, the results obtained reveal the presence of six spatial clusters, with 

coverage ranging between 90% and 99%. Most health districts were assigned to clusters 1 and 

2, which correspond to the lowest levels of HPV vaccination. These areas are concentrated in 

the south of the Valencia Region and around the city of Valencia. On the contrary, the 

provinces of Alicante and Castellón have more areas assigned to clusters with higher 

vaccination coverage. A plausible explanation could be the negative messages in the media in 

the presence of two cases of adverse events consecutive to vaccine inoculation in the city of 

Valencia. Also, paediatrician recommendation strongly motivates parents to vaccinate their 

adolescent children against HPV. It is interesting to note that one of the wealthiest areas of the 

city of Valencia (the center of Valencia) is assigned to the lowest probability cluster. Regarding 
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temporal clusters, health districts were grouped into eight temporal trends. All trends include 

a change point in 2015 to capture the drop in HPV vaccination that occurred after including 

12-year-old girls in the vaccination schedule. However, after this drop, most areas experienced 

a recovery. In fact, most of the health districts are assigned to either the Increasing - Increasing 

or Stable - Increasing categories. 

 

This study focuses exclusively on young women. However, it is worth noting that, in the 

Valencia Region, systematic vaccination for boys was introduced in 2022. One of our future 

objectives involves the implementation of a multivariate model to assess and compare HPV 

vaccination rates in both sexes. 

 

A recognized limitation of our current study is the lack of sociodemographic data, such as 

information on vulnerability, ethnicity, rural settings, etc. It would be interesting to extend the 

model to take into account covariate information, so that we can explore its relationship with 

HPV vaccination rates. 

 

6. Conclusions 

We provide a novel spatiotemporal model that is 1) easy to implement and 2) capable of 

classifying geographical areas based on the underlying spatial pattern as well as their temporal 

trends. Suboptimal HPV vaccination coverage was found in some health districts. Additional 

information on potential factors influencing vaccination uptake is needed to better understand 

health inequalities across the health districts. 

 

 

 

 

 

 

 

 

 

The content of this chapter is under review in Stochastic Environmental Research and Risk 

Assessment (SERRA) journal.  
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Chapter 5 
 

Conclusions and future research 

 

In this thesis, we have focused on providing guidance for the prevention of two infectious 

diseases of significant interest both worldwide and within the Valencia Region: RSV, which 

is a leading cause of paediatric hospitalizations, and HPV, responsible for various types of 

cancers. We have contributed with enhanced statistical models to address important research 

questions, such as estimating the potential impact of introducing a new immunisation 

intervention or identifying areas with suboptimal vaccination. This information is a valuable 

tool to guide public health policy makers.  

 

We have first investigated the potential impact that upcoming immunization strategies might 

have on the burden of RSV.  Given that RSV is the primary cause of bronchiolitis, our case 

studies have rather focused on bronchiolitis episodes. The aim of our first research paper 

(which correspond to Chapter two) was to find a robust model to accurately describe the 

dynamics of bronchiolitis in children under two years of age, using high-quality data from the 

Valencia health system integrated database, in a scenario without preventive strategies.  We 

proposed a stochastic multivariate age-structured model that, innovatively, combined ideas 

from compartmental models with Bayesian hierarchical Poisson models for count data. 

Discrete time series of bronchiolitis counts were divided into four age groups, and new 

infections were described by considering the interaction among these age groups. Unlike 

standard formulations, the main innovation of our model is that the mean of the distribution at 

each time point depends only on an observation-driven component, where the autoregressive 

parameter is allowed to vary stochastically over time. Also, we introduced a mixing parameter 

to account for heterogeneous mixing of individuals in the population. Our approach does not 

require information on susceptibles, and it provides a simplified framework to describe disease 

counts, avoiding the modelling of complex transitions between different compartments. We 

found that previous counts of bronchiolitis have a greater impact on the youngest children and 

that seasonality strongly influences transmission dynamics. However, given that the seasonal 

pattern varies slightly from year to year, incorporating random effects to account for 

stochasticity in transmission was crucial for providing a more accurate description of the data. 

Furthermore, a simulation extension of this model was performed to assess the potential impact 

of an immunization scenario consisting of vaccinating a proportion of newborns.  



79 

 

 

With the recent approval of the monoclonal antibody nirsevimab (Beyfortus®) and the bivalent 

prefusion RSV vaccine (Abrysvo®) for maternal immunization, we carried out a more precise 

study to support public health decisions on incorporating these immunizations into schedules. 

This study aimed to provide more precise and realistic impact estimations of each product on 

RSV bronchiolitis episodes in infants under 12 months. We considered thirteen age-groups 

and incorporated the new findings regarding efficacy and protection duration in clinical trials.  

As in the previous case study, we modelled first the age-structured time series of RSV 

bronchiolitis (treated in primary care and laboratory confirmed RSV hospitalizations) by a 

multivariate age-structured Bayesian model. Because we have smaller populations, the model 

assumed that the distribution governing the counts was the Binomial distribution. An extension 

of the model was then implemented to simulate the potential impact of each immunization 

strategy under different assumptions of effectiveness, duration of protection and coverage. It 

is important to note that this is a descriptive study. Differences in endpoints, studied 

populations, and timeframes between clinical trials pose challenges to directly comparing the 

two interventions. However, our study provides valuable insights into their potential impact. 

 

While previous studies have shown that the new monoclonal antibody and maternal 

immunization could effectively reduce hospitalizations, there is limited research on their 

impact in ambulatory care settings. Our study offers a realistic simulation scenario that 

includes primary care and hospital bronchiolitis data and the last findings regarding efficacies 

and duration of protection.  We analysed long-term data from November 2010 to the end of 

January 2016, including 290,484 infants, with 36,159 episodes of RSV bronchiolitis and 5,048 

RSV hospitalizations. The results suggest that both strategies would effectively reduce RSV 

bronchiolitis in a maximum range of 5,837 to 9,210 RSV bronchiolitis cases per 100,000 

infants-year and from 1,282 to 1,755 hospitalizations depending on the strategy and program.   

 

 We have also investigated suboptimal HPV vaccination coverage in the Valencia Region 

using a novel spatiotemporal model. Even though HPV vaccines are part of systematic 

vaccination since 2008, coverage remains low in many areas. We have developed a novel 

spatiotemporal clustering model that identifies groups of health districts that share similar 

behaviour. Namely, health districts were clustered twice. First, they were grouped into spatial 

clusters based on their underlying vaccination coverage, which was constant over time. 

Second, they were clustered according to their evolution of annual vaccination rates. Unlike 
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previous studies that explored spatial and spatiotemporal variations in HPV vaccination 

coverage without focusing on cluster detection, this model offers a refined approach that avoids 

oversmoothing issues inherent in spatial analyses, thus revealing subtle differences between 

neighbouring areas. Suboptimal HPV vaccination coverage was found in some health districts, 

whose coverage was around 9% lower than others.  We highlight the need for further research 

and model refinement incorporating sociodemographic and socioeconomic covariates to better 

understand vaccination disparities.  

 

The modelling approaches developed in this thesis have the potential to be adapted and applied 

to other infectious diseases, and in the case of the spatiotemporal clustering model, to other 

vaccination programs to assess their spatiotemporal inequalities.  

 

Future research lines:  

• RSV infections can pose significant risks for older adults, which has led to the recent 

approval of a vaccine for individuals over 60 years old. We plan to extend our 

multivariate age-structured stochastic model to include subjects over 60 years. We will 

also develop an extension of the model to estimate the potential impact of introducing 

the vaccine in older adults on RSV burden. Additionally, with the recent inclusion of 

nirsevimab in the schedules of the Valencia Region a few months ago, we will update 

our model to incorporate its effects on RSV transmission dynamics. 

• Considering that socio-demographic and economic covariates could explain areas of 

suboptimal HPV vaccination, it would be interesting to extend our spatiotemporal 

model for cluster detection including these covariates in the model. 

• The third case study focuses exclusively on young women. However, the Valencia 

Region included the systematic vaccination for boys in 2022. One of our future research 

projects aims to implement a multivariate model to assess and compare HPV 

vaccination rates in both sexes within a spatiotemporal framework. 

• The immunization program with nirsevimab in the Valencia Region targets two infant 

groups: those born during the RSV season who are immunized at birth (seasonal), and 

catch-up infants aged 0 to 6 months born outside of the season. We aim to implement 

the spatiotemporal model to analyse nirsevimab coverage. This analysis will help to 

identify areas with suboptimal immunization, potentially influenced by socioeconomic 

and demographic factors. Additionally, we will compare the immunization rates 

between seasonal and catch-up infants. 
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Annexes  

 

Annex 2.1: WinBUGS code  
 
#----------------------------------------------------- 

#                 PROPOSED MODEL  

#----------------------------------------------------- 

   model{  

   pi<-3.1416 

 

   for(j in 1:4) 

   {  

      y[1,j] ~ dpois(mu[1,j]) 

      mu[1,j]<-exp(lambda[1,j])*pow(sum(y0[1:4]),h) 

      lambda[1,j]<- a[j]+b1*sin(2*pi/52)+g1*cos(2*pi/52)+eps[1] 

   } 

   for(i in 2:T){ 

   for(j in 1:4) 

   {     

       y[i,j] ~ dpois(mu[i,j]) 

       mu[i,j]<-exp(lambda[i,j])*pow(sum(y[i-1,]),h) 

       lambda[i,j]<- a[j]+b1*sin(2*pi*t[i]/52)+g1*cos(2*pi*t[i]/52)+eps[i] 

    }} 

      

    # Priors  

    h ~ dunif(0,1) 

       

    for(j in 1:4) 

    { 

       a[j]~dflat() 

    }    

     

    b1~dflat() 

    g1~dflat() 

     

    for(i in 1:T){ 

      eps[i]~dnorm(0,tau_eps) 

    } 

 

    tau_eps<-pow(sigma_eps,-2) 

    sigma_eps~dunif(0,2) 

} 
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#------------------------------------------------------------ 

#     PROPOSED MODEL WITH NEGATIVE BINOMIAL DISTRIBUTION 

#------------------------------------------------------------ 

   model{ 

   pi<-3.1416 

 

   for(j in 1:4) 

   {  

      y[1,j] ~ dnegbin(p[1,j],k) 

      p[1,j]<-k/(k+mu[1,j]) 

      mu[1,j]<-exp(lambda[1,j])*pow(sum(y0[1:4]),h) 

      lambda[1,j]<- a[j]+b1*sin(2*pi/52)+g1*cos(2*pi/52)+eps[1] 

   } 

      

   for(i in 2:T){ 

   for(j in 1:4) 

   {     

       y[i,j] ~ dnegbin(p[i,j],k) 

       p[i,j]<-k/(k+mu[i,j]) 

       mu[i,j]<-exp(lambda[i,j])*pow(sum(y[i-1,]),h) 

       lambda[i,j]<- a[j]+b1*sin(2*pi*t[i]/52)+g1*cos(2*pi*t[i]/52)+eps[i] 

    }} 

      

    # Priors  

    k ~ dgamma(1,0.01) 

     

    h ~ dunif(0,1) 

       

    for(j in 1:4) 

    { 

       a[j]~dflat() 

    }    

     

    b1~dflat() 

    g1~dflat() 

     

    for(i in 1:T){ 

      eps[i]~dnorm(0,tau_eps) 

    } 

    tau_eps<-pow(sigma_eps,-2) 

    sigma_eps~dunif(0,2) 

    }   
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Annex 2.2: App for simulating the impact of immunization scenarios on bronchiolitis  

 

 
 
Chapter 2 app screenshot: This application simulates the potential impact of immunization programs on bronchiolitis in children < 2 y/o. By utilizing posterior parameter 

distributions estimated by the model, it enables us to reproduce bronchiolitis counts under different scenarios where a proportion of newborns (< 6 months of age) are 

immunized (red line). Black line represents count without any immunization program. Users can adjust parameters such as effectiveness, uptake, and the percentage of 

bronchiolitis cases due to RSV to observe the corresponding reduction in bronchiolitis cases. 
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Annex 3.1: WinBUGS code  

 
#----------------------------------------------------- 

#                 PROPOSED MODEL  

#----------------------------------------------------- 

 

model{ 

pi<-3.1416 

 

#  T=1 

for(j in 1:13){ 

  y[1,j] ~ dbin(p[1,j],Pob[1,j]) 

  logit(p[1,j]) <- alpha* log(sum(Cini[1:13])) + r[1,j]} 

     

for(k in 2:T){ 

for(j in 1:13){ 

  y[k,j] ~ dbin(p[k,j],Pob[k,j]) 

  logit(p[k,j]) <- alpha * log(sum(yb[k-1,])) + r[k,j]} 

  }   

 

# Model for the transmission rate using sine-cosine waves  

for(k in 1:T){ 

for(j in 1:13){ 

   r[k,j] <- gama0[j] + gama1*sin(2*pi*t[k]/52) + gama2*cos(2*pi*t[k]/52) + 

epsilon[k]} 

epsilon[k] ~ dnorm(0,taueps)} 

  

 # Priors for the parameters gama and the precision  

  for(j in 1:13){ 

  gama0[j] ~ dflat()} 

 

  gama1 ~ dflat() 

  gama2 ~ dflat() 

 

taueps <- pow(sdeps,-2) 

sdeps ~ dunif(0,2) 

 

  # Priors for the age-mixing parameters 

alpha ~ dunif(0,1) 

} 
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Annex 3.2: Distribution of RSV-bronchiolitis episodes by week and age group 
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Annex 3.2a: Weekly counts (N) of RSV-bronchiolitis (solid black line) and RSV-bronchiolitis 

hospitalizations (red line) by age-groups up to 12 months of age from November 2010 (week 48, 2010) 

to January 2016 (week 4, 2016).    

 

 
 

Annex 3.2b: Weekly counts (N) of RSV-bronchiolitis (solid black line) and RSV-bronchiolitis 

hospitalizations (red line) in children 0-11 months (which are RSV-naïve of target of immunization) 

and in children 12-23 months age from November 2010 (week 48, 2010) to January 2016 (week 4, 

2016). 

 

  



98 

 

Annex 3.3: Model accuracy  

 
Model accuracy for RSV-bronchiolitis 
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Annex 3.3a: Model accuracy, RSV-bronchiolitis observed probability (black line) together with 

posterior mean of the probability estimated by the model by age-group from November 2010 

(week 48, 2010) to January 2016 (week 4, 2016); T=270 weeks. 
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Model accuracy for RSV-bronchiolitis hospitalizations 
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Annex 3.3b: Model accuracy, RSV-bronchiolitis hospitalizations observed probability (black line) 

together with posterior mean of the probability estimated by the model by age-group from 

November 2010 (week 48, 2010) to January 2016 (week 4, 2016); T=270 wee
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Annex 3.4: Sensitivity analysis of the effectiveness 

1. Assumptions 

NmAb   

Sensitivity 1: -10% of main analysis 

effectiveness 

RSV-Bronchiolitis 

hospitalizations 

 

RSV-Bronchiolitis 

Months of protection Effectiveness 

0,1,2,3,4 67,3 69,5 

Decay y= -11,22*x+112,18 y=-11,58*x+115,82 

5 56,1 57,9 

6 44,9 46,3 

7 33,6 34,8 

8 22,4 23,2 

9 11,2 11,6 

10 0,0 0,0 

Sensitivity 2: -20% of main analysis 

effectiveness 

 

0,1,2,3,4 57,3 59,5 

Decay y=9,55*x+95,5 y=-9,92*x+99,18 

5 47,8 49,6 

6 38,2 39,7 

7 28,7 29,7 

8 19,1 19,8 

9 9,6 9,9 

10 0,0 0,0 

MI   

Sensitivity 1:  -10% of main analysis 

effectiveness 

RSV-Bronchiolitis 

hospitalizations 

 

RSV-Bronchiolitis 

Months of protection                            Effectiveness 

0,1,2,3,4,5 46,8 41,3 

Decay y=9,36*x+93,6 y= -8,26*x+82,6 

6 37,4 33,0 

7 28,1 24,8 

8 18,7 16,5 

9 9,4 8,3 

10 0,0 0,0 

Sensitivity 2: -10% of main analysis 
effectiveness 

 

0,1,2,3,4,5 36,8 31,3 

Decay y=-7,36*x+73,6 y= -6,26*x+62,6 

6 29,4 25,0 

7 22,1 18,8 

8 14,7 12,5 

9 7,4 6,3 

10 0,0 0,0 
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Annex 3.4_table_1: Impact simulation assumptions for the effectiveness sensitivity analysis: 

Sensitivity 1 and 2 assume a 10% and 20% lower effectiveness, respectively than the base case for 

the first 5 months of protection for NmAb and the first 6 months for MI, followed by a linear decay 

to 0. Equations represent the decay were, x, are the specific month after immunization and, y, the 

estimated effectiveness. 

 

2. Sensitivity 1: Impact simulation of Immunization Strategies 
 

 

A) NmAb Impact estimations (Nov 10 – Jan 16)    

   

RSV-bronchiolitis      29872 (29533, 30198) * 

  N (95% CrI) averted bronchiolitis; impact %  

Program/Uptake  55%   65%   75%   85%   95%   

Catch-up & Seasonal 9653 

(9538,9759) 

32% 

11408 

(11272,11534) 

38% 

13163 

(13006,13308) 

44% 

14918 

(14740,15082) 

50% 

16673 

(16474,16857) 

56% 

        RSV-bronchiolitis hospitalizations 4924 (4794, 5072) * 

Catch-up & Seasonal 

1767 

(1720,1819) 

36% 

2088 

(2032,2150) 

42% 

2410 

(2345,2481) 

49% 

2731 

(2657,2812) 

55% 

3052 

(2970,3142) 

62% 

 

B) NmAb Impact estimations annually from Oct -Sep ** 

   

RSV-bronchiolitis      15561(15215,15909) * 

  N (95% CrI) averted bronchiolitis per 100,00 children-yr; impact %  

Program/Uptake  55%   65%   75%   85%   95%   

Catch-up & Seasonal 4992 

(4875,5107) 

32% 

5899 

(5761,6035) 

38% 

6807 

(6648,6964) 

44% 

7714 

(7534,7893) 

50% 

8622 

(8420,8821) 

55% 

        RSV-bronchiolitis hospitalizations     2482(2336,2642) * 

Catch-up & Seasonal 888 

(834,947) 

36% 

1050 

(986,1119) 

42% 

1211 

(1137,1291) 

49% 

1373 

(1289,1463) 

55% 

1535 

(1440,1636) 

62% 

 

Annex 3.4_table_2: Impact of seasonal with catch-up NmAb program on RSV-bronchiolitis and 

RSV-bronchiolitis hospitalizations in sensitivity analysis 1. A) Provides the average number of 

bronchiolitis cases averted with the corresponding impact percentages, for the whole study period 

and B) by 100,000 infants per year. Different uptake MI levels (55% to 95%) were assessed. 95% 
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CrI: 95% credible interval. * Number of predicted bronchiolitis without immunization program. 

** The annual (October-September) average of number of averted bronchiolitis per 100,000 

children was estimated excluding the incomplete periods 1) 2010-Nov, 2011-Sep and 2) 2015-Oct, 

2016-Jan.  

 

A) MI Impact estimations (Nov 10 – Jan 16)    

RSV-bronchiolitis      29872 (29533, 30198) * 

  N (95% CrI) averted bronchiolitis; impact %  

Program/Uptake  55%   65%   75%   85%   95%   

Seasonal  2057 

(2026,2086) 

7% 

2432 

(2394,2465) 

8% 

2806 

(2763,2845) 

9% 

3180 

(3131,3224) 

11% 

3554 

(3500,3603) 

12% 

Year-round 6198 

(6120,6266) 

21% 

7324 

(7232,7405) 

25% 

8451 

(8345,8544) 

28% 

9578 

(9458,9683) 

32% 

10705 

(10571,10823) 

36% 

        RSV-bronchiolitis hospitalizations 4924 (4794, 5072) * 

Seasonal  793 

(767,820) 

16% 

937 

(907,969) 

19% 

1081 

(1046,1118) 

22% 

1226 

(1185,1267) 

25% 

1370 

(1325,1416) 

28% 

Year-round 1250 

(1217,1287) 

25% 

1477 

(1438,1521) 

30% 

1705 

(1660,1756) 

35% 

1932 

(1881,1990) 

39% 

2159 

(2102,2224) 

44% 

B) MI Impact estimations annually from Oct -Sep   ** 

RSV-bronchiolitis       15561(15215,15909) * 

  N (95% CrI) averted bronchiolitis per 100,000 children-yr; impact %  

Program/Uptake  55%   65%   75%   85%   95%   

Seasonal  1096 

(1069,1124) 

7% 

1296 

(1263,1328) 

8% 

1495 

(1458,1532) 

10% 

1694 

(1652,1737) 

11% 

1893 

(1846,1941) 

12% 

Year-round 3228 

(3154,3301) 

21% 

3814 

(3727,3901) 

25% 

4401 

(4301,4501) 

28% 

4988 

(4874,5101) 

32% 

5575 

(5448,5702) 

36% 

        RSV-bronchiolitis hospitalizations     2482(2336,2642) * 

Seasonal  406 

(380,433) 

16% 

479 

(449,512) 

19% 

553 

(518,591) 

22% 

627 

(587,669) 

25% 

700 

(656,748) 

28% 

Year-round 630 

(593,671) 

25% 

745 

(700,793) 

30% 

859 

(808,915) 

35% 

974 

(916,1037) 

39% 

1088 

(1024,1159) 

44% 

 



105 

 

Annex 3.4_table_3: Impact of seasonal and year-round maternal immunization programs on RSV-

bronchiolitis and RSV-bronchiolitis hospitalizations in sensitivity analysis 1. A) Provides the 

average number of bronchiolitis cases averted with the corresponding impact percentages, for the 

whole study period and B) by 100,000 infants per year. Different uptake MI levels (55% to 95%) 

were assessed. 95% CrI: 95% credible interval. * Number of predicted bronchiolitis without 

immunization program. ** The annual (October-September) average of number of averted 

bronchiolitis per 100,000 children was estimated excluding the incomplete periods 1) 2010-Nov, 

2011-Sep and 2) 2015-Oct, 2016-Jan.  

 

3. Sensitivity 2: Impact simulation of Immunization Strategies 

 

A) NmAb Impact estimations (Nov 10 – Jan 16)    

RSV-bronchiolitis      29872 (29533, 30198) * 

  N (95% CrI) averted bronchiolitis; impact %  

Program/Uptake  55%   65%   75%   85%   95%   

Catch-up & Seasonal 8264 

(8165,8355) 

28% 

9767 

(9650,9874) 

33% 

11269 

(11135,11393) 

38% 

12772 

(12619,12912) 

43% 

14274 

(14104,14431) 

48% 

        RSV-bronchiolitis hospitalizations 4924 (4794, 5072) * 

Catch-up & Seasonal 

1504 

(1464,1549) 

31% 

1778 

(1730,1831) 

36% 

2052 

(1996,2112) 

42% 

2325 

(2262,2394) 

47% 

2599 

(2529,2675) 

53% 

B) NmAb Impact estimations annually from Oct -Sep ** 

RSV-bronchiolitis      15561(15215,15909) * 

  N (95% CrI) averted bronchiolitis per 100,00 children-yr; impact %  

Program/Uptake  55%   65%   75%   85%   95%   

Catch-up & Seasonal 4273 

(4174,4372) 

27% 

5050 

(4932,5167) 

32% 

5827 

(5691,5962) 

37% 

6604 

(6450,6757) 

42% 

7381 

(7209,7552) 

47% 

        RSV-bronchiolitis hospitalizations     2482(2336,2642) * 

Catch-up & Seasonal 756 

(710,806) 

30% 

894 

(839,953) 

36% 

1031 

(968,1099) 

42% 

1169 

(1097,1246) 

47% 

1307 

(1226,1392) 

53% 
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Annex 3.4_table_4: Impact of seasonal with catch-up NmAb program on RSV-bronchiolitis and 

RSV-bronchiolitis hospitalizations in sensitivity analysis 2. A) Provides the average number of 

bronchiolitis cases averted with the corresponding impact percentages, for the whole study period 

and B) by 100,000 infants per year. Different uptake MI levels (55% to 95%) were assessed. 95% 

CrI: 95% credible interval. * Number of predicted bronchiolitis without immunization program. ** 

The annual (October-September) average of number of averted bronchiolitis per 100,000 children 

was estimated excluding the incomplete periods 1) 2010-Nov, 2011-Sep and 2) 2015-Oct, 2016-

Jan.  

 

A) MI Impact estimations (Nov 10 – Jan 16)    

RSV-bronchiolitis      29872 (29533, 30198) * 

  N (95% CrI) averted bronchiolitis; impact %  

Program/Uptake  55%   65%   75%   85%   95%   

Seasonal  1559 

(1536,1581) 

5% 

1843 

(1815,1868) 

6% 

2126 

(2094,2156) 

7% 

2410 

(2373,2443) 

8% 

2693 

(2652,2731) 

9% 

Year-round 4697 

(4638,4749) 

16% 

5551 

(5481,5612) 

19% 

6405 

(6325,6475) 

21% 

7259 

(7168,7339) 

24% 

8113 

(8011,8202) 

27% 

        RSV-bronchiolitis hospitalizations 4924 (4794, 5072) * 

Seasonal  624 

(603,644) 

13% 

737 

(713,762) 

15% 

850 

(822,879) 

17% 

964 

(932,996) 

20% 

1077 

(1042,1113) 

22% 

Year-round 983 

(957,1012) 

20% 

1162 

(1131,1196) 

24% 

1340 

(1305,1380) 

27% 

1519 

(1479,1564) 

31% 

1698 

(1653,1749) 

34% 

B) MI Impact estimations annually from Oct -Sep ** 

RSV-bronchiolitis      15561(15215,15909) * 

  N (95% CrI) averted bronchiolitis per 100,000 children-yr; impact %  

Program/Uptake  55%   65%   75%   85%   95%   

Seasonal  831 

(810,852) 

5% 

982 

(957,1006) 

6% 

1133 

(1105,1161) 

7% 

1284 

(1252,1316) 

8% 

1435 

(1399,1471) 

9% 

Year-round 2446 

(2390,2502) 

16% 

2891 

(2825,2957) 

19% 

3336 

(3259,3411) 

21% 

3780 

(3694,3866) 

24% 

4225 

(4129,4321) 

27% 

        RSV-bronchiolitis hospitalizations     2482(2336,2642) * 
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Seasonal  319 

(299,341) 

13% 

377 

(353,403) 

15% 

435 

(407,464) 

17% 

493 

(461,526) 

20% 

551 

(516,588) 

22% 

Year-round 495 

(466,528) 

20% 

586 

(551,624) 

24% 

676 

(636,719) 

27% 

766 

(720,815) 

31% 

856 

(805,911) 

34% 

 

Annex 3.4_table_5: Impact of seasonal and year-round maternal immunization programs on RSV-

bronchiolitis and RSV-bronchiolitis hospitalizations in sensitivity analysis 2. A) Provides the 

average number of bronchiolitis cases averted with the corresponding impact percentages, for the 

whole study period and B) by 100,000 infants per year. Different uptake MI levels (55% to 95%) 

were assessed. 95% CrI: 95% credible interval. * Number of predicted bronchiolitis without 

immunization program. ** The annual (October-September) average of number of averted 

bronchiolitis per 100,000 children was estimated excluding the incomplete periods 1) 2010-Nov, 

2011-Sep and 2) 2015-Oct, 2016-Jan.  

 

 



108 

 

Annex 3.5: Distribution of RSV-bronchiolitis by week under the different 

immunization scenarios 

 

 

 

 

Annex 3.5a: weekly average counts of RSV-bronchiolitis and RSV-bronchiolitis hospitalizations 

predicted by the model without immunization strategies and under a seasonal with catch-up 

NmAb. 
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Annex 3.5b: weekly average counts of RSV-bronchiolitis and RSV-bronchiolitis hospitalizations 

predicted by the model without immunization strategies and under a year- round MI strategy. 
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Annex 3.6: RSV-bronchiolitis averted by month of birth 

 

 

 

 

 

Annex 3.6a: RSV-bronchiolitis and RSV-bronchiolitis hospitalizations averted, number and 

percentage, from November,2010- June, 2016 by month of birth under a seasonal with catch-up 

NmAb. 95% coverage. X axis represents the age administration month of birth. 
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Dashed line: number of RSV-bronchiolitis predicted by the model without any of these 

interventions. 

 

 

 

 

 

 

Annex 3.6b: RSV-bronchiolitis and RSV-bronchiolitis hospitalizations averted, number and 

percentage, from November,2010- June,2016 by month of birth under a year- round MI .95% 

coverage. X axis represents the age administration month of birth. Dashed line: number of RSV-

bronchiolitis predicted by the model without any of these interventions. 

 



112 

 

Annex 4.1: Nimble code  
 

SCluster_spacetime <- nimbleCode({ 

   

  for(i in 1:N_barrios){ 

     

    for (t in 1:6){ 

       

      y[i,t] ~ dbin(p[i,t],N[i,t]) 

       

      logit(p[i,t]) <- log(theta[i]) + gamma1*step(t - 7) +  

                      (z_trend[i]==1)*(0*t + 0*(t - 7)*step(t - 7)) + 

                      (z_trend[i]==2)*(beta21_dec*t*(1 - step(t - 7)) + 

                      0*(t - 7)*step(t - 7)) +  

                      (z_trend[i]==3)*(beta31_inc*t*(1 - step(t - 7)) + 

                      0*(t - 7)*step(t - 7)) + 

               (z_trend[i]==4)*(0*t + beta42_dec*(t - 7)*step(t - 7)) + 

                      (z_trend[i]==5)*(beta51_dec*t*(1 - step(t - 7)) + 

                       beta52_dec*(t - 7)*step(t - 7)) +  

                      (z_trend[i]==6)*(beta61_inc*t*(1 - step(t - 7)) + 

                       beta62_dec*(t - 7)*step(t - 7)) + 

               (z_trend[i]==7)*(0*t + beta72_inc*(t - 7)*step(t - 7)) + 

                      (z_trend[i]==8)*(beta81_dec*t*(1 - step(t - 7)) + 

                       beta82_inc*(t - 7)*step(t - 7)) +  

                      (z_trend[i]==9)*(beta91_inc*t*(1 - step(t - 7)) + 

                       beta92_inc*(t - 7)*step(t - 7))  

       

    } 

     

    for (t in 7:9){ 

       

      y[i,t] ~ dbin(p[i,t],N[i,t]) 

       

      logit(p[i,t]) <- log(theta[i]) + gamma1*step(t - 7) +  

                      (z_trend[i]==1)*(0*t + 0*(t - 7)*step(t - 7)) + 

                      (z_trend[i]==2)*(beta21_dec*t*(1 - step(t - 7)) + 

                       0*(t - 7)*step(t - 7)) +  

                      (z_trend[i]==3)*(beta31_inc*t*(1 - step(t - 7)) + 

                       0*(t - 7)*step(t - 7)) + 

               (z_trend[i]==4)*(0*t + beta42_dec*(t - 7)*step(t - 7)) + 

                      (z_trend[i]==5)*(beta51_dec*t*(1 - step(t - 7)) +  
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                       beta52_dec*(t - 7)*step(t - 7)) +  

                      (z_trend[i]==6)*(beta61_inc*t*(1 - step(t - 7)) + 

                       beta62_dec*(t - 7)*step(t - 7)) + 

               (z_trend[i]==7)*(0*t + beta72_inc*(t - 7)*step(t - 7)) + 

                      (z_trend[i]==8)*(beta81_dec*t*(1 - step(t - 7)) + 

                       beta82_inc*(t - 7)*step(t - 7)) +  

                      (z_trend[i]==9)*(beta91_inc*t*(1 - step(t - 7)) + 

                       beta92_inc*(t - 7)*step(t - 7))  

       

    } 

     

    theta[i] <- inprod(z[i,1:k],eta[1:k]) 

    z[i,1:k] ~ dmulti(prlevels[1:k],1) 

    z_trend[i] ~ dcat(prlevels_trend[1:k_trend]) 

     

  } 

 

  gamma1 ~ dnorm(0,0.001) 

   

  # Increasing-decreasing trends 

   

  beta31_inc ~ T(dnorm(0,0.001), 0, 400) 

  beta61_inc ~ T(dnorm(0,0.001), 0, 400) 

  beta72_inc ~ T(dnorm(0,0.001), 0, 400) 

  beta82_inc ~ T(dnorm(0,0.001), 0, 400) 

  beta91_inc ~ T(dnorm(0,0.001), 0, 400) 

  beta92_inc ~ T(dnorm(0,0.001), 0, 400) 

 

  beta21_dec ~ T(dnorm(0,0.001), -400, 0) 

  beta42_dec ~ T(dnorm(0,0.001), -400, 0) 

  beta51_dec ~ T(dnorm(0,0.001), -400, 0) 

  beta52_dec ~ T(dnorm(0,0.001), -400, 0) 

  beta62_dec ~ T(dnorm(0,0.001), -400, 0) 

  beta81_dec ~ T(dnorm(0,0.001), -400, 0) 

   

  prlevels[1:k] ~ ddirch(alfa[1:k]) 

  prlevels_trend[1:k_trend] ~ ddirch(alfa_trend[1:k_trend]) 

   

  eta[1] <- increta[1]  

  for(j in 2:k){ 

    eta[j] <- eta[j-1] + increta[j]  
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  } 

   

  for(j in 1:k){ 

    increta[j] ~ dgamma(1,1) 

  } 

   

  for(j in 1:k){ 

    prop[j] <- sum(z[1:N_barrios,j]) 

  } 

     

}) 

 

 


