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Abstract 

Wilbert van Panhuis, MD, PhD 

 

Developing a Method for Characterizing Genealogy of Parameter Values from 

Epidemiological Models of Infectious Disease 

 

Jonathan Hasian Haposan, MPH 

 

University of Pittsburgh, 2019 

 

Abstract 

Background: Recently, the number of epidemiological models in infectious disease (EMID) has 

been remarkably growing. The origin of parameter values used by EMID is often difficult to 

determine. Models may have used parameter values from populations that do not necessarily 

correspond to the population being modeled due to the limited existing knowledge about a 

population of interest. No systematic method has been published that evaluates the “data origin” 

of EMID parameter values. 

Objectives: The primary objective of this study is to improve reproducibility and 

representativeness of EMID, through developing and testing a method for characterizing the 

genealogy of parameter values of the models.  

Methods: We first developed a method process to characterize the genealogy of parameter values 

and then applied our method to a set of example models that represented transmission of the dengue 

virus with dengue vaccination’s introduction. 

Results: We characterized the genealogy of EMID parameter values for 2 models using table 

representations, model diagrams, and genealogical networks. We found that in Notre Dame model  

46.5% of parameter values were based on observational data and 27.9% were based on 

assumptions, while in Imperial model 40.4% were based on observational data and 54.4% were 

based on assumptions. Respectively, about 25.6% and 5.2% of parameter values from Notre Dame 

and Imperial models were based on models or formula or derivation from other parameters.   



 v 

Conclusion: Our method of characterizing genealogy of parameter values from epidemiological 

models can help better understand the data-origin of models and help researchers evaluate a 

model’s representativeness. 

Public Health Significance: This study used a genealogical approach in epidemiological 

modeling and public health that would enrich the public health & epidemiology field. This study 

provides a platform for future researchers in public health to improve the modeling system and 

outcomes. 
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1.0 Introduction 

1.1 Epidemiological Models 

1.1.1  Definition of Epidemiological Models 

An epidemiological model can be defined as ‘a mathematical and/or logical representation 

of the epidemiology of disease transmission and its associated processes’ (Dubé et al., 2007). The 

history of epidemiological modeling was started in the 1760s by Daniel Bernoulli, a pioneer of 

epidemiological modeling (Foppa, 2016), by investigating smallpox infection and its inoculation 

through mathematical approach. Since then, the importance of epidemiological modeling has 

brought enthusiastic researchers and created a ‘new field’. In this essay, we will consider 

epidemiological models of infectious disease (EMID). 

Many terms found in publications are related to the field of an epidemiological model 

including mathematical model (Li, 2018), epidemic model (Daley & Gani, 2001), computational 

model (Burke, 2016), and dynamic model (Ndeffo-Mbah et al., 2018). Since the previously 

explained definition of the epidemiological model only limits to disease transmission, this essay 

will separate the method of epidemiological modeling in infectious diseases from non-infectious 

diseases (e.g. non-infection-caused cancer and social network). 
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1.1.2  Types of Epidemiological Models 

Based on an article by Garner & Hamilton (2011), classification of epidemiological models 

can depend on the treatment of variability, probability and uncertainty, time, space, and population 

structure (table 1). A deterministic model uses fixed parameter values and generates an average 

value, while a stochastic/probabilistic model uses variability and uncertainty using probability. 

Classified by time, epidemiological models can be discrete or continuous time models, while 

models can also be classified as spatial or non-spatial models based on space determinant (Garner 

& Hamilton, 2011).  

Table 1. Types of epidemiological models 

Epidemiological model types based on 

Variability, probability, & 

uncertainty 

Time Spatial 

Deterministic Discrete Spatial 

Stochastic Continuous Non spatial 

1.1.3  The Uses of Epidemiological Models 

Epidemiological models have been widely used in the vector-borne diseases (Rao & 

Durvasula, 2013a), non-vector-borne diseases (Rao & Durvasula, 2013b), animal diseases (Dubé 

et al., 2007), and plant diseases (Maanen & Xu, 2003). A vector-borne disease (e.g. malaria & 

dengue fever) is defined as a disease that is transmitted by a living being (usually an arthropod 

vector, such as mosquito) to a vertebrate host (Verwoerd, 2015). Modeling can be a useful tool for 

developing strategy of infectious disease control during an outbreak (Date et al., 2011), forecasting 

epidemic (Burke, 2016), responding to a potential outbreak or a bioterrorist pathogen (Meltzer et 

al., 2001), developing preventive strategy from retrospective investigation (Rachah & Torres, 
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2015; Cruz-Pacheco et al., 2009), and developing implementation strategy of a novel vaccine 

(Flasche et al., 2016).   

1.1.4  Stages of Building Epidemiological Models 

The steps of building epidemiological models are varied from one researcher to another 

around the world. Many researchers also did not provide the details of how they built their models. 

However, Garner, M. G. & Hamilton, S. A. (2011) proposed a ten-stage process for developing 

valid epidemiological models adapted from several works (Taylor, 2003; Law, 2005; Sargent, 

2007). The stages are: (1) determine the system to be modeled & the objectives of the study, (2) 

collect information & data on the study population and the epidemiology of infection & disease, 

(3) develop a conceptual model,  (4) validate the conceptual model, (5) formulate/program the 

model, (6) verify the model, (7) assess operational validity, (8) analyze sensitivity, (9) conduct 

studies, (10) interpret outputs & communicate results. For many of these steps, real-world data 

play an important role to ensure the model reflects reality as closely as possible. Reflecting reality 

is especially relevant if results of the model will be used to design public health interventions. 

1.1.5  Model Uncertainties 

Uncertainty, especially for stochastic/probability model, cannot be avoided in the 

epidemiological models. Because many phenomena in the real world cannot be modeled by the 

deterministic model (e.g. bite rates of mosquitoes), a stochastic model is often used to compute the 

probability values as parameter values using the Monte Carlo or Poisson model or other 

approaches (Apostolakis, 1994).  Since this uncertainty will be retained in model throughout the 
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process and simulation, this uncertainty undeniably can impact to the validity and acceptability of 

the model This stochastic uncertainty – well known as ‘randomness’ – is only one of the 

uncertainties in modeling. 

Gallegos & Bonano (1993) described that there are three uncertainties in modeling (the 

original work addressed models in performance assessment of radioactive waste disposal) 

including: (1) uncertainty in the future state of system; (2) uncertainty in the conceptual models, 

mathematical models, and computer codes; and (3) uncertainty in the data and the parameter values 

needed to exercise the models. The first type of uncertainty, the future state of the system, is 

definitely not possible to ascertain. The second type of uncertainty consists of three subtypes: 

conceptual models, mathematical models, and computer codes. Uncertainty in the conceptual 

model, the most important one, is a qualitative description of system processes, parameter 

selection, spatial and temporal scales. While the mathematical model uncertainty is a result from 

approximations made by tractable mathematical equations, such as Monte Carlo or Poisson model 

as mentioned before, uncertainty in computer codes can be resulted from possible coding errors, 

computational limitations, and discretization of mathematical equations (Gallegos & Bonano, 

1993; Apostolakis, 1994). The uncertainties in parameter values from an epidemiological 

perspective are related to the variability and consistency of data used to estimate parameter values. 

In the case of limited data, assumptions may be made about parameter values, such as similarity 

of the value between the modeled population for which data may be missing and a second 

population for which data may be available assumptions may be necessary in case of  scarce data 

or limited scientific literature on a modeled disease (Van de Velde et al., 2007). Furthermore, 

parameter values can be obtained from various populations, geographical locations, and sampling 

which can result in different types of data-related uncertainties. 
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In the scenario of limited knowledge about the real world, researchers have to select values 

of parameters for their models and validate the models using limited data. Researchers may opt to 

using parameter values from other populations, deriving values from other parameters/models, or 

assuming the parameter values de novo. It is unclear what various assumptions and approximations 

are made in EMID and if parameter values, especially if coming from different population, will be 

representative of target population or not. 

1.1.6  Epidemiological Model Parameterization 

Every epidemiological model must have two fundamental components: parameter (values) 

and mathematical function, which distinguish one model from other models. The basic mechanism 

of many EMID is an SIR model, which takes into account: susceptible individuals (S), 

infectious/infected individuals (I), and recovered individuals (R) (Chowell et al., 2009; Green et 

al., 2006; Anderson & May, 1992).  

�̇� = −𝛽𝑆𝐼 / 𝑁  

𝐼̇ = 𝛽𝑆𝐼 / 𝑁 −  𝑔𝐼  

�̇� = 𝑔𝐼  

Here, S, I, and R refers the numbers of individuals (respectively: susceptible, infected, 

recovered), g denotes the rate of conversion from I to R, while β represents the number of 

potentially infectious contacts made per individual per unit time, (Green et al., 2006; Anderson & 

May, 1992). From this basic infection mechanism, there are many modifications (using assigned 

parameters) made by modelers based on several considerations and assumptions. Furthermore, the 

modeling study of vector-transmitted disease (e.g. dengue fever & malaria) is more complicated 

because its transmission process involves multi-population (humans & vectors), multi-stage, and 

(1) 
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usually seasonal factors (Chowell et al., 2009). The vectors, e.g. mosquitoes in dengue models, 

also use the SIR model (except R/recovered phase does not apply to mosquitoes until death) for 

its population separately from SIR model of the human population. Then, the transmission rates 

are hypothesized using a mathematical relationship to combine these two population models. The 

parameter values can be expressed as probability distributions (stochastic models) or fixed-point 

estimates (deterministic models). However, every epidemiological model will almost always have 

unknown parameters, which later will be determined by inverse methods to find the values that 

best fit the model to data (Chowell et al., 2009).  

A modeler needs an adequate parameterization and mathematical relationships to resemble 

the real world, but it does not necessarily mean the more numbers of parameters and functions are 

put in the model, the more a model will look alike to the real world. This could happen largely 

because of the complexity of parameters and its interrelationship by nature beside other 

epidemiological (confounding factors and biases) and statistical factors. 

1.2  Genealogy 

1.2.1  Definition of Genealogy 

Based on Merriam-Webster online dictionary, genealogy means ‘an account of the origin 

and historical development of something’ (genealogy, n.d.-a), while Oxford English dictionary 

defines genealogy as ‘An account of one's descent from an ancestor or ancestors, by enumeration 

of the intermediate persons; a pedigree’ (genealogy, n.d.-b). The etymology for genealogy 

originally came from the Greek language: genea (race, family) and logia (-logy). To be easily 
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understood, genealogy simply can be defined as ‘the origin/pedigree of something’. Therefore, the 

process of collecting and tracing the information of origin/pedigree of something becomes 

fundamental in the genealogical method.  

1.2.2  Application of Genealogical Method 

The genealogy has been poorly understood in a narrow classic definition. The application 

of genealogy is not necessarily used for tracing origin/pedigree of human and animal only, instead 

the genealogy also has been widely applied in inanimate objects and philosophy field, such as the 

use of genealogy in the seminal works of ‘On the Genealogy of Morals’ by Nietzche & Hollingdale 

(1989) and ‘Nietzsche, Genealogy, History’ by Foucalt (1997). Genealogy provides a way to 

articulate problems and to create visible networks of a concept (Koopman, 2013). Since there is 

no publication currently documented that uses the genealogy in epidemiological models, this essay 

would be the first paper ever that uses a term and method of genealogy in epidemiological 

modeling and infectious disease dynamics field. The similar application of genealogy was also 

used in the information system field which used the term ‘information genealogy’ to study the 

influence between documents of cited documents (Shaparenko & Joachims, 2007). 

1.2.3  Genealogy of Parameters of Epidemiological Models 

As explained in section 1.1.5, it is important to understand the representativeness of 

parameter values used ins coming from other population to build epidemiological models more 

accurate and precisely. Therefore, the author proposeswe propose  to apply genealogical methods 

in parameters ofto epidemiological models to provide a better understanding of representativeness 
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of parameters used in the models. The method will collect the important  information of about the 

origin of parameter values including the process of derivation, study design of source, 

characteristics, source population/samples, geographical location, period, and duration. After that, 

the we will visualization eof the "parameter genealogy" – resemblesing a family tree – will be 

served to provide sense of information about the complexity of genealogy of parameters and the 

relationship between model, parameters, and datasets. We will apply genealogical methods to 

epidemiological models of dengue transmission.   

1.3 Dengue Fever 

1.3.1  The Global Burden of Dengue 

Dengue fever is one of the most important infectious diseases around the world. Globally, 

there are about 390 million dengue infections per year, which 96 million of them manifest 

clinically (Bhatt et al., 2013). Furthermore, about 3.9 billion people around the world are at risk 

of being infected by dengue viruses (Brady et al., 2012). Recently, the number of dengue cases 

from three most impacted World Health Organization (WHO) regions (Americas, South-East Asia, 

and Western Pacific) increased from 2.2 million in 2010 to 3.2 million in 2015, while 2.35 million 

cases were reported in Americas region alone. With an estimated 500 thousand hospitalizations 

with severe dengue each year, the case fatality is estimated about 2.5%, but it had been declining 

for about 28% from 2010 to 2016 (WHO, 2018).  
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1.3.2  Transmission and Symptoms of Dengue 

Dengue viruses, viruses that cause dengue fever and dengue hemorrhagic fever, are 

members of the Flaviviridae family, genus Flavivirus, and consisting of four serotypes (DENV-1, 

DENV-2, DENV-3, and DENV-4) (Tuiskunen Bäck & Lundkvist, 2013). The primary vector of 

dengue viruses is Aedes aegypti mosquito, which can transmit the virus from infected humans to 

uninfected humans through the bites of female mosquitos (WHO, 2018). 

Dengue is a self-limited disease. After an incubation period of 3 to 7 days, the clinical 

symptom of dengue disease can appear broadly, from mild fever to severe or fatal disease 

(Simmons et al., 2012). Generally, there are three phases in dengue disease: an initial febrile phase 

lasting for 3 to 7 days, a critical phase with a transition between 4 and 7 days of illness, and a 

spontaneous recovery phase (Simmons et al., 2012). Recent guideline by WHO recommends 

classifying dengue into two classifications: dengue (without major complications) or severe 

dengue (with any of major complications: shock, respiratory distress, severe bleeding, severe 

bleeding, and severe organ impairment) (WHO, 2009).  

1.3.3  Dengue Vaccine 

For more than a half century dengue vaccine has been pursued, there has not been a 

promising and effective licensed dengue vaccine (Screaton & Mongkolsapaya, 2018). Currently, 

there are three dengue vaccine candidates are being produced and developed by Sanofi Pasteur 

(Dengvaxia ® vaccine), Takeda, and National Institute of Health (NIH) / Butantan. All three 

vaccine candidates use four DENV serotypes attached to a backbone containing the non-structural 

(NS) component. The first licensed dengue vaccine, Sanofi Pasteur vaccine uses the yellow fever 
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17D (known as a ‘chimaera vaccine’) as the backbone, while Takeda and NIH vaccines use dengue 

virus as the backbone (Screaton et al., 2015). Even though the overall efficacy of Dengvaxia ® 

vaccine seems not promising, the results suggested the varied levels of vaccine efficacy across 

dengue serotypes, ages, and serostatus (Hadinegoro et al., 2015). Serostatus, consisting of a 

seronegative and seropositive, is a status whether an individual has ever experienced a dengue 

infection. A seronegative individual refers to an individual who has not had a previous dengue 

infection, while a seropositive individual refers to an individual who has had a previous dengue 

infection with at least one serotype (WHO, 2017). 

1.3.4  Enhanced Disease after Dengue Vaccination  

Dengue is a complex viral disease that involves immune-host interactions. During the 

primary dengue infection, anti-dengue IgM level will increase 3-5 days then starting to decrease 

after 2-3 months followed by the increase of long-lasting IgG, which can protect reinfection with 

the same serotype but not with different serotype (Gubler et al., 2014). However, the increase of 

IgM level during secondary dengue infection will be much less than in the primary infection, but 

the secondary infection will increase IgG level faster and higher and may result in a more severe 

disease due to antibody-dependent enhancement (ADE) (Gubler et al., 2014). Whether the 

vaccination will cause a similar pattern of natural dengue infection or not will be described in the 

following paragraph.  

Based on the results from Dengvaxia ® vaccine trials, the subsequent infection after dengue 

vaccination among seronegative vaccine recipients may lead to the increased risk of severe dengue 

that is equivalent to secondary natural infection but less severe (Hadinegoro et al., 2015). 

However, whether this is caused by an immune-enhancement or not is still inconclusive due to the 
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lack of the observed increase of clinical viremia & altered cytokine profile among vaccine 

recipients (Hadinoegoro et al., 2015). Therefore, it appears an urgent need of epidemiological 

models that can predict the vaccine action mimicking a silent (asymptomatic) natural infection and 

resulting in subsequent short-lived heterologous protection & increased risk of severe dengue 

disease (Flasche et al., 2016) 

1.3.5  Dengue Vaccine Comparative Study 

The first licensed Dengvaxia ® dengue vaccine, produced by Sanofi Pasteur, has finished 

its phase IIb and phase III trials conducted in Asian-Pacific and Latin American countries. More 

than 33 thousand participants in total were randomized in those trials. Furthermore, the trials 

showed inconclusive result across ages, where about 66% efficacy was found among 9 years or 

older participants and about 45% among participants younger than 9 years old (Hadinegoro et al., 

2015). 

Regarding its inconsistent efficacy across ages and safety of dengue vaccine for a purpose 

of vaccine’s implementation strategy, WHO initiated an open call for modelers to participate the 

comparative modeling of dengue vaccine public health impact (CMDVI) study with a purpose to 

generate model-based predictions of the long-term safety, health and economic impact of 

Dengvaxia ® for the immunization recommendations from Strategic Advisory Group of Experts 

(SAGE) (WHO, 2016). 

Responding to CMDVI open call by WHO, ten groups participated, but two groups 

withdrew, leaving eight groups as participants: Duke University (Duke), University of 

Exeter/University of Oxford (Exeter/Oxford), Johns Hopkins University/University of Florida 

(Hopkins/UF), Imperial College London (Imperial), University of Notre Dame (Notre Dame), 
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Sanofi Pasteur, University of Florida (UF), and University of Western Australia (UWA). Each 

group modeled the same dengue transmission and vaccination scenario, each using their own  

model. (Flasche et al., 2016). 

1.4 Gaps in Knowledge 

Despite the many successes of the epidemiological models to  help decision making, there 

are many uncertainties that have not been taken into account that obscure the predictions of real 

world. Because of the inevitable parameter uncertainties in the epidemiological models, there 

should be an indicator to measure the degree of uncertainty qualitatively and quantitatively. 

Although some efforts to reduce uncertainties have been conducted, there was still no consensus 

agreement on how to measure the degree of uncertainties – especially for parameters – in 

epidemiological models. Furthermore, sensitivity analysis and cross-validation used to approach 

this measurement still depend on the values that are also subject to uncertainty. Therefore, we 

proposed the genealogy of parameters can be a good start of qualitatively measuring the 

acceptability of epidemiological models. In addition, reproducibility is valuable in epidemiological 

modeling. Many models were run using similar methods or parameters from their predecessors, 

especially the models which have been proven to almost resemble the real world. However, there 

has not been a standard method of how to manage the parameter information and how to collect 

the parameter information from previous models. The genealogical method can provide a tool to 

trace the origin and collect the information of parameter values for modelers to reproduce the 

epidemiological models. The method itself should be reproducible so that can be useful for 

researchers and epidemiological modeling world.  
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2.0 Objectives 

The primary objective of this study is to improve the reproducibility and representativeness 

of EMID, by: 

1. Developing a genealogy-based method for characterizing the origin of parameter 

values from published models; and 

2. Testing our method on a set of published two models of dengue vaccine. 
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3.0 Methods 

3.1 Study Design 

We used 2 models presented in a paper by Flasche et al. (2016): The model developed by 

the team at Notre Dame University and the model by the team at Imperial College London. The 

models were chosen because of some considerations by author including the completeness of the 

data and citations provided by the modelers. The process of exploration of models and method 

development was conducted between November 2018 and January 2019, while the process of data 

extraction and genealogy mapping was conducted between January and March 2019. The process 

was continued with the development of genealogical network analysis using GEPHI ver. 0.9.2 

(GNU General Public License) between March and April 2019.  

3.2 Method Development Process 

We developed a new method to characterize the genealogy of parameters values from 

EMID by: 

1. A review of the literature on parameter provenance, genealogy, and epidemiological 

models. 

An extended literature review on parameter provenance, genealogy, and epidemiological 

models were conducted to broaden the understanding of method that would be developed. 

2. Conducting in-depth review of an example dengue vaccine model. 
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We reviewed the dengue vaccine model journals to understand and decide which model would 

be appropriate as our sample in our study. 

3. Developing a data extraction system based on reading the paper 

We would document parameters in PowerPoint, then determine the default values of each 

parameter, then trace references, then search in cited papers for mentions of parameter value, 

then use the same method for the newly discovered parameter value. 

4. Developing a system of Excel tables for data entry: 

a. Model table 

A table that would collect the information of models used by the origin model. 

b. Parameter table 

A table that would collect the information of all parameters. 

c. Dataset table 

A table that would collect the information of all datasets. 

5. Visualizing the genealogy of parameter values in the diagram and network display. 

We would visualize the genealogy of parameter values in the diagram using PowerPoint and 

network display using Gephi. 

 

3.3 Testing of New Method 

We took two epidemiological models (one stochastic model,and one deterministic model) 

and characterized the parameter values and origins. Then, we reviewed each paper and its 

supplements to create a model diagram in Microsoft PowerPoint ®, then extracted information 
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into tables Excel ®. After that, we identified model, parameter, and dataset attributes. Finally, we 

visualized the genealogical network analysis of parameter values using an open-source GEPHI 

software package.  

3.3.1  Parameter Genealogy Diagram 

Besides developing a method for characterizing genealogy of parameter values from 

epidemiological models, we expected the outcomes of model diagram and genealogical network 

analysis. The model diagram listed all parameters on the right-hand side, and arrows from left to 

right indicating the derivation of each parameter from: (1) an observational dataset, (2) another 

parameter, or (3) an assumption. The values for many parameters were based on values mentioned 

in previous peer-reviewed articles; in those cases we drew an arrow from the PMID number of the 

cited paper to the parameter value and another arrow to the PMID number of the cited paper. 

Moving forward, we then reviewed the cited paper to determine the derivation method that it used 

for the parameter value. We followed these "origin tracing steps" for each parameter described in 

the model paper.  

Most models represent multiple "scenarios". A scenario is a specific transmission setting 

in a specific population and time period, with a specific set of intervention measures or not. The 

scenarios are implemented by changing parameter values. For simplicity, we characterized the 

genealogy of parameter values used for the baseline or default scenario. Many parameters are 

derived from other parameters [give an example]. When tracing the data-origin of parameter 

values, we considered the parameter derivation methods as part of the model and only determined 

the data origin of the "first-line" or "input" parameters, since the derived parameters can be derived 

once the datasets are available.  



 17 

3.3.2  Genealogical Network Analysis 

We used GEPHI ver. 0.9.2 (GNU General Public License) to create a parameter 

genealogical network analysis. GEPHI is an open-source network analysis and visualization 

software package software. The software can be downloaded in their website: https://gephi.org/. 

To prepare genealogical network analysis, we created two main spreadsheets (can be a CSV file 

or Excel file); the first file contained all nodes in the network, while the other file contains all 

edges/connections in the network. To make the network analysis work, nodes file must contain at 

least variables: ID, label, and entity, while edges file must contain variables: source, target, and 

weight. We represented models, parameters, and datasets as nodes of the network and their 

relations as edges. For example, a model with two parameters would be represented by arrows 

from the "model node" to the "parameter nodes". We represented models as blue circles, 

parameters as orange circles, and datasets as green circles (Fig. 1).  

 

Figure 1. A sample of network containing a model, two parameters, and a dataset 

 

From figure 1, we can understand that the model A has 2 parameters where parameter 02 

is derived from dataset 01. For edges in this network, there are 3 connectors: (1) model A to 

parameter 01, (2) model A to parameter 02, and (3) parameter 02 to dataset 01. For this example, 

we can create two required Excel tables (nodes & edges) for GEPHI as shown in table 2 and 3. 

 

Model 
A 

(A000) 

Para-
meter 

02 
(A002) 

Data-
set 01 

(11122233) 

Para-
meter 

01 
(A001) 

https://gephi.org/
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Table 2. Sample of nodes table of model 

ID* Label Entity 

A000 Model A model 

A001 Parameter 01 parameter 

A002 Parameter 02 parameter 

11122233 Dataset 01 dataset 

 

Table 3. Sample of edges table of model 

Source Target Weight* 

A000 A001 2 

A000 A002 3 

A002 11122233 1 
* The values are made up for illustration purpose only 

3.4 Model Description 

3.4.1  Notre Dame Model 

The Notre Dame model used a stochastic, individual-based model with four dengue 

serotypes in a population that is configured to resemble the population of Iquitos, Peru (Flasche et 

al., 2016). The details of the model can be found in a paper by Perkins et al. (2016).  The model 

was simulated 40 years prior to vaccination to allow established population immunity and another 

30 years following the vaccine introduction. For each scenario of transmission and vaccination, 

100 replicates were performed and reported by its average and interquartile range (Flasche et al., 

2016). There are 5 transmission intensity scenarios that were used for 3 parameters in this model: 

mosquito emergence rate, the infectiousness of mosquitoes to people, and force to infection due to 

the importation of dengue. Transmission intensity was characterized by the proportion of 9-year-

olds who are seropositive prior to vaccine introduction. There transmission scenarios consist of: 
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10% (very low transmission intensity, SP10%), 30% (low, SP30%), 50% (moderate, SP50%), 70% 

(high, SP70%), and 90% (very high, SP90%).  

3.4.2  Imperial Model 

The Imperial model used a deterministic, age-stratified, compartmental (four serotypes) 

transmission model (Flasche et al., 2016). This model was configured to resemble the Brazil-like 

demography. The full detail of the model can be found in a paper by Ferguson et al. (2016). \The 

vaccination acts as a silent natural infection which boosts immunity in both unvaccinated 

seronegative and seropositive recipients. The model was simulated for 70 model realizations where 

each realization used a random start time for vaccination between 150 and 250 years after the 

simulation started. Each realization was run with & without vaccination, while the proportion of 

symptomatic dengue disease and hospitalized dengue case incidence were recorded monthly over 

50 years (Flasche et al., 2016). Based on the original model by Ferguson et al. (2016), there are 

three scenarios that were used for maximum vaccine efficacy against infection in seronegative 

recipients (VE-) and seropositive recipients (VE+) and the mean duration of vaccine-induced 

protection against infection (TD). The scenarios consist of (1) when all parameters estimated, (2) 

when models with VE- = 1 and VE+ =0, and (3) when fitted to data excluding 2-5 years long-term 

follow up the year-1 result. 
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4.0 Results 

4.1 A Proposed Genealogy-based Method to Determine Parameter Value Origins 

Our method for characterizing genealogy of parameter values consists of five steps as 

shown in figure 2 below: 

 

 

Figure 2. A proposed method to determine parameter value origins 

(1) Thorough reading of paper and supplement 

(2) Parameter genealogy diagram 

(2.a) Identify all parameters for each model 

 

(2.b) Identify all default values for parameters 

 

(2. c) Trace citations and original dataset used 

for default parameter values 

(3) Enter parameter values and original datasets in the parameter genealogy tables 

(4) Prepare tables of nodes & edges for parameter genealogical network analysis 

repeat if a new parameter 

value found. 

(5) Visualize in genealogical network analysis 
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1. Thorough reading of paper and supplement. 

We thoroughly read the model paper and supplement that can be difficult since the model was 

described in narrative and lacked of details due to limited space of paper. 

2. Parameter genealogy diagram 

Parameter genealogy diagram collected the process of identification of parameters, default 

values, citations, and datasets. If a new parameter value was found during the process of 

identification, the cycle was repeated and documented in the parameter genealogy diagram.  

3. Enter parameter values and original datasets in the parameter genealogy tables (shown in table 

4 - 6). 

Besides in the parameter genealogy diagram, the parameter values and datasets were also 

documented in the parameter genealogy tables that consist of: model, parameter, and dataset 

tables.  

4. Prepare tables of nodes & edges for parameter genealogical network analysis (shown in table 

7 and 8). 

Based on the model, parameter, and dataset tables, two other tables (nodes and edges) were 

created for parameter genealogical network analysis.  

5. Visualize in genealogical network analysis using GEPHI. 

Using the nodes and edges tables, the genealogical network analysis was created using 

GEPHI. 
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Table 4. Models (variable names, units, definitions) used in the model paper 

Variable Name Type Definition 

ModelID String ID of the model represented by its PMID1 (PubMed ID) / 

other identifier (DOI) and a sequential number, e.g.: 

11144555.1, 11144555.2, etc. 

ModelName String Assigned name of the model to distinguish from other 

models 

ModelLocation String Geographical location represented by the model (can be 

‘not available’ / NA or hypothetical) 

ModelTimePeriod String 

(with 

integer) 

Time period represented by the model (can be ‘not 

available  / NA) 

ModelPopSize String Population size represented by the model (can be ‘not 

available  / NA) 

ModelPopCharacteristic String Other population characteristics (descriptive, e.g. 

epidemiological model type, demography, etc.) 

ModelDerivedFromID String ID number of other model or parameter or dataset used to 

derive it (can be a set of multiple, separated by ;) 

ModelComment String Any comment or additional information 

 

 
Table 5. Parameters (variable names, definitions, units) used in the model paper 

Variable Name Type Definition 

ParamID String ID of the parameter represented by capital letter followed 

by three-digit unique consecutive number, e.g.: A001, 

A002, etc. 

ParamSymbol String Symbol used for parameter in the model paper 

ParamName String Name / definition used for parameter in the model paper 

ParamDefaultValue String 

(with 

integer) 

Default value used for parameter in model paper (can be 

fixed estimate or stochastic value i.e. 

distribution/model/formula) 

ParamDefaultUnit String Default unit used for parameter in model paper 

DerivedFromID String ID number of the source (model or parameter or dataset) 

used to derive it (can be a set of multiple, separated by ;) 

DerivedFromEntity String Entity of the source (can be model / parameter / dataset / 

assumption) 

ParamComment String Any comment or additional information 

 

 

                                                 

1 PMID is the unique identifier number used in PubMed for each article. 
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Table 6. Datasets (variable names, units, definitions) used in the model paper 

 

Variable Name Type Definition 

DataID String ID of the dataset paper represented by its PMID 

(PubMed ID) / other identifier (DOI) and a sequential 

number, e.g.: 11144555.1, 11144555.2, etc. 

CollectionMethod String Study design used to collect dataset 

StudyPopulationLocation String Location of the population represented by the dataset 

StudyPopulationTimePeriod String 

(with 

integer) 

Time period represented by the dataset 

SampleSize String Sample size used to derive the dataset 

SamplingMethod String Sampling method used to derive the sample from the 

study population 

DataComment String Any comment or additional information 

 
Table 7. Excel file of nodes of the genealogical network analysis (variable names, table source, definitions) 

 

Variable Name Table source Instruction 

ID All Use variables: ModelID, ParamID, DataID 

Label All Use variables: ModelName, ParamSymbol, 

StudyPopulationLocation / CollectionMethod (as needed) 

Entity All model / parameter / dataset 

Name All Use variables: ModelName, ParamName, 

CollectionMethod 

Value Parameter Use variable: ParamDefaultValue 

Unit Parameter Use variable: ParamDefaultUnit 

Location Dataset & 

Model 

Use variables: ModelLocation, StudyPopulationLocation 

TimePeriod Dataset & 

Model 

Use variables: ModelTimePeriod & 

StudyPopulationTimePeriod 

SampleSize Dataset Use variable: SampleSize 

Comment All Use variables: ModelComment, ParamComment, 

DataComment 

 
Table 8. Excel file of edges of the genealogical network analysis (variable names, table source, definitions) 

 

Variable Name Table source Instruction 

Source All Use variables: ModelID, ParamID, DataID of source 

Target All Use variables: ModelID, ParamID, DataID of target 

Weight All Put number between 1.0 – 4.0 depending on the level of 

genealogy 



 24 

4.2 Method Implementation on Two Example Models 

The Notre Dame model had 43 parameters, which mostly came from datasets (46.5%) followed 

by assumptions (27.9%) and derivation (25.6%) from formula or other derivation methods. Below 

are the model diagrams of two example models. The model diagram was shown in figure 3.  

 

 
Figure 3. The model diagram of Notre Dame model, prepared in PowerPoint 

Red represents the parameter values that were used in the model, while the black represents the 

PMID and the explanation of the sources and parameter origins. The blue arrow represents the 
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process of citation from origins to parameter values. The Imperial model had 57 parameters, which 

mostly came from assumptions (54.4%) followed by datasets (40.4%) and derivation (5.2%) from 

formula or  other derivation method. The imperial model diagram is showed in figure 4. 

 
Figure 4. The first part of model diagram of Imperial model, prepared in PowerPoint 
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Figure 5. The second part of model diagram of Imperial Model, prepared in PowerPoint 
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4.3 Genealogical Network Analysis 

There are two outputs of each model using GEPHI software package in this study: curve 

undirected network and directed network. For curve undirected network (figure 6), there is no text 

so that researchers can visualize the overall genealogical network of the parameter values and its 

connectors without being blocked by any text or arrowhead. For the directed networks, we can see 

both genealogical directions and labels, which make easier to trace a genealogy of certain 

parameter values. The instruction to reproduce the genealogical networks can be found in the 

appendix. 

 

 
Figure 6. The curve genealogical network analysis of Notre Dame model (left) & Imperial model (right) 

4.3.1  Notre Dame Model 

The Notre Dame model had 64 nodes and 92 edges that were run using GEPHI to create 

the genealogical network analysis (figure 7). The nodes include all parameters, models, and 
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datasets. Datasets used in this model mostly came from Asian countries (Philippines & Thailand) 

and Latin American country (Peru). This model was fitted to Peru demography and population, 

specifically in Iquitos, Peru. 

 

Figure 7. The result of directed genealogical network analysis of Notre Dame model  

4.3.2  Genealogical Network of Imperial Model 

For the Imperial model, there were 75 nodes and 79 edges in its genealogical network of 

parameters (figure 8). Datasets used in this model were mostly from Southeast Asian countries 

(Thailand, Philippines, Malaysia, Cambodia, Vietnam, & Indonesia). However, this model was 

fitted to Brazil-like demography and population.  
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Figure 8. The result of directed genealogical network analysis of Imperial model 

4.3.3  Genealogical Network of Combined Model 

Since we used PMID as the identifiers of the datasets, we can create a genealogical network 

from both models combined. We tried to characterize the relationship between both models 

through the genealogical network map, identifying which datasets were more likely to be used to 

create epidemiological models of dengue. From the curve genealogical model in figure 9, we can 

see that there are at least 6 datasets were used by both models. The method for combined model is 

similar to the separate models, unless the model tables were combined to create genealogical 

network analysis as shown in figure 9 & 10.  
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Figure 9. The result of curve genealogical network analysis of combined model 

 

 

 

 

 

Figure 10. The result of directed genealogical network analysis of combined model 
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The datasets that were used by both models include : (1) Philippines’ experimental study 

in 1924-1946, (2) Thailand’s retrospective cohort & modeling in 1973-2010, (3) Thailand & Puerto 

Rico’s longitudinal study in 1990-1993, (4) systematic review on extrinsic incubation period (EIP) 

and intrinsic incubation period (IIP) studies between 1903-2011, (5) clinical trial phase III data in 

5 Asian countries, and (6) clinical trial phase III data in 5 Latin American countries (described in 

table 9). 

 

Table 9. Datasets used by both Notre Dame model and Imperial model 

Datasets 

 

Notre Dame model 

(Perkins et al., 2016) 

(United States) 

Imperial model 

(Ferguson et al., 2016) 

(United Kingdom) 

PMID Study 

Method 

Location Year Parameter Name Parameter Name 

14903434 

(Sabin, 

1952) 

Experimental 

study 

Philippines 1924-

1946 

Infection of susceptible 

mosquitoes by 

infectious people 

1/σ (duration of 

heterologous protection 

following natural infection) 

23825116 

(Reich et 

al., 2013) 

Retrospective 

cohort + 

modeling 

Bangkok, Thailand 1973-

2010 

Changes in the immune 

status of individual 

people 

1/σ (duration of 

heterologous protection 

following natural infection) 

15218911 

(Scott, et 

al., 2000) 

Longitudinal 

study 

Thailand & Puerto 

Rico 

1990-

1993 

Mosquito blood-

feeding 

meq (equilibrium number of 

adult female mosquitoes 

per person in the absence of 

seasonal variation in 

carrying capacity) 

23226436 

(Chan & 

Johansson, 

2012) 

Systematic 

review 

N/A 1903-

2011 

Intrinsic Incubation 

Period (IIP) for Log 

Normal 

TIP (intrinsic incubation 

period) 

25018116 

(Capeding 

et al., 

2014) 

Randomized 

Clinical Trial 

5 Asian countries 

(Indonesia, 

Malaysia, 

Philippines, 

Thailand, Vietnam) 

2011-

2014 

Risk Ratio (RR)  TDH (duration of vaccine-

induced heterologous 

protection) 

R02 (A) (basic reproductive 

number / R0 of DENV2 for 

Asian trial) 

25365753 

(Villar et 

al., 2015) 

Randomized 

Clinical Trial 

5 Latin American 

countries 

(Colombia, Brazil, 

Mexico, Puerto 

Rico, Honduras) 

2012-

2015 

Risk Ratio (RR) R02 (L) (basic reproductive 

number / R0 of DENV2 for 

Latin American trial) 
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5.0 Discussion 

We developed a method for characterizing the genealogy of parameter values from the 

epidemiological models in infectious disease. After testing the method using two dengue vaccine 

models from CMDVI paper by Flasche et al. (2016), we successfully extracted the parameters and 

its genealogy from the models and their sources, then visualized the genealogy through model 

diagrams and genealogical networks.  

The Notre Dame model used a stochastic and spatial type of modeling. Therefore, many of 

the parameters were not described in estimates or values; instead, the modelers used probabilites 

or distributions such as gamma and log-normal as parameters for their model. For spatial 

parameters, except for the population demography of Peru, the data of parameters could not be 

extracted into our tabular templates. Furthermore, the model also used five scenarios of 

transmission intensity for some parameters. The oldest dataset that was used by this model came 

from a systematic review of 35 EIP studies between the year 1903 and 2011. Whether these dataset 

populations are representative for this model that was fitted to represent a Peru population is still 

questionable. Since most parameter values used stochastic estimation and scenario-dependent, we 

could not interpret whether the parameter values were inconsistent with the sources. However, 

most values of the dataset sources were included in the range of the distribution/probability of 

parameters, e.g. infectiousness mosquito to human from the origin (Ellis et al., 2011) is 0.9 while 

the parameters used in the model is between 0.2 to 1.  

Since the Imperial model used a deterministic non-spatial type of modeling, it was 

considerably easier to extract and collect the information of parameter values from the model 

paper. Most parameter values, however, contain assumptions that have been mutually agreed with 
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the World Health Organization’s (WHO) Strategic Advisory Group of Experts (SAGE) Working 

Group on Dengue Vaccines and Vaccination (Flasche et al., 2016). As shown in figure 3 and 4, 

there are some discrepancies between parameters and origin dataset, e.g. adult mosquito mortality 

rate (0.1/day in parameter vs 0.14-0.38/day in origin), duration of heterologous protection 

following natural infection (1 year in parameter vs 2-9 months in origin), and basic reproductive 

number (2 - 2.7 in parameter vs 3.1-3.4 in origins). However, there is also some rounding process 

of parameter values from origin datasets, e.g. biting rate per mosquito (0.6/day in parameter vs 

0.67/day in origins) and intrinsic incubation period (6 days in parameter vs 5.9 days in origin). In 

addition, some parameters pick an estimate out of a range of numbers from origins, e.g. mean 

extrinsic incubation period (used 10 days out of 7-14 days in origins), an infectious period in 

human (used 4 days out of 3-10 days in origins). Whether rounding and picking up number process 

is considerably allowed or not is still questionable. However, every decision in parameterization 

needs a justification from the modelers depending on their personal experiences and consideration.  

For each visualization of parameters’ genealogy, the visualization can provide a piece of 

information about how the parameters were obtained and how the parameters, models, and datasets 

related each other. In figure 6, we can see that dataset population used in the Notre Dame model 

were mostly from Southeast Asian (Philippines and Thailand) and Latin American (Peru) 

population. The use of Peru demography information as their parameters benefit Notre Dame 

model since they fitted the model into the Peru population However, parameters of transmission 

and mosquito-related – as also found in Imperial model – were mostly from studies that have been 

well established in Asian countries (especially Southeast Asia such as Thailand, Philippines, 

Indonesia, Vietnam, and Cambodia). Additionally, except for basic reproductive number (R0) and 

population parameter, Imperial did not provide the evidence of origin for the dataset from Brazil 
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that the model was fitted to. Therefore, it raised a question whether the parameter values that were 

from other populations are appropriate and representative for the Imperial model.  

In the combined model’s genealogical network, we successfully identified at least 6 origin 

datasets that were used by both models. Despite the same datasets were used by both models, each 

model used the datasets for different purposes and parameters, e.g. a study by Sabin (1952) was 

used for the infection probability of susceptible mosquitoes by infectious people parameter by 

Notre Dame model while used for the duration of heterologous protection following natural 

infection parameter by Imperial model. However, an established systematic review of extrinsic 

and intrinsic incubation period studies by Chan & Johansson (2012) was used both models for the 

intrinsic incubation period parameter.  

5.1 Strengths & Limitations 

The multisectoral approach (public health, epidemiology, informatics, social network, and 

statistics) to address epidemiological model problems becomes a strength of this study. Besides, 

this approach can allow researchers to implement similar methods in other types of modeling and 

the other potential fields of study.  

The limitation of this study includes that this study only tested the new method with 2 

models out of 8 models provided by the main paper (Flasche et al., 2016). Furthermore, our method 

and table templates seem likely to be more suitable for deterministic and/or non-spatial 

epidemiological models than for stochastic and/or spatial epidemiological models. 
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5.2 Challenges 

During the method development, we have been back and forth to design our tables that 

were used to collect the information of parameters, datasets, and models.  Furthermore, we needed 

a sturdy foundation to start this study because it became our challenge to find the established works 

that relates to our method development research. 

While conducting in-depth review and extracting the parameters information from the 

papers, we faced challenge to extract information of parameters from the papers because most of 

the information were mostly in narration and incomplete. The complexity of the modeling process 

has urged the modelers to translate the mathematical language into scientific language for readers, 

which instead has created sometimes confusion information. Additionally, there were often 

discrepancy between parameter values used in the model paper and in the cited, origin papers 

without description of how the modelers dealt with the discrepancy and assumption.  

After the method has been developed and parameters have been extracted completely for 

each model, we faced a challenge of how to find a suitable software package to establish the 

visualization of genealogy network and mapping. However, we decided to use PowerPoint ® and 

open-source GEPHI, so that other researchers can reproduce and continue our research. Moreover, 

to develop a good genealogical network, we needed extensive time to figure out the 

relationship/connections between parameters, models, and datasets within the model.  
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5.3 Conclusion 

The method of characterizing genealogy of parameter values from epidemiological models 

shows its potential to assess the representativeness of parameter values in an epidemiological 

model. This study is hoped to establish a foundation for future research in validating the 

epidemiological models through statistical method and machine-driven utilization. 
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6.0 Public Health Significance 

Since there has not been a study found that used a similar method to assess epidemiological 

model in infectious diseases, this study would be the first one and enrich the public health research 

and field. This study aimed to develop a new method for characterizing genealogy of parameter 

values and to test the method using the published epidemiological model. The method is hoped to 

benefit modelers and researchers in producing a better quality model by providing a tool that 

allows researchers to improve the representativeness and reproducibility of epidemiological 

models. Added values for epidemiological model’s assessment will provide a better prediction and 

decision-making process, especially in public health field.  

This study also will provide a strong foundation, not only for public health but also for 

other fields that are benefited from modeling and simulation. Furthermore, in the future, we predict 

that the modeling will be widely used for abundant good purposes, especially if integrated with 

artificial intelligence and machine learning in providing more impact to resemble the real world 

situation.  
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7.0 Future Implications 

This essay aimed to develop a method that addresses the important problem related to the 

parameterization of epidemiological models. Besides this new method needs to be improved 

through more testing of epidemiological models and adjustments, the more models from varied 

types and fields are needed to widen the usage of this method. 

The fundamental future implication of this study is to create a better quality of 

epidemiological models. Our method can only assess the epidemiological models qualitatively 

through visualization of genealogy mapping and network of parameter values. Therefore, a new 

method that uses statistical and mathematical approach is favorably needed to validate the 

epidemiological models quantitatively  

Along with the availability of new methods to validate the epidemiological models, there 

should be an open-source and online platform that can manage epidemiological models including 

its parameter values and attributes. Besides the platform can enrich the knowledge database of 

model parameters, the system can ease the work of modelers to create better models that can be 

more impactful to community and public health.  

Finally, machine-learning and artificial intelligence nowadays have been popularly known 

and widely available. Therefore, the utilization of machine-learning and artificial intelligence in 

epidemiological models is hoped to enable the efficient machine-driven data mining program to 

extract parameter values automatically from the available published epidemiological models 

around the world. Additionally, the more parameters are available to represent the target model, 

the better quality of model will be created. 
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Appendix A Model Citations 

To facilitate readers to follow up the citations that were identified with PMID in section 4.2 (model 

diagrams), we provided the PMID along with its citation sources for each model. 

1. Notre Dame model citations 

PMID Citation 

21813844 Ellis, A. M., Garcia, A. J., Focks, D. A., Morrison, A. C., & Scott, T. W. (2011). Parameterization 

and sensitivity analysis of a complex simulation model for mosquito population dynamics, 

dengue transmission, and their control. Am J Trop Med Hyg, 85(2), 257-264. 

doi:10.4269/ajtmh.2011.10-0516 

6976230 Gubler, D. J., Suharyono, W., Tan, R., Abidin, M., & Sie, A. (1981). Viraemia in patients with 

naturally acquired dengue infection. Bull World Health Organ, 59(4), 623-630. 

26214039 Hadinegoro, S. R., Arredondo-Garcia, J. L., Capeding, M. R., Deseda, C., Chotpitayasunondh, 

T., Dietze, R., . . . Saville, M. (2015). Efficacy and Long-Term Safety of a Dengue Vaccine in 

Regions of Endemic Disease. N Engl J Med, 373(13), 1195-1206. doi:10.1056/NEJMoa1506223 

19721700 Magori, K., Legros, M., Puente, M. E., Focks, D. A., Scott, T. W., Lloyd, A. L., & Gould, F. 

(2009). Skeeter Buster: a stochastic, spatially explicit modeling tool for studying Aedes aegypti 

population replacement and population suppression strategies. PLoS Negl Trop Dis, 3(9), e508. 

doi:10.1371/journal.pntd.0000508 

903935 McDonald, P. T. (1977). Population characteristics of domestic Aedes aegypti (Diptera: 

culicidae) in villages on the Kenya Coast I. Adult survivorship and population size. J Med 

Entomol, 14(1), 42-48. 

17330791 Nishiura, H., & Halstead, S. B. (2007). Natural history of dengue virus (DENV)-1 and DENV-4 

infections: reanalysis of classic studies. J Infect Dis, 195(7), 1007-1013. doi:10.1086/511825 

23776195 Olkowski, S., Forshey, B. M., Morrison, A. C., Rocha, C., Vilcarromero, S., Halsey, E. S., . . . 

Stoddard, S. T. (2013). Reduced risk of disease during postsecondary dengue virus infections. J 

Infect Dis, 208(6), 1026-1033. doi:10.1093/infdis/jit273 

25142528 Perkins, T. A., Garcia, A. J., Paz-Soldan, V. A., Stoddard, S. T., Reiner, R. C., Jr., Vazquez-

Prokopec, G., . . . Tatem, A. J. (2014). Theory and data for simulating fine-scale human 

movement in an urban environment. J R Soc Interface, 11(99). doi:10.1098/rsif.2014.0642 

23825116 Reich, N. G., Shrestha, S., King, A. A., Rohani, P., Lessler, J., Kalayanarooj, S., . . . Cummings, 

D. A. (2013). Interactions between serotypes of dengue highlight epidemiological impact of 

cross-immunity. J R Soc Interface, 10(86), 20130414. doi:10.1098/rsif.2013.0414 

14903434 Sabin, A. B. (1952). Research on dengue during World War II. Am J Trop Med Hyg, 1(1), 30-

50. 

15218911 Scott, T. W., Amerasinghe, P. H., Morrison, A. C., Lorenz, L. H., Clark, G. G., Strickman, D., . 

. . Edman, J. D. (2000). Longitudinal studies of Aedes aegypti (Diptera: Culicidae) in Thailand 

and Puerto Rico: blood feeding frequency. J Med Entomol, 37(1), 89-101. 

26214040 Simmons, C. P. (2015). A Candidate Dengue Vaccine Walks a Tightrope. N Engl J Med, 373(13), 

1263-1264. doi:10.1056/NEJMe1509442 
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25311700 Snow, G. E., Haaland, B., Ooi, E. E., & Gubler, D. J. (2014). Review article: Research on dengue 

during World War II revisited. Am J Trop Med Hyg, 91(6), 1203-1217. doi:10.4269/ajtmh.14-

0132 

8931208 Ewell M. Comparing methods for calculating confidence intervals for vaccine efficacy. Stat Med. 

1996;15(21-22):2379–92. 

25018116 Capeding, M. R., Tran, N. H., Hadinegoro, S. R. S., Ismail, H. I. H. M., Chotpitayasunondh, T., 

Chua, M. N., ... & Pitisuttithum, P. (2014). Clinical efficacy and safety of a novel tetravalent 

dengue vaccine in healthy children in Asia: a phase 3, randomised, observer-masked, placebo-

controlled trial. The Lancet, 384(9951), 1358-1365. 

25365753 Villar, L., Dayan, G. H., Arredondo-García, J. L., Rivera, D. M., Cunha, R., Deseda, C., ... & 

Rey, L. C. (2015). Efficacy of a tetravalent dengue vaccine in children in Latin America. New 

England Journal of Medicine, 372(2), 113-123. 

doi: 

10.1101/082396 
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Appendix B GEPHI instruction 

For reproducibility of this study, we provided the instruction of using GEPHI software 

package. In this study, we used GEPHI ver. 0.9.2 (GNU General Public License) on Microsoft 

Windows 10 ((Microsoft® Corporation, Redmond, WA, USA). GEPHI software is open-source 

and can be downloaded in their website: https://gephi.org/. To create the similar genealogical 

networks that were shown in this study, we prepared the tables as instructed in section 3.3.2 and 

4.1, then we followed several steps as bellow: 

1. Import excel file containing nodes table: 

a) Click Menu Data Laboratory > Import Spreadsheet 

b) General Excel Options (1 of 2): Choose Excel file to import & Import as: Nodes table 

> Next 

c) Import settings (2 of 2): required columns: Id, label > Set up as needed > Finish 

d) Check append in the current workspace >  Click OK 

 

2. Import excel file containing edges table: 

a) Menu Data Laboratory > Import Spreadsheet 

b) General Excel Options (1 of 2): Choose Excel file to import & Import as: Edges table 

> Next 

c) Import settings (2 of 2): required columns: Source, Target, & Weight > Set up as 

needed > Finish 

d) Check Append in the current workspace > Click OK 

 

3. Set up nodes size: 

Menu Overview > Submenu Appearance > Nodes > Size> Ranking: Degree > Min size: 

20, Max size: 80 > Apply 

 

4. Set up nodes color: 

Menu Overview > Submenu Appearance > Nodes >  Color > Partition: Entity > Palette: 

Default > Apply 

 

5. Set up node texts: 

Menu Overview > Tab menu: click Show node label 

 

6. Spread the network: 

7.  

a) Click Menu Overview > Submenu Layout > ForceAtlas 2 > adjust as bellow 
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Threads  

- Threads number 3 

Performance  

- Tolerance (speed) 1.0 

- Approximate Repulsion Unchecked 

- Approximation 0.5 

Tuning  

- Scalling 150.0 

- Stronger Gravity Unchecked 

- Gravity 0.5 

Behavior Alternatives  

- Dissuade Hubs Unchecked 

- LinLog mode Unchecked 

- Prevent Overlap Checked 

- Edge Weight Influence 0.0 

b) Click Run 

 

8. Adjust the overlap of nodes & texts 

a) Menu Overview > Submenu Layout > LabelAdjust > Speed: 1.0, include node size 

checked > Run 

LabelAdjust  

- Speed 1.0 

- Include Node Size Checked 

 

b) Menu Overview > Submenu Layout > Noverlap > Run 

Noverlap  

- Speed 3.0 

- Ratio 1.2 

- Margin 5.0 

 

c) To contract or expand the edges, click Menu Overview > Submenu Layout > 

Contraction / Expansion if needed 

Contraction  

- Scale Factor 0.8 

 

Expansion  

- Scale factor 1.2 

 

 



 44 

Bibliography 

Anderson, R. M., & May, R. M. (1992). Infectious diseases of humans: dynamics and control. 

Oxford university press.  

Apostolakis, G. E. (1994). A commentary on model uncertainty. Model Uncertainty: Its 

Characterization and Quantification, 13-22. 

Burke, D. S. (2016). Forecasting the opioid epidemic. Retrieved from 

http://science.sciencemag.org/content/354/6312/529 

Bhatt, S., Gething, P. W., Brady, O. J., Messina, J. P., Farlow, A. W., Moyes, C. L., . . . Hay, S. I. 

(2013). The global distribution and burden of dengue. Nature, 496(7446), 504-507. 

Retrieved from 

http://spiral.imperial.ac.uk/bitstream/10044/1/49018/2/The%20global%20distribution%2

0and%20burden%20of%20dengue.pdf. doi:10.1038/nature12060 

Capeding, M. R., Tran, N. H., Hadinegoro, S. R., Ismail, H. I., Chotpitayasunondh, T., Chua, M. 

N., . . . Bouckenooghe, A. (2014). Clinical efficacy and safety of a novel tetravalent dengue 

vaccine in healthy children in Asia: a phase 3, randomised, observer-masked, placebo-

controlled trial. Lancet, 384(9951), 1358-1365. Retrieved from 

https://www.thelancet.com/journals/lancet/article/PIIS0140-6736(14)61060-6/fulltext. 

doi:10.1016/s0140-6736(14)61060-6 

Chan, M., & Johansson, M. A. (2012). The incubation periods of Dengue viruses. PLoS One, 7(11), 

e50972. Retrieved from 

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3511440/pdf/pone.0050972.pdf. 

doi:10.1371/journal.pone.0050972 

Chowell, G., Hyman, J. M., Bettencourt, L. M. & Castillo-Chavez, C. (eds.).(2009). Mathematical 

and statistical estimation approaches in epidemiology (pp. 103-121). Dordrecht: Springer. 

Cruz-Pacheco, G., Duran, L., Esteva, L., Minzoni, A., Lopez-Cervantes, M., Panayotaros, P., . . . 

Villasenor Ruiz, I. (2009). Modelling of the influenza A(H1N1)v outbreak in Mexico City, 

April-May 2009, with control sanitary measures. Euro Surveill, 14(26).  

Dubé C., Garner G., Stevenson M., Sanson R., Estrada C. & Willeberg P. (2007). – The use of 

epidemiological models for the mangement of animal diseases. In Proc. 75th General 

Session of the International Committee of the World Organisation for Animal Health 

(OIE), 20-25 May, Paris, 11 

Daley, D. J., & Gani, J. (2001). Epidemic modelling: an introduction (Vol. 15). Cambridge 

University Press. 

Date, K. A., Vicari, A., Hyde, T. B., Mintz, E., Danovaro-Holliday, M. C., Henry, A., . . . Dietz, 

V. (2011). Considerations for oral cholera vaccine use during outbreak after earthquake in 

Haiti, 2010-2011. Emerg Infect Dis, 17(11), 2105-2112. Retrieved from 

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3310586/pdf/11-0822_finalS.pdf. 

doi:10.3201/eid1711.110822 

Ferguson, N. M., Rodriguez-Barraquer, I., Dorigatti, I., Mier, Y. T.-R. L., Laydon, D. J., & 

Cummings, D. A. (2016). Benefits and risks of the Sanofi-Pasteur dengue vaccine: 

Modeling optimal deployment. Science, 353(6303), 1033-1036. Retrieved from 

http://spiral.imperial.ac.uk/bitstream/10044/1/49018/2/The%20global%20distribution%20and%20burden%20of%20dengue.pdf
http://spiral.imperial.ac.uk/bitstream/10044/1/49018/2/The%20global%20distribution%20and%20burden%20of%20dengue.pdf
https://www.thelancet.com/journals/lancet/article/PIIS0140-6736(14)61060-6/fulltext
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3511440/pdf/pone.0050972.pdf
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3310586/pdf/11-0822_finalS.pdf


 45 

http://spiral.imperial.ac.uk/bitstream/10044/1/45746/6/aaf9590_Combined%20PDF.pdf. 

doi:10.1126/science.aaf9590 

Flasche, S., Jit, M., Rodriguez-Barraquer, I., Coudeville, L., Recker, M., Koelle, K., . . . Ferguson, 

N. (2016). The Long-Term Safety, Public Health Impact, and Cost-Effectiveness of 

Routine Vaccination with a Recombinant, Live-Attenuated Dengue Vaccine (Dengvaxia): 

A Model Comparison Study. PLoS Med, 13(11), e1002181. Retrieved from 

http://spiral.imperial.ac.uk/bitstream/10044/1/43061/2/journal.pmed.1002181.pdf. 

doi:10.1371/journal.pmed.1002181 

Foppa, I. M. (2016). A Historical Introduction to Mathematical Modeling of Infectious Diseases: 

Seminal Papers in Epidemiology. Academic Press. 

Foucault, M. (1980). Language, counter-memory, practice: Selected essays and interviews. 

Cornell University Press. 

Gallegos, D. P., & Bonano, E. J. (1993). Consideration of uncertainty in the performance 

assessment of radioactive waste disposal from an international regulatory perspective. 

Reliability Engineering & System Safety, 42(2-3), 111-123. 

Genealogy [Def.4]. (n.d.-a). In Merriam-Webster Online. Retrieved April 4, 2019, from 

https://www.merriam-

webster.com/dictionary/genealogy?utm_campaign=sd&utm_medium=serp&utm_source=

jsonld 

Genealogy [Def.4]. (n.d.-b). In Oxford English Dictionary. Retrieved April 4, 2019, from 

http://www.oed.com/view/Entry/77484?redirectedFrom=genealogy#eid 

Gubler, D. J., Ooi, E. E., Vasudevan, S., & Farrar, J. (Eds.). (2014). Dengue and dengue 

hemorrhagic fever. CABI. 

Green, D. M., Kiss, I. Z., & Kao, R. R. (2006). Parameterization of individual-based models: 

comparisons with deterministic mean-field models. J Theor Biol, 239(3), 289-297. 

doi:10.1016/j.jtbi.2005.07.018 

Hadinegoro, S. R., Arredondo-Garcia, J. L., Capeding, M. R., Deseda, C., Chotpitayasunondh, T., 

Dietze, R., . . . Saville, M. (2015). Efficacy and Long-Term Safety of a Dengue Vaccine in 

Regions of Endemic Disease. N Engl J Med, 373(13), 1195-1206. Retrieved from 

https://www.nejm.org/doi/full/10.1056/NEJMoa1506223?url_ver=Z39.88-

2003&rfr_id=ori%3Arid%3Acrossref.org&rfr_dat=cr_pub%3Dpubmed. 

doi:10.1056/NEJMoa1506223 

Halstead, S. B., Mahalingam, S., Marovich, M. A., Ubol, S., & Mosser, D. M. (2010). Intrinsic 

antibody-dependent enhancement of microbial infection in macrophages: disease 

regulation by immune complexes. Lancet Infect Dis, 10(10), 712-722. Retrieved from 

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3057165/pdf/nihms274930.pdf. 

doi:10.1016/s1473-3099(10)70166-3 

Koopman, C. (2013). Genealogy as critique: Foucault and the problems of modernity. Indiana 

University Press. 

Law A.M. (2005). How to build valid and credible simulation models. In Proc. 2005 Winter 

Simulation Conference (M. Kuhl, N. Steiger, F. Armstrong & J. Joines, eds), 4-7 

December, Orlando, Florida, 24-32. 

Li, M. Y. (2018). An Introduction to Mathematical Modeling of Infectious Diseases (Vol. 2). 

Springer. 

Meltzer, M. I., Damon, I., LeDuc, J. W., & Millar, J. D. (2001). Modeling potential responses to 

smallpox as a bioterrorist weapon. Emerg Infect Dis, 7(6), 959-969. Retrieved from 

http://spiral.imperial.ac.uk/bitstream/10044/1/45746/6/aaf9590_Combined%20PDF.pdf
http://spiral.imperial.ac.uk/bitstream/10044/1/43061/2/journal.pmed.1002181.pdf
https://www.nejm.org/doi/full/10.1056/NEJMoa1506223?url_ver=Z39.88-2003&rfr_id=ori%3Arid%3Acrossref.org&rfr_dat=cr_pub%3Dpubmed
https://www.nejm.org/doi/full/10.1056/NEJMoa1506223?url_ver=Z39.88-2003&rfr_id=ori%3Arid%3Acrossref.org&rfr_dat=cr_pub%3Dpubmed
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3057165/pdf/nihms274930.pdf


 46 

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC2631899/pdf/11747722.pdf. 

doi:10.3201/eid0706.010607 

Nietzsche, F. W., & Hollingdale, R. J. (1989). On the genealogy of morals. Vintage. 

Osterholm, M.T. (2007, Aug 09). The epidemic of statistical modeling studies that 'predict' the 

future: Don't be a victim as you prepare for the next pandemic. Retrieved from 

http://www.cidrap.umn.edu/news-perspective/2007/08/epidemic-statistical-modeling-

studies-predict-future-dont-be-victim-you 

Perkins TA, Reiner RC, ten Bosch QA, Espana G, Verma A, Liebman KA, et al. Statistical and 

biological uncertainties associated with vaccine efficacy estimates and their implications 

for dengue vaccine impact projections. bioRxiv. 2016. 

Rachah, A., & Torres, D. F. (2015). Mathematical modelling, simulation, and optimal control of 

the 2014 Ebola outbreak in West Africa. Discrete Dynamics in Nature and Society, 2015. 

Rao, V. S. H., & Durvasula, R. (2013a). Dynamic models of infectious diseases (Vol. 1). New 

York: Springer. 

Rao, V. S. H., & Durvasula, R. (2013b). Dynamic models of infectious diseases (Vol. 2). New 

York: Springer. 

Reich, N. G., Shrestha, S., King, A. A., Rohani, P., Lessler, J., Kalayanarooj, S., . . . Cummings, 

D. A. (2013). Interactions between serotypes of dengue highlight epidemiological impact 

of cross-immunity. J R Soc Interface, 10(86), 20130414. Retrieved from 

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3730691/pdf/rsif20130414.pdf. 

doi:10.1098/rsif.2013.0414 

Sabin, A. B. (1952). Research on dengue during World War II. Am J Trop Med Hyg, 1(1), 30-50.  

Sargent R. (2007). Verification and validation of simulation models. In Proc. 2007 Winter 

Simulation Conference (S.G Henderson, B. Biller, M.-H. Hsieh, J. Shortle, J.D. Tew & R. 

Barton, eds), 9-12 December, Washington, DC, 124-137. 

Scott, T. W., Amerasinghe, P. H., Morrison, A. C., Lorenz, L. H., Clark, G. G., Strickman, D., . . 

. Edman, J. D. (2000). Longitudinal studies of Aedes aegypti (Diptera: Culicidae) in 

Thailand and Puerto Rico: blood feeding frequency. J Med Entomol, 37(1), 89-101. 

Retrieved from https://academic.oup.com/jme/article-

abstract/37/1/89/858778?redirectedFrom=fulltext. doi:10.1603/0022-2585-37.1.89 

Screaton, G., & Mongkolsapaya, J. (2018). Which Dengue Vaccine Approach Is the Most 

Promising, and Should We Be Concerned about Enhanced Disease after Vaccination? The 

Challenges of a Dengue Vaccine. Cold Spring Harb Perspect Biol, 10(6). Retrieved from 

https://cshperspectives.cshlp.org/content/10/6/a029520. doi:10.1101/cshperspect.a029520 

Shaparenko, B., & Joachims, T. (2007, August). Information genealogy: uncovering the flow of 

ideas in non-hyperlinked document databases. In Proceedings of the 13th ACM SIGKDD 

international conference on Knowledge discovery and data mining (pp. 619-628). ACM. 

Simmons, C. P., Farrar, J. J., Nguyen v, V., & Wills, B. (2012). Dengue. N Engl J Med, 366(15), 

1423-1432. Retrieved from 

https://www.nejm.org/doi/full/10.1056/NEJMra1110265?url_ver=Z39.88-

2003&rfr_id=ori%3Arid%3Acrossref.org&rfr_dat=cr_pub%3Dpubmed. 

doi:10.1056/NEJMra1110265 

Taylor N. (2003). Review of the use of models in informing disease control policy development 

and adjustment. A report for DEFRA. Veterinary Epidemiology and Economics Research 

Unit, Reading. Available at: 

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC2631899/pdf/11747722.pdf
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3730691/pdf/rsif20130414.pdf
https://academic.oup.com/jme/article-abstract/37/1/89/858778?redirectedFrom=fulltext
https://academic.oup.com/jme/article-abstract/37/1/89/858778?redirectedFrom=fulltext
https://cshperspectives.cshlp.org/content/10/6/a029520
https://www.nejm.org/doi/full/10.1056/NEJMra1110265?url_ver=Z39.88-2003&rfr_id=ori%3Arid%3Acrossref.org&rfr_dat=cr_pub%3Dpubmed
https://www.nejm.org/doi/full/10.1056/NEJMra1110265?url_ver=Z39.88-2003&rfr_id=ori%3Arid%3Acrossref.org&rfr_dat=cr_pub%3Dpubmed


 47 

http://epicentre.massey.ac.nz/resources/acvsc_grp/docs/Taylor_2003.pdf (accessed on 13 

October 2009). 

Tuiskunen Bäck, A., & Lundkvist, Å. (2013). Dengue viruses–an overview. Infection ecology & 

epidemiology, 3(1), 19839. 

Verwoerd, D. W. (2015). Definition of a vector and a vector-borne disease. Rev Sci Tech, 34(1), 

29-39.  

Villar, L., Dayan, G. H., Arredondo-Garcia, J. L., Rivera, D. M., Cunha, R., Deseda, C., . . . 

Noriega, F. (2015). Efficacy of a tetravalent dengue vaccine in children in Latin America. 

N Engl J Med, 372(2), 113-123. Retrieved from 

https://www.nejm.org/doi/full/10.1056/NEJMoa1411037?url_ver=Z39.88-

2003&rfr_id=ori%3Arid%3Acrossref.org&rfr_dat=cr_pub%3Dpubmed. 

doi:10.1056/NEJMoa1411037 

World Health Organization. (2009). Dengue: Guidelines for treatment, prevention and control. 

Geneva: World Health Organization. 

World Health Organization. (2016, March 17). Comparative modelling of dengue vaccine public 

health impact (CMDVI). Retrieved from 

https://www.who.int/immunization/sage/meetings/2016/april/2_CMDVI_Report_FINAL.

pdf 

World Health Organization. (2017, December 22). Updated questions and answers related to the 

dengue vaccine Denvaxia ® and its use. Retrieved from 

https://www.who.int/immunization/diseases/dengue/q_and_a_dengue_vaccine_dengvaxia

_use/en/ 

World Health Organization. (2018, September 13). Dengue and sever dengue. Retrieved from 

https://www.who.int/en/news-room/fact-sheets/detail/dengue-and-severe-dengue 

 

 

https://www.nejm.org/doi/full/10.1056/NEJMoa1411037?url_ver=Z39.88-2003&rfr_id=ori%3Arid%3Acrossref.org&rfr_dat=cr_pub%3Dpubmed
https://www.nejm.org/doi/full/10.1056/NEJMoa1411037?url_ver=Z39.88-2003&rfr_id=ori%3Arid%3Acrossref.org&rfr_dat=cr_pub%3Dpubmed

	Title Page
	Committee Members
	Abstract
	Preface
	1.0  Introduction
	1.1 Epidemiological Models
	1.1.1  Definition of Epidemiological Models
	1.1.2  Types of Epidemiological Models

	Table 1. Types of epidemiological models
	1.1.3  The Uses of Epidemiological Models
	1.1.4  Stages of Building Epidemiological Models
	1.1.5  Model Uncertainties
	1.1.6  Epidemiological Model Parameterization

	1.2  Genealogy
	1.2.1  Definition of Genealogy
	1.2.2  Application of Genealogical Method
	1.2.3  Genealogy of Parameters of Epidemiological Models

	1.3 Dengue Fever
	1.3.1  The Global Burden of Dengue
	1.3.2  Transmission and Symptoms of Dengue
	1.3.3  Dengue Vaccine
	1.3.4  Enhanced Disease after Dengue Vaccination
	1.3.5  Dengue Vaccine Comparative Study

	1.4 Gaps in Knowledge

	2.0 Objectives
	3.0 Methods
	3.1 Study Design
	3.2 Method Development Process
	3.3 Testing of New Method
	3.3.1  Parameter Genealogy Diagram
	3.3.2  Genealogical Network Analysis

	Figure 1. A sample of network containing a model, two parameters, and a dataset
	Table 2. Sample of nodes table of model
	Table 3. Sample of edges table of model
	3.4 Model Description
	3.4.1  Notre Dame Model
	3.4.2  Imperial Model


	4.0 Results
	4.1 A Proposed Genealogy-based Method to Determine Parameter Value Origins
	Figure 2. A proposed method to determine parameter value origins
	Table 4. Models (variable names, units, definitions) used in the model paper
	Table 5. Parameters (variable names, definitions, units) used in the model paper
	Table 6. Datasets (variable names, units, definitions) used in the model paper
	Table 7. Excel file of nodes of the genealogical network analysis (variable names, table source, definitions)
	Table 8. Excel file of edges of the genealogical network analysis (variable names, table source, definitions)
	4.2 Method Implementation on Two Example Models
	Figure 3. The model diagram of Notre Dame model, prepared in PowerPoint
	Figure 4. The first part of model diagram of Imperial model, prepared in PowerPoint
	Figure 5. The second part of model diagram of Imperial Model, prepared in PowerPoint
	4.3 Genealogical Network Analysis
	Figure 6. The curve genealogical network analysis of Notre Dame model (left) & Imperial model (right)
	4.3.1  Notre Dame Model

	Figure 7. The result of directed genealogical network analysis of Notre Dame model
	4.3.2  Genealogical Network of Imperial Model

	Figure 8. The result of directed genealogical network analysis of Imperial model
	4.3.3  Genealogical Network of Combined Model

	Figure 9. The result of curve genealogical network analysis of combined model
	Figure 10. The result of directed genealogical network analysis of combined model
	Table 9. Datasets used by both Notre Dame model and Imperial model

	5.0 Discussion
	5.1 Strengths & Limitations
	5.2 Challenges
	5.3 Conclusion

	6.0 Public Health Significance
	7.0 Future Implications
	Appendix A Model Citations
	Appendix B GEPHI instruction
	Bibliography

