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ABSTRACT 

Spatially explicit agent-based models (ABMs) have been used to capture dynamic spatio

temporal phenomena at an individual-level. In the ABMs, the phenomena under study are driven 

by interactions among heterogeneous individual agents and the environment. The behaviors and 

interactions of agents are often specified from incomplete knowledge, which may be responsible 

for uncertainty in the model outcomes. To measure this uncertainty and examine the accuracy of 

the model outcomes in relation to referenced observations, model validation and sensitivity 

analysis (SA) should be performed. As a theoretical framework, pattern-oriented modeling 

(POM) helps in evaluating model fit by comparing simulated results with multiple patterns of 

observations. In this dissertation, I proposed and tested pattern-oriented validation and SA 

methods for spatially explicit ABMs. Spatially explicit ABMs of vector-borne disease 

transmission in a community were used as the case study. The specific objectives of this 

dissertation are threefold: (1) to test hypotheses about the impact of the characteristics of dengue 

virus transmission on model outcomes, (2) to propose a conceptual framework of pattern

oriented validation method for spatially explicit ABMs, and (3) to perform pattern-oriented SA 

for spatially explicit ABMs. I tested the influence of model specifications and parameterizations 

of the dengue virus (DENY) transmission process on dengue outbreak patterns at macro and 

micro space-time scales. The results indicate that model specifications about spatial 

configurations of residential area, mosquito population density, and immunity status of 

individual humans are of importance to reproduce observed patterns of DENY outbreaks at 

multiple space-time scales. Thus, the assumptions about behaviors and interactions of agents 

need to be carefully considered and embedded in the models. I also found that the impacts of 
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input parameters on variability in the space-time patterns differ by space-time scales. This 

dissertation highlights the potential important of the use of multiple space-time scale patterns in 

validation and SA for spatially explicit ABMs. 

Keywords: spatially explicit agent-based model, pattern-oriented modeling, validation, 

sensitivity analysis, space-time pattern, dengue virus transmission 
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Chapter 1 

Introduction 

This chapter provides a general introduction to the dissertation. First, it introduces the 

background and the motivation of this dissertation, focusing on the currently unsolved issues 

associated with uncertainty that is an inherent problem in spatially explicit agent-based models. 

This chapter then continues to discuss the three major research questions being addressed in this 

dissertation. The three research questions will be addressed in Chapters 4, 5, and 6, respectively. 

Finally, the organizational structure of this dissertation is outlined. 

1.1 Problem statement 

Spatially explicit agent-based models (ABMs) have become a recognized method to 

capture and simulate dynamic phenomena in not only spatial studies (Brown, Page, Riolo, 

Zellner, & Rand, 2005; Brown & Robinson, 2006; Ligmann-Zielinska, 2013; Manson, 2005; 

Perry & O'Sullivan, 2017) but also many other disciplines, such as epidemiology (Chao, 

Halstead, Halloran, & Longini Jr, 2012; Reiner, Stoddard, & Scott, 2014), ecology (DeAngelis & 

Mooij, 2005; Grimm et al., 2005) and economics (Farmer & Foley, 2009; Tesfatsion, 2003). 
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Particularly, spatially explicit ABMs describe the phenomena based on individual-level 

behaviors of heterogeneous agents, and the interactions between them and the environment. To 

achieve an improved understanding of the spatio-temporal phenomenon being modeled, the 

dynamic phenomenon is explored by associations between the input parameters and model 

outcomes (An, Linderman, Qi, Shortridge, & Liu, 2005; Parker & Meretsky, 2004). 

Because of the limited availability of observed data (Crooks, Castle, & Batty, 2008), only 

some key assumptions about behaviors and interactions of individual agents are considered and 

simplified in the ABMs. For example, in ABMs, human agents are often assumed to commute to 

the nearest school/workplace (Chao et al., 2012; Mao & Bian, 2010). To cope with the absence 

of adequate data at finer spatial scales, the individual agent's movements are often assigned by a 

basic aggregate relationship, such as the gravity model (Ajelli et al., 2010; Schelhom, 

O'Sullivan, Haklay, & Thurstain-Goodwin, 1999). Unfortunately, such model assumptions, 

specified from incomplete knowledge, may be responsible for misunderstanding the process. 

Therefore, it is of importance to explore how model specifications may lead to different spatio

temporal patterns of model outcomes. Further, to ensure the applicability of the models, 

validation for spatially explicit ABMs should be performed. The methodologies presented in this 

dissertation will help in gaining an improved understanding of the phenomenon of interest, and 

also serve as tools to inform the model development process. 

ABMs have inherent challenges associated with stochastic uncertainty (Brown, Page, et 

al., 2005), due to model specifications and the input parameters. The input parameters in the 

models are often drawn from specified probability distribution functions to capture the 

probabilistic nature of phenomena, such as disease transmission ( Crooks & Hailegiorgis, 2014; 

Perez & Dragicevic, 2009) and human decision making process (Brown, Page, et al., 2005; 
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Fontaine & Rounsevell, 2009; Ligmann-Zielinska & Sun, 2010). The problems associated with 

uncertainty may limit the ability to account for dynamic associations between input parameters 

and model outcomes. In other words, ABMs do not provide an improved understanding of the 

independent and interactive effects of input parameters on variability in model outcomes. To 

address these challenges, a sensitivity analysis (SA) is used to explore the impact of input 

parameters on the model outputs. 

Pattern-oriented modeling (POM) (Grimm & Railsback, 2012; Grimm et al., 2005) plays 

a role in designing and testing the applicability of models by comparing the patterns generated in 

model outcomes to observed patterns (O'Sullivan & Perry, 2013). Following the POM, ABMs 

that well reproduce the space-time patterns of observations at multiple spatio-temporal scales can 

be thought of as suitable models. In spite of the great importance of space-time patterns, 

especially for spatially explicit ABMs, there is a noticeable lack of the use of space-time patterns 

as a measurement for validation and SA of spatially explicit ABMs. 

1.2 Research objectives 

This dissertation aims to explore the dynamic associations of model specifications and 

model outcomes in spatially explicit ABMs. Spatially explicit ABMs of dengue virus (DENY) 

transmission in a community, Kamphaeng Phet province (KPP), Thailand were used as the case 

study. The following three objectives are pursed in this dissertation: 

(1) to test hypotheses about the impacts of the characteristics of DENV transmission 

models on model outcomes; 

(2) to propose a conceptual framework of pattern-oriented validation method for spatially 

explicit ABMs; 

(3) to perform a pattern-oriented SA of spatially explicit ABMs. 
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1.3 Structure of dissertation 

This dissertation is structured based on an accumulation of three individual but 

interrelated research components, which are Chapter 4, 5, and 6, respectively. Each component 

aligns with the modeling development process (Figure 1.1). ABMs are usually developed by an 

iterative process, including conceptualization of the phenomenon of interest, model 

implementation, model evaluation, and model refinement (in detail, see Section 2.3). 

Specifically, this dissertation focuses on the model evaluation and refinement after 

conceptualization and implementation. The first research component tests hypothesis about 

model specifications included in implemented ABMs. The second research component seeks to 

evaluate the model specifications included in the ABMs. The third component explores 

sensitivities of space-time patterns of model outcomes to input parameters, which also addresses 

uncertainty arising from parameterization. 

conceptualization 

implementation 

• Hypothesis Testing 

0 Pattern-Oriented Validation 

evaluationlO Pattern-Oriented Sensitivity Analysis 

refinement 

Figure 1. 1 Research roadmap 
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This dissertation is comprised of seven chapters. The remainder of this dissertation is 

organized as follows. 

Chapter 2 reviews the related literature in spatially explicit ABMs, pattern-oriented 

modeling, and DENY transmission. Specifically, the chapter presents the essential components 

of ABMs, and distinct characteristics of spatially explicit ABMs. The necessity of the use of 

pattern-oriented modeling in spatially explicit ABMs is also introduced. Since this dissertation 

uses spatially explicit ABMs of DENY transmission as the case study, the necessary background 

about DENY transmission is included. 

Chapter 3 introduces spatially explicit ABMs of DENY transmission used in this 

dissertation. The study area and data are presented. This chapter provides fundamental 

components of ABMs, such as model design and parameters. 

Chapter 4 presents a study that explores the impact of specifications in spatially explicit 

ABMs on the model outcomes. The model specifications include the ecological and the 

environmental factors on the DENY transmission model. The model outcomes are summarized 

by the annual attack rates of DENY and serotype-specific dominance using Gini and Herfindahl 

indices. 

Chapter 5 proposes the use of space-time statistics to validate spatially explicit ABMs. 

The ABMs used in this chapter was expanded based on the model used in previous chapter. 

Specifically, following POM, this chapter explores the impacts of model specifications on the 

model outcomes at multiple space-time scales. The evaluation of model outcomes is conducted 

by comparison of simulated space-time patterns to the observed space-time patterns at multiple 

space-time scales (i.e., macro and micro space-time scales). 

5 
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Chapter 6 performs pattern-oriented SA for spatially explicit ABMs. The ABMs used in 

this chapter was also expanded based on the model used in Chapter 4. This chapter mainly 

addresses the uncertainty arising from incomplete knowledge of the phenomenon of interest in 

spatially explicit ABMs. Following POM, I examine the sensitivities of the space-time patterns 

to input parameters at the multiple space-time scales. 

Finally, Chapter 7 draws the conclusions and discussion of the dissertation. Particularly, I 

discuss the contributions and implications in the fields of spatially explicit ABMs, and spatially 

explicit ABMs for DENV studies. Along with the limitations, I propose several research 

directions for future studies. 
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Chapter 2 

Background and Related Literature 

This chapter provides the necessary background for this dissertation. I will discuss essential 

knowledge about agent-based models (ABMs), spatially explicit ABMs, the model development 

process, pattern-oriented modeling (POM) for spatially explicit ABMs, and dengue virus 

(DENY) transmission. 

2.1 Agent-based models 

ABMs have emerged in various disciplines as a way to capture and to simulate dynamic 

phenomena. The main advantage of using ABMs is their ability to describe complex systems 

with heterogeneous individual behaviors and their interactions with others and the environment 

at an individual level (Crooks & Heppenstall, 2012; Filatova, Verburg, Parker, & Stannard, 

2013; Heath, Hill, & Ciarallo, 2009; O'Sullivan & Perry, 2013; Wilensky & Rand, 2015). Using 

ABMs, we are able to discover knowledge about phenomena of interest or conduct experiments 

for policy making. 
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The main components of ABMs are agents, environments, and interactions (Figure 2.1 ). 

An agent is a fundamental unit of the ABM. Thus, the agents need to be carefully chosen and 

designed. The agents are specified with their properties and behaviors. The properties of an agent 

describe the agent's state and any characteristics that may affect or be affected though the 

simulations. The agents also may perform various actions, such as moving, staying and 

interacting with other agents. Agents are scheduled to behave synchronously (i.e., the behaviors 

of agents are performed at each time step) or asynchronously (i.e., the behaviors are triggered by 

other agents' behaviors). The environments are also an important component of ABMs and serve 

as the space in which the agents are located. Space is not a necessarily realistic geographical 

location and can be represented through vector- or grid-based space. The phenomena described 

in ABMs are driven by interactions between agents or between agents and the environment. The 

interactions of agents are specified by linking agents through stimuli and reactions (i.e., specific 

behaviors of agents stimulate other agents' behaviors). 
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Agent-Based Model ----------------------

____ environment __ 

• Properties 
• Age 
• Gender 
• Household 
• School/Workplace 

• Behaviors 
• Commuting 
• Staying 

Figure 2.1 The main components of agent-based model 

2.2 Spatially explicit ABMs 

In spatial modeling, the geographically realistic space inevitably needs to be considered 

(Batty, Crooks, See, & Heppenstall, 2012). The ABMs in which the environments are described 

with a geographical space are called spatially explicit ABMs. Of course, the agents are located in 

a geographical space, and they are movable within the spatial environment. In other words, the 

spatially explicit ABMs capture the spatio-temporal dynamics by integrating the 

interdependencies and feedbacks between the agents and the spatio-temporal environment. 

(Abdou, Hamill, & Gilbert, 2012; An et al., 2005; Castle & Crooks, 2006; Grimm et al., 2006; 

Parker, Manson, Janssen, Hoffmann, & Deadman, 2003). The behavior of agents may result in 

several outcomes (Brown, Riolo, Robinson, North, & Rand, 2005; O'Sullivan, Millington, Perry, 

& Wainwright, 2012), such as decreasing the amount of resources at the locations (because 

agents may use the resources at their current locations), changing the land use and land type, and 
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the occurrence of diseases. For more examples of behaviors of agents in spatially explicit ABMs, 

please see O'Sullivan et al. (2012). 

The purpose of spatially explicit ABMs is to explore the spatial patterns of phenomena 

over time, such as land-cover change (Evans & Kelley, 2004) and disease outbreaks (Perez & 

Dragicevic, 2009). Therefore, spatial heterogeneity is the most principal component in spatially 

explicit ABMs (An et al., 2005; Benenson & Torrens, 2004; Berec, 2002; Grimm et al., 2006). 

Initial conditions in the ABMs often reflect spatial heterogeneity. For example, in agent-based 

land-use models, heterogeneity is revealed through topography (Evans & Kelley, 2004). In 

agent-based infectious disease models, heterogeneity is represented through a heterogeneously 

mixed population (Perez & Dragicevic, 2009). 

2.3 Model development process 

There is not universal agreement on a precise method of model development, but the 

general process of model development is an iterative process, including conceptualization, 

implementation, evaluation, and refinement steps (Figure 2.2). Model development begins with a 

conceptualization of the phenomenon of interest; this is also often referred to as the concept 

model or the model design. The conceptualization specifies the fundamental components of 

models, as follows: (1) basic questions or goals addressed through models, (2) elements of 

models (i.e., agent's attributes, behaviors, and interactions), and (3) the measurable model 

outcomes (Wilensky & Rand, 2015). Conceptualization is essential if models are to be well 

understood and widely reused by others (Grimm et al., 2006). 

Once the phenomenon is conceptualized, ABMs are implemented using general 

programming languages (e.g., C++, R, and Python) or ABM platforms (e.g., NetLogo, Repast, 

AnyLogic and Mason). In particular, the ABM platforms provide templates for the model 
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implementation, as well as visualization of the models. Thus, the use of ABM platforms may 

prevent the burdens arising from developing software components that are unrelated to research 

contents, such as graphic user interface (GUI), data import-export, and visualization (Castle & 

Crooks, 2006; Tobias & Hofmann, 2004). Using the common ABM platforms also has the 

advantage of being able to share the developed models in the user community (e.g., 

www.openabm.org for NetLogo, and cloud.anylogic.com for AnyLogic). Each platform has 

distinguishable functions, but depending upon the purpose for developing the models, the ABM 

platform needs to be properly chosen. 

Once developed, the model must be evaluated, which includes the verification and 

validation processes. Specifically, verification is used to determine whether the implemented 

model corresponds to the conceptual model (Crooks et al., 2008; Heath et al., 2009; Wilensky & 

Rand, 2015). In other words, model verification allows modelers to make sure that the model is 

correctly implemented. The verification process also includes a debugging process to avoid the 

execution of errors. Validation is used to check whether the model reproduces the phenomenon 

as measured in the real world (Heath et al., 2009; Wilensky & Rand, 2015). Model validation is 

often performed by comparing the simulated results with observations. Through an iterative 

process of model verification and validation, the model specification would be improved. 

Therefore, the ability to test hypotheses though simulations would increase. 

A core ABM design principle is to begin with the simplest set of agents and rules of 

behaviors which can be used to capture the phenomenon (Wilensky & Rand, 2015). The model 

structure and parameter values in the model are often refined. The refinement of the ABMs is 

pursued to more accurately reflect a real-world system. This refinement process includes 

11 
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calibration that typically adjusts the parameter values in the model. Importantly, the evaluation 

and refinement processes should be comprehensively performed. 

Figure 2.2 Model development process 

2.4 Pattern-oriented modeling for spatially explicit ABMs 

Pattern oriented modeling (POM) has been widely used for the purpose of 

conceptualizing the phenomenon of interest, testing the developed model, and improving the 

model (i.e., adjusting the input parameters). The POM approach highlights the usefulness of the 

observed patterns in optimizing the model structure and reducing parameter uncertainty (Grimm 

et al., 2005). It is claimed that a single pattern of observations at a particular scale is likely 

insufficient to choose the model structure and parameters (Grimm et al., 2005; O'Sullivan & 

Perry, 2013). Each pattern of the model's components (i.e., individuals) can be used as a filter 
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which determines whether or not the model structure and parameters are acceptable (Jakoby, 

Grimm, & Frank, 2014). Therefore, the multiple observed patterns should be well reflected in the 

model parameters and structure of the model. 

Figure 2.3 shows a POM design of an example of spatially explicit ABMs of DENY 

transmission (for details, see Chapter 3). In spatially explicit ABMs of DENY transmission, the 

DENY cases occur by interactions between human hosts and mosquito vectors. Individual 

humans and mosquito vectors are thought as of agents. The mosquito vectors in the real system 

reside in buildings and travel from their current location to neighboring or distant buildings 

(Figure 2.3 (a)). However, considering only the spatial of temporal patterns of a mosquito 

population would be a poor choice for a model structure intended to reproduce the ecological 

natures of mosquito vectors. Importantly, mosquitoes are characterized by both the spatial and 

temporal patterns. For example, due to the hot and humid summer season in Thailand, the 

number of mosquitoes fluctuates seasonally (Halstead, 2008), as shown in Figure 2.3 (b ). The 

distribution of mosquito vectors is spatially heterogeneous (i.e., the mosquitoes are often highly 

clustered) (Figure 2.3 (c)) (Aldstadt et al., 2011; Barrera, Amador, & Clark, 2006). Therefore, 

the spatially explicit ABM of DENY transmission should include the parameters and structure 

which can explicitly represent these spatially and temporally observed multiple patterns. 
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real system observed patterns model parameters & structure 
(b)(a) 

§ ... mosquito seasonality function() 

(c) 

"' "' --. J~ 
... negative binomial distribution 

50 100 150 

•ofAl,. h eacl1buil<m; 

Figure 2.3 Pattern-oriented model design of a spatially explicit ABM of DENV transmission 

The importance of spatial ( or spatio-temporal) patterns has been placed on spatially 

explicit ABMs (Brown & Robinson, 2006; Evans & Kelley, 2004; Parker & Meretsky, 2004). 

Because spatially explicit ABMs should appropriately represent the heterogeneity of the agents 

and their environment (Brown & Robinson, 2006), the patterns of simulated outcomes are also 

more likely to be heterogeneous (i.e., sparse or clustered). Given the importance of spatial ( or 

spatio-temporal) patterns in spatially explicit ABMs, the POM approach would help in the 

process of model design, evaluation, and refinement. 

POM has been primarily used to validate the simulated outcomes in a qualitative manner 

(Jakoby et al., 2014; Perry & O'Sullivan, 2017; Railsback & Johnson, 2011). The observations 

and simulated outcomes are often summarized through quantitative measurement, such as the 

attack rates of a certain infectious disease of interest and the population density of a particular 

species. However, the model evaluation is usually performed in a qualitative manner. For 

example, summarized patterns of observations and simulated outcomes are visually represented 

14 



Background and Related Literature Chapter 2 

in various graphs. Then, the models are evaluated to determine whether or not the lines or dots 

are well fitted with each other. Importantly, the qualitative evaluation may limit the 

understanding as to what extent the models reproduce the observed patterns and how the 

parameters can be properly chosen for a better model fit. 

In addition, previous studies have used patterns of various model outcomes (Heppenstall, 

Evans, & Birkin, 2007; Narzisi, Mysore, & Mishra, 2006; Railsback & Johnson, 2011; Wang et 

al., 2018), but multiple scale spatio-temporal patterns of the simulated outcome of interest (i.e., 

space-time disease outbreaks patterns at macro and micro scales) have been rarely employed. 

The multiple scale patterns are necessarily to be explored to boost the reliability of the ABMs, 

especially for capturing spatially and temporally clustered phenomena, such as crime cases and 

disease outbreaks. The models would not be validated when such ABMs reproduce either only 

macro scale patterns (i.e., the number of cases in study area) or micro scale patterns (i.e., spatio

temporally clustered or random). Therefore, the ABMs should be assessed by comparing 

multiple scale patterns of observations and the simulated outcomes. 

2.5 Dengue virus 

DENY is a considerable public health problem in tropical and sub-tropical countries. 

Fifty to one hundred million DENY cases are expected to occur annually in the Asia-Pacific 

region (WHO, 2012). DENY particularly affects children aged zero to fifteen years of age in 

Thailand (Buathong et al., 2013). A licensed vaccine is being administered on a limited basis in 

some countries, but current efforts for DENY preventions and control still focus on reducing the 

mosquito population (Achee et al., 2015; Scott & Morrison, 2010). Given the non-trivial 

economic burdens arising from DENY cases ( e.g., the annual costs for DENY illness were 
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estimated to be at least US $ 53.1 million in Thailand (Suaya et al., 2009)), dengue preventions 

and control should be continued not only for the better health of people, but also to improve the 

economic statuses of low-income countries. 

There are four distinct serotypes of DENV (DENV-1, -2, -3 and -4), and they are closely 

related serologically to each other. Infection by any single serotype provides lifetime immunity 

to that serotype with transient cross-protection to the other three serotypes (Reich et al., 2013; 

Sabin, 1952; WHO, 2012). An infection from DENV is often accompanied with at one of 

following symptoms: fever, headache, nausea, vomiting, rash, bleeding, shock, or muscular pain 

(WHO, 2014). It was found that secondary DENV infections are likely to cause severe illness 

(Monath, 1994). Importantly, dengue hemorrhagic fever/dengue shock syndrome (DHF/DSS) in 

secondary infections occurs more frequently among children less than 15 years of age (Fried et 

al., 2010; Guzman et al., 2002; Ooi, Goh, & Wang, 2003). 

DENV outbreaks are related to not only environmental factors, such as temperature and 

rainfall (Hii, Zhu, Ng, Ng, & Rocklov, 2012; Stewart-Ibarra et al., 2014), but also ecological 

factors (i.e., mosquito density (Halstead, 2008) and herd immunity (Ferguson, Donnelly, & 

Anderson, 1999)). Such environmental and ecological factors are closely associated with each 

other. An increase in temperature may lead to an increased reproduction and decreased 

incubation period of larvae, which in tum, is also likely to increase in DENV outbreaks 

(Barbazan et al., 2010; Jetten & Focks, 1997). 

The DENV outbreaks are often spatially and temporally clustered at a fine spatio

temporal scale (Aldstadt, 2007; Yoon et al., 2012) because of the short flight distance ofAedes 

aegypti (Harrington et al., 2001; Harrington et al., 2005). The mosquito vectors usually travel to 

nearby buildings, but occasionally travel to more distant places. These mosquitoes' movements 
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are restricted by the spatial configuration of buildings (Harrington et al., 2005; Tsuda, Takagi, 

Wang, Wang, & Tang, 2001). The spatial distributions of mosquito vectors are highly clustered 

(Aldstadt et al., 2011; Barrera et al., 2006), which has an impact on DENY transmission patterns 

(Favier et al., 2005; Smith, Dushoff, & McKenzie, 2004). 

In addition, the patterns of DENY outbreaks are also attributed to heterogeneously mixed 

human population and their immunity status (Salje et al., 2012). Specifically, the individual 

human hosts are more likely to have a similar immunity status as their neighbors, because of the 

seasonally predominant serotype of DENY (Nisalak et al., 2003) and the focal nature of DENY 

outbreaks (Mammen Jr et al., 2008). These immunological history of individuals can also 

influence the spatio-temporal patterns of future endemic transmission (Gubler, 2002; Salje et al., 

2012). 

2.6 Summary 

In this chapter, I have presented the key concepts and background knowledge related to 

this dissertation. First, I introduced ABMs and their components, and characteristics. In the 

following section, I differentiated spatially explicit ABMs from the general ABMs. The spatially 

explicit ABMs purpose to capture the spatio-temporal dynamics of the phenomenon of interest, 

and thus the spatial environment should be a realistic geographical space. Section 2.3 presents 

the model development process of ABMs to show how each component of this dissertation fits in 

the process. In this section, I also discussed the most fundamental theoretical concept in this 

dissertation, pattern-oriented modeling, and its usefulness for spatially explicit ABMs. Lastly, I 

briefly covered DENY and its important factors relating to spatio-temporal patterns. 
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Chapter 3 

Spatially Explicit Agent-Based 
Models of Dengue Virus 
TransIDission 

This chapter presents the spatially explicit ABMs of DENV transmission developed and used in 

this dissertation. A description of the study area and data used to develop the ABMs are also 

provided here. In this dissertation, three versions of spatially explicit ABMs are used to address 

the research questions. The model specifications and parameters embedded in the three models 

for Chapter 4, 5, and 6 are also explained. 

3.1 Study area and data 

The study area is based on a north-eastern portion of Kamphaeng Phet Province (KPP), 

Thailand. As previously explained in Section 1.3, This dissertation used three versions of 

spatially explicit ABMs; however, the foundational components in the ABMs are similar to each 
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other. The study area in the model in Chapter 4 was expanded for the models described in 

Chapter 5 and 6. 

Specifically, in Chapter 4 and 5, the models were used to address the research questions 

in regard to the model specification about the spatial configurations of residential buildings in the 

study area. Therefore, the realistic and synthetic environments were considered. In the realistic 

spatial configuration scenarios in Chapter 4 (Figure 3.1 (a)) and Chapter 5 (Figure 3.1 (c)), all 

houses were located at a realistic location, whereas, in the synthetic spatial configuration 

scenarios in Chapter 4 (Figure 3.1 (b)) and Chapter 5 (Figure 3.1 (d)), they were randomly 

arranged). 

Building locations of houses were identified from GPS data in the realistic environment 

in Chapter 4. The study area of ABMs used in Chapter 4 consisted of 895 houses, 20 workplaces, 

and 4 schools (Figure 3.1 (a)). The number of all types of buildings is identical to that in the 

synthetic environment (Figure 3.1 (b)). Building locations derived from Lidar data of the study 

area were used in the realistic environment in Chapter 5 and 6. The area in the ABMs used in 

Chapter 5 and 6 was composed of 3683 houses, 185 workplaces, and 8 schools, as shown in 

Figure 3.1 (c). The number of buildings is also identical in the synthetic environment (Figure 3.1 

(d)). The locations were projected in the Universal Transverse Mercator (UTM) system, Zone 47 

North. 
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Figure 3.1 Study area. (a) realistic spatial configuration in Chapter 4 and (c) in Chapter 5 and 6, 

(b) synthetic spatial configuration in Chapter 4 (b) and (d) 

A registered resident dataset collected in KPP in 2009 (Thomas et al., 2015) was utilized, 

and the population of houses was drawn at random from the sample of households. The synthetic 

population had approximately 2,800 individuals within 895 houses in ABMs for Chapter 4 and 

11,700 individuals within 3,683 houses for ABMs for Chapters 5 and 6. Although population 

varies depending on the number ofhouseholds, the composition of total population is identical in 
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all ABMs for Chapters 4, 5, and 6. The composition of the synthesized population is shown in 

Figure 3.2. In the study area, children age 19 years of age and under comprised approximately 

50% of the total population. The shape of the population pyramid is atypical because many 

young adults have left to work in urban centers. 

Male Age Female 

85+ 

80-84 

75-79 

70-74 

65-69 

60-64 

55-59 

50-54 

45-49 

40-44 

35-39 

30-34 

25-29 

20-24 

15-19 

10-14 

5-9 

0-4 

20 15 10 5 0 0 5 10 15 20 
Total Population(%) Total Population (%) 

Figure 3.2 Synthesized population pyramid 

Figure 3.3 (a), (b), (c) and (d) show the susceptible population pyramids to specific 

serotypes (DENV-1, -2, -3, and-4), respectively. There are higher proportions of susceptible 

children in total susceptible population. Although about 50% of the population are children in the 
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synthetic population, about 80% of susceptible individuals are children in synthetic susceptible 

population. In addition, small proportions of adults are susceptible in synthetic susceptible 

population, since adults in Thailand may have likely had more frequent experiences ofDENV 

infection (Mammen Jr et al., 2008). 

(a) (b) 
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Figure 3.3 Synthesized susceptible population pyramid. (a) susceptible population to DENV-1; (b) 

susceptible population to DENV-2; (c) susceptible population to DENV-3; (d) susceptible 

population to DENV-4 
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In ABMs for Chapter 5 and 6, the populations were updated every year with the addition 

of newborns and the removal of deaths and out-migrants. The birth rates and death/out-migration 

rates were calculated from population register data obtained from the Department of Provincial 

Administration (DOPA), Ministry of Interior Thailand. Each of these population changes was 

applied to households selected at random. 

3.2 Model specification 

In this dissertation, spatially explicit ABMs were developed using Anylogic 7.3.5 . The 

models had three components: (1) a set of agents, their attributes and behaviors, (2) a set of 

interactions between agents, and (3) the environment in which agents interact with each other. In 

detail, the agent refers to each human, infectious female mosquito (the female mosquito becomes 

an agent when it gets infected), and building (houses, schools, and workplaces). The details of 

agents' attributes and behaviors are provided in Section 3.4 and 3.5. 
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Table 3 .1 Model description 

Simulation Behaviors of human 
Chapter Study area Human population size 

periods agents 

Houses (895), Approximately 2,800 
Commuting to 

Chapter 4 workplaces (20), without demographic 1 year 
school/workplace 

Schools (4) change over time 

Houses (3683), Approximately 11 ,700 
Commuting to 

Chapter 5 workplaces ( 185), with demographic 20 years 
school/workplace 

schools (8) change over time 

Houses (3683), Approximately 11,700 Commuting to 

Chapter 6 workplaces (185), with demographic 10 years school/workplace and 

schools (8) change over time acquaintances' home 

The ABMs in Chapter 4 were used to explore the impact of the model specifications on 

the spatial configuration of buildings and the spatial distribution of mosquito vector populations. 

Thus, the simulations under four scenarios were performed, as follows: (1) heterogeneous 

mosquito population in the realistic environment (HeteroReal), (2) homogeneous mosquito 

population in the realistic environment (HomoReal), (3) heterogeneous mosquito population in 

the synthetic environment (HeteroSynth), and (4) homogeneous mosquito population in the 

synthetic environment (HomoSynth) (for details, see Chapter 4). 

The ABMs in Chapter 5 were simulated varying the model specifications of the spatial 

configuration of buildings, the spatial distribution of mosquito vector population, and the 

individual human immunity status. The simulations were conducted under eight scenarios: (1) 
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heterogeneous mosquito population in the realistic environment with preserving individuals' 

immunity status (HeteroRealPre ), (2) heterogeneous mosquito population in the realistic 

environment with resetting individuals' immunity status (HeteroRealReset), (3) heterogeneous 

mosquito population in the synthetic environment with preserving individuals' immunity status, 

(4) heterogeneous mosquito population in the synthetic environment with resetting individuals' 

immunity status, ( 5) homogeneous mosquito population in the realistic environment with 

preserving individuals' immunity status, (6) homogeneous mosquito population in the realistic 

environment with resetting individuals' immunity status, (7) homogeneous mosquito population 

in the synthetic environment with preserving individuals' immunity status, and (8) homogeneous 

mosquito population in the synthetic environment with resetting individuals' immunity status 

(for details, see Chapter 5). 

The ABMs in Chapter 6 were simulated with the homogeneous mosquito population in 

the realistic environment. The simulations were executed by varying the values of the following 

input parameters: (1) the level of herd immunity, (2) mosquito population density, (3) mosquito 

extrinsic incubation period, and ( 4) introduction rates (for details, see Chapter 6). 

3.3 Conceptual model of DENV transmission 

To describe the DENY transmission process in the ABMs, I employed the Susceptible

Exposed-Infectious-Recovered (SEIR) model (Figure 3.4). Typically, people are in one of four 

states: "Susceptible" ( able to contact a specific serotype of DENY), "Exposed" ( exposed to that 

serotype, but not yet infectious), "Infectious" ( able to transmit the serotype of DENY), and 

"Recovered" (now immune to the infecting serotype of DENY). DENY is interactively 

transmitted as the adult Ae. aegypti bites infected humans to acquire DENY and then 

subsequently bites susceptible humans. 
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Figure 3.4 DENV transmission chain 

Due to the four distinct serotypes ofDENV, each human agent has one state for each 

serotype. In other words, although a human may be immune to a specific serotype, he/she may 

still be susceptible to exposure to the other three serotypes. In addition, it has been shown that 

cross-protection among the four serotypes is short-term. (Guzman et al., 2002; OhAinle et al., 

2011; Reich et al., 2013; Sabin, 1952). Thus, a human infected with any single serotype is not 

susceptible to other serotypes for two to three months. 

3.4 Human agents 

In spatially explicit ABMs, individual human is defined as an agent. Human agents move 

around or remain in a specific place for a given time. The daily movements of human agents 

depend on the age of each individual. These behaviors are described with daily routines (i.e., 

commuting to workplaces/schools) and social activities (i.e., visiting to houses of 

relatives/acquaintances). The ABMs in Chapters 4 and 5 contain only daily routines, whereas the 

ABMs in Chapter 6 include the both daily routines and social activities. 

26 



Spatially Explicit ABMs of DENY Transmission Chapter 3 

In the ABMs for Chapters 4 and 5, an individual human is assumed to spend the daytime 

(between 9 am-5 pm) at his/her workplace (those aged 20 to 64) or school (those aged 5 to 19), 

and the morning (before 9 am) and the nighttime (after 5 pm) at his/her home. The rest of the 

humans stay at their home all the time. Therefore, individual humans can interact with co

workers/classmates in their workplaces/schools in the daytime and with household members at 

home in the morning and nighttime. To avoid complicated process of DENY progression, we 

assumed that any infections result in illness, and thus, infectious individuals spend the entire day 

at his/her household until they recover (Figure 3.5). 

As explained in Section 3.3, the individual humans can be susceptible, exposed, 

infectious, or recovered for each serotype of DENY. Cross-protection against other serotypes 

lasts for 120 days. After 120 days, humans again become susceptible to serotypes to which they 

have not yet been exposed (Vaughn et al., 2000). 
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Figure 3.5 Human and Ae. Aegypti movements. (a) Human movements in a spatio-temporal 

dimension; (b) Ae. Aegypti movements in a spatial dimension 

In the ABMs for Chapter 6, individual human agents behave differently during weekdays 

and weekends (Figure 3.6). During the weekdays, they may have contact with others during four

time periods of the day: (1) morning (midnight-9 am), (2) daytime (9 am-5 pm), (3) evening (5 

pm-9 pm), and (4) the nighttime (9 pm-midnight). People can interact with their household 

members at home during the morning, evening, and nighttime; with classmates/coworkers at 

their schools/workplaces during the daytime; and with friends/relatives at the friends/relatives' 

houses during the evening. On the weekend, interactions with household members happen at 

home during the morning, daytime and evening, and nighttime, while those with friends/relatives 

occur in the acquaintances' houses during the daytime and evening. 
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Weekdays Weekends 

Morning ------• CommutingActivity 

+-------• Commuting Activity ~- Social Activity ~- Social Activity 

Figure 3.6 Human activities. (a) in a spatial frame and (b) in a spatio-temporal frame 

In the ABMs, human behaviors are also age-dependent. On weekdays, an individual 

spends the daytime period in school (those aged 5-19) or in the workplace (those aged 20-64). 

Both age groups are assumed to spend both morning and nighttime at home. Individuals aged 5-

64 sometimes visit the houses of acquaintances during the evening after work/school. On the 

weekend, individuals may spend leisure time ( during both the daytime and evening) in the 

houses of acquaintances. Individuals outside of those age ranges ( that is, those below the age of 5 

and over 65) are assumed to stay in their houses every day. Social activities in acquaintances' 

houses are assumed to occur with a 0.5 probability. 

In the epidemic context, given that DENV transmission is likely to occur in places where 

people often visit and interact with others (Stoddard et al., 2013; Stoddard et al., 2009), it is 

important to include people's social connections in the ABMs. Since the household members 

were randomly chosen for every simulation, the number of connections may vary, but the general 

distributions of the number of connections were similar among the simulations. In the model, 

these social connections enable people to visit the houses of others who are socially connected, 

and people who have many social connections have more opportunities to visit the houses of 

others. Specifically, each individual has five social connections and can visit only the households 
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of these five individuals in addition to the individual's own household and school/workplace 

(Figure 3.7). 

t t t t t 
• 
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◄-- - --- - - + human movement 

Figure 3.7 The association of social connections and human movements 

Table 3.2 provides the parameters of an individual human agent, which are almost the 

same as those of Chao et al. (2012). In Chapters 4 and 5, all ofparameters are the same in every 

scenario. In Chapter 6, I conducted a 10,000 Monte Carlo simulation by varying the values of the 

parameters (for details, please see Chapter 6). 
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Table 3 .2 Set of parameters for human agents used to do experiments 

Parameters Value Note 

Incubation period 6 days Time between exposure and infectiousness 

Viremic period 4 days Time between infectious and recovered 

stages 

Recovered period 120 days Days of complete cross-immunity after 

recovery 

0.25 Probability of mosquito to person 

transmission 

0.1 Probability of person to mosquito 

transmission 

Introduction rate 0.00001 Influx DENY from outside of study area 

Infected rate 0.14 Annual infection rate used to simulate 

population immunity 

3.5 Mosquito agents 

In the ABMs, only the infected female mosquitoes were assumed as agents. A female 

mosquito becomes infectious when it bites an infectious human host. The infected female 

mosquitoes are able to transmit DENY only to susceptible individual humans. Mosquito agents 

can typically reside in and move around among nearby buildings (less than 30 meters) with a 

daily probability of movement of0.15, but can also move to random locations in the study area 

with a daily probability of 0.01 (Figure 3.8). Although a mosquito agent's movement is 

evaluated once each day, its biting behaviors vary at four disease time intervals (08 - 13 hours, 
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13 - 18 hours, 18-24 hours, and 00-08 hours) with specific biting rates (0.08, 0.76, 0.13, and 

0.03), respectively (Chao et al., 2012). I also assume that each mosquito agent's survival is age

dependent (Harrington et al., 2001; Harrington et al., 2008; Harrington et al., 2005). 

30M 

···········• 1 % 

Figure 3.8 The movement activities of mosquito agents 

Similar to the human agents, all parameters in Chapters 4 and 5 are the same in every 

scenario (Table 3.3), but the value of the parameter, extrinsic incubation period, varies in the 

Monte Carlo simulations performed in Chapter 6 (for details, see Chapter 6). 
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Table 3.3 Parameters for mosquito agents used in the model 

Parameter Value Note 

Movement probability 0.15 , 0.01 Daily movement probability 

within neighbors and random 

location 

Movement radius < 30 meters Movement radius 

Extrinsic incubation period 11 days Days to become infectious 

Hazard rate 0.09, 0.08 Younger than 10 days and 

older than 10 days 

Biting rate 0.08, 0.76, 0.13, 0.03 Varies by time period (08-13, 

13-18, 18-24, 00-08) 

As explained in Section 2.2, to address the research questions about the influences of 

model specifications on model outcomes, the scenarios in regard to mosquito population were 

considered in Chapter 4 and 5, as follows: (1) homogeneous mosquito population and (2) 

heterogeneous mosquito population. Homogeneous and heterogeneous mosquito population 

scenarios differ by the spatial distribution of the mosquito populations in the buildings. The 

number of mosquitoes is the same in each building in the homogeneous mosquito population 

scenarios (Figure 3.9 (a)), whereas the number of susceptible mosquitoes varies in heterogeneous 

mosquito population scenarios (Figure 3.9 (b)). Both homogeneous and heterogeneous scenarios 

include seasonal fluctuation in the mosquito population. For the homogeneous mosquito 

population scenarios, the number of mosquitoes in each building is set to 42 at the peak in June, 

and just two in February. In the heterogeneous mosquito population scenarios, the number of 
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mosquitoes in each building is drawn from a negative binomial distribution with the same 

monthly average as used in the homogeneous scenarios. In detail, the number ofmosquitoes 

ranges between approximately 200 and 0 in June in the heterogeneous mosquito population 

scenarios, but the average number ofmosquitoes in all buildings in heterogeneous mosquito 

scenarios are similar to that ( 42) in the homogeneous mosquito population scenarios. In Figure 

3.9 (b), the dots and vertical dash lines denote the monthly average of building-level mosquito 

abundance and the monthly range of the abundance, respectively. In Chapter 6, only the 

homogeneous mosquito population is considered, but the maximum number ofmosquito 

populations varies in the Monte Carlo simulations (i.e., ranged from 10 to 50). 
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Figure 3.9 Seasonality in mosquito abundance. (a) the mean ofbuilding-level mosquito abundance 

in homogeneous mosquito population scenarios; (b) the mean and range of the building-level 

mosquito abundance in heterogeneous mosquito population scenarios 
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Chapter 4 

The influence of spatial 
configuration of residential area 
and IDosquito populations on 
dengue incidence patterns: 
Individual-level transIDission 
IDodel1 

Chapter 4 examines the impacts of model specifications in regard to the spatial configurations of 

buildings and mosquito populations on model outcomes in spatially explicit ABMs of DENV 

transmission. The outcomes are measured by the annual attack rates ofDENV and serotype

specific dominance using Gini and Herfindahl indices. The results from ANOV A indicate that 

there are statistical significances among the four scenarios. This chapter highlights that the 

1 A version of this chapter has been published in International Journal ofEnvironmental Research and 
Public Health (See Kang and Aldstadt (2017) for more details) 
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proper specifications of the local and ecological factors in the ABMs may boost their correctness 

and usefulness. 

4.1 Introduction 

Dengue is a significant and growing public health concern in tropical and subtropical 

developing countries. The World Health Organization (WHO) estimates that 50-100 million 

dengue infections, transmitted primarily by the Aedes aegypti mosquito, occur annually in the 

Asia-Pacific region (WHO, 2012). It has particularly affected children under 15 years old in 

Thailand (Buathong et al., 2013). A dengue vaccine has been licensed for use in several 

countries, but in most affected countries the current efforts for dengue prevention and control 

focus on reducing mosquito populations (Scott & Morrison, 2010). An improved understanding 

of the characteristics ofDENV transmission can enhance the effectiveness of prevention and 

control. In addition, it is difficult to precisely predict where and when DENV cases occur 

because of its different propensity and severity of four distinct serotypes (DENV-1, DENV-2, 

DENV-3, and DENV-4), as well as seasonal fluctuation of DENV incidence (Cazelles, Chavez, 

McMichael, & Hales, 2005; Fried et al., 2010; Thai et al., 2010). 

As is well known, environmental factors influence the dynamic nature of dengue. In other 

words, the factors such as climate and land use/land cover impact the local ecology ofAe. 

aegypti (Chen & Hsieh, 2012; Erickson, Presley, Allen, Long, & Cox, 2010; Halstead, 2008; 

Hopp & Foley, 2001; Pant & Yasuno, 1973; Scott et al., 1993; Stewart-Ibarra et al., 2014), which 

in tum, influences the large scale spatio-temporal patterns of DENV occurrence. Additionally, 

Ae. aegypti's movement is an important determinant of the local dynamics of DENV. These 

mosquitoes generally move between neighboring houses (Harrington et al., 2001; Harrington et 
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al., 2005; Schafrick, Milbrath, Berrocal, Wilson, & Eisenberg, 2013). The vectors can spread 

DENV among nearby locations while they move around. 

Recent studies often fail to describe DENV epidemics at a local scale since the factors 

that are associated with DENV are usually collected based on the aggregated units (e.g., census 

tracks, districts) (Kolivras, 2006; Van Benthem et al., 2005). This aggregation makes it 

impossible to study the within unit variation of infection risk and understand factors related to 

risk at the local level. Given spatially and temporally clustered patterns of DENV incidence 

(Delmelle, Dony, Casas, Jia, & Tang, 2014; Mammen Jr et al., 2008; Yoon et al., 2012) and local 

predominance of a specific serotype ofDENV by year (Nisalak et al. , 2003), aggregated data 

limit study of the DENV transmission. 

As an alternative approach, an agent-based model (ABM) is conducive to fully describe 

dynamic phenomena at the micro-scale by defining each heterogeneous agent, its behaviors, and 

interactions between agents and environments. ABMs have proved a useful way to integrate 

current knowledge ofDENV transmission and address research questions via simulation (Chao 

et al., 2012; de Castro Medeiros et al., 2011; de Lima et al., 2016). They empirically support the 

claim that human movements have a significant influence on transmission of DENV (Stoddard et 

al., 2009). So far, however, there has been a little discussion in what ways the spatial 

configuration of the environment impacts DENV transmission patterns. In spite of the 

possibilities that the spatial distribution of residential area can influence on mosquitoes' 

movements (Harrington et al., 2005; Tsuda et al., 2001), there is a noticeable lack ofresearch on 

this issue. 

Interested in addressing this issue, the main objectives of this chapter are twofold: (1) to 

develop a spatially explicit ABMs of DENV transmission in a village setting, and 2) to explore 
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the joint impacts of the spatial configuration of residential buildings, and the structure of 

mosquito populations on DENV outbreaks patterns, in terms of infection rates and serotype

dominance. Specifically, this chapter seeks to answer the following research questions: 

• How does the spatial configuration of buildings influence dengue incidence rates? 

• How does the spatial configuration impact serotype-specific dominance? 

• How does mosquito population distribution influence dengue infection rates, as well 

as serotype-specific dominance? 

4.2 Model design 

We carried out four experimental scenarios: heterogeneous mosquito population in 

realistic configuration (HeteroReal), heterogeneous mosquito population in synthetic 

configuration (HeteroSynth), homogeneous mosquito population in realistic configuration 

(HomoReal), and homogeneous mosquito population in synthetic configuration (HomoSynth) 

within a period of one year (Table 4.1 ). 

Table 4.1 Model specification 

Scenario Spatial configuration Mosquito population 

HeteroReal Realistic Heterogeneous 

HomoReal Realistic Homogeneous 

HeteroSynth Synthetic Heterogeneous 

HomoSynth Synthetic Homogeneous 
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These experiments were performed within a period of one year, from January 1st, 2014 to 

January l81, 2015. For a better estimation of the model outputs, the simulations were run with 

1,000 iterations of each scenario. The compositions of household members were differently set 

up in every iteration for all four scenarios. While running for iterations, the simulations were 

executed over and over by varying experiment settings based on the scenarios (i.e., locations of 

household and mosquito population). 

4.3 Results 

4.3.1 Exploration on DENV infection rate 

We explored four experimental scenarios: HeteroReal, HomoReal, HeteroSynth, and 

HomoSynth. The infection rates were measured as the total number of infections, including 

asymptomatic infections, divided by the total population. DENV infection rates were 

significantly different (Figure 4.1 and Table 4.2). Through the results from ANOV A, we found 

the statistically significant differences in infection rates among four scenarios: HeteroReal (M = 

0.064, SD= 0.042), HomoReal (M=0.074, SD=0.043), HeteroSynth (M=0.013, SD=0.006), and 

HomoSynth (M=0.014, SD=0.005), F 3, 3996 = 1125.7, p<0.001. The result from the Bonferroni 

adjustment indicated that the rates in realistic spatial configuration scenarios were greater than in 

those in synthetic spatial configuration scenarios (p < 0.001). 
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Figure 4.1 Infection rates. (a) HeteroReal; (b) HomoReal; (c) HeteroSynth; (d) HomoSynth 

Table 4.2 Infection rates in scenarios 

Scenario Infection rates (95 % Cl) 

HeteroReal 0.064 (0.061 -0.066) 

HomoReal 0.074 (0.071 -0.077) 

HeteroSynth 0.013 (0.013 -0.014) 

HomoSynth 0.014 (0.013 -0.014) 
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The greater infection rates in realistic environment scenarios were attributed to the 

number of neighboring buildings(< 30 meters). In the model, neighboring buildings were 

defined as those that are located within the 30-m limit ofregular mosquito agents' movements. 

The more neighboring buildings, the higher chance that mosquito agents move between them. In 

other words, mosquito agents' movements were less limited in the realistic environments than 

those in the synthetic environments (Table 4.3). 

Table 4.3 The number of isolated and neighboring buildings 

Spatial configuration Counts of isolated buildings Counts of neighboring buildings 

Realistic configuration 111 804 

Synthetic configuration 693 222 

As shown in Figure 4.2, the buildings in realistic environment scenarios were more 

spatially clustered than those in synthetic spatial environment. The average distance of nearest 

neighboring building in the realistic and synthetic spatial configurations were 22.97 and 48.91 

meters, respectively. 
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(a) Realistic Spatial Configuration (b) Synthetic Spatial Configuration 
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Figure 4.2 Distance of nearest neighborhood. (a) realistic spatial configuration; (b) synthetic 

spatial configuration 

In regard to the influence of mosquito abundance, homogeneous mosquito populations 

lead to more infections than heterogeneous mosquito populations in realistic spatial 

configuration (p < 0.001), but there was no difference in synthetic spatial configuration (p > 

0.05). In the realistic configurations, the influence of the structure of mosquito population was 

statistically significant, and such influence was also observed in previous studies (Favier et al., 

2005; Smith et al., 2004). The lack of significant difference in infection rates in synthetic 

environments may be attributed to insufficient incidence (see Figure 4.1 and Table 4.2). 

There were seasonal fluctuations of monthly DENV infection rates for each scenario 

from Oto 0.04 (Figure 4.3). This seasonality can be accounted for by simply attributing the 

mosquito vector's seasonal abundance (Halstead, 2008). I found that DENV infection rates were 

relatively higher in summer season whereas they were lower in winter. The infection rates in 

HomoReal scenario were much higher than those in others. More mosquitoes during the summer 
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season in the realistic environment might lead to more infected mosquitoes. These infected 

mosquitoes were able to move more freely in the realistic environments, which might be 

responsible for such greater infection rates in HomoReal scenarios than other scenarios. 

Infection Rate Variability 
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Figure 4.3 Seasonal variability of infection rates 

4.3.2 Exploration of DENV serotype dominance 

To measure a specific DENV serotype dominance, we employed two indices, the Gini 

index and the Herfindahl index. The both Gini and Herfindahl indices are ranged from zero to 

one, with zero indicating no concentration (DENV outbreaks were evenly distributed among the 

four serotypes) and one meaning high concentration (a specific serotype is dominant). 
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A specific-serotype was more dominant in realistic spatial configuration scenarios than 

that in synthetic spatial configuration scenarios (Figure 4.4, Figure 4.5 and Table 4.4). There was 

statistical significance in terms of serotype concentration (F3,3996 = 689.2, p < 0.001 and F3,3996 = 

533.08, p < 0.001 for Gini and Herfindahl indices, respectively). The results from Bonferroni 

post-hoc analysis indicated that both Gini and Herfindahl indices in realistic environment 

scenarios were greater than those in synthetic environment scenarios (p <0.0001). In other words, 

individual serotypes were more likely to be dominant in the realistic environments than those in 

the synthetic environments. These findings provide an improved understanding of the dynamic 

nature of DENV outbreaks. 
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Figure 4.4 Gini index. (a) HeteroReal; (b) HomoReal; (c) HeteroSynth; (d) HomoSynth 
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Figure 4.5 Herfindahl index. (a) HeteroReal; (b) HomoReal; (c) HeteroSynth; (d) HomoSynth 

Table 4.4 Gini and Herfindahl indices 

Scenario Gini index (95% Cl) Herfindahl index (95% Cl) 

HeteroReal 0.469 (0.461 - 0.477) 0.497 (0.487 - 0.506) 

HomoReal 0.460 (0.452 - 0.469) 0.483 (0.473 - 0.492) 

HeteroSynth 0.294 (0.287 -0.301) 0.344 (0.339 - 0.348) 

HomoSynth 0.287 (0.280 - 0.293) 0.337 (0.333 - 0.341) 
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4.4 Conclusion 

This chapter explored the joint effects of spatial configuration of residential areas and 

spatial structure of mosquito population on DENV outbreaks patterns in spatially explicit ABMs. 

These simulation-based experiments were motivated by the fact that mosquito vectors' 

movements are attributed to the spatial structures of buildings in which mosquitoes reside and 

mosquitoes' habitats (Harrington et al., 2005; Tsuda et al., 2001). To find the differences of 

model outcomes by varying model specifications in spatially explicit ABMs, this section 

explored four scenarios: (1) HeteroReal, (2) HomoReal, (3) HeteroSynth, and (4) HomoSynth. 

One thousand iterations of each scenario were performed and used in statistical analyses. 

The results of simulation-based experiments showed a considerable effect of model 

specifications on model outcomes. Specifically, the overall infection rates were significantly 

different between realistic and synthetic spatial configuration scenarios. Local serotype

dominance was more apparent when mosquito vectors were heterogeneously distributed. These 

results highlight a considerable importance of local ecology in DENV transmission and the 

recent shift in strategical thinking from regional to local-based dengue surveillance and control 

(Scott & Morrison, 2010). 

Spatially explicit agent-based models are widely used to examine disease control efforts 

in general, and the effectiveness of dengue vaccine roll-out strategies in particular (Chao et al., 

2012; Hladish et al. , 2016). If the ABMs purpose to guide vaccine roll-out, then model 

specifications, including spatial configurations of buildings and vector population density should 

be considered in the model sensitivity analysis. The discussion above implies that the proper 

specifications of the local environment in the ABMs may boost their correctness and usefulness. 
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Accordingly, the next chapter aims to explore how to choose proper specifications and measure 

the correctness of specifications in the models. 
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Chapter 5 

A Pattern-Oriented Validation 
Method for Spatially Explicit 
Agent-Based Models 

Chapter 5 proposes the use of space-time patterns to validate spatially explicit ABMs. ABMs 

have inherent challenges associated with the model specifications and parameterizations that are 

specified from incomplete knowledge, which in tum, introduce uncertainty in model outcomes. 

Following POM, the ABMs can be evaluated by comparing the space-time patterns of simulated 

outcomes to the observed patterns at multiple scales. The use of spatio-time patterns helps to 

understand the impact of model specifications, but also to boost correctness and usefulness of the 

model. This chapter provides a new quantitative method for validating spatially explicit ABMs. 
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5.1 Introduction 

A spatially explicit ABM provides a better understanding of real world phenomena by 

exploring the linkages between changes in model parameters and spatial patterns (An et al., 

2005; Parker & Meretsky, 2004). In ABMs, the phenomena under study are driven by 

interactions between heterogeneous individual agents in the environment. Only some key 

assumptions are considered and simplified in the ABM to develop a parsimonious model. For 

example, in ABMs of infectious disease transmission among humans, individual human agents 

are often assumed to commute to the nearest school or workplace (Chao et al., 2012; Mao & 

Bian, 2010). Given the critical role of routine movements of individual humans in infectious 

disease transmission at the local scale (Balcan et al., 2009; Stoddard et al., 2009), the 

specification of human movements in the model may be responsible for the uncertainty in 

simulation results (i.e., the spatio-temporal patterns of epidemics). Therefore, model validation 

should be performed to cope with the uncertainty arising from these assumptions, and to ensure 

the accuracy of outcomes. 

Pattern-oriented modeling (POM) (Grimm & Railsback, 2012; Grimm et al., 2005) 

provides a conceptual framework to assess the applicability of models by comparing the patterns 

generated in model outcomes to observed patterns. Following a POM, the assumptions 

embedded in the ABMs are suitable when the spatio-temporal patterns of the model outcomes 

are well duplicated at multiple scales (O'Sullivan & Perry, 2013). 

One of the concerns associated with validation for spatially explicit ABMs is the 

discrepancy in spatial representation between model outcomes and empirically observed data. 

ABM studies in land-use science typically evaluate the model by comparing the summary of 

model outcomes to observations based spatial metrics (Brown, Page, et al., 2005; Manson, 
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2005). This validation method might be more suitable for the grid-based models because both 

model outcomes and observed data (e.g., remotely sensed data) have the same spatial 

representation (i.e., grid cells). Thus, these methods have not been widely applied in the other 

ABM studies that are purposed to replicate events occurring among agents that move through 

geographic space. In addition, the studies often compared the model outcomes to empirical 

observations at macro spatio-temporal scales. For example, the total weekly or monthly 

occurrences of events simulated in the model are often used to compare to observations (Mao, 

2014). Given the spatially and temporally clustered patterns in diverse phenomena (e.g., crime 

and epidemics), this validation at the aggregated level of spatial units is still limited in regard 

evaluating accuracy of model outcomes. 

To address these issues, this chapter proposes the use of space-time statistics at multiple 

scales as a pattern-oriented validation method for spatially explicit ABMs. Spatially explicit 

ABMs of dengue virus (DENY) transmission are used as the case study. The main objectives of 

this chapter are twofold: (1) to explore the joint associations between the assumptions embedded 

in the model and model outcomes, and (2) to evaluate the model using spatio-temporal statistics. 

5.2 Conceptual framework of pattern-oriented validation 

The purpose of validation of ABMs is to assess how well the model replicates a real

world phenomenon. Validation is performed by comparing simulated data to observations from 

real systems. The validation process can be executed with a variety of both spatial and aspatial 

(non-spatial) model outcomes (Parker et al., 2003). Importantly, spatially explicit ABMs enable 

the representation of dynamic spatio-temporal processes between individual agents interacting 

within spatial environments. Since the patterns characterize a real-world phenomenon, the use of 
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the patterns observed in the real system helps not only to build, but also to test the model 

(Grimm & Railsback, 2012; Grimm et al., 2005). Thus, in this chapter we argue that spatio

temporal patterns play an important role in empirically evaluating spatially explicit ABMs. 

The pattern-oriented validation process includes identifying spatio-temporal patterns of 

real-world phenomena being modeled, matching the patterns of model outcomes to those from 

the phenomena, and revising the model. The spatio-temporal patterns are differently described at 

the different spatio-temporal scales. Therefore, spatio-temporal scales must be properly 

considered in the validation process as follows (Figure 5.1 ): (1) macro spatial and temporal scale 

- spatially local and temporally long-term scale (e.g. , annually aggregated disease outbreak 

cases), (2) micro spatial and macro temporal scale - spatially local and temporally long-term 

scale (e.g., long-term disease attack rates in a specific household), (3) macro spatial and micro 

temporal scale - global spatial scale and short-term temporal scale (e.g., weekly U.S. influenza 

cases), and ( 4) micro spatial and temporal scale - local spatial scale and short-term temporal 

scale (e.g., short-term disease outbreak patterns in a community). For example, for validation of 

ABMs of DENY transmission, the patterns of simulated outcomes need to be identified at 

especially micro spatio-temporal scales, because of the focal nature of DENY outbreaks 

(Aldstadt, 2007; Yoon et al., 2012). In addition, the scale of observation dataset also must be 

considered to properly choose the scales for validation. If the data are gathered at macro spatial 

scales (e.g., state or country level), it is impossible to use these data to evaluate the model 

outcomes at micro scales (e.g., city, village, or household level). 
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Figure 5.1 Spatio-temporal scales for validation 

The comparison of spatio-temporal patterns of the model outcomes to those of empirical 

observations allows one to assess the fit of the model. If there are noticeable differences in 

space-time patterns between model outcomes and observations, the model needs to be revised. 

The whole process of validation is not independently performed and should be incorporated 

within the model development process. However, we need to admit the inability to develop 

completely accurate models (Brown, Page, et al., 2005). The validation method proposed in this 

chapter purposes to help in choosing proper model assumptions ( or sub-models). Existing 

models representing the same phenomena are often developed under different assumptions, and 

thus it is still challenging to choose to which model specifications are more appropriate research 

questions being addressed. 
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5.3 Model design 

To understand the dynamic natures of DENY transmission, many researchers have 

contributed to the development of spatially explicit ABMs, but they have not fully considered the 

characteristics of DENY transmission. In spite of the apparent importance of heterogeneous host 

population with their serotype-specific immunity status (Salje et al., 2012), previous studies 

assume homogeneously mixed population (Knerer, Currie, & Brailsford, 2015), no distinction of 

serotypes (de Lima et al., 2016; Padmanabha et al., 2015), and fail to preserve the immunity 

status of individuals year-to-year (Chao et al., 2012; Karl, Halder, Kelso, Ritchie, & Milne, 

2014). Thus, the assumption of heterogeneous serotype-specific immunity status of populations 

should be included in ABMs of DENY transmission. 

In addition to heterogeneous immune status of individuals, joint associations of mosquito 

populations and spatial configurations of residential areas need to be considered (Kang & 

Aldstadt, 2017). The investigation on these joint associations provides a more comprehensive 

understanding of the ways that the assumptions embedded in the model influence spatio

temporal patterns of DENY transmission. The influences of the assumptions will be evaluated by 

comparing spatio-temporal patterns of the model outcomes to those of observations. This 

validation can ensure the accuracy of the model outcomes and assess the suitability of the 

assumptions embedded in the model. 

As covered in Section 2.2, a spatially explicit ABM consists of three components: (1) 

human agents, (2) mosquito agents, and (3) the environment in which individual human and 

mosquito agents interact with each other. the simulations were run with eight scenarios under 

two main assumptions as follows: (1) all individual human agents keep their immunity to each 

serotype over time, and (2) the immunity status is reset every year. Additionally, we considered 
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other key factors , including mosquito population distribution (Favier et al., 2005; Smith et al., 

2004 ), and spatial configuration ofresidential area (Kang & Aldstadt, 2017) (Table 5 .1 ). 

Table 5.1 Model description 

Model Mosquito Population Spatial configurations Immunity Status 

HeteroRealPre Heterogeneous Realistic Preservation 

HeteroRealReset Heterogeneous Realistic Reset 

HeteroSynthPre Heterogeneous Synthetic Preservation 

HeteroSynthReset Heterogeneous Synthetic Reset 

HomoRealPre Homogeneous Realistic Preservation 

HomoRealReset Homogeneous Realistic Reset 

HomoSynthPre Homogeneous Synthetic Preservation 

HomoSynthReset Homogeneous Synthetic Reset 

We ran 300 simulations for 20 years for each scenario. The last four years of outcomes 

were used to test how well the model replicated the observed patterns of DENY infections. Each 

individual's exposure to DENY prior to initiation of the ABM were estimated based on an 

annual attack rate of 0.14. Since an initial state of the immunity status of individuals was not 

spatially structured, this bum-in period created a more realistic pattern of community-level 

immunity. The individual's immunity status is likely similar to their neighbors, because of 

seasonal serotype-specific dominance in Thailand (Nisalak et al., 2003) and the focal nature of 

DENY transmission (Mammen Jr et al., 2008). The details of ABMs are provided in Section 3.2. 

54 



A Pattern-Oriented Validation for Spatially Explicit ABMs Chapter 5 

5.4 Results and discussion 

5.4.1 Space-time patterns of DENV transmission 

At the macro spatio-temporal scale (i.e., spatially global and temporally long-term scale), 

spatiotemporal patterns of DENY transmission are described with estimated attack rates. 

Specifically, Endy et al. (2002) found the overall rate of DENY infections was 5.8 percent per 

year within the school population (i.e., children aged 4-16 years) in KPP. 

At the micro spatiotemporal scale (i.e., spatially local and temporally short-term scale), 

spatiotemporal patterns of DENY incidence were captured with geographic cluster 

investigations. Yoon et al. (2012) explored the spatial pattern of DENY infections among 

children living nearby a child with a detected infection. The initiating cases were captured with a 

school-based surveillance system. The geographic cluster investigations enrolled other children 

living within a 100-meter radius of the initiating case's household. This methodology was able to 

capture other dengue infections that occurred approximately three weeks prior to and up to 15 

days after detection of the initiating case. Figure 5.2 shows the average of DENY infection rates 

among the children in 50 clusters by distance from the residential location of a detected DENY 

infection. Distance decay of the infection rates was found, the infection rates were: 35.3 % in 

index houses, 29.9 % in houses within 20 meters, 22.2 % in houses within 20-40 meters, 13.2 % 

in houses within 40-60 meters, 14.4 % in houses within 60-80 meters, and 6.2 % in houses 

within 80-100 meters. 
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Figure 5.2 DENV infection rate in each distance range (Yoon et al., 2012) 

The DENV infection rates (Rj) denote the average of the DENV infection rates over 50 

clusters in each distance range (j), and were calculated by the following equation: 

where rji denotes the DENV infection rates in cluster j , and n denotes the number of clusters (50). 

In this chapter, I ran 300 simulations for each scenario. Following POM, ABMs must 

reproduce multiple patterns in observed data so that the models are more likely to well capture 

the real-world system (Grimm & Railsback, 2012; Grimm et al., 2005). Therefore, validation 

was performed at multiple scales (i.e., macro and micro spatio-temporal patterns). 

At the macro scale, the overall DENV infection rates of children aged 4 to 16 years were 

measured (Table 5.2) to compare the patterns to those of Endy et al. (2002). The rates refer to the 
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average infection rates over 300 iterations. The results from simulations show two 

distinguishable patterns: (1) greater infection rates in herd immunity preservation scenarios than 

reset scenarios and (2) greater infection rates in realistic configuration scenarios than synthetic 

configuration scenarios. 

Table 5.2 Spatio-temporal patterns of DENY infection rates at the macro scale 

Scenario DENY infection rate (95 % CI) 

HeteroRealPre 8.65 (8.50 - 8.79) 

HeteroRealReset 2.79 (2.74 -2.85) 

HomoRealPre 9.08 (8.95 - 9.22) 

HomoRealReset 3.12 (3.07 -3.18) 

HeteroSynthPre 4.06 (4.02-4.12) 

HeteroSynthReset 0.67 (0.66 - 0.68) 

HomoSynthPre 4.11 (4.07-4.15) 

HomoSynthReset 0.67 (0.66 - 0.69) 

In addition, the averages of the DENY infection rates of clusters were used as spatio

temporal statistics at the micro scale. We measured the local DENY infection rates including the 

infections that occurred up to three weeks before and up to 15 days after randomly selected 

DENY infections, mimicking the methodology of Yoon et al. (2012). Figure 5.3 shows the 

average of the DENY infection rates of clusters in each distance. We found apparent differences 

in the spatio-temporal patterns among the results from simulations: (1) greater DENY infection 

rates in immunity preservation scenarios than those in immunity reset scenarios, and (2) lower 
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DENV infection rates in neighboring houses (i.e., >0-20, >20-40, >40-60, >60-80, and >80-100 

m) in synthetic configuration scenarios. 
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Figure 5.3 Spatio-temporal patterns of DENV infection rates in each distance range at the micro 

scale 

The greater DENV infection rates in immunity preservation scenarios are due to the 

spatial patterning of susceptible individuals. In the model, DENV is more likely to be transmitted 
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to the household members of infected individuals, and to residents living in neighboring houses, 

because of the radius of mosquito movements. Thus, the immunity status of neighboring 

individuals is related to each other with pockets of high herd immunity or low herd immunity. 

The pockets of low herd immunity enable infections introduced from outside the study area to 

take hold and potentially affect a larger portion of the community. In the reset scenarios, the 

immunity status was reset every year and assigned based on each individual's age. Therefore, the 

immunity statuses of people living in proximity with one another are often different preventing 

outbreaks from taking hold in the community. 

Figure 5.4 shows temporal changes in the susceptibility of children (i.e., aged Oto 15), 

determined by dividing the susceptible child population by the total child population within each 

quadrat boundary. Each panel in Figure 5.4 depicts the pattern of susceptibility from one 

realization of the simulated epidemics in synthetic environments. The susceptibility in 

preservation scenario (Figure 5.4 (a)) gradually changed over time due to the demographic 

changes embedded in the model (i.e., infections and deaths (the rates are decreased), and births 

(the rates are increased)), whereas the pattern of susceptibility in reset scenarios (Figure 5.4 (b)) 

dramatically changed each year. In detail, temporal variability in relative levels of susceptibility 

at each grid in Figure 5.4 range from 0 - 9.5 % (from 17th to 18th), 0 - 13 % (18 th to 19th), and 0 -

6 % (19 th to 20th) in HeteroSynthPre scenarios, whereas they range from 1 - 40 % (17 th to 18th), 0 

- 25 % (18 th to 19th), and 0 - 22 % (19 th to 20th) in HeteroSynthReset scenarios. In addition, 

higher infections in HeteroSynthPre scenarios than HeteroSynthReset scenarios can be explained 

by the higher susceptibility in HeteroSynthPre scenarios. These results highlight the importance 

of preserving the immunity history of individuals in ABMs of DENY transmission. 
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(a) HeteroSynthPre Scenario 
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Figure 5.4 Temporal changes in susceptibility of children m the synthetic environments. (a) 

HeteroSynthPre; (b) HeteroSynthReset 

In synthetic configuration scenarios, there were lower infection rates among neighboring 

children than in the realistic environment. This difference in pattern was due to fewer movement 

options of the infected mosquito agents. Figure 5.5 shows the distributions of distance to nearest 

neighboring building for each building in the realistic scenarios and one realization of a synthetic 
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scenario. Given that mosquito movements in the ABMs were mostly buildings within 30 meters 

of each other, these results indicated the importance of the joint specification of mosquito agents' 

movement and spatial configuration of the built environment. 

(a) Realistic Spatial Configuration (b) Synthetic Spatial Configuration 
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Figure 5.5 Distributions of distance to nearest building for each building in the study area. (a) 

realistic configuration scenarios; (b) one realization of the synthetic configuration scenario 

The model specifications were qualitatively evaluated by comparing the spatio-temporal 

patterns of simulated outcomes to those from observations. However, it is still challenging to 

assess to what extent the model replicates the spatio-temporal patterns of observed data. In the 

next section, I introduce a statistical standard to evaluate the several model specifications. 

5.5 Model validation 

To evaluate the model outcomes, total weighted-root mean square error (WRMSE) was 

used as a measure of fit. Total WRMSE is calculated by the following equation: 
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7 

WRMSE = L~ ✓ (Rj - Oj) 2 

j=l 

where j denotes the index of spatio-temporal patterns (i.e., overall DENY infection rates, DENY 

infection rates in each cluster), R1 is the average of DENY infection rates over 300 iterations, 01 

denote the DENY infection rates in observed overall DENY infection rates (Endy et al., 2002) 

and cluster-based DENY infection rates (Yoon et al., 2012), and Wj denotes the weights assigned 

to each measure. The weights are designed to equally consider the macro and micro spatio

temporal patterns and to account for the relative uncertainty in the measures. In this chapter, I 

assigned half of the total weight (0.5) to the overall annual infection rate. At the micro level, I 

assigned a weight of 0.25 for the within household infection rate and a weight of 0.05 for the five 

distance intervals. This distribution was chosen because there were more observations of within 

household subjects in Yoon et al. (2012) and within household clustering has repeatedly been 

observed in natural studies of DENY transmission (Morrison, Getis, Santiago, Rigau-Perez, & 

Reiter, 1998). 

Based on WRMSE, we can evaluate to what extent the scenarios fit well with the 

observations and validate the models. The lowest value of WRMSE indicates the least 

discrepancy between spatio-temporal patterns of model outcomes and those of observed data. As 

result, the model outcomes from HeteroRealPre scenarios more closely replicate the spatio

temporal patterns of DENY transmission at multiple spatio-temporal scales. The evaluation of 

each scenario is provided in Table 5.3. Table A3 and A4 in Appendix provide the details of 

results of each scenario. 
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Table 5.3 Summary ofWRMSE of each scenario 

Scenario WRMSE Rank 

HeteroRealPre 6.5481 1 

HeteroRealReset 11.6082 6 

HomoRealPre 6.6165 2 

HomoRealReset 11.5464 5 

HeteroSynthPre 7.8314 4 

HeteroSynthReset 14.0445 8 

HomoSynthPre 7.6610 3 

HomoSynthReset 13.8497 7 

5.6 Conclusion 

This chapter proposes a pattern-oriented validation methodology for spatially explicit 

ABMs using spatio-temporal statistics at multiple scales. I employed a spatially explicit ABM of 

DENY transmission in which individual human and infected female mosquito agents interact 

with each other within the environment. To examine the impact of the model assumptions on the 

spatio-temporal patterns of model outcomes, I explored eight scenarios: (1) HeteroRealPre, (2) 

HeteroRealReset, (3) HomoRealPre, (4) HomoRealReset, (5) HeteroSynthPre, (6) 

HeteroSynthReset, (7) HomoSynthPre, and (8) HomoSynthReset. 

The results from the WRMSE comparison indicate the importance of the assumptions 

used when developing spatially explicit ABMs of vector-borne disease transmission. 
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HeteroRealPre scenarios including the assumptions of preserving immunity status of individuals, 

heterogeneous mosquito populations, and realistic spatial configurations of buildings more 

closely replicated the space-time patterns of DENV transmission. Therefore, we argue that 

spatially explicit ABMs of DENV transmission should include these assumptions. 

This chapter introduces a new quantitative method for validating spatially explicit ABMs. 

The use of spatio-temporal statistics helps not only to understand the influences of model 

assumptions, but also to assure the accuracy of the model outcomes. The influences of the 

assumptions were evaluated based on WRMSE that compares spatio-temporal patterns of model 

outcomes to those of observations at both macro and micro scales. Following POM, any other 

spatio-temporal patterns can be used as validation measurements of spatially explicit ABMs. 

This multiscale validation technique has enabled to quantitatively evaluate the model 

specification choices in ABMs of DENV transmission. Depending on the research questions 

being addressed it may be necessary to adjust model complexity and examine outcomes at 

additional spatial and temporal scales. Here only commuting activities of individual humans was 

considered although social activities may also be important determinants of the pattern of DENV 

transmission in a community (Reiner et al., 2014; Stoddard et al., 2013). Therefore, the inclusion 

of social activities in the model may more closely duplicate the spatio-temporal patterns of 

observations. In addition, the ABMs were built based on the same parameters as those of Kang 

and Aldstadt (2017). To properly choose input parameters in the model and to make a 

parsimonious model, uncertainty analysis and sensitivity analysis need to be performed 

(Ligmann-Zielinska, Kramer, Cheruvelil, & Soranno, 2014). Accordingly, the next chapter aims 

to explore the influences of model parameterizations on model outcomes. As the discussion 

implies, the ABMs used in next chapter include social activities of individual human agents 
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Chapter 6 

A Pattern-Oriented Sensitivity 
Analysis for Spatially Explicit 
Agent-Based Models 

Chapter 6 proposes the use of space-time patterns to perform SA in spatially explicit ABMs. SA 

assesses model uncertainty arising from parameterization. Varying input parameters about well

known significant ecological variables in DENY transmissions, 10,000 Monte Carlo simulations 

were performed. Through SA, I measured sensitivities of the space-time patterns of model 

outcomes to the ecological factors at macro and micro space-time scales. The results from SA 

empirically highlight the importance of input parameter's time dependent sensitivity in 

individual-level health studies. 
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6.1 Introduction 

Sensitivity analysis (SA) has been performed to address the challenges related to dynamic 

associations between input parameters and outcomes in models (Saltelli, Tarantola, & Chan, 

1999). Particularly, the usefulness of SA has been well acknowledged in spatially explicit agent

based model (ABM) studies (Ligmann-Zielinska, 2013; Ligmann-Zielinska et al., 2014; Thiele, 

Kurth, & Grimm, 2014). In spatially explicit ABMs, the behaviors and interactions of agents are 

often specified from incomplete knowledge, which are concretized through model specification 

and parameterization. Consequently, these model specification and parameterization may be 

responsible for the uncertainty in the model outcomes. The uncertainty is also time-dependent 

(Ligmann-Zielinska & Sun, 2010). Therefore, SA helps in discovering spatio-temporal 

knowledge through the spatially explicit ABMs. 

Pattern-oriented modeling (POM) (Grimm & Railsback, 2012; Grimm et al., 2005) 

highlights the use of empirical observation for designing, testing, and evaluating ABMs. 

Following the POM framework, we consider it important to reproduce the multiple space-time 

patterns of observations in real systems. There has been increased emphasis placed on the use of 

spatial patterns to assess the models in agent-based land-use studies (Brown & Robinson, 2006; 

Evans & Kelley, 2004; Parker & Meretsky, 2004). Nevertheless, inadequate attention has been 

paid to the use of spatial ( or spatio-temporal) patterns to comprehend the uncertainty in the 

models. Specifically, the current efforts focus on summarizing model outcomes with little 

quantified influences of the input parameters in the models (An et al., 2005; Brown & Robinson, 

2006; Happe, Kellermann, & Balmann, 2006; Perez & Dragicevic, 2009; Valbuena, Verburg, 

Bregt, & Ligtenberg, 2010). 
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In response to a noticeable lack of pattern-oriented SA of spatially explicit ABMs, we 

propose the use of space-time statistics as the measurement of model outcomes in a framework 

of pattern-oriented SA. We adopt the SA framework, called global sensitivity analysis (GSA) 

(Saltelli et al., 1999), which assesses the ways in which the variance in the model output is 

attributed to the variances in model input parameters. Our pattern-oriented SA approach will aid 

researchers in investigating to what extent the input perturbation contributes to changes in spatio

temporal patterns in phenomena. 

In this chapter, I conducted pattern-oriented SA using spatially explicit ABMs of a 

vector-borne disease transmission as the case study. The specific objectives of this chapter are 

twofold: (1) to explore space-time patterns in model outcomes, and (2) to measure the sensitivity 

of the patterns in outcomes to input parameters at multiple spatio-temporal scales. Specifically, 

this chapter seeks to answer the following research questions: 

• Is there temporal variability in space-time patterns of model outcomes? 

• How can the space-time patterns be measured at multiple scales be used in SA? 

• Do the input parameters in the model have time dependent sensitivity? 

6.2 Pattern-oriented sensitivity analysis 

Sensitivity analysis (SA) addresses the uncertainty about the input information that arises 

in model outputs (Crosetto, Tarantola, & Saltelli, 2000). SA often entails systematically varying 

input elements and measuring how the variation in the input sources contributes to the variance of 

model outputs. It helps in understanding model robustness and sensitivity of outcomes to input 

parameters in the model (O'Sullivan & Perry, 2013; Paton, Maier, & Dandy, 2013; Rahmandad & 

Sterman, 2008). Therefore, SA is often employed to mitigate uncertainty about model 

parameterization. 
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Particularly, GSA is used to study the influence ofvariability in model inputs on variability 

in outputs, which enables the decomposition of variance in outputs to uncertain input parameters 

drawn from a probability distribution function. As a consequence, the relative importance of a 

given input factor (Xi) can be measured by the extent to which input factor (Xa contributes to the 

variance ofmodel output (V(Y)) (Crosetto & Tarantola, 2001; Ligmann-Zielinska, 2013; Ligmann

Zielinska et al., 2014; Saisana, Saltelli, & Tarantola, 2005; Saltelli et al., 1999). 

V(Y) = '\1 V,. + '\1 V,.. + '\1 V,.. + ··· + V12 k1L L ~ L ~m ··· 
i i<j i<j<m 

where 

Vi = V[E(YIXi)] 

Vij = v[E(Ylxij)] - v[E(YIXi)] - V[E(Ylxj)] 

Vi denotes the variance of the expectation of Y conditional on Xi. 

The first-order sensitivity index (Si) describes the decoupled influence of a single input 

(Xi) on the model output. 

The Si indices lie in [O, 1], and their sum is equal to one. The sum of Si of all input factors 

(L S) indicates the fraction of variance in model output, which can be explained by the effects of 

input factor alone. The effects of interactions between input factors are also measured by the 

following formula: 

Interactions= (1 - LS) 

A total sensitivity index (STi) explains the overall contributions of a given input factor (Xi) 

to variance in the model output, including its interactions with any other input factors. Suppose 

that we have four factors in the model. Each total sensitivity index is computed as follows: 
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ST1 = S1 + S12 + S13 + S14 + S123 + S124 + S134 + S1234 

STz = S2 + S12 + S23 + S24 + S123 + S124 + S234 + S1234 

ST3 = S3 + S13 + S23 + S34 + S123 + S134 + S234 + S1234 

ST4 = S4 + S14 + S24 + S34 + S124 + S134 + S234 + S1234 

where Si is the first-order sensitivity index for factor i, Sij is the second-order sensitivity index for 

the other factor j. For example, S12 refers to the interactions between factor 1 and 2. 

Spatially explicit ABMs aim to replicate the patterns that characterize the phenomenon 

being modeled. Due to input parameters and model specification, ABMs have inherent challenges 

associated with stochastic uncertainty (Brown, Page, et al., 2005). To address these challenges, SA 

is used to explore the associations between input parameters and model outputs. SA is almost 

entirely limited to comparison of basic indicators (i.e., counts and rates). In this chapter, I suggest 

the use of space-time patterns in SA. Following the POM approach, by comparing patterns in 

simulated results with reality, we can not only examine the applicability of models, but also 

quantify to what extent input parameters contribute to variability in the space-time patterns of 

model outputs. 

6.3 Simulation and Result 

6.3.1 Design 

Figure 6.1 summarizes the overview of pattern-oriented SA in this chapter. The ABM 

consist of four input factors used in SA (level of herd immunity, introduction rates, mosquito 

population density and mosquito extrinsic incubation period) and other factors that are not used 

in SA. Space-time statistics of model outcomes from 10,000 Monte Carlo simulations were 

measured at the macro and micro spatio-temporal scales. To perform pattern-oriented SA, the 
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differences in the space-time patterns from ABM outcomes and those of observed data at macro 

and micro scale are used. The results from SA provide quantitative descriptions about the extent 

to which the input parameters contribute to variance in closeness to observed patterns. 
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pattern-oriented SA 

implementing model simulating and summarizing pattern 

X1 ,-'- --- - - - -- - - --, y 

/ 
, 

level of herd 
immunity 

'': 
' 

Space-time Statistic 
at macro scale Model Fit 

(i.e., DENV infection with D 
X2_,---- ', rates at one year) 
;' introduction \ 
\ 

--
rates Spatially Explicit 

Agent-Based Model 

X ----------- of DENV Transmission 
;/ mosquito 

( population 
'-,_ density _,: 

....... .. -..... 
Space-time Statistic 

at micro scale Model Fit 

X4 / ·mc>sciiiito-- ,
' 

(i.e., cluster-based with WD 
,

/
r 

extrinsic \ 
, 

other DENV infection rates) 

\ incubation ; factors 
' , -- __ period__ - _,, 

Input factor X; Input factors not 
subject to SA subject to SA 

Figure 6.1 Overview of pattern-oriented SA 

To assess the impacts of the ecological context on the space-time patterns ofDENV 

outbreaks, we performed a pattern-oriented SA over a period of ten years. The simulations were 

executed repeatedly with varying input parameters, including the level of herd immunity, 

mosquito population density, mosquito extrinsic incubation period, and introduction rates (Table 

6.1 ). Following Saltelli et al. ( 1999), the input parameters were drawn from a quasi-random 

distribution that generated the parameters uniformly over the values. 
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Table 6.1 Parameter variations for sensitivity analysis 

Parameters Value Unit Note 

Annual rate of 
Low (0.01) 

exposure to DENV 
Herd Immunity Medium (0.05) 

prior to start of 
High (0.1) 

simulation 

Mosquito Number of mosquito 

Population 10 - 50 1 mosquito population per 

Density building 

Mosquito 
The date that mosquito 

Extrinsic 9 - 13 1 day 
becomes infectious 

Incubation Period 

The probability of 
Introduction Rate 1.0*10-6 - 1.0*10-s 1.0*10-6 

infections from outside 

The level ofherd immunity indicates the proportion of people with acquired immunity in 

the community population prior to the start of each simulation. Considering the long-term 

immunity of individuals previously exposed to DENV, the level of herd immunity reflects the 

DENV transmission history. For example, a high level of herd immunity (0.1) assumes that 10 % 

of subjects have been exposed to DENV annually and are immune to those serotypes at the start 

of the ABM simulations. By contrast, population's in regions with low herd immunity are more 

vulnerable to DENV infections than people in regions with medium and high herd immunity. 
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Mosquito population density denotes the maximum capacity for the mosquitoes within 

each building (that is, the schools, workplaces, and houses). Mosquito extrinsic incubation 

period indicates that time period between infection of mosquito vectors and when they become 

able to transmit DENY to human hosts Longer periods delay the process of successive DENY 

transmission between mosquito vectors and human hosts. Introduction rates refers to the 

individual agent's daily risk of exposure to DENY from outside the study area. 

The scalar outputs in pattern-oriented SA are measured by the differences between the 

patterns of simulated results and those of observations at each space-time scale. At the macro 

spatio-temporal scale, the space-time patterns of DENY outbreaks are captured by estimated 

annual attack rates. According to Endy et al. (2002), approximately 5.8 percent of the school

aged population (i.e., children aged 4-16 years) in KPP were infected annually. At the micro 

spatio-temporal scale, the space-time patterns were studied by using geographic cluster 

investigations (Yoon et al., 2012). Based on a school-based surveillance system, the patterns of 

DENY infection were measured among children living nearby a child within an identified 

infection. The children were included in the geographic cluster investigations were other children 

that were living within a 100-meter radius of the household in which DENY infection was first 

detected (index household). The investigation detected other DENY infections that happened 

approximately three weeks prior to and up to 15 days after the first detected case (Figure 5.2). 

SA was performed based on overall and cluster-based infection rates. These measurements 

account for the impacts of input parameters on closeness to the observed patterns. Specifically, we 

used deviation (D) for overall infection rates and weighted deviation (WD) for cluster-based 

infection rates. 
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where Ri is each of the DENY infection rates over 10,000 Monte Carlo simulations, and O denotes 

the DENY infection rates (5.8%) observed in Endy et al. (2002). 

WDi = ~ ✓ (Rji - Oj) 2 

where j denotes the index of spatio-temporal patterns (i.e., DENY infection rates in each cluster), 

and~ refers the weight (0.5, 0.1, 0.1, 0.1, 0.1, and 0.1). As the significant clustering of DENY 

cases has been repeatedly observed within households (Morrison et al., 1998), the weight of the 

same household is greater (0.5) than at the other distance ranges (0.1 ). Rji are the simulated DENY 

infection rates at the j, and Oj denotes the DENY infection rates in observed overall DENY 

infection rates (Yoon et al., 2012). 

6.4 Results 

We summarized the space-time patterns of DENY outbreaks with D at macro scale and 

WD at micro scale. Small values of D and WD reflect the better model fits at each scale. Figure 

6.2 and 6.3 show the relationships between input parameters (the level of herd immunity, 

mosquito population density, mosquito extrinsic incubation period, introduction rates) in D and, 

WD at the last 10th simulation year, respectively. There are no apparent relationships between 

input factors and deviation measures. Specifically, the values of D and WD were not directly 

changed by varying only two input factors, as shown in each panel of Figure 6.2 and 6.3. Also, 

there are no cases that varying a particular factor leads to great changes in D and WD. These 

results do not indicate a strong independent impact of single input parameters on D and WD. 
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Figure 6.2 Relationships between input factors and D at 10th simulation year. (a) the level of herd 

immunity and introduction rate; (b )the level of herd immunity and the number of mosquitoes; ( c) 

the level of herd immunity and incubation period; (d) introduction rate and the number of 

mosquitoes; (e) introduction rate and incubation period; (f) the number of mosquitoes and 

incubation period 
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Figure 6.3 Relationships between input factors and WD at 10th simulation year. (a) the level of 

herd immunity and introduction rate; (b )the level ofherd immunity and the number ofmosquitoes; 

(c) the level of herd immunity and incubation period; (d) introduction rate and the number of 

mosquitoes; (e) introduction rate and incubation period; (f) the number of mosquitoes and 

incubation period 

Figure 6.4 illustrates temporal changes in D and WD over years. The black dots and 

vertical lines represent the average ofD and WD at each year, and the ranges ofD and WD at 

each year, respectively. There were temporal changes in the average and ranges ofD and WD. 

Also, the patterns of their changes also varied through year. In detail, the ranges ofD became 
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smaller over year, whereas there were no big changes in averages ofD. Although the averages of 

WD decreased over year, no changes in the ranges ofWD were found. Therefore, SA needs to be 

performed to clearly figure out the impacts of input parameters on model outputs and changes in 

the impacts over time. 

(a) Temporal Changes in D (b) Temporal Changes in WD 

0.4 
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0.3 

0.2 
0

0 3: 
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0.0 

j 
1st 2nd 3rd 4th 5th 6th 7th 8th 9th 10th 1st 2nd 3rd 4th 5th 6th 7th 8th 9th 10th 

year year 

Figure 6.4 Temporal changes in D and WD 

An identification of the influential factors to variance in D and WD could provide a better 

understanding of space-time patterns of DENV transmission at macro and micro scales. The 

pattern-oriented SA results in S and ST, which can be interpreted based on Table 6.2. S indicates 

an impact of a single factor on the variance in space-time patterns. ST is interpreted as an 

influence of a particular factor and its interactions with other input factors on the variance in 

space-time patterns. The interpretations were adopted from Ligmann-Zielinska and Sun (2010), 

with modification to make it applicable to pattern-oriented SA in this chapter. 
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Table 6.2 S and ST interpretation 

Measurement Interpretation 

Relatively high S in D 
The factor has relatively greater impact on variability of model 

outcomes at macro-scale. 

The input factor, involved in the interactions with other factors 

Relatively high ST in D has greater impact on variability of model outcomes at macro

scale. 

Relatively high S in WD 
The factor has relatively greater impact on variability of model 

outcomes at micro-scale. 

The input factor, involved in the interactions with other factors 

Relatively high ST in WD has greater impact on variability of model outcomes at micro

scale. 

With S of D and WD, I found the important input parameters that would significantly 

reduce the variance in outcomes at the macro (D) and micro (WD) scales. Figure 6.5 illustrates 

that the sensitivity of space-time patterns to input parameters over time at different scales (for the 

details, see Table 6.3 and Table 6.4). All the input factors, taken singly, can explain only 

approximately 18-23% at macro scale and 18-25% at micro scale. About 77-82 % of D at macro 

scale and 75-82% of WD are attributed to factor interactions, which occurred between the level 

of herd immunity, introduction rate, mosquito density population, and extrinsic incubation 

period. In other words, any single factor has little impact on the variance in space-time patterns, 

but the interactions between all input factors are influential to the variance in the patterns at both 

scales. 
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First Order Indices [S] of D First Order Indices [S] of WO ~------------~ 
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Figure 6.5 First order indices S of D and WD, and total effect indices ST of D and WD 

As the variability in model outputs cannot be accounted for directly by individual factors 

alone, the ST indices are necessary to explain the variance in model outputs by varying input 

parameters. The normalized ST describes an impact of each input parameter and its interactions 

with other factors. With the ST, we identified the time-varying effects of the input parameters on 

the patterns at the macro and micro scales. At macro scale, the normalized ST of mosquito 

density population demonstrates consistently significant influences for 10 years. The level of 

herd immunity was a moderately influential, especially at the beginning of the simulations (until 

4th simulation year), but its impact was less significant through time. The influences of other two 

factors, including incubation periods and introduction rates, gradually increased after 4th 

simulation year. 

At the micro scale, mosquito density was the most influential input factor to space-time 

patterns followed by the introduction rates, mosquito extrinsic incubation period, and the level of 
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the herd immunity. I observed the impacts of input parameters, excluding the mosquito density 

population, were unstable over time. Specifically, the magnitude of an impact of introduction 

rates was decreased until 5th simulation year, and that of herd immunity kept decreasing. 

Table 6.3 First order indices S and total effect indices ST of D 

Input Year 
Indices 

Factors 1st 2nd 3rd 4th 5th 6th 7th 8th 9th 10th 

Herd 
0.072 0.074 0.073 0.073 0.072 0.069 0.061 0.053 0.043 0.036 

immunity 

# of 
0.077 0.088 0.091 0.102 0.109 0.119 0.118 0.124 0.127 0.126 

mosquito 

s Incubation 
0.01 2 0.008 0.008 0.007 0.007 0.006 0.005 0.006 0.006 0.005 

period 

Introduction 
0.026 0.015 0.017 0.019 0.025 0.031 0.041 0.044 0.047 0.060 

rates 

Interaction 0.813 0.815 0.810 0.798 0.787 0.776 0.775 0.773 0.777 0.773 

Herd 
0.330 0.339 0.328 0.312 0.299 0.277 0.241 0.228 0.2 11 0.183 

immunity 

# of 
0.304 0.311 0.305 0.313 0.309 0.316 0.316 0.317 0.318 0.318 

Normal mosquito 

ized ST Incubation 
0.098 0.092 0.1 06 0.113 0.1 26 0.139 0.162 0.177 0.186 0.194 

period 

Introduction 
0.268 0.259 0.261 0.262 0.266 0.267 0.280 0.277 0.285 0.305 

rates 
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Table 6.4 First order indices S and total effect indices ST of WD 

Input Year 
Indices 

Factors 1st 2nd 3rd 4th 5th 6th 7th 8th 9th 10th 

Herd 
0.041 0.020 0.024 0.025 0.021 0.019 0.015 0.013 0.007 0.007 

immunity 

# of 
0.151 0.172 0.183 0.154 0.182 0.203 0.178 0.184 0.163 0.104 

mosquito 

s Incubation 
0.022 0.020 0.022 0.020 0.020 0.016 0.010 0.007 0.002 0.000 

period 

Introduction 
0.004 0.006 0.008 0.009 0.009 0.012 0.017 0.024 0.047 0.068 

rates 

Interaction 0.782 0.782 0.762 0.791 0.769 0.7550 0.780 0.773 0.780 0.821 

Herd 
0.215 0.163 0.177 0.168 0.168 0.148 0.147 0.123 0.097 0.072 

immunity 

# of 
0.334 0.373 0.366 0.343 0.370 0.393 0.376 0.393 0.370 0.326 

Normal mosquito 

ized ST Incubation 
0.221 0.234 0.231 0.254 02555 0.261 0.270 0.287 0.182 0.296 

period 

Introduction 
0.230 0.229 0.225 0.235 0.207 0.197 0.206 0.197 0.251 0.305 

rates 

6.5 Conclusion 

Following POM, despite the importance of characterizing space-time patterns of 

simulated outputs of spatially explicit ABMs has been increasingly adopted in model validation, 

but there has been relatively little use of space-time patterns for SA. To address this issue, we 

performed pattern-oriented SA to assess the individual contributions of each input factors to 

space-time patterns in model outputs at multiple space-time scales. For better understanding of 
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an impact of well-known significant ecological variables, such as the herd immunity, mosquito 

extrinsic incubation period, mosquito abundance, introduction rates on space-time patterns of the 

local transmission of DENY, the spatially explicit ABMs of DENY transmission (Kang & 

Aldstadt, 201 7) were expanded. 

The results from SA indicate the time-varying dynamic interactions between input 

parameters and model outcomes. Particularly, DENY outbreaks are sensitive to local contexts, as 

captured by the interaction of the model input parameters. A comparison between ST of D and 

that of WD pinpoints the impact of a specific factor, and its interactions with other factors on 

variance in the patterns also vary depending on the space-time scale. For example, the mosquito 

extrinsic incubation period has a relatively large impact at the macro scale, but there is no 

significant role in DENY transmission at the micro scale. These results also empirically highlight 

the importance of input factors' time dependent sensitivity in not only land-use studies 

(Ligmann-Zielinska, 2013; Ligmann-Zielinska et al., 2014; Ligmann-Zielinska & Sun, 2010), 

but also individual-level health studies. 

As spatially explicit ABMs aim to understand and simulate dynamic spatio-temporal 

phenomena, it is of importance to characterize space-time patterns of simulated results. To avoid 

limitedly capture the dynamics of the phenomenon of interest, multiple scale patterns need to be 

measured. Therefore, measuring sensitivities of the space-time patterns to input parameters at 

multiple scales would provide an improved understanding of the dynamic associations between 

input parameters and model outputs. In addition, given that ABMs enable to carry out a wide 

range of policy scenarios by varying input parameters, the way of SA presented in this chapter 

would be helpful for measuring the effectiveness of particular policies in the multiple 

perspectives. 
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Chapter 7 

Discussion and Conclusion 

Chapter 7 concludes the dissertation. I first summarize the findings in this dissertation and state 

the research implications in the fields of spatially explicit ABMs and ABMs for DENY 

transmission. I also discuss the limitations of this dissertation and present the directions for 

future work. 

7.1 Summary 

Spatially explicit ABMs have been widely used to capture and simulate spatio-temporal 

phenomena in various fields. Because of a lack of available observed dataset, the behaviors of 

interactions of individual agents are simplified and specified with only some key assumptions, 

which may be responsible for uncertainty in simulated outcomes. To boost reliability of model 

outcome, model validation and sensitivity analysis should be performed. Then, model would 

provide an improved understanding of the phenomenon of being modeled. To address this issue, 

this dissertation achieved three main objectives focusing on the model evaluation and refinement 
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process, and I conclude this dissertation by summarizing the findings according to each research 

objective. 

Objective 1: to test hypotheses about the impacts of the characteristics of DENV 

transmission on model outcome. In Chapter 4, I implemented spatially explicit ABMs of 

DENY transmission in a village setting, and carried out simulations under four scenarios 

associated with spatial configurations of buildings and spatial distribution of mosquito 

population. The simulation outcomes were summarized by the annual attack rates and the 

serotype-specific dominance patterns. The results from ANOV A showed statistical differences 

among four scenarios, and indicate a considerable influence of human residential and mosquito 

population patterns on DENY outbreaks. This chapter implies the importance of properly 

designing the model specifications in spatially explicit ABMs. 

Objective 2: to proposes a conceptual framework of pattern-oriented validation 

method for spatially explicit ABMs. In Chapter 5, the spatially explicit ABMs were expanded 

based on the model used in Chapter 4, and simulations were undertaken under eight scenarios 

regarding spatial configurations of the buildings, mosquito populations, and preservation of 

individual human's immunity status. Specifically, this chapter focused on evaluating model 

specifications by comparing the space-time patterns of observations. Following POM, the 

models can be evaluated by comparing the space-time patterns of simulation outcomes to those 

of observations at the multiple space-time scales. The presented quantifiable validation technique 

can boost the model's correctness and trustworthiness. 

Objective 3: to perform a pattern-oriented SA of spatially explicit ABMs. In Chapter 

6, the spatially explicit ABMs were also expanded based on the model used in Chapter 4. In this 

chapter, I performed Monte Carlo Simulations by varying ecological and environmental 
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variables with respect to DENY transmission. The sensitivities of the space-time patterns of 

model outcomes to input parameters were measured at multiple scales. I also found that there are 

time-varying impacts of ecological and environmental variables on the space-time patterns. The 

influences of the variables also varied according to the space-time scales. This chapter implies 

the usefulness of using space-time patterns in SA to provide a better understanding of the 

impacts of parameters on model outcomes. It also shed light on the importance of 

parameterization in the model development process. 

7.2 Contributions and implications 

This dissertation is positioned in GIScience and makes contributions in dynamic 

modeling and spatially explicit ABMs for DENY studies. The main contribution of this 

dissertation is to address the uncertainty in spatially explicit ABMs in a quantitative multiscale 

framework. 

An approach for understanding of dynamic associations between the model 

specifications and the model outcomes. This dissertation shows the model specifications lead 

to different spatio-temporal patterns of model outcomes at multiple space-time scales. The space

time patterns of disease outbreaks varied according to the model specification associated with 

agents and the environment at multiple space-time scales. The results from this research 

highlight that model specifications should be properly designed to better understanding of the 

dynamics of spatio-temporal phenomenon of interest. Importantly, spatially explicit ABMs are 

applied to address the practical questions for the policy analysis. The policy analysis is usually 

carried out by adjusting model specifications that reflect the specific policy scenarios. Therefore, 
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the model specifications should be carefully designed to promote the usefulness and accuracy of 

the simulation results, especially for policy making studies. 

A quantitative validation method for spatially explicit ABMs. Validation should be 

performed to promote the correctness and trustworthiness of the models. This dissertation lays 

the foundation for providing a useful technique for quantitatively validating spatially explicit 

ABMs. Specifically, the space-time statistics can be used to evaluate to what extent the model 

specifications determine the space-time patterns of observations. The pattern-oriented validation 

method can also be employed in validating various simulation models by comparing the patterns 

of simulated outcomes to observed patterns. 

A framework for SA for spatially explicit ABMs. The parameters in the ABMs are 

responsible for uncertainty in space-time patterns of model outcomes. In order to make a more 

parsimonious ABM, certain parameters can be excluded or refined while remining the ability to 

test hypothesis through simulations. As discovered, the sensitivities of the parameters in ABMs 

on model outcomes may vary over time. The sensitivities are also likely to depend on the space

time scales in which the model outcomes are measured. Therefore, it is of importance to 

carefully choose and quantify parameters in the ABMs. In addition, measuring model outcomes 

at multiple scales assists in gaining a better understanding of sensitivity of model outcomes to 

input factors. 

7.3 Limitations and future directions 

This dissertation has limitations that would be improved in the future. In the following, I 

list the limitations and discuss the future directions in the spatially explicit ABM studies and 

spatially explicit ABM of DENV transmission studies. 
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7.3.1 Spatially explicit ABM studies 

Pattern-oriented calibration method for spatially explicit ABMs. Although this 

dissertation presents the usefulness and necessity of using space-time patterns in validation and 

SA for spatially explicit ABMs, this does not directly address the model calibration process. 

Model calibration entails modifications of values of parameters in the model for a finer 

describing phenomenon of interest. In other words, the calibration iteratively tunes the model by 

comparing model outputs to observation until the model outcomes can more accurately describe 

the phenomenon of interest. Therefore, the quantitative framework proposed in this dissertation 

can also be employed to properly adjust model specifications and choose appropriate parameters 

in spatially explicit ABMs. 

A comprehensive modeling development process for spatially explicit ABMs. 

Various frameworks for modeling development have been proposed, but they often have limited 

applicability to spatially explicit ABMs. As the geographically realistic space is an important 

component in spatially explicit ABMs, spatial ( or spatio-temporal) concepts need to be clearly 

reflected in the modeling process. Specifically, spatially explicit ABMs can be validated by the 

use of spatio-temporal patterns at multiple scales. In SA, multiple scale space-time patterns can 

also be scalars to be measured. Therefore, considering the usefulness of spatio-temporal patterns 

in spatially explicit ABMs, an iterative modeling process would be improved by 

comprehensively including conceptualization, implementation, pattern-oriented evaluation 

(validation and SA), and pattern-oriented refinement (calibration). 

Improving agent behaviors using sensor data in smart cities. Various sensors can 

measure and collect the information about real-world systems in the context of smart cities. 

Using various sensor data can fill the gap between incomplete knowledge and the real-world 
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systems. Not surprisingly, the behaviors and movements of individuals vary according to their 

socio-economic status and various contexts (e.g., vacation, epidemics). Machine learning or deep 

learning techniques may be able to characterize and extract the detailed patterns of human 

behaviors from various sensor data sources. For example, those techniques may help in 

identifying the patterns of preventive behaviors (e.g., covering mouth and nose when coughing 

or sneezing) from various sensors in the epidemic context. Therefore, the use of sensor data may 

avoid the uncertainty arising from simplified assumptions about individual humans' movements 

and behaviors. 

7.3.2 Spatially explicit ABM of DENV transmission studies 

Mosquito movement influence. In spite of an importance of mosquito vectors' 

movements on DENY local space-time patterns, this dissertation does not investigate to what 

extent the mosquito movements influence space-time patterns of DENY transmission at local and 

global scales. Using pattern-oriented SA, its influences can be explored and measured. In 

addition, varying parameters in regard to mosquito movements (i.e., the probability of 

mosquito's daily movements and the radius of mosquito movements), their parameters can be 

refined. 

Vaccine roll-out studies. As covered in this dissertation, the ecological and 

environmental factors have an impact of space-time patterns of DENY outbreaks. In recent, the 

approved dengue vaccine, chimeric yellow-fever dengue vaccine (CYD-TDV) has been 

demonstrated, but still have limited coverage (Hadinegoro et al., 2015; Villar et al., 2015). Given 

the limited efficacy and supply of vaccine, a successful multi-year vaccine roll-out campaign 

needs to be conducted (ML, Durham, Medlock, & Galvani, 2014). The vaccine effectiveness 
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may vary significantly with the profile of the spatial structure of the immunity statuses of 

individuals mosquito populations, and the built environment. Therefore, the future research in 

regard to vaccine roll-out studies against DENV should consider the ecological and 

environmental factors of DENV for a better estimation of effectiveness. 
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Appendix 

Overview, Design concepts and 
Details protocol of ABMs 

This appendix provides Overview, Design concepts and Details (ODD) protocol of ABMs used 

in Chapter 4 (Table Al), 5 (Table A2) and 6 (Table A3). Not applicable elements in ODD 

protocol are omitted. 

Table Al Overview, Design concepts and Details of ABMs in Chapter 4 

Overview 

Purpose To simulate a local-level DENY transmission with four scenarios: (1) 

HeteroReal, (2) HomoReal, (3) HeteroSynth, and (4) HomoSynth 

Entities, ABM consist of three entities: (1) human, (2) infectious female mosquito, and 

state (3) building agents, and each entity has several state variables. 

variables, (1) Human agent 

and scales • Age 

• Gender 

• Occupation status 



• House location: x-y coordinates 

• School/workplace location: x-y coordinates 

• Current location: x-y coordinates 

• SEIR states for all DENY serotypes 

• Cross immunity state 

(2) Mosquito agent 

• Age 

• Serotype 

(3) Building agent 

• Type 

• Location: x-y coordinates 

Process (1) Movement 

overview • Human: commuting process: school (aged 5-19) and workplace (aged 

and 20-64) 

scheduling • Mosquito: moving around within 30 meters (15 % of probability) and 

random locations ( 1 % of probability) 

(2) Biting 

• Mosquitoes bite humans with a certain probability 

(3) Seasonal fluctuation of mosquito population 

• The counts of mosquito population vary to month . 

Design concepts 

Basic The ABM purposes to test hypothesis: ( 1) in what ways spatial configurations 

principles of buildings influences DENY transmission at a local scale, and (2) how the 

structure of mosquito population affect DENY transmission at a local scale. 

The model was implemented based on Chao et al. (2012). A considerable 

difference between this ABM and Chao et al. (2012) is the environment. Chao 

et al. (2012) built the model based on grid spatial structures at which each grid 

(30 m2) has only one type of building, but this ABM represented each building 

as a point. Therefore, this ABM can have a finer scale to measure Euclidean 

distances for mosquito's movements 
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Sensing Each mosquito senses the neighboring houses to move around and human to 

bite in all buildings. 

Interaction There is an interaction between humans and mosquitoes by biting process of 

mosquitoes 

Details 

Initialization The model synthesizes human population within 895 households. 

Individual humans' immune statuses to each serotype are assigned based on 

their ages with a certain probability (0.14). 

For scenarios of heterogeneous mosquito population, the populations are 

determined by a negative binomial distribution (0.0344, 1.5) where 0.0344 and 

1.5 denote number of failure and the probability of success. 

For scenarios of synthetic environments, all buildings are randomly arranged. 

Input data (1) locations of houses and schools identified from GPS data (Thomas et al., 

2015) 

(2) household census data (Thomas et al., 2015) 

Parameters The parameters of human and mosquito agents were provided in Table 1 and 2. 

Table A2 Overview, Design concepts and Details of ABMs in Chapter 5 

Overview 

Purpose To simulate a local-level DENV transmission with eight scenarios: (1) 

HeteroRealPre, (2) HeteroRealReset, (3) HeteroSynthPre, ( 4) 

HeteroSynthReset, ( 5) HomoRealPre, ( 6) HomoRealReset, (7) HomoSynthPre, 

and (8) HomoSynthReset 

Entities, ABM consist of three entities: (1) human, (2) infectious female mosquito, and 

state (3) building agents, and each entity has several state variables. 

variables, (1) Human agent 

and scales Age• 
• Gender 

• Occupation status 
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• House location: x-y coordinates 

• School/workplace location: x-y coordinates 

• Current location: x-y coordinates 

• SEIR states for all DENY serotypes 

• Cross immunity state 

(2) Mosquito agent 

• Age 

• Serotype 

(3) Building agent 

• Type 

• Location: x-y coordinates 

Process (1) Movement 

overview • Human: commuting process: school (aged 5-19) and workplace (aged 

and 20-64) 

scheduling • Mosquito: moving around within 30 meters (15 % of probability) and 

random locations ( 1% of probability) 

(2) The birth, death/out-migration and aging 

• January 1st every year, the certain amounts of individual humans are 

newly born and died/out-migrated. The newly born humans are 

randomly assigned to houses. 

• January 1st every year, every individual gets older. The property (age) 

increases by one. 

(3) scheduling for immunity 

• In reset scenarios, the immunity status of an individual is reset and 

assigned based on individual's age. 

(4) Biting 

• Mosquitoes bite humans with a certain probability 

(5) Seasonal fluctuation of mosquito population 

• The counts of mosquito population vary to month . 
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Design concepts 

Basic The ABMs purpose to explore the impacts of model specifications in regard to 

principles (1) spatial configurations of buildings, (2) spatial distribution of mosquito 

population, and (3) immunity status of individual human. The model was 

expanded based on Chapter 4. 

Sensing Each mosquito senses the neighboring houses to move around and human to 

bite in all buildings. 

Interaction There is an interaction between humans and mosquitoes by biting process of 

mosquitoes. 

Details 

Initialization The model synthesizes human population within 3683 households. 

Individual humans' immune statuses to each serotype are assigned based on 

their ages with a certain probability (0.14). 

For scenarios of heterogeneous mosquito population, the populations are 

determined by a negative binomial distribution (0.0344, 1.5) where 0.0344 and 

1.5 denote number of failure and the probability of success. 

For scenarios of synthetic environments, all buildings are randomly arranged. 

Input data (1) locations of houses and schools identified from GPS data (Thomas et al., 

2015) 

(2) household census data (Thomas et al., 2015) 

(3) birth and death/out-migration rates obtained from Department of Provincial 

Administration (DOPA), Ministry oflnterior, Thailand. 

Parameters The parameters of human and mosquito agents were provided in Table 1 and 2. 
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Table A3 Infection Rates at the micro spatio-temporal scale in Chapter 5 

Scenarios 

HeteroRealPre 

HeteroRealReset 

HomoRealPre 

HomoRealReset 

HeteroSynthPre 

HeteroSynthReset 

HomoSynthPre 

HomoSynthReset 

Infection Rates 
(0 m) 

(95 % CI) 

37.63 
(37.13 - 38.12) 

10.89 
(10.54 - 11.24) 

36.82 
(36.34 - 37.30) 

10.59 
(10.25 - 10.93) 

40.51 
(39.97 - 41.04) 

7.49 
(7.05 - 7.94) 

40.38 
(39 .88 - 40.88) 

8.26 
(7.81 - 8.71) 

Infection Rates 
(>0- 20 m) 
(95% CI) 

19.54 
(19.14 - 19.94) 

5.21 
(5 .00 - 5.42) 

18.64 
(18.26 - 19.01) 

4.89 
(4.70 - 5.09) 

3.72 
(2.93 - 4.51) 

0.51 
(0.18 - 0.83) 

3.40 
(2.59 - 4.20) 

0.24 
(0.03 - 0.46) 

Infection Rates 
(>20- 40 m) 

(95% CI) 
14.12 

(13.86 - 14.38) 

3.73 
(3.61 - 3.86) 

13.27 
(13 .03 - 13.51) 

3.50 
(3 .38 - 3.62) 

2.08 
(1.63 - 2.53) 

0.33 
(0.15 - 0.51) 

2.01 
(1.61 - 2.40) 

0.22 
(0.10 - 0.34) 

Infection Rates 
(>40- 60 m) 

(95% CI) 
5.84 

(5 .67 - 6.02) 

1.70 
(1.62 - 1.79) 

5.28 
(5 .13 - 5.44) 

1.51 
(1.44 - 1.58) 

0.39 
(0.23 - 0.56) 

0.02 
(0.00 - 0.04) 

0.26 
(0.14 - 0.37) 

0.01 
(0.00 - 0.03) 

Infection Rates Infection Rates 
(>60- 80 m) (>80- 100 m) 

(95% CI) (95% CI) 
2.47 1.22 

(2.36 - 2.57) (1.15 - 1.29) 

0.77 0.41 
(0.72 - 0.82) (0.37 - 0.44) 

2.31 1.18 
(2.22 - 2.41) (1.12 - 1.25) 

0.72 0.38 
(0.67 - 0. 77) (0.35 - 0.42) 

0.16 0.17 
(0.09 - 0.23) (0.10 - 0.24) 

0.02 0.00 
(0.00 - 0.06) (0.00 - 0.01) 

0.15 0.13 
(0.07 - 0.22) (0.07 - 0.18) 

0.03 0.01 
(0.00 - 0.06) (0.00 - 0.03) 
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Table A4 RMSE at each spatio-temporal scale in Chapter 5 

Scenarios Macro Om 0 - 20m 20 - 40m 40 - 60m 60 - 80m 80 - 100 m Sum Rank 

HeteroRealPre 3.8593 9.0636 12.4959 9.3222 7.9791 12.1054 5.1484 59.9739 1 

HeteroRealReset 3.165 25 .1667 24.9215 18.624 11.6026 13.6902 5.8417 103.0117 5 

HomoRealPre 4.0354 8.6539 12.9874 9.9115 8.3916 12.2395 5.1758 61.3951 2 

HomoRealReset 2.8454 25.4116 25.195 18.844 11.7777 13.7385 5.8606 103.6728 6 

HeteroSynthPre 1.9042 10.6633 29.0306 21.596 13.16 14.32 6.1638 96.8379 4 

HeteroSynthReset 5.0962 28.8703 29.6554 22 .0571 13.2184 14.433 6.2131 119.5435 8 

HomoSynthPre 1.8331 10.1123 29.3925 21.2937 13.1374 14.3457 6.1585 96.2732 3 

HomoSynthReset 5.1017 28.0647 29.7356 22.0679 13.2184 14.4217 6.21001 118.82 7 
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Table AS Overview, Design concepts and Details of ABMs in Chapter 6 

Overview 

Purpose To simulate a local-level DENV transmission under model specifications 

(homogeneous mosquito population, realistic spatial configuration of buildings) 

Entities, ABM consist of three entities: (1) human, (2) infectious female mosquito, and 

state (3) building agents, and each entity has several state variables. 

variables, (1) Human agent 

and scales Age• 
• Gender 

• Occupation status 

• House location: x-y coordinates 

• School/workplace location: x-y coordinates 

• Current location: x-y coordinates 

• SEIR states for all DENV serotypes 

• Cross immunity state 

(2) Mosquito agent 

• Age 

• Serotype 

(3) Building agent 

• Type 

• Location: x-y coordinates 

Process (1) Movement 

overview Human:• 
and 0 Weekdays: commuting process: school (aged 5-19) and 

scheduling workplace (aged 20-64) during daytime (9 am- 5 pm), social 

activities (aged 5 - 64) at evening (5 pm - 9 pm) 

0 Weekends: spatial activities (aged 5 - 64) during daytime and 

evenmg. 
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• Mosquito: moving around within 30 meters (15 % of probability) and 

random locations ( 1 % of probability) 

(2) The birth, death/out-migration and aging 

• January 1st every year, the certain amounts of individual humans are 

newly born and died/out-migrated. The newly born humans are 

randomly assigned to houses. 

• January 1st every year, every individual gets older. The property (age) 

increases by one. 

(3) Biting 

• Mosquitoes bite humans with a certain probability 

(4) Seasonal fluctuation of mosquito population 

• The counts of mosquito population vary to month. 

Design concepts 

Basic The ABMs purpose to explore the impacts of parameters in regard to (1) the 

principles level of herd immunity, (2) mosquito population, (3) mosquito extrinsic 

incubation period, and ( 4) introduction rates. The model was expanded based 

on Chapter 4. 

Sensing Each mosquito senses the neighboring houses to move around and human to 

bite in all buildings. 

Interaction There is an interaction between humans and mosquitoes by biting process of 

mosquitoes. 

Details 

Initialization The model synthesizes human population within 3683 households. 

Individual humans' immune statuses to each serotype are assigned based on 

their ages with a certain probability (0.14). 

For scenarios of heterogeneous mosquito population, the populations are 

determined by a negative binomial distribution (0.0344, 1.5) where 0.0344 and 

1.5 denote number of failure and the probability of success. 

For scenarios of synthetic environments, all buildings are randomly arranged. 
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Input data (1) locations of houses and schools identified from GPS data (Thomas et al., 

2015) 

(2) household census data (Thomas et al., 2015) 

(3) birth and death/out-migration rates obtained from Department of Provincial 

Administration (DOPA), Ministry oflnterior, Thailand. 

Parameters The main parameters of human and mosquito agents were provided in Table 1, 

2, and 11. 
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