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Over the past century, the size and complexity of the air travel network has 

increased dramatically. Nowadays, there are 29.6 million scheduled flights per year and 

around 2.7 billion passengers are transported annually. The rapid expansion of the 

network increasingly connects regions of endemic vector-borne disease with the rest of 

the world, resulting in challenges to health systems worldwide in terms of vector-borne 

pathogen importation and disease vector invasion events. To face these challenges, 

multidisciplinary approaches that incorporate spatial and network information are 

advocated for better understanding the role of the air travel network, specifically its 

flows and architecture, on the spread of vector borne disease. The research provides a 

series of innovative geospatial analysis and complex network analysis aiming to 1) 

Create a Web-GIS for visual analytics on the risk of vector borne disease importation 

via air travel.  2) Provide a modeled traveler flow matrix that describes how the air travel 

network connects airports all around the world. 3) Examine how network metrics and 

communities relate to malaria exportation and importation. 
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CHAPTER 1 
INTRODUCTION 

We travel faster and farther than any time in history, and so do diseases. 

Everyday, the air travel network transports over 7 million people to more than 

40,000 destinations all around the world [1]. 35,000 direct scheduled routes are 

established on the air travel network, with 865 new routes added in 2011[1,2].  Total 

passenger numbers will reach 1.6 trillion in 2016 accompanied by an annual growth rate 

of 5%[2].These represent just small facets of the continuous expansion of the air travel 

network in the last century. Expansion of the airline network has profound impacts on 

the epidemiological landscape.  Studies have shown that the connectivity of the air 

travel network can facilitate the global spread of directly- transmitted diseases such as 

influenza and severe acute respiratory syndrome (SARS) [3–6]. This connectivity also 

greatly affects the global propagation of vector-borne diseases [7]. Endemic areas and 

non-endemic areas of vector borne diseases are more connected than ever. Air 

highways are provided for an infected person or vector carrying pathogens travelling 

between spatially distant locations with speeds of 600 miles per hour. Today, vectors 

and vector-borne diseases are moving between different regions at exceptional rates, 

resulting adverse consequences, such as disease importation [7,8] and species 

invasion [5,9,10]. Traditional ‘drawbridge strategies’ that rely on spatial barriers to stop 

the transmission of diseases now play a less important role and the challenge now 

exists to improve global disease management and health surveillance [7]. To face these 

challenges, multidisciplinary approaches, that incorporate spatial and network 

information with spatially referenced disease data and models can  provide a useful 
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platform for more evidence-driven surveillance design and mitigation planning 

[7,8,11,12]. 

Substantial evidence now exists of the role the air travel network plays in carrying 

both vector-borne diseases and their vectors between distant locations [7,9]. This has 

resulted in  imported cases [13–15], local outbreaks[16–19] in non-endemic areas, 

disease resurgence and re-emergence in endemic areas[20,21] and the spread of drug 

and insecticide resistance [22]. Up to 8% of travelers to the developing world become ill 

enough to seek healthcare upon returning home, with a significant proportion of these 

suffering from vector-borne infections [23]. Travel clinical studies have suggested that 

dengue infections are now considered to be the most common cause of fever in 

returning travellers [14,21,24]. Around 10,000 cases of imported malaria in malaria-free 

high income countries are reported each year, but the true number of cases is likely to 

be over 25,000 [25]. Due to infrequent encounters, physicians in non-endemic countries 

often have difficulties in diagnosing and treating travelers that suffer from vector-borne 

infections when they come back from endemic areas [23,26].  Evidence has shown that 

the flow of people via air travel from endemic areas may increase the risks of re-

emergence or resurgence [20,21,27–30] of disease in previously vector borne disease 

free or low transmission areas [31]. With imported vector-borne infections placing a 

financial and operational burden on health systems in both endemic and non-endemic 

countries, as well as the risk of onward transmission and even establishment, 

geospatial methods for quantifying the spatiotemporal risks of importation of both 

vector-borne diseases and the vectors that carry them can be valuable for strategic 
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planning for vector-borne disease elimination and control, and the allocation of limited 

control and surveillance resources. 

The availability of global maps of vector borne disease presence and prevalance  

[7,19,32–34] and vector distributions [35–40]  now provide evidence bases for 

understanding vector-borne disease risks across the world. Incorporating these high 

resolution maps with air travel network data offers great potential for infection 

importation risk assessments and vector-borne disease spread modeling [7]. This 

dissertation presents an initial effort towards this integration for analyzing the risks of 

vector borne disease transportation. Two innovative approaches are proposed. The first 

is a visual analytic approach that utilizes a web based GIS: the Vector-Borne Disease 

Airline Importation Risk Tool (VBD-AIR). This tool aims to help better define the roles of 

airports and airlines in the transmission and spread of vector-borne diseases. In this 

dissertation, an interactive web portal is created allowing users to quantify seasonally 

changing risks of vector and vector-borne disease importation and spread by air travel 

to a certain airport, with decision support for mitigation strategy planning. Also, a 

centralized geographical database is set up, storing world-wide geographic information 

on disease distribution, vector distribution, climatic information, population density, air 

travel connectivity and network capacity which lays out foundations for the research in 

the following chapters.  

The second method used is complex network analysis, which further consists of 

two parts: flow estimation and network investigation. Firstly, a global modeled air travel 

database is constructed to quantify the volume of passengers on the air travel network 

between two airports within two stops of airline transportation. In this database, airport 
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(node) characteristics such as degree, centrality, city population, and local area GDP 

are utilized in a spatial interaction model framework to predict the air transportation 

flows between node pairs. This database provides an evidence-base for scientists and 

researchers who are aiming to understand the complex spatial interaction between 

origin and the destination airports. Secondly, using these predicted flows on the air 

network, a malaria weighted network is created to describe and quantify the patterns 

that exist in passenger flows weighted by malaria prevalences. In addition, the 

connectivity within and to the Southeast Asia region where artemisinin drug resistance 

emergence threats appear highest, was examined to identify and highlight risk routes 

for its spread. 

This dissertation contributes to an on-going initiative, the human mobility 

mapping project (www.thummp.org), aimed at better modeling human and disease 

mobility, and will form part of the long-spatial scale aspect of continued multi-modal 

assessments of vector borne movements, and assessment of malaria elimination 

strategies [41,42]. 

http://www.thummp.org/
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CHAPTER 2 
WEB-BASED GIS: THE VECTOR-BORNE DISEASE AIRLINE IMPORTATION RISK 

(VBD-AIR) TOOL1  

Chapter Summary 

The rapid expansion of the network increasingly connects regions of endemic 

vector-borne disease with the rest of the world, resulting in challenges to health systems 

worldwide in terms of vector-borne pathogen importation and disease vector invasion 

events. Here we describe the development of a user-friendly Web-based GIS tool: the 

Vector-Borne Disease Airline Importation Risk Tool (VBD-AIR), to help better define the 

roles of airports and airlines in the transmission and spread of vector-borne diseases. 

Spatial datasets on modeled global disease and vector distributions, as well as 

climatic and air network traffic data were assembled. These were combined to derive 

relative risk metrics via air travel for imported infections, imported vectors and onward 

transmission, and incorporated into a three-tier server architecture in a Model-View-

Controller framework with distributed GIS components. A user-friendly web-portal was 

built that enables dynamic querying of the spatial databases to provide relevant 

information. 

The VBD-AIR tool constructed enables the user to explore the interrelationships 

among modeled global distributions of vector-borne infectious diseases (malaria. 

dengue, yellow fever and chikungunya) and international air service routes to quantify 

seasonally changing risks of vector and vector-borne disease importation and spread by 

                                            
1
 A version of this chapter has been published as “Huang Z, Das A, Qiu Y, Tatem AJ (2012) Web-based 

GIS: the vector-borne disease airline importation risk (VBD-AIR) tool. Int J Health Geogr 11: 33. 
doi:10.1186/1476-072X-11-33.” 
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air travel, forming an evidence base to help plan mitigation strategies. The VBD-AIR tool 

is available for testing at www.vbd-air.com. 

VBD-AIR supports a data flow that generates analytical results from disparate but 

complementary datasets into an organized cartographical presentation on a web map 

for the assessment of vector-borne disease movements on the air travel network. The 

framework built provides a flexible and robust informatics infrastructure by separating 

the modules of functionality through an ontological model for vector-borne disease. The 

VBD‐Air tool is designed as an evidence base for visualizing the risks of vector-borne 

disease by air travel for a wide range of users, including planners and decisions makers 

based in state and local government, and in particular, those at international and 

domestic airports tasked with planning for health risks and allocating limited resources. 

Background 

Air travel has changed the epidemiological landscape of the world, providing 

routes from one side of the Earth to the other that can be traversed by an infected 

person in significantly shorter times than the incubation period of the majority of 

infectious diseases. This epidemiological impact has led to a rethink in global disease 

management [11], with pandemic control being less reliant on conventional spatial 

barriers as the global air network continues to expand. Today, vector-borne diseases 

and vectors are moving between different regions at unprecedented rates, resulting in 

adverse ecological, economic and human health consequences [7,9,44]. Reducing 

these problems requires examination of how humans facilitate the movement and 

establishment of diseases and their vectors in new areas. Moreover, the speed of air 

travel has meant that rapid reporting and surveillance now play an important role in 

preventing the spread of diseases. Finally, the cost of surveillance makes sampling 

http://www.vbd-air.com/
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design and the development of cost effective monitoring and testing approaches vital in 

effective early-warning systems [45]. While work on these factors is becoming more 

sophisticated for directly-transmitted infections[4,46,47], our understanding of the role of 

air travel in global vector-borne disease epidemiology remains relatively incomplete[7]. 

Significant evidence exists that documents examples of both vector-borne 

diseases and the vectors that carry them being transported between distant locations 

via air travel [9,23]. The global air network enables many of the world’s most isolated 

and diverse ecosystems to become connected and aids the movement of organisms, 

including disease vectors, to new habitats where they can become damaging invasive 

species, economically and health-wise[9,40,48]. Mosquitoes can survive moderately 

high atmospheric pressures aboard aircraft [49] and can be transported alive between 

international destinations, even in wheel bays [50]. However, air travel likely plays a 

much more significant role in moving the vector-borne disease (via infected passengers) 

than in moving the vector. It provides rapid and wide-reaching connections between 

outbreaks or high levels of endemicity and susceptible vector populations elsewhere in 

the world. Up to 8% of travellers to the developing world become ill enough to seek 

healthcare upon returning home, with a significant proportion of these suffering from 

vector-borne infections [23]. Around 10,000 cases of imported malaria to high income 

countries are reported each year, but the true figure may be over 25,000 [25]. With 

imported vector-borne infections placing a financial and operational burden on health 

systems in non-endemic countries (e.g. [13]), as well as the risk of onward transmission 

and even establishment, the development of tools for quantifying the spatiotemporal 

risks of importation of both vector-borne diseases and the vectors that carry them can 
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be valuable for assessing and guiding the allocation of limited control and surveillance 

resources. 

Recent efforts in the field of global mapping of vector-borne diseases (e.g.[32,34]) 

and the vectors that carry them (e.g.[36,37,51]), generally through using sample data of 

known disease or vector presence in combination with environmental covariates, now 

provide strong evidence bases for determining vector-borne disease risks across the 

world. The linkage of these disease and vector distribution maps with air travel network 

data offers great potential for infection importation risk assessment and the modelling of 

vector-borne disease spread. Such distribution maps, however, represent static pictures 

of relatively long term (>1 year) disease prevalence and vector presence. If importation 

and onward spread risks are to be accurately quantified, the substantial climate-driven 

seasonal fluctuations in disease risk and vector densities need to be accounted for [52]. 

If a vector or an infected individual arrives in a new location via air travel, the risk of the 

vector establishing or the infection being passed on to local vector populations is often 

dependent upon the month of arrival. The arrival of an individual infected in a mosquito-

borne disease outbreak occurring in January in the southern hemisphere (e.g. Sao 

Paulo) into a city in the northern hemisphere (e.g. New York) will present little risk of 

onward transmission, due to the cold January climate being not conducive for mosquito 

activity. However, a similar arrival from e.g. India (where climatic conditions may be 

suitable for year-round transmission) in July presents a much greater risk [52]. By 

utilizing gridded climate data to measure climatic similarity between origin and 

destination locations with known presence of a suitable vector, and adjusting for flight 
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passenger numbers as an additional measure of risk, these factors can be accounted 

for [9,10]. 

Here we introduce the Vector-Borne Disease Airline Importation Risk tool (VBD-

AIR; www.vbd-air.com ), which brings together global vector-borne disease and vector 

distribution maps, climate data and air network traffic information to inform on the 

spatiotemporal risks of disease and vector importation. The VBD-AIR tool takes the 

form of an interactive online interface and is targeted at users with interests in specific 

airports or regions, and the risks to those locations of vector-borne disease importation 

and onward spread, or exotic vector importation and establishment.  

Data 

VBD-AIR utilizes an entity-relationship model to integrate data sources from 

airport locations and air routes, disease and vector distributions, global climate data, 

and global land-based travel time data. All of these datasets are described below.   

Air Travel Data 

 Information on a total of 3,632 airports across the world, together with their 

coordinate locations was obtained using Flightstats (www.flightstats.com) and is 

mapped in Figure 2-1a. Information on the airport name, IATA code, city and country 

are all stored in the VBD-AIR database that was constructed for the tool (see methods). 

Flight schedule and seat capacity data for 2010 and 2011 were purchased from OAG 

(Official Airline Guide, www.OAG.com). These included information on origin and 

destination airports, flight distances, and passenger capacity by month of each year. All 

routes used in the tool are mapped in Figure 2-1b.  

http://www.vbd-air.com/
http://www.flightstats.com/
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Disease Distribution Datasets 

The current version of VBD-AIR at the time of writing focuses on four vector-

borne diseases and their related vectors, chosen due to the availability of spatially-

referenced data for map production and rates of importation by air travel: Malaria 

(Plasmodium falciparum and Plasmodium vivax), dengue, yellow fever and chikungunya, 

all transmitted by mosquitoes. The methods behind the construction of each of these 

datasets are described briefly here, with an example map that is shown in Figure 2-2a, 

and the remaining output maps and mapping process presented in Appendix A.  

Plasmodium falciparum is a protozoan parasite, one of the species of 

Plasmodium that cause malaria in humans. P. falciparum is the most dangerous of 

these infections as P. falciparum (or malignant) malaria has the highest rates of 

complications and mortality, while P. vivax is the most frequent and widely distributed 

cause of recurring (tertian) malaria. Non-endemic countries often see many cases of 

imported malaria each year through travellers or returning migrants. The geographical 

distribution of predicted P. falciparum malaria endemicity in 2010 was obtained from the 

Malaria Atlas Project (www.map.ox.ac.uk) and the methods behind the construction of 

the map are presented in Gething et al [32]. In brief, 22,212 community prevalence 

surveys were used in combination with model-based geostatistical methods to map the 

prevalence of P. falciparum globally within limits of transmission estimated by annual 

parasite incidence and satellite covariate data [53]. The mapping and modeling 

framework for P. vivax is presently not as advanced as for P. falciparum, however, the 

limits of transmission and stable/unstable endemicity have been mapped  [54], and this 

dataset was used within VBD-AIR to define areas of P. vivax malaria endemicity. 
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Dengue fever is an infectious tropical disease caused by the dengue virus. The 

incidence of dengue fever has increased dramatically since the 1960s, with around 50–

100 million people infected yearly, and imported cases through air travel to non-

endemic regions are on the rise [55]. Global dengue distribution was mapped in three 

different ways: (i) a map of environmental 'suitability' for transmission, (ii) the same map, 

but only with countries/regions of known recent transmission shown, and (iii) a map of 

environmental similarity to recent outbreaks. For construction of the first map, 

thousands of geographically-located data points on dengue transmission over the past 

decade were combined with climatic and environmental covariates within a boosted 

regression tree mapping tool [56], following the approaches of Sinka et al [36,37,51,56], 

to produce a global map of suitability for dengue transmission (Appendix A). To refine 

this map to be focused  solely on regions of recent confirmed transmission, the second 

dengue map was constructed with dataset masked so that only regions cited by the 

CDC Yellow Book (http://wwwnc.cdc.gov/travel/yellowbook/2012/chapter-3-infectious-

diseases-related-to-travel/dengue-fever-and-dengue-hemorrhagic-fever.htm) as having 

transmission in 2010 were left (Appendix A). Finally, to produce an alternative, more 

contemporary dataset focused on regional suitability for significant outbreaks, 

geographical data on outbreaks occurring since 2008 were extracted from Healthmap 

(www.healthmap.org) and again combined with climatic and environmental covariates in 

a boosted regression tree tool [56] to map predicted dengue fever outbreak risk 

(Appendix A). 

Yellow fever is an acute viral hemorrhagic disease [57]. The yellow fever virus is 

transmitted by Aedes aegypti (and other species) and is found in tropical and 

http://wwwnc.cdc.gov/travel/yellowbook/2012/chapter-3-infectious-diseases-related-to-travel/dengue-fever-and-dengue-hemorrhagic-fever.htm
http://wwwnc.cdc.gov/travel/yellowbook/2012/chapter-3-infectious-diseases-related-to-travel/dengue-fever-and-dengue-hemorrhagic-fever.htm
http://www.healthmap.org/
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subtropical areas in South America and Africa, but not in Asia. Since the 1980s, the 

number of cases of yellow fever has been increasing, making it a re-emerging disease, 

and case numbers imported through air travel to non-endemic areas have been rising 

[57]. Global yellow fever distribution was mapped in two different ways: (i) a map of 

environmental suitability for transmission and (ii) a map of environmental similarity to 

recent outbreaks. Hundreds of geographically-located data points on yellow fever 

occurrence over the past twenty years were combined with climatic and environmental 

covariates within a discriminant analysis mapping framework to produce a global map of 

suitability for yellow fever transmission. The datasets and methods used are described 

in Rogers et al [34]. The risk map of environmental similarity to recent outbreaks was 

produced using the same methods as for the dengue outbreak-similarity map described 

above, but using yellow fever outbreak data from Healthmap (Appendix A). 

Chikungunya virus is an insect-borne virus, of the genus alphavirus that is 

transmitted to humans by virus-carrying Aedes mosquitoes, principally Ae.aegypti and 

Ae.albopictus. Large sporadic outbreaks have occurred since around 2005, with spread 

associated with both the movement of infected air travelers and the spread of the range 

of Ae. albopictus [19]. An outbreak risk map was produced using the same methods as 

outlined above for the dengue outbreak-similarity map, but using chikungunya outbreak 

data since 2008 from Healthmap (Figure 2-2a). 

Vector Distribution Datasets 

VBD-AIR includes three global vector distribution maps: Aedes aegypti, Aedes 

albopictus and the dominant Anopheles vectors of malaria. An example map is shown in 

Figure 2-2b for Ae. albopictus and the remaining maps are shown in Appendix A, with 

the mapping process described briefly here. More complete details on the mapping 
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process are provided in the VBD-AIR user guide, available through the online tool 

(www.vbd-air.com).  

The yellow fever mosquito, Aedes aegypti is a mosquito that can spread dengue 

fever, chikungunya and yellow fever viruses, as well as other diseases. The mosquito 

originated in Africa but is now found in tropical and subtropical regions throughout the 

world. Hundreds of geographically-located data points on field-caught Ae. aegypti 

occurrence over the past 10 years [58,59] were combined with climatic and 

environmental covariates within a boosted regression tree mapping framework [56] 

following the approaches of Sinka et al [36,37,51],  to produce a global map of predicted 

Ae. aegypti presence (Appendix A). 

Ae. albopictus is of medical and public health concern because it has been 

shown in the laboratory to be a highly efficient vector of 22 arboviruses, including 

dengue, yellow fever, and West Nile fever viruses [60]. In the wild, however, its 

efficiency as a vector appears to be generally low, although it has been implicated in 

recent dengue fever and chikungunya outbreaks in the absence of the principal vector, 

Ae. aegypti. From its Old World East Asian distribution reported in 1930, Ae. albopictus 

expanded its range first to the Pacific Islands and then, within the last 20 years, to other 

countries in both the Old World and the New World, principally through ship-borne 

transportation of eggs and larvae in tires [9,60]. Here, hundreds of geographically-

located data points on field-caught Ae. albopictus occurrence over the past 10 years 

[39,58,60] were again combined with climatic and environmental covariates within a 

boosted regression tree mapping framework [36,37,51,56] to produce a global map of 

predicted Ae. albopictus presence (Figure 2-2b). 
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Anopheles is a genus of mosquito. There are approximately 460 recognized 

species: while over 100 can transmit human malaria, only 30-40 commonly transmit 

parasites of the genus Plasmodium, which cause malaria in humans in endemic areas. 

Anopheles gambiae is one of the best known, because of its predominant role in the 

transmission of the most dangerous malaria parasite species - Plasmodium falciparum. 

Thousands of geographically-referenced data points on the presence of the dominant 

Anopheles vectors of malaria have been gathered and used, in combination with 

environmental covariates, expert opinion maps and regression tree tools, to produce 

global maps of Anopheles distributions by the Malaria Atlas Project (www.map.ox.ac.uk) 

[36,37,51,56]. Here, these maps were combined to produce a global map of dominant 

malaria-vector presence (Appendix A). 

Climate and Other Datasets 

The principal climatic constraints to vector survival (mosquitoes in this case), 

development and the vector-borne disease life cycle within them are temperature, 

rainfall and humidity. Monthly gridded global data on each of these were obtained from 

the CRU CL 2.0 gridded climatology datasets (http://www.cru.uea.ac.uk/cru/data/hrg/) 

[61] .  The climate information from these gridded data was extracted for the locations of 

each of the airports. 

A dataset depicting travel time to the nearest major settlement (with population 

size > 50,000) was obtained (further details here: 

http://bioval.jrc.ec.europa.eu/products/gam/index.htm ), to provide contextual 

information on (i) airport disease accessibility at the origin and (ii) the potential ease of 

disease spread upon arrival. The risk of a disease being imported to a new location 

should not only be quantified by the level of predicted risk at the location of the airport, 

http://www.map.ox.ac.uk/
http://www.cru.uea.ac.uk/cru/data/hrg/
http://bioval.jrc.ec.europa.eu/products/gam/index.htm
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since travellers often travel long distances to get to an airport, often coming from more 

rural regions where disease risk may be higher. Therefore, the land-based travel-time 

dataset described above was used in combination with each disease distribution map to 

extract the maximum predicted disease risk within two hours and fifty kilometers of each 

airport (see Appendix A for more detail). There exists no globally comprehensive 

information on travel distances to airports, thus we used this simple assumption here. 

The maximum level of disease risk within these travel times and distances were 

assigned to each  

Method 

VBD-AIR is designed to be a flexible tool that combines multiple geospatial 

datasets to inform on the relative risks between differing airports, flight routes, times of 

year, diseases, and their vectors, in promoting the movement of passengers infected by 

vector-borne diseases and the vectors that spread these diseases. In general, the tool 

relies on the assumptions that the levels of imported vector and vector-borne disease 

risk via air travel are related to (i) the presence of flight routes connecting to endemic 

regions (promoting the movement of people, pathogens and vectors), (ii) the level of 

traffic between origin and destination (increasing the probability of infected passenger 

and vector carriage), and (iii) the monthly climatic similarity between origin and 

destination (since vector activity is required at both locations to firstly provide infected 

passengers, and secondly prompt onward transmission or vector establishment at the 

selected destination). 

Combing Datasets and Creating Risk Metrics 

VBD-AIR utilizes an entity-relationship model to integrate the data sources from 

airport locations and air routes, disease and vector distributions, global climate data, 
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and the global land-based travel time data.  VBD-AIR can be identified as a “produser” 

for knowledge dissemination between authoritative data producers and expert users, as 

it consumes data from a spatial data infrastructure and produces analytical output [62]. 

To generate attributes for each airport from the spatial datasets, airports were setup as 

the reporting agents and implemented with an object-oriented notation for extracting 

field data properties. 

A set of climate-related indices that have been outlined elsewhere [48,63] was 

used here as metrics for imported vector and disease establishment risk. These rely on 

the assumption that the climatically-sensitive disease vectors require similar climatic 

conditions in their new locations to that which they experienced and survived in at their 

previous home locations in order to successfully establish. Moreover, for imported 

cases of vector-borne diseases to result in onward transmission in new locations, 

climatic conditions that promote vector activity, similar to the origin location where the 

disease was contracted, are required. Three simple indices were calculated:  

1. Climatic Euclidean Distances (CEDs) are a measure of similarity in climatic 
regime between one location and another, and in this case were calculated 
through obtaining measures of rainfall (r), temperature (t) and humidity (h) for 
each airport location for each month from the gridded climatic datasets described 
previously. The CED between airport i and j was then calculated by 

 [48,63].  

2. Climatic Euclidean Distance scaled by passenger volumes (or traffic, t) (CEDt), 
provides a more relevant relative measure of insect/disease introduction risk and 
consequent establishment/spread by route, through taking into account not only 
climatic suitability between regions, but the level of traffic on connecting flight 
routes. CEDt is calculated as in CED above, but the resulting values are 
normalized to the 0-1 range and multiplied by the traffic levels on the route in 
question, which have been normalized through dividing by the maximum traffic 
value in the database [48,63]. 

3. Climatic Euclidean Distance scaled by passenger volumes and 'risk' in terms of 
predicted disease endemicity or probability of vector presence (CEDtr) at the 
flight origin, provides a more relevant relative measure of insect/disease 
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introduction risk to non-endemic/vector-free regions and consequent 
establishment/spread by route, through accounting for not only volume of traffic, 
but disease/vector prevalence at origin locations. CEDtr is calculated as in CED 
above, but the resulting value is normalized and multiplied by the normalized 
traffic levels on the route in question and by predicted disease endemicity or 
vector presence probability at the origin location, again normalized to the 0-1 
range  [48,63]. 

Risk Assessments 

Three specific ‘risk assessment’ groups of functions have been built into the 

VBD-AIR tool and the following paragraphs describe the rationale and content of each 

of these assessments, provide examples on getting user specified outputs and 

documents the caveats and limitations of each assessment.  

Imported vector-borne disease case risk assessment:  These are aimed at 

providing estimates for the relative risks between scheduled flights of incoming air 

passengers carrying cases of the user selected disease. Two simple measures are 

calculated for the selected airport, disease and month: (i) scheduled passenger capacity 

for 2011 on all routes coming from endemic or outbreak risk regions of the selected 

disease; (ii) these passenger capacity numbers normalized through dividing by the 

maximum traffic value in the database and rescaled by the disease risk value in the 

region of origin. The first metric provides a simple measure of the maximum number of 

passengers arriving each month from areas of the world where transmission of the 

selected disease is either known to be endemic, predicted to occur or has occurred in 

the past. Comparing these between routes and months provides a first pass measure of 

risk route and timing prioritization. The second one provides a refinement to the simple 

measure in (i) that incorporates information on disease endemicity (on a 0‐1 scale) at 

the origin. 
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The risk values calculated are based solely on scheduled incoming flight routes 

in 2011, the traffic capacity on these routes and the estimated endemic disease risk at 

the origin airport region. These estimates do not take into account additional risk-

modifying factors such as actual passenger numbers, traveler activities and prophylaxis 

use, seasonal variations in disease transmission, chartered flights or multiple stopovers. 

Further details can be found in the VBD-AIR user guide and the user-generated reports 

available from the online tool (www.vbd-air.com ). 

Onward transmission risk assessments are aimed at providing basic 

estimates for the relative risks between scheduled routes of incoming flights bringing 

infected passengers, and those passengers coming into contact with active, competent 

vectors to facilitate onward transmission. Two simple measures are calculated for the 

user-selected airport, disease and month: (i) Flight capacities rescaled by climatic 

similarity between origin and destination regions for flights originating in disease 

endemic or outbreak prone regions (CEDt). This metric is based on the assumption that 

the risk of infected passenger arrival and onward disease spread is related to the 

amount of traffic between locations (increasing the probability of disease carriage) and 

also the similarity of the climate at the destination to that of the origin, since vector 

activity is required at both locations to firstly provide infected passengers, and secondly 

prompt onward transmission at the selected destination. (ii) The previous metric 

rescaled by the disease endemicity/risk value, r, at the origin region (CEDtr) [9,10]. This 

provides additional refinement of the previous metric to account for spatial variations in 

disease risk across the world. Finally, the opportunity to overlay a map depicting travel 

time to the nearest major settlement is available, to provide contextual information on (i) 

http://www.vbd-air.com/
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airport disease accessibility at the origin and (ii) the potential ease of disease spread 

upon arrival. 

The risk values calculated are based on scheduled incoming flight routes in 

2011, the traffic capacity on these routes, the climatic similarity to origin regions and the 

predicted presence of the disease at the origin airport region and competent vector at 

the destination airport region. These estimates do not take into account additional risk-

modifying factors such as passenger numbers, vector preferences, passenger activities, 

seasonal variations in disease vector population sizes, or vector control measures in 

place. 

Imported vector risk assessments is aimed at providing basic estimates for the 

relative risks between scheduled routes of incoming flights bringing exotic disease 

vectors and their consequent establishment. Two simple measures are calculated for 

the user-selected airport, vector and month: (i) Flight capacities rescaled by climatic 

similarity between origin and destination regions for flights originating in vector presence 

regions. This metric is based on the assumption that the risk of exotic vector arrival and 

establishment is related to the amount of traffic between locations (increasing the 

probability of carriage) and also the similarity of the climate at the destination to that in 

its home range, accounting for seasonal variations. (ii) The previous metric rescaled by 

the vector suitability value, r, at the origin region (CEDtr) [7,9,10]. This provides 

additional refinement of the previous metric to account for spatial variations in vector 

suitability and abundance across the world. 

The risk values calculated are based on scheduled incoming flight routes in 

2011, the traffic capacity on these routes, the climatic similarity to origin regions and the 
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predicted presence of the disease at the origin airport region and competent vector at 

the destination airport region. These estimates do not take into account additional risk-

modifying factors such as passenger numbers, vector preferences, passenger activities, 

seasonal variations in disease vector population sizes, or vector control measures in 

place. 

VBD-AIR Tool Architecture 

VBD-AIR adopts a three tier design: (i) a web server tier, (ii) a data server tier 

and (iii) a map service tier (Figure 2-3). The web server for VBD-AIR is constructed in 

an asp.net Model-View-Controller (MVC) framework adopting agile development 

principles. The MVC framework provides facilities for separating the modules and 

functionalities defined by the knowledge integration method via the MVC framework [64]: 

the model reacts and responds to the commands from the controller, queries the 

database and transfers data to the application domain (usually a data view is 

generated), and alters the application state if instructions are received from the 

controller. The view formulates a web form with structural data presentation to the user. 

The controller receives inputs from the users via html form and sends it to the model.  

In the VBD-AIR web server (Figure 2-3), the controller is responsible for the page 

actions from the user (also known as 'Http Post' and 'Http Get'), as the user clicks on a 

button or a dropdown list, the collection of the user’s operations are sent as an object to 

the server. The controller receives actions from the user and selects an appropriate 

model for building a data view. The data view, which is usually a projection of a data 

model, is rendered in an HTML form or a JSON (JavaScript Object Notation) format for 

data exchange between the server and the client.  In VBD-AIR particular, the knowledge 

graph is rendered in JSON. The model in VBD-AIR is a repository of intermediate data, 
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which is a collection of data entities and their relationships generated from the data 

server. This data assimilation process includes an object-oriented mapping procedure 

and add-ons of analytical logics. The controller also has the responsibilities to call the 

map server for the overlays of base maps and raster spatial dataset layers.  

The data server is an SQL database, employed in a snow-flake structure, as the 

airport table is assigned as a fact table in the database. This table contains 

geographical information on the 3,682 airports. All disease, vector, route capacity and 

climate spatial data are mapped into this relational database management system. The 

data have been rectified for occasional misalignment error using ArcGIS v10. This 

schema simplifies the data structure for queries on airports and facilitates the data 

exchange process and interoperation.  

The communication between the web server and the data server is largely based 

on a repository pattern with a predefined data model. The repository pattern is a 

middleware container between the study objects and the data. It is capable of 

aggregating data collections using precompiled queries to the database [65]. In general, 

the repository pattern provides a simple querying structure for intermediate data and 

facilitates the data exchanges.  

The map service is composed of two service providers:  “base map services” and 

“web mapping services for raster spatial datasets”. The base map services provide an 

overlay of the world map from either Google Maps or OpenStreetMap, which illustrate 

the viewing extents for the significant air routes. Furthermore, it provides functions such 

as an auto zoom to the viewing extent when a map is generated or an airport is selected. 

The web mapping services for raster spatial datasets host the map files for disease and 
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vector distributions on a GeoServer. This service is able to stream the raster dataset to 

the client’s browser via Web Mapping Services (WMS) and the user can then see the 

raster dataset overlay in their browser. 

Once the user opens the VBD-AIR website (www.vbd-air.com), the Openlayer 

library with preset visualization functions is loaded to the users’ browser. The base map 

is generated from the base map services and a raster dataset overlay is generated from 

the Geoserver. Feature layers for airports and air routes are populated from the JSON 

string streaming from the controller, and this JSON string is generated according to the 

user input on the html form of input choices, which contains airport information, 

disease/vector probabilities, flight passenger capacity information and climatic 

conditions. Finally, these feature layers are visualized and overlaid on the base map. 

Supported 'mouse events' include mouse-driven map navigation and automated air 

route re-rendering. Users can navigate the mouse pointer to an airport or an air route to 

obtain more detailed information and select different rendering scenarios on imported 

risks or onward transmission. When a metric is chosen, the routes are colored to 

distinguish between where the metric is larger than the average for all routes shown, 

and where it is smaller. The top 10 routes ranked by the user's chosen metric are also 

displayed. 

As the development of VBD-AIR has and will continue to involve multidisciplinary 

effort, we have implemented a test-driven design routine to utilize the MVC framework, 

so as to minimize the cost for communication. Test Driven Development (TDD) permits 

flexibility for a more feature driven development. A feature can be treated as a 

separable function in a project [66]. TDD helps in separating the concerns of various 
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implementations of features, for instance, the addressing of raster data overlay and 

PDF report generation should rely on different programming libraries, and thus, they 

have totally different input and output. TDD can state the objectives of these two 

features by dependency injection, which uses an interface as a contract to declare 

functionalities. The contracting interfaces could be substituted with workable classes to 

implement the functionality. In the implementation, different programming resources can 

be imported to fulfill the requirements. TDD enables the design of reusable features that 

can be used across multiple development efforts. 

Results  

The test version of VBD-AIR is available at www.vbd-air.com. In the current 

version, VBD-AIR enables users to explore the interrelationships between the global 

distributions of the four major vector‐borne infectious diseases, seasonal climatic 

changes and seasonally changing air traffic capacities, and the full set of user inputs 

available in outlined in Figure 2-4. 

The visualization of the air travel network within VBD-AIR follows 

Schneiderman’s principle for data visualization:   Overview first, zoom and filter, then 

details-on-demand [67]. The web interface provides a map view of the flight connections 

from endemic disease or vector presence areas to a user-selected airport, with a 

predicted disease risk or vector presence map overlaid (Figure 2-5). The user can view 

and navigate through the flight routes from each of the airports within the endemic or 

vector presence regions. As the user selects their choice of risk assessment type 

(imported disease risks, onward transmission risks or imported vector risks – see Figure 

2-4), the view supports an automatic coloring scheme to render the origin airports and 

the routes based on the user input and the objectives for risk assessment. Moreover, 
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when the user clicks on an airport, detailed location information for that airport is 

provided. The interface is also well equipped with a comprehensive user guide, a short 

tutorial and integrated pop-up help windows so that the user can get a better 

understanding of the tool functionality, datasets and outputs. 

For both the “direct flight” and “indirect flight” options (Figure 2-4), users are 

required to input the name or city of their airport of interest, disease of interest, and their 

related choice of disease distribution or vector presence map. The direct flight options 

provide “imported disease risks” and “onward transmission risks” functions if the user 

selects a disease map, and “imported vector risks” if the user selects a vector map. The 

imported disease risk option provides the top 10 routes by route capacity from disease 

endemic areas and the top 10 routes by risk-scaled traffic from disease endemic areas.  

The onward transmission risks and imported vector risks provide top 10 routes by 

climatic similarity scaled traffic and top 10 routes by climate similarity and 

disease/vector risk scaled traffic. The option to produce a more detailed PDF report 

output is provided to enable users to examine output statistics in greater detail and view 

longitudinal data. An option is also available to view indirect flights to the airport of 

interest, which highlights the possible routes from disease endemic areas via a single 

flight transfer, and a list of intermediate airports.  

A sample user input is presented in Figure 2-5. In this example, the user is 

interested in the risks of dengue importation to Miami airport in January by direct flights. 

Once the user selects Miami airport through the auto-complete text box, the map zooms 

to show the region (Figure 2-5a). The user then selects dengue from the list of diseases 

available and chooses the spatial representation of dengue risk they are interested in 
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(see Data section above for information on each map), and can click on the question 

mark icon to get help in choosing, which in turn links to the user guide to obtain further 

information. The user then selects January from the drop-down month list and chooses 

direct flights, before choosing to display their selections. The next screen (Figure 2-5b) 

shows the user’s chosen dengue risk map with all direct flights from endemic areas to 

Miami overlaid and colored by whether the traffic on the route is greater or less than the 

average traffic on all routes to Miami from endemic areas. The user can then select 

metrics from the imported disease risks box in the top left, choosing whether to view the 

top 10 routes by traffic from endemic areas or by traffic scaled by disease risks at the 

origin location. In each case, the top 10 risk routes are displayed in the box in the top-

right. For more detailed quantification of imported disease risks metrics, the user has 

the option to view a customized PDF format report. Finally, the user can view all those 

flights that are connected to Miami from endemic areas by a single flight change 

through returning to the data selection screen and selecting the ‘one transfer’ option 

(Figure 2-5c).  

Discussion  

With no apparent end in sight to the continued growth in global air travel, we 

must expect the continued appearance of disease-spreading vector invasions and 

vector-borne disease movement. Approaches that can inform decision makers on the 

risk factors behind these importations and onward spread risks can be used to focus 

surveillance and control efforts more efficiently. This paper and the VBD-AIR tool it 

describes show that multiple datasets on many aspects relating to the risk of movement 

of insect vectors and vector-borne diseases through the global air network can be 

compiled to provide such information through a user-friendly web tool. The principal 
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function of the VBD-AIR tool is to provide an evidence base for assessing the role of air 

travel in the spread of vector-borne diseases and their vectors through available spatial 

data. The VBD-AIR tool is designed with a wide range of potential users in mind. These 

include planners and decisions makers based in state and local government, in 

particular, those at international and domestic airports tasked with planning for and 

dealing with health risks and allocating limited resources. It is clear from exploration of 

outputs from VBD-AIR that each region, airport and flight route has a differing risk 

profile in terms of disease and vector importation, determined largely by the structure of 

the air network and its congruence with infectious disease distributions and outbreaks 

and vector distributions and seasonality, yet this is rarely quantified and used when 

control methods and surveillance are considered. 

The VBD-AIR tool shows that a multi-disciplinary approach, which draws on a 

variety of spatial data on factors known to influence the spread of vectors and the 

diseases they carry, offers potential for assessing the risk of disease importation. A 

range of uncertainties and limitations do still exist in the datasets and outputs presented 

however, and users are made aware of these within the full user guide and throughout 

the information boxes within the tool. Firstly, VBD-AIR considers only direct flights and 

their capacities within metric calculations, rather than actual passenger numbers or 

stopovers, and users are made aware of the uncertainties that this entails [68]. Within 

the disease and vector distribution modeling processes, uncertainties are inherent 

throughout [69], particularly in those regions with little field data to inform predictions. 

Moreover, we have treated the vector distributions as single homogenous types of 

mosquito, yet competition, competence, adaptation and preferences can vary widely 
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across their global distributions [36,37,51,60]. Accurate data on outbreak locations and 

sizes, as with many diseases, are also difficult to obtain to be sure of comprehensive 

assessments of risk, however, improvements in global surveillance and the rapid 

availability of data are improving (e.g. [70]). Also, the distance between two airports and 

the population size of these airports have not been explicitly incorporated in the risk 

assessments here. Proximity to endemic area plays an important role in vector-borne 

disease importation [71], while city population size can be utilized to estimate the rate of 

disease movement between pairs of airports [72]. Further the use of climatic similarity 

measures may not be appropriate to certain contexts, such as those where arid climatic 

conditions prompt increased water storage, leading to rises in vector-borne disease 

risks, rather than the decreases that may be indicated by CEDs.  Finally, how to 

interpret and act upon the kind of relative risks identified in VBD-AIR is a challenge yet 

to be overcome, but various approaches to mitigating risks are presented within the tool 

text boxes and user guide [7]. 

Future updates are planned to VBD-AIR that will expand its capabilities, as the 

MVC framework is designed to be flexible for robust expansion.  These will include: (i) 

Regular updates of the disease and vector distribution maps, as new survey data and 

outbreak reports become available; (ii) updates to the flight data as new information on 

flight capacities and routes becomes available; (iii) additional scenario-related 

functionality will be built into the tool based on a set of control and mitigation options. 

This will provide users with guidance on approaches to limiting imported cases and 

vectors, and mitigating the effects of vector establishment or onward disease 

transmission; (iv) the interactive incorporation of the accessibility datasets. At present 
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this represents a simple visualization of access to provide context, and upcoming 

extensions will focus on building in measures of access to better capture airport 

catchment areas and estimate likely regions impacted by imported cases or vectors; (v) 

the incorporation of extra vector-borne diseases and vectors. The choice of additional 

diseases and vectors will depend upon availability of sufficient spatial data for mapping 

or validated global maps. Candidate diseases include leishmaniasis, Rift Valley fever 

and chagas disease. 

It is envisioned that future research beyond the simple updates and tool 

expansions described above will build upon VBD-AIR to continue to improve 

quantification of these aspects, drawing on newly-developed spatial datasets and 

mathematical models of transmission, to provide an evidence base to enable airports, 

airlines, and public health officials to assess the appropriateness and efficacy of current 

control, surveillance and treatment practices, and tailor strategies to these differing risk 

profiles for each disease, route and airport. Three specific areas of research should be 

examined: 

(i) Constructing geospatial information databases on global endemic disease 

distributions, and building a framework for the rapid inclusion of outbreak reporting data 

from surveillance databases such as HealthMap (www.healthmap.org) [70,73]. 

Increasingly, spatial information on the prevalence of directly-transmitted and insect-

borne diseases are being made available, and approaches for using these data to build 

distribution maps and dynamic transmission models are following. The potential of 

combining such data with air traffic data for forecasting disease movements has been 

http://www.healthmap.org/


 

41 

shown for a handful of diseases in specific locations, but this potential has yet to be 

realized at global scales. 

(ii) Increasing the sophistication of flight passenger movement data and models. 

Existing models of disease movement over air networks are generally driven by flight 

capacity and direct flight data [48], missing valuable information on stopovers, actual 

passenger numbers and lengths of stay. Sample datasets on ticket sales and flight 

occupancy (e.g. US Transtats T100 and DB1B data http://www.transtats.bts.gov ) 

should be utilized to derive models that can better replicate realistic passenger flows, for 

integration with the disease risk data[68]. Also, the incorporate of proximity measure 

(such as geographical distance or flight time between pairs of airports) and population 

information which airports serve is likely to facilitate the estimations of the actual travel 

flows between two airports [71,72]. 

(iii) The development of stochastic analogues of existing deterministic 

approaches to modeling of disease movement through air networks that are capable of 

handling input parameter distributions rather than simple mean values, and provide 

measures of uncertainty with output forecasts. The process of disease importation is a 

stochastic process, and, depending upon the disease, each relevant variable (e.g. 

seasonal variations in transmission, passenger numbers, and infection risk) can exhibit 

substantial variations from the mean and include uncertainty in the way they are 

measured. By simulating risks of importation from literature-derived probability 

distributions for each variable, improved and more informative model outputs could be 

produced that would enable the user to better understand and manage the uncertainties 

inherent in forecasts (e.g. [74]). 

http://www.transtats.bts.gov/
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Conclusions  

Increases in global travel are happening simultaneously with many other 

processes that favor the emergence of disease [75,76]. Air travel is a potent force in 

disease emergence and spread, and the speed and complexity of modern aviation 

makes both geographical space and the traditional ‘drawbridge’ strategy of disease 

control and quarantine increasingly irrelevant [45]. With no apparent end in sight to the 

continued growth in global air travel, we must expect the continued appearance of 

disease vector invasions and vector-borne disease movement. Approaches that can 

inform decision makers on the risk factors behind vector-borne disease importation and 

onward spread risk can be used to focus surveillance and control efforts more 

efficiently. The VBD-AIR tool shows that multiple datasets on many aspects relating to 

the risk of movement of vector-borne diseases and their vectors through the global air 

network can be compiled to provide such information. VBD-AIR is available at www.vbd-

air.com. 
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Figure 2-1. 2011 Air network data used in VBD-AIR. (a) The location of the 3,632 
airports across the world; (b) the flight routes for 2011 captured within the 
VBD-AIR tool. 
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Figure 2-2. Example disease and vector distribution maps from the VBD-AIR tool. The 

predicted distribution of (a) chikungunya outbreak risk based on geolocated 
data on recorded outbreaks since 2008 combined with satellite-derived 
environmental covariates within a boosted regression tree species distribution 
prediction model. The color scale shows predicted unsuitable to suitable 
conditions for outbreaks as a continuous scale from yellow to dark blue. (b) 
climatic and environmental suitability for  Aedes albopictus presence based 
on field survey data combined with satellite-derived environmental covariates 
within a boosted regression tree species distribution prediction model. The 
colour scale shows predicted unsuitable to suitable conditions as a 
continuous scale from yellow to dark blue. 
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Figure 2-3. The architecture of the VBD-AIR tool. VBD-AIR adopts a three tier design: 

Web Server Tier, Data Server Tier and a Map Service Tier. The web interface 
follows AJAX standards. The web server implements a Model-View-Controller 
(MVC) framework. The data server is an SQL database, employed in a snow-
flake structure and interpolated in the web server as data entities. The Web 
Mapping Services hosts the coverage file for predicted disease and vector 
distributions on a GeoServer. The base map service retrieves maps from 
Google and OpenStreetMap. 
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Figure 2-4. Flow of user input for the VBD-AIR tool. Risk assessment functions for the VBD-AIR tool.  “Imported disease 

risks”, “onward transmission risks” and “imported vector risks” are provided for the direct flight route scenario 
and the possible routes from endemic area via one transfer are provided for the indirect flight scenario. 
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Figure 2-5. User input example for the VBD-AIR tool.A sample user input for the VBD-

AIR tool for a user interested in imported dengue infection risks to Miami in 
January. a) The user selects their airport, disease and month of interest; b) 
The result shows the direct flight routes from dengue suitable areas to Miami, 
and the user can select risk assessments that include imported disease risk 
and onward transmission risks; c) The result shows the direct and one-
transfer flight routes from dengue suitable areas to Miami, and the user can 
navigate through all the results for more detailed information.  
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CHAPTER 3 
AN OPEN-ACCESS MODELED PASSENGER FLOW MATRIX FOR THE GLOBAL AIR 

NETWORK IN 20102 

Chapter Summary 

The expanding global air network provides rapid and wide-reaching connections 

accelerating both domestic and international travel. To understand human movement 

patterns on the network and their socioeconomic, environmental and epidemiological 

implications, information on passenger flow is required. However, comprehensive data 

on global passenger flow remain difficult and expensive to obtain, prompting 

researchers to rely on scheduled flight seat capacity data or simple models of flow. This 

study describes the construction of an open-access modeled passenger flow matrix for 

all airports with a host city-population of more than 100,000 and within two transfers of 

air travel from various publicly available air travel datasets. Data on network 

characteristics, city population, and local area GDP amongst others are utilized as 

covariates in a gravity model framework to predict the air transportation flows between 

airports. Training datasets based on information from various transportation 

organizations in the United States, Canada and the European Union were assembled. A 

log linear model controlling the random effects on origin, destination and the airport 

hierarchy was then built to predict passenger flows on the network, and compared to the 

results produced using previously published models. Passenger flows between 1491 

airports on 644,406 unique routes were estimated and analyses showed that the model 

presented here produced improved predictive power and accuracy compared to 

                                            
2
 A version of this chapter was submitted to Plos One as “Huang Z, Wu X, Garcia AJ, Fik TJ, Tatem AJ 

(2013) An open-access modeled passenger flow matrix for the global air network in 2010. PloS One” 
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previously published models, yielding the highest successful prediction rate in terms of 

prediction power and accuracy at the global scale. The airport node characteristics and 

estimated passenger flows are freely available as part of the Vector-Borne Disease 

Airline Importation Risk (VBD-Air) project at: www.vbd-air.com/data 

Introduction 

Demand for travel has boosted the growth of the global air travel network at an 

unprecedented rate.  In the past 20-30 years, the network has expanded dramatically 

with a steady growth rate of 4-5% per year [1], accompanied by a nearly 9%  annual 

growth rate of passenger and freight traffic [77]. In 2011, the worldwide international and 

domestic passenger kilometers transported reached a record-high of 5.2 trillion 

kilometers [43].  The large volumes of air traffic, result in profound impacts on 

commodity trade[78], regional development[79], cultural communication[80], disease 

importation[7,8] and species invasion [5,9,10]. As humans and commodities are 

transported at exceptional rates through aviation compared to other modes of 

transportation, how these patterns impact the socioeconomic, environmental and 

epidemiological landscape is of significant interest[5,7,9,81].   

Quantifying  the volume of passengers on the air travel network is critical to 

understanding the complicated spatial interaction between origin and the destination 

cities  [7,8]. Previously, studies from a range of fields [3,5,9,10,82–84] have made use 

of data from the International Air Transport Association (IATA) or the International Civil 

Aviation Organization (ICAO). These data are often restricted to scheduled flight plus 

seat capacity information on routes.  However, not all commercial flights operate at full 

capacity, thus, such data often overestimate the passenger numbers on routes [7]. 

Moreover, capacity data provide information on only point-to-point connection, thus, 

http://www.vbd-air.com/data
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travel patterns that require a stopover and transfer of planes  are not captured [68].  

Although Origin-Destination data derived from air ticket sales are available (e.g. 

http://www.iata.org/ps/intelligence_statistics/paxis/pages/index.aspx ), such data are 

expensive for research purposes, running to many tens of thousands of dollars, and can 

require significant legal and confidentiality agreements for data usage. Other databases 

of international flow by pair-wise airports are held by private companies (e.g. Marketing 

Information Data Transfer, http://ma.aspirion.aero/midt) with costs, again, often high to 

obtain, with payment required repeatedly to maintain the latest data. Here we aim to 

outline a model framework to produce open access estimates of global air traffic flow for 

research purposes that can be updated regularly.  

Spatial interaction models have been utilized to estimate the volume of 

passengers given an origin and destination city where data are lacking 

[3,72,78,82,83,85–90] . The most common model used is the gravity model, which 

incorporates drivers such as the site characteristics of origin and destination areas, and 

functions of “locational separation” to depict the interaction between the origin and 

destination to estimate the flow value. As Grosche et al [90] summarized, the drivers in 

the spatial interaction model to estimate the air traffic include 1) socio-economic 

characteristics of origin, destination, such as population, income, GDP, urban 

infrastructure, education level , and 2) service-related factors such as the quality (such 

as flight frequency, plane size and prices) and the market demand of airline service.  

The locational separation is usually calibrated by the distance or travel time separating 

origins and destinations. The gravity model provides a solid theoretical and practical 

http://www.iata.org/ps/intelligence_statistics/paxis/pages/index.aspx
http://ma.aspirion.aero/midt


 

51 

background on understanding the movement of populations since it explicitly captures 

the absolute and relative spatial relationship of the origin and the destination [86]. 

The utilization of network characteristics sheds light on the identification of air 

service factors in the gravity model for flow estimation, since 1) the layout of the global 

air travel network follows the “hub-and-spoke” network model and 2) heterogeneities in 

the network topologies are indicated by the demands of air travel of the area where the 

airports serves. Firstly, large air travel companies in mature air travel markets adapt a 

hub-and-spoke model to achieve the balance of travel time for customer and the 

efficiencies in transportation infrastructures. In this model, a single airport is assigned to 

a single hub or multiple hubs to form a regional inter-connected community [91–93] , 

where “stop over” and “feeder” routes exist connecting the small airports with low 

degree connections to a larger degree hub [94] .  The locations of airport hubs are 

selected as the optimum locations that satisfy the inter-regional travel demands and 

minimize the total transportation cost [91,92]. Moreover, the hub-and-spoke layout can 

be reflected on the “small-world” and the “scale-free” characteristics on the network. 

Guimera et al [95] studied the  “small-world” feature and showed that most airports can 

be reached from every other with only a small number of connections. They also 

identified how central nodes with low degree connectivity play an important role for 

inter-regional and intra-regional communication. The “scale-free” feature that the 

degrees of the air travel network follow a power-law distribution is suggested by the 

nodal structure of flows clusters [96], as described by the hierarchical span for the major 

airports in the United States [84].  
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Secondly, the degree and centrality of airports in the air travel network can act as 

indicators for air travel demand, since the local measurement of air passenger volume, 

population, and the level of economic activities at the periphery of the hub are highly 

correlated [97–99].  Empirical research [100–102] have observed the increment of air 

passengers and increased passenger flow based on economic growth.  Liu et al. [103] 

quantified the marginal effects of population in a given metropolitan area on the air 

travel market, indicating that the odds of having a ‘major’ air traffic market increase 41% 

per 100,000 population growth. Wang et al [104]  studied the air travel network in China 

and found that cities in the more urbanized area of East China had a higher centrality 

score and a higher number of  air passenger volumes compared to the more rural West 

China. These studies indicate the mutual correlation of network centralities and urban 

development level, which reflect the spatial agglomeration of economic activities and 

unequal air travel service demands.  

To study the movement of  vector-borne disease on the air travel network , 

Johansson et al [68,74] modeled the actual passengers counts between 141 airports 

worldwide with epidemic significance.  Utilizing the air travel itineraries of the United 

States as a training set, they constructed a generalized linear model with a Poisson link 

to estimate worldwide passenger flows using nodes and routes characteristics as model 

covariates. Their results demonstrated good fits for the flow prediction on true origin-

destination travel.  Our research follows the general modeling framework used in 

Johansson et al [68,74], but extends to a global model which includes: 1) all the nodes 

with a host-city population of more than 100,000; 2) the routes between all airports that 

are within 0, 1 or 2 stops on the air travel network.  
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Materials and Methods 

Airport Locations and Scheduled Routes 

Information on a total of 3,416 airports across the world, together with their 

coordinate locations was obtained using Flightstats (www.flightstats.com) for 2010. The 

connectivity and scheduled air travel network routes were defined by a 2010 scheduled 

flight capacity dataset purchased from OAG (www.oag.com). These included 

information on direct links (if a commercial flight is scheduled) of origin and destination 

airports, flight distances, and passenger capacity by month for 2010. Directly connected 

airports pairs were utilized to construct a graph for the air travel network in 2010 with 

3416 nodes and 37674 edges.  The average degree of the network was 22.06, with the 

maximal degree recorded as 476 for Frankfurt Airport (IATA code: FRA). The topology 

of the graph exhibits both small-world and scale-free properties as already observed in 

similar global or regional air travel dataset analyses [95,105,106].  The coefficients of 

the power law function fitting the scaled-degree distribution was 1.01±0.1, which 

concords with a previous study [95].   The average path length is 4.11, measured as the 

average number of steps travelling from one node to another node, while the diameter 

of this network was 14, which indicates the shortest path between the two most remote 

airports. Based on the network created by the flight statistics assembled, we calculated 

the degree, centrality and strength for each node and use these measurements as 

covariates at the modeling stage. 

Gross Domestic Product and Population Information 

Generally, socio-economic variables at a global scale are difficult to obtain.  The 

G-Econ data (http://gecon.yale.edu/ ) provide indices representing both market 

exchange rates (MER) and purchasing power parity (PPP) at a 1-degree longitude by 1-

http://www.flightstats.com/
http://www.oag.com/
http://gecon.yale.edu/
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degree latitude resolution at a global scale. Due to the large geographical coverage of 

the grid cells, we extracted the closest PPP value for an airport and calculated the PPP 

value per capita in 2005 by dividing the purchasing power parity by the population value 

in each grid cell. These data are utilized as local economic measurements for each 

airport. 

Given computing power limitations on the modeling and matrix sizes, we selected 

the airports serving a city population number more than 100,000. To select these 

airports, a web crawler built on the WolframAlpha API 

(http://products.wolframalpha.com/api/) was used to extract the city populations for each 

airport. Wolfram alpha is a knowledge engine which is capable of computing population 

information from various sources including: U.S census data, United Nations urban 

agglomeration and City Population (http://www.citypopulation.de/) data. These data 

capture the most recent city population estimates from these data sources (for cities in 

United States, the US Census 2010 data are utilized). In our database, there are 1491 

airports satisfying these criteria.  

Actual Travel Passenger Flow  

Data on passenger origins and destinations on the air travel network were 

obtained from a variety of sources: 

 The DB1B market data from the Airline Origin and Destination Survey (DB1B) 
provides a 10% sample of U.S. domestic passenger tickets from reporting 
carriers, including information such as the reporting carrier, origin and destination 
airports, prorated market fare, number of market coupons, market miles flown, 
and carrier change indicators. To create a training dataset, these data were 
aggregated annually by the origin and the destination airport code with the sum 
of counts of itineraries. To protect the US air travel industry, the reported 
international Origin-Destination data by the U.S carriers is strictly restricted to 
U.S citizens, and requires detailed statements on the use of the data. Hence, the 
research presented here did not take into account the international portion of the 
Origin-Destination data from DB1B.  

http://products.wolframalpha.com/api/
http://www.citypopulation.de/
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 The Canadian transport department provides statistics relating to the movement 
of aircraft, passengers and cargo by air for both Canadian and foreign air carriers 
operating in Canada 
(http://www23.statcan.gc.ca/imdb/p2SV.pl?Function=getSurvey&SDDS=2703&la
ng=en&db=imdb&adm=8&dis=2). This survey provides estimates of the number 
of passengers traveling on scheduled domestic commercial flights by directional 
origin and destination city pairs. In this survey, significant numbers of Canada-
U.S trips were reported. The city pairs were matched to the airport pair that had 
the shortest routes defined by the OAG database with the passenger number 
obtained from the above data source. For example, passenger numbers between 
Toronto and New York City were matched to the direct route of YYZ to JFK, 
since it is the shortest route between these two cities.  

 Detailed route data for passenger numbers from EuroStat 
(http://epp.eurostat.ec.europa.eu/portal/page/portal/transport/data/database ). 
This database presents passenger numbers between the main airports of 
reporting countries and their main partner airports in the European Union.  

  All of these flow statistics were utilized to create a global prediction O-D matrix, 
described below. 

Data Processing 

Cities are situated in a complex hierarchical network and the flows between cities 

are either constrained or facilitated by this hierarchical structure [78,107]. We defined 

three levels of economic activity for each city per capita based on the 33% quartile of 

the distribution of PPP per capita. Thus, nine types of economic links are identified (low-

low, low-medium, low-high, etc.) to reflect the type of flow within/across the economic 

hierarchies. Similarly, we defined four levels of hierarchy based on the degree 

distribution of the airports, and sixteen types of flows are identified to reflect the type of 

flow within/across the air service hierarchies. 

A prediction dataset framework for routes was constructed based on the 

adjacency matrix defined by the OAG dataset. For each airport, destination airports via 

first-order connection, second-order connection and third-order connections on the air 

travel network were identified. Along these routes, information on the minimum number 

http://www23.statcan.gc.ca/imdb/p2SV.pl?Function=getSurvey&SDDS=2703&lang=en&db=imdb&adm=8&dis=2
http://www23.statcan.gc.ca/imdb/p2SV.pl?Function=getSurvey&SDDS=2703&lang=en&db=imdb&adm=8&dis=2
http://epp.eurostat.ec.europa.eu/portal/page/portal/transport/data/database
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of stopovers and the maximum seat capacity were calculated. Moreover, following 

approaches outlined in Bhadra’s research [97] we defined a categorical variable for 

distance classes to separate the markets by stage lengths, with 1 for short-haul (2000 

kilometers or less), 2 for medium-haul (between 2000 and 3500 kilometers) and 3 for 

longer hauls (3500 or more kilometers). We excluded routes less than 200 km since 

passengers are believed to have more efficient and effective land-based methods to 

travel such small distances. Note that only 3842 possible routes (<0.001%) are less 

than 200 km.  Finally, an origin-destination (OD) pair list with 1,295,752 rows was 

created. 

For analytical purposes, the global OD pair list was constructed following these 

assumptions:  

 The sum of passenger counts between an airport pair only represents the 
number of arrivals at a final destination. If the maximum capacity of a route is 
greater than the actual passenger number found in our datasets, the maximum 
capacity variable will be replaced by the actual passenger number, which is the 
sum of passengers from all possible routes (including directed and undirected). 

 Passengers always take the shortest path to their destination city, and they don’t 
stop at the connecting city. The data used for modeling is itinerary data which 
represents the minimum number of stops from one airport to another. Hence, 
passenger numbers in our database represent the flows for the first order, the 
second order and the third order of network connections. We assume that 
passengers choose the first shortest path found by a breadth-first search 
algorithm, as the route is found by iterating all the neighboring nodes until a path 
from the origin and the destination is identified. If both the origin and the 
destination cities have multiple airports, the passengers are assumed to take the 
shortest path from all possible routes between these airport pairs, which usually 
resulted in the path between the two largest airports in terms of capacity. This is 
supported by Button et al [108]’s research that passengers tend to choose a 
larger hub for their travel. 

 Passengers do not choose routes with more than two stops. We used the 
number of stops as a categorical variable rather than a numeric variable since it 
is considered to be a measure of hierarchical accessibility. In fact, for the air 
travel network in 2010, all of the possible calculated routes within two stops 
covered 83% of all the possible connections. Also, multiple-stops (more than two 
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stops) are comparatively rare as a share of total passengers in our actual travel 
flow datasets. In DB1B domestic datasets, there are no itineraries for travels 
between cities with a population size more than 100,000 within two stops.  

Network characteristics were calculated using the igraph 

(http://igraph.sourceforge.net/) library in R (http://www.r-project.org/). A summary of 

variables included in the model is presented in Table 3-1.  

Model 

The model takes the form of the general gravity model: 

 ,  ,  ,ij i j ij ijP f Node Node Route Interactions  (2-1) 

where Pij is the annual aggregated passenger flow between Node i and j. Nodei and 

Nodej denote the collection of node characteristics, which are considered to be drivers 

of the size of the flow. Routeij denote the collection of route characteristics, which are 

considered to be the proximity measurements. Interactionsij denotes the collection of 

two-way interaction effects between categorical variables such as stops, country, 

degree link type, economic link type and haul type with other node and route 

characteristics. 

For the purpose of better estimation and thus prediction, we tested four model 

forms which include 1) a lognormal model for main effects only. This model adopts the 

general gravity model framework as the one described in Balcan et al [109]. To utilize 

this model, a logarithm transformation is performed for each quantitative variable.  The 

main effects include both node and route characteristics. 2) A generalized linear model 

for main effects and interactions with Poisson distribution and a log link. This model is 

the model utilized by Johansson et al [68,74] for predictions of the traffic flows between 

epidemiologically significant cities. 3) A generalized linear model for main effects and 

http://igraph.sourceforge.net/
http://www.r-project.org/
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interactions with a negative binomial distribution and a log link. This model is similar to 

model 2 except that it utilizes a negative binomial distribution to account for the possible 

over-dispersion in the data. 4) A lognormal mixed model with main effects, interactions, 

and random effects on origin and destination city (note that a logarithm transformation is 

performed for each quantitative variable as well). This model assumes that the 

passenger flows are independent between different degree link type but correlated 

within the same degree link type, while model 1-3 make the assumption that all 

passenger flows are independent of each other, which is very strong and unrealistic in 

practice. Random effects are thus included to account for the dependence among 

passenger flows and the possible heterogeneity between levels of air travel services. 

More detailed model descriptions can be found in the Appendix B.  

Apart from model fitting on the whole dataset, cross-validation is performed to 

evaluate how accurately each model will predict in practice: firstly, the dataset is 

randomly partitioned into 10 subsets, each consisting of 10% of the observations. Then 

on each of the subsets (the testing set), we validate the analysis performed on the 

remaining data (the training set). Lastly, the validation results are averaged over the 

rounds. Three criteria are chosen for model evaluation: 1) the coverage rate of the 95% 

prediction intervals, which measures the percentage of the observations that fall into the 

corresponding 95% prediction intervals; 2) the coverage rate of the ±30% observation 

intervals, which measures the percentage of the predictions that fall into the ±30% 

intervals of the corresponding observations; 3) the successful prediction rate, which 

measures the percentage of predictions that fall into the same magnitude category as 

the corresponding observations. These magnitude categories are defined by dividing 
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the passenger flow numbers into five groups: 102 and under, 102-103, 103-104, 104 -105, 

and 105+, each group represents one category. 

Results 

Model Comparison 

For each model, most coefficients are significant at the 0.05 significance level as 

the percentages of the significant coefficients are about 90%, 100%, 96%, 95% 

respectively for model 1 to 4. For the purpose of prediction, we keep all the covariates in 

the model instead of removing the non-significant ones. Not surprisingly, most of the 

interactions between node and route characteristics play an important role in model 

estimation as we treated the number of stops as a categorical variable. The interaction 

between haul types and inverse distance is also significant, which agrees with previous 

work [97].  

Both model 1 and model 2 provide narrow confidence intervals for predictions, 

while model 3 and model 4 provide wider intervals to accommodate variation in the 

data. All of these models have at least 68% successful prediction rates for predicting the 

magnitude of passenger flow. According to the results presented in Table 3-2 and Table 

3-3, model 4 provides the most accurate prediction.   

For each of the models, we calculated the Root Mean Square Error (RMSE) and 

Mean Absolute Error (MAE). RMSE is a frequently used measure of the differences 

between estimate values and the values actually observed. A smaller RMSE suggests a 

better model fit. MAE is the average of the absolute value of the prediction errors, which 

serves the same purpose as RMSE and is believed to be more robust in many 

situations. As shown in Table 3-3, model 4 yields the lowest RMSE and MAE for the 

majority of the data points except for extremely large observations. For the largest 
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observed passenger value category, model 2 gives the lowest RMSE and MAE, while 

model 4 gives the second lowest RMSE and MAE.  

Figure 3-1 presents the prediction and diagnostic plots for Model 4. Panel a) 

shows that most of the prediction values are close to the y=x (prediction=observation) 

line. Panel b) shows that most of the residuals scatter along the y=0 (residual=0) line, 

yielding no obvious pattern. Both plots indicate that Model 4 is a plausible model for the 

passenger flows. However, the prediction seems poor at the lower tail. This is expected, 

given likely randomness in the smaller amount of passenger exchanges between 

airports [68]. Diagnostic plots for other models are presented in the Appendix B.  

Alternative diagnostics for testing the model fit were performed for model 4 as 

well. Firstly, a multilevel model described in Snijders et al [110] and implemented in the 

SAS code written by Recchia et al [111] to calculate r-squared measures for the fourth 

model was utilized. The first level of the model was found to explain 84.0% of the 

variance in the data and the second level explained 98.7% of the variance, indicating a 

good model fit.  Secondly, for the directly connected flights, we compare both the 

predicted value from model 4 and the capacity data from OAG to the observed 

passenger flows on a log scale using the paired t-test. The results show evidence of 

difference between the mean predicted passenger number and mean observed 

passenger number, and between the mean capacity number and mean observed 

passenger number, both at the 0.05 significance level. However, the geometric mean 

ratio of log (predicted value) to log (passenger number) was 1.01(panel c) in Figure 3-

1), while the geometric mean ratio of log (capacity) to log (passenger number) was 

1.08(panel d) in Figure 3-1). The predicted value shows more agreement on the 
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observed value, while the capacity data represents a significant overestimation of flows 

between two directly connected airports. Hence, our predicted values provide a closer 

approximation of the traffic flows on the air travel network compared to the maximum 

seat capacity metric for the directly connected cities, as used in previous studies 

[3,5,9,10,82–84]. 

In summary, our model (Model 4) outperformed the lognormal gravity model 

(Model 1) used in Balcan et al [109] and the Poisson model (Model 2) used in 

Johansson et al [68,74]. Moreover, for direct flights, our estimates show more 

homogenous agreements with observed passenger numbers compared to simple seat 

capacity data.  

Prediction and Interpretation of the O-D Passenger Flow Matrix 

Model 4 was applied on the estimation dataset to predict passenger flows. We 

have identified the over-dispersed predictions that exceeded the maximum capacity on 

the routes (3% of the data) and replaced them with the product of the maximum 

capacity on the routes.  According to the training dataset, the maximum numbers of 

itineraries for one stop and two stop connections were 140,086 and 8,060. Since these 

data are generated from the mature air travel market and constrained by the network 

structure, we considered them as the upper limits of the data distribution. Thus we 

adjusted the prediction of the first-order connection and the second-order connection 

flights scaled by these two maximum numbers. Following this, we removed all the 

predictions with less than 1 person. Finally, 644,406 routes with origin, destination 

airport codes, number of stops and predicted passenger number were produced. 

As described before, the passenger counts were categorized into five categories 

as a test of successful prediction rate in magnitude: 1-102,102-103,103-104,104 -105and 
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105 and more. The first two categories present small numbers of passenger exchanges, 

implying random flows between two airports, and the fourth and fifth categories indicate 

a higher probability representing steady flows between airports.  Figure 3-2 a) shows all 

the flows with more than 105 predicted passengers. 

Secondly, given an origin/destination, the dataset produced through the research 

outlined here can estimates the endpoints and starting points with passenger flows on 

the air travel network. Figures 3-2 b)-d) illustrate the passenger flows and number 

originating from Atlanta, categorized by number of transfer. Figure 3-2 e) shows the 

distribution of airports with incoming passenger numbers over 5,000,000. This reflects 

the mature air markets of the United States and Europe, though noticeable 

concentrations of airports can be observed in the emerging markets such as India and 

China as well. 

Discussion 

With continuing growth of the global air travel network, we must expect continued 

socioeconomic, environmental, cultural and epidemiological impacts. This research 

shows how network characteristics combined with multiple datasets on various 

perspectives relating to the movements of passengers of passenger flow on the global 

air network can be compiled to provide estimates that are more accurate than previous 

modeling efforts. Such a dataset provides a valuable resource for scientists and 

decision makers to measure the global flow of air traffic and its potential influences.  

In the database outlined here, 644,406 unique routes spanning 1,491 airports 

serving city populations of more than 100,000 are modeled based primarily on publicly 

available datasets. Our model has outperformed similar research at the global scale and 

can explain 98% of the variance in the data. Within the database, 23,785 routes follow a 
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direct connection, 291,745 routes are one-stop connections and 328,876 routes are 

two-stop connections. Using this route and airport information, anyone can construct 

flow matrices to describe the global air traffic flow and assess its multiple impacts. 

Due to data constraints, a range of uncertainties and limitations exist in the 

output modeled datasets. The first inconsistence comes with internal uncertainties 

within the DB1B dataset. To construct the DB1B dataset, Transtat only requires US 

carriers to report O-D pair data, hence the O-D data is likely to be inaccurate in markets 

served with a significant number of foreign carriers (e.g., New York, Washington D.C., 

Chicago, and Los Angeles).  If there is more than one airport in a city, each of the 

airports is treated as a separate node. This may well result in overestimates of the flow 

to secondary airports in a city. 

The second set of inconsistency is the population data. Due to data availability, 

only city population data were utilized, when it is sometimes the case that people in 

neighboring metropolitan area can access the airport in question through other ground-

based transportation methods (for example, people in Gainesville FL are often likely to 

drive two hours to Jacksonville or Orlando to take a plane, rather than utilize the 

Gainesville regional airport which is 10 miles away from the city center). As a result, our 

predictions may overstate the markets for small airports. 

The third source of uncertainty stems from the fact that the data we utilized for 

the training datasets were only from the United States, Canada and the European 

Union. Thus, international flights are less well represented in our dataset and most of 

the flight data describes the flows between airports in high income countries. 

Additionally, long haul international flights with more than three stops are absent.  
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The topology of air travel network is likely to vary at the regional level. Wang et al 

[104] found that in terms of topological measurements, the Chinese air travel network is 

similar to the Indian one, but different than that of the US. As current air travel networks 

in low income countries usually feature point-to-point connections between city pairs 

[112], high income countries are increasingly prompted to utilized a hub-and-spoke 

system due to their mature air travel markets. On the other hand, it is observed that 

some companies (such as Southwest Airlines and Jet Blue in United States) in high 

income countries also adopt spoke-to-spoke models to connect hot spots of air travel 

demand [97]. This heterogeneity may affect the flow estimation country-wise and 

overestimate the driving factor of hubs in both high and low income countries. 

The demand for air travel are heterogeneous and “largely determined by the 

spending capacity of customers” [113].  Hence, it could be anticipated that the demand 

for air travel in each country varies and is correlated to GDP. Also, the demographic 

profile of passengers on the air travel network is likely different between countries. 

Under a regional context, this may affect the prediction of domestic passenger numbers, 

while international heterogeneities in traffic flows may be attributed to differing visa 

policies between countries [114].  Visa restrictions may reduce traffic flows substantially 

between countries [115]. Moreover, cultural differences at a country level could 

represent indicators of attraction and drivers of population movements [80,116]. 

The potential limitations discussed above arise through the constraints of the 

data sources used. These may be alleviated through incorporation of more publicly 

accessible data in future work, including 1) More detailed economic indicators (such as 

GDP, income etc.) at the city level: such measures could further describe drivers in the 
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gravity model. 2) Itineraries from low income regions of the world: such data would 

enlarge our training and testing databases to avoid sampling errors. 3) Hub 

characteristics (such as the number of enplanements, transfers and deplanements): 

these measures could help explain the function of the hubs in controlling network flows.  

Alternatively, transportation forecasting models [117,118] and radiation models [119]  

could be utilized to estimate the global O-D matrix based on the traffic counts on nodes 

and edges.  

Conclusion 

The research presented here has documented the generation of a world-wide 

Origin-Destination matrix of passenger flows in 2010 for airports with host city 

populations of more than 100,000. Results show that the modeled dataset improves 

substantially on the accuracy of datasets used in previous studies. The datasets are 

freely accessible for academic use and are published as part of the Vector-Borne 

Disease Airline Importation Risk (VBD-Air) project at www.vbd-air.com/data/ . 

http://www.vbd-air.com/data/
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Table 3-1.  Descriptions of covariates used in the modeling process 

Variables Descriptions 

Node characteristics  
Popi The population of the origin city 
Popj The population of the destination city 
PPP2005i The purchasing power index where the origin airport serves 
PPP2005j The purchasing power index where the destination airport serves 
PDA2005i The purchasing power per capita index where the origin airport serves 
PDA2005j The purchasing power per capita index where the destination airport serves 
Strengthi The sum of  the edge weights of the adjacent edges for each vertex for the origin city 
Strengthj The sum of  the edge weights of the adjacent edges for each vertex for the destination city 
Degree_Outi The degree number of the origin city on the air travel network 
Degree_Inj The degree number of the destination city on the air travel network 
Closeness_Centralityi The mean geodesic distance between a given node and all other nodes with paths from the 

given node to the other node. This variable is calculated according to the origin city. 
Closeness_Centralityj The closeness centrality measure for the destination city. 
Betweeness_Centralityi The number of shortest paths going through a specific airport. In a weighted network, 

betweenness centrality is a useful local measure of the load placed on the given node in the 
network as well as the node's importance to the network than just relying or connecting. 

Betweeness_Centralityj This is the calculation of betweeness centrality for the destination airport. 
  
Route characteristics  

Inverse Distance Inverse great circle distance between the origin and the destination airport 
Country Indicates whether the origin and the destination are in the same country.  
Alternative Number of alternative routes to the destination 
Stops Number of stops on the shortest route from the origin to the destination 
MaxC The maximum capacity along the shortest path 
Degree Link Type  This variable identifies the types of flows between different hierarchies of airports defined by 

the air travel services level. 
Economic Link Type This variable identifies the types of flows between different hierarchies of airports 
Haul Type This variable differentiates the effect of long haul flights. 1 for short-haul (2000 kilometers or 

less), 2 for medium-haul (between 2000 and 3500 kilometers) and 3 for longer hauls (3500 or 
more kilometers).    
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Table 3-2. Comparison of the four models with respect to prediction accuracy (in percentages) 

 Coverage rate 
of the 95% 
prediction 
intervals 

Coverage rate 
of the 95% 
prediction 
intervals  
(cross-
validation) 

Coverage rate 
of the ±30% 
observation 
intervals 

Coverage rate 
of the ±30% 
observation 
intervals  
(cross-
validation) 

Successful 
prediction rate 

Successful 
prediction rate  
(cross-
validation) 

Model 1 6.39 6.73 29.82 29.76 68.42 68.33 
Model 2 4.80 4.79 31.48 30.63 69.16 68.80 
Model 3 23.16 24.16 33.09 33.38 70.04 69.43 
Model 4 52.11 49.86 47.79 31.17 79.72 70.41 

 
Table 3-3. Root Mean Squared Errors and Mean Absolute Errors for all models 

Measurement Categories Number of 
Records 

Model 1 Model 2 Model 3 Model 4 

RMSE Observed Passenger (OP)<102  2379 1680 2923 1947 726 
 OP in 102-103 6440 3536 5127 32405 1802 
 OP in 103-104 7314 7397 8771 10639 4346 
 OP in 104-105 4817 20780 23002 41585 21940 
 OP >105 1132 163352 85897 216610 127194 
MAE Observed Passenger (OP)<102  2379 286 538 402 120 
 OP in 102-103 6440 629 1073 1413 333 
 OP in 103-104 7314 2729 3218 3140 1621 
 OP in 104-105 4817 14697 14929 19689 13415 
 OP >105 1132 115710 61305 94447 89233 
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Figure 3-1.  Diagnostic plots for all the models. a) Predicted vs. observed value of 

model 4. b) Residual vs. observed value of model 4. c) Distribution of ratio of 
predicted value vs. observed value in log scale with 95% confidence interval 
for geometric mean. d) Distribution of ratio of capacity vs. observed value in 
log scale with 95% confidence interval for geometric mean. 
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Figure 3-2.  Predicted air traffic flows. a) Predicted flights with passenger flows of more 

than 100,000. b) All possible passenger flows through direct flights originating 
from Atlanta. c) All possible passengers’ flows through one-stop flights 
originating in Atlanta. d) All possible passengers’ flows through two-stop 
flights originating Atlanta. e) All airports with an incoming passenger numbers 
more than 5,000,000. 
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CHAPTER 4 
GLOBAL MALARIA CONNECTIVITY THROUGH AIRTRAVEL3 

Chapter Summary 

Air travel has expanded at an unprecedented rate and continues to do so. Its 

effects have been seen on malaria in rates of imported cases, local outbreaks in non-

endemic areas and the global spread of drug-resistance. With elimination and global 

eradication back on the agenda, changing levels and compositions of imported malaria 

in malaria free countries, and the threat of artemisinin resistance spreading from 

Southeast Asia, there is a need to better understand how the modern flow of air 

passengers connects each P. falciparum and P.vivax endemic region to the rest of the 

world.  

Recently constructed global P. falciparum and P.vivax malaria risk maps along 

with data on flight schedules and modelled passenger flows across the air network, 

were combined to describe and quantify global malaria connectivity through air travel. 

Network analysis approaches were then utilized to describe and quantify the patterns 

that exist in passenger flows weighted by malaria prevalences. Finally, the connectivity 

within and to the Southeast Asia region where the threat of artemisinin resistance is 

highest, was examined to highlight risk routes for its spread. .  

The analyses demonstrate the substantial connectivity that now exists between 

and from malaria endemic regions through air travel. While the air network provides 

connections to previously isolated malarious regions, it is clear that great variations 

exist, with significant regional communities of airports connected by higher rates of flow 

                                            
3
 A version of this chapter has been submitted to Malaria Journal as “Huang Z. and Tatem AJ, Global 

Malaria Connectivity through airtravel.” 
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standing out. The structures of these communities are often not geographically 

coherent, with historical, economic and cultural ties evident, and variations between 

P.falciparum and P.vivax clear. Moreover, results highlight how well connected the 

malaria endemic areas of Africa are now to Southeast Asia, illustrating the many 

possible routes that artemisinin resistant strains could take.   

The continuing growth in air travel is playing an important role in the global 

epidemiology of malaria, with the endemic world becoming increasingly connected to 

both malaria-free areas and other endemic regions. The research presented here 

provides an initial effort to quantify and analyse the connectivity that exists across the 

malaria endemic world through air travel, and provide a basic assessment of the risks it 

results in for movement of infections.  

Background  

The worldwide air travel network has expanded at an exceptional rate over the 

past century. International passenger numbers are projected to rise from 1.11 billion in 

2011 to 1.45 billion by 2016, with an annual growth rate of 5.3% [2]. Today, there are 

35,000 direct scheduled routes on the air travel network, with 865 new routes 

established in 2011 [1]. Malaria endemic areas are more connected to the rest of the 

world than at any time in history, with the disease able to travel at speeds of 600 miles 

per hour within infected passengers. The growth of the air travel network results in 

substantial concerns and challenges to the global health system , with a need to place 

more emphasis on evidence-driven surveillance and reporting that incorporates spatial 

and network information [7,8,11,12]. 

Rising rates of travel between malaria free and endemic countries have led to 

general patterns of increased rates of imported malaria over recent decades 
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[15,26,28,120].  Due to infrequent encounters [7,26], imported cases can challenge 

health systems in non-endemic countries, with difficulties in diagnosis [120], 

misdiagnosis and delays in treatment [121,122], as well as significant treatment 

expenses [123]. Further, flights may bring infected vectors, resulting in “airport malaria”, 

where patients who do not have a foreign travel history become infected through being 

bitten in the vicinity of international airports [10,124–126]. Patterns in imported cases 

and airport malaria have been shown to be related to a combination of the numbers of 

travellers and the malaria risk at the destination [7,10], and these relationships will 

continue to evolve as new routes become established. 

The flow of people via air travel between endemic areas may increase the risks 

of re-emergence or resurgence [20] in previously malaria free or low transmission areas 

[31]. The autochthonous malaria outbreaks in Virginia in 2002 [17], Florida in 2003 [16] 

and Greece in 2011 [18], for example, demonstrate the continued risks of local 

outbreaks following reintroduction through air travel, though such occurrences are rare 

[42]. Further, the examples of malaria resurgence in island nations such as Sri Lanka 

[127], Mauritius[128] and Madagascar [129] after control measures were relaxed 

reinforce the importance of vigilance and robust surveillance in terms of human 

movement in pre and post-elimination periods [20]. Identifying the risks of malaria 

movement through the air travel network can provide an evidence base through which 

public health practitioners and strategic planners can be informed about potential 

malaria influxes and their origins [7,130]. 

Meanwhile, growing concerns have been raised about the possible spread of 

artemisinin resistance from the Greater Mekong sub-region in South East Asia to other 
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endemic areas. Recent research has highlighted increasing numbers of patients 

showing slow parasite clearance rates following treatment with artemisinin-based drugs 

in the Cambodia-Thailand border and Thailand-Myanmar border regions  [22,131,132]. 

Tremendous health and socio-economic costs occurred when chloroquine-resistant 

parasites arrived in sub-Saharan Africa from Southeast Asia and spread across the 

continent [133,134]. Similarly, sulfadoxine and pyrimethamine resistance emerged in 

Asia and spread to Africa [135,136]. The WHO reports that there is already “at least one 

study with a high treatment failure rate (≥ 10%) reported from six of the 23 African 

countries that have adopted artesunate-amodiaquine compound” [137], and fear 

remains over the spread of artemisinin resistance from Southeast Asia to Africa, that 

could undermine current control and elimination efforts, with no alternative drugs 

coming in the foreseeable future.  

Rates of imported malaria, risks of resurgence and the spread of drug resistance 

are all today influenced by how the global air travel network connects up the malaria 

endemic regions of the world, and the numbers of passengers moving along it. Here we 

combine recently constructed global P. falciparum and P.vivax malaria prevalence maps 

with data on modelled passenger flows across the air network, to describe and quantify 

global malaria connectivity through air travel in 2010. We derive weighted network 

analysis statistics to examine (i) which regions show greatest connectivity to  P. 

falciparum and P.vivax malaria endemic zones, (ii) where the largest estimated 

passenger flows from endemic areas occur, (iii) which regions form ‘communities’, 

whereby malaria infection flows within them are likely to be larger than between 

communities, and finally, (iv) we examine the connectivity within and to the Southeast 
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Asia region where the threat of artemisinin resistance is highest, to explore risk routes 

for the spread of resistance. 

Methods 

Airport Locations, Flight Routes and Passenger Flow Matrix 

Information on the longitude, latitude, city name and airport code for a total of 

1,449 airports which serve cities with more than 100,000 people, and a modelled actual 

traffic flow connectivity list with 644,406 routes amongst these airports were obtained 

(http://www.vbd-air.com/data) [8,138]. A connectivity matrix was created from the 

connectivity list, quantifying the volumes and the directionalities of the passenger flows.  

Within this passenger flow matrix, 23,785 routes were direct connections between two 

airports, 291,745 routes were one-stop connections and 328,876 routes were two-stop 

connections. The travel volumes on the routes were modelled based primarily on 

publicly available datasets under a generalized linear model framework. Full model 

details are provided in Huang et al [138], but in brief, to construct the matrix, topological 

characteristics of the air travel network, city population, and local area GDP, amongst 

others, were utilized as covariates. Actual travel volumes for training and validation 

were extracted and assembled from various transportation organizations in the United 

States, Canada and the European Union. A log linear model controlling for random 

effects on origin, destination and the airport hierarchy was then built to predict 

passenger flows on the network. The model outperformed existing air travel passenger 

flow models in terms of prediction accuracy [138]. 

Malaria Distribution 

Global P. falciparum and P. vivax prevalence maps were obtained from the 

Malaria Atlas Project (www.map.ox.ac.uk) and the methods behind their construction 

http://www.vbd-air.com/data
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are presented in Gething et al [32,33]. In brief, 22,212 community prevalence surveys 

were used in combination with model-based geostatistical methods to map the 

prevalence of P. falciparum globally in 2010 within limits of transmission defined by 

annual parasite incidence and satellite covariate data. Similarly, 9,970 geocoded P. 

vivax parasite rate (P.vivax PR) surveys collected between 1985 and 2010 were utilized 

in a spatiotemporal Bayesian model-based geostatistical approach to map endemicity  

[36], under the restrictions of a mask of the stable/unstable endemicity [33] and 

information on the prevalence of the Duffy blood group[139] . We do not consider P. 

ovale, P.malariae or P.knowlesi here, since similar datasets on their distributions do not 

yet exist. 

Weighted Network Analysis and Community Detection 

Malaria prevalence can vary greatly in the region around airports and the cities 

they serve, and travellers taking flights from a specific airport may reside many 

kilometres from the airports in higher transmission areas than found in the vicinity of the 

airport. Thus, simply assigning the predicted prevalence from the malaria maps at the 

location of each airport could underestimate the risk and rate of infection exportation at 

the airport in question and under-represent its contribution to global malaria connectivity. 

Therefore, following Huang et al [8], local accessibility to each airport was considered 

by assuming that passengers would travel less than 50 km with a travel time less than 

two hours to access an airport to take a flight. Under this assumption, the P. falciparum 

and the P. vivax malaria prevalences assigned to an airport were obtained as the 

maximum prevalence from the malaria maps within a mask of 50 kilometres and 2 hour 

travel time (Figure C-1), in which the mask was generated using a global travel time 

map (http://bioval.jrc.ec.europa.eu/products/gam/index.htm).  Likewise, an indicator that 

http://bioval.jrc.ec.europa.eu/products/gam/index.htm
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defines whether an airport is located in the stable/unstable endemic zone was created 

according to the same mask, in which the indicator defines whether the majority area of 

the mask is located in the stable/unstable zone. Figure C-1 in Appendix C shows this 

travel time/distance mask with the global travel time map. 

The above approach ensured that each airport had an assignment of a P. 

falciparum and P.vivax prevalence rate (or unstable/malaria free), which could then be 

used as a weighting applied to the passenger flow estimates to derive relative ‘malaria 

flow’ indices for each route that could be compared to other routes across the global 

network to analyse malaria connectivity. Thus, P. falciparum and P. vivax flows were 

calculated on each route as origin prevalence * estimated passenger volume, to 

produce P. falciparum and P. vivax malaria networks.  

A group of weighted centrality analyses and network community partition 

analyses were performed on the malaria networks to quantify features of global malaria 

connectivity. First, the in-strength and out-strength of each connection was calculated 

as  

1

N

i ij ij

j

s a w


  (4-1) 

In which 
ija is the airport adjacency matrix and 

ijw is the weighted malaria flow. 

This metric estimates the total weight of malaria flows that airports send and receive.  

Following this, weighted “betweenness” analyses were performed on the malaria 

flow matrices. Betweenness centrality measures the number of shortest paths going 

through a specific vertex [140]. In a weighted network, betweenness centrality is a 

useful local measure of the load placed on the given node in the network as well as the 

node's importance to the network other than just connectivity [106].  It is often used in 
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transport network analysis to provide an approximation of the traffic handled by the 

vertices [95]. Thus, here it provides an indication of the importance of each airport in the 

global flow of malaria infections via air travel – i.e. a measure of how many infections 

likely pass through each airport each year, relative to other airports. The betweenness 

centrality is calculated as: 
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s v t st

v
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   (4-2) 

In which st  is the total number of shortest paths from node s to node t and ( )st v  

is the number of those paths that pass through v. Note that on our weighted 

P.falciparum/P.vivax networks, the distance between the two nodes s and t is defined 

by the sum of P.falciparum flows or P.vivax flows as the cost on this path [141].  A 

normalized betweenness was used as  
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where n was the number of nodes (airports) in the air travel network[95].  

Communities in a network reflect the partition of nodes that are densely 

connected and separated from the other nodes in the network, thus these nodes 

“probably share common properties and/or play similar roles within the graph” [142]. By 

mapping communities on the malaria networks defined here, we aimed to identify 

groups of airports that show strong links in terms of likely movements of infections. This 

potentially has utility in terms of providing evidence  upon which regional surveillance 

strategies can be designed [42]. Newman and Girvan [105] define a modularity score 

which measures the quality of network partitions as: 
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In which, 
ijW  represents the weight of the edge between i and j (here these are 

the P.falciparum and P.vivax flow matrices), 
i ijj

k W  is the sum of the weights of the 

connections attached to airport i, ic  is the community to which airport i is 

assigned; ( , )i jc c  is 1 if ic  = jc , otherwise 
1

2
ijm W  . 

A multilevel algorithm for community detection [145] was implemented. This 

method utilizes an iterative approach that merges communities to maximize the 

modularity score: Firstly modularity is optimized by allowing only local changes of 

communities, secondly the established communities are combined together to construct 

a new network. These two passes are repeated iteratively until no increase of 

modularity is possible. The number of communities returned by this algorithm yields the 

maximum modularity score. 

We performed a simple Wilcoxon rank-sum test [146] on the differences between 

"internal" and "external" degrees of a community in order to test whether the 

establishment of communities was significant. We defined air connections within a 

community as "internal" and the connections connecting the airports of a community 

with the rest of the network as "external". The null hypothesis of this test was that there 

was no difference between the number of internal and external routes incident to an 

airport of the community. 

Results  

The results of the global malaria connectivity analyses are presented in two 

sections: (i) analyses focussed on the connection of endemic malaria regions to each 
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other and to malaria-free areas, that has particular relevance to imported malaria and 

malaria resurgence and re-emergence; and (ii) analyses examining the connections 

between Southeast Asia and the rest of the malaria endemic world, which are relevant 

to the spread of artemisinin resistance. 

Connectivity within Endemic Areas and to Non-Endemic Areas 

Figure 4-1 shows the results of regional community structure analyses based on 

traffic flow data overlaid on the P. falciparum/P. vivax endemicity and stable/unstable 

transmission limits maps. The Wilcoxon test results show that the internal degrees for 

the airports within all communities are significantly different from the external degrees, 

with p values of < 0.01, thus the community partitions shown are significant. The maps 

highlight those countries that form communities linked by high levels of traffic scaled by 

P. falciparum/P. vivax prevalence at their origin endemic area. Figure C-2 describes 

similar analyses based on the travel network data from Huang et al [29]. The 

communities detected reflect the architecture of the air network, and how this relates to 

malaria endemicity around the World. Geographical contiguity is clearly evident, as 

traffic levels on shorter distance routes are generally higher than on longer distance 

routes, but interesting patterns relating to historical ties emerge. For instance, for 

P.falciparum, London forms part of the Nigeria community, but Paris shows stronger ties 

to the remainder of sub-Saharan Africa. These connections are often reflected in 

imported malaria statistics, with Nigeria being the main source of P.falciparum cases 

seen in the UK, but for France, the French-speaking African countries are the main 

origin. Similarly, UK airports also form part of the India/Bangladesh community, where 

historical ties exist, resulting in significant travel between the two regions, and 

consequent P.falciparum and P. vivax malaria importation to the UK. Ties also exist 
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between the western US and East Asia, which form a single P.falciparum community 

(Figure 4-2a). Figure C-3 shows a community detection analysis for airports with direct-

connections, one-transfer connections and two-transfer connections from endemic 

areas. 

To examine directional and net potential movements of people and parasites 

between airports in different countries, we summed up the international route weightings 

to identify possible “source” and “sink” airports of malaria infections (Table 4-1 and 

Table 4-2).  Here, the weights of all possible incoming flows for airports in the non-

endemic areas, and the weights of all possible outgoing flows from airports in endemic 

areas were summed up to define “vertex strengths” of importation and exportation (Note 

that we only considered the routes connecting two different countries regardless of the 

domestic routes). In this table, airports in the Far East and Middle Asia such as 

Singapore, Hong Kong, Dubai, and Sharjah display the highest importation values (Note 

that Singapore ranked the first in both categories). Unsurprisingly, major air hubs in 

Europe (such as airports in London, Paris and Frankfurt) also showed high potential 

incoming P.falciparum flows. Miami is the only airport in the United States on the 

importation flow top 10 lists, with its strong connections to Central and South America. 

In terms of exportation, the largest airports by traffic capacity and connections to the 

rest of the malaria endemic world were highlighted (Table 4-3 and Table 4-4). Mumbai 

was ranked first as the largest exporter of P.falciparum and P.vivax flows, suggesting 

that it likely acts as an important portal for spreading malaria to the rest of the world. 

The betweenness centrality metric was utilized to inspect the connectivity from 

endemic areas. As the betweenness metric ( )BC v  is defined as the number of shortest 
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paths connecting any two airports that involve a transfer at airport v, high centrality 

airports in endemic areas provide hubs for people originating at less-accessible airports 

in remote places to reach the rest of the world. Table 4-3 and Table 4-4 show the top 10 

highest betweenness centrality airports for transferring P.falciparum flow and P.vivax 

flow elsewhere. For the P.falciparum flow, international airports in Africa play important 

roles as hubs for routing infections.  Some airports are observed to have small degrees 

(low numbers of connecting routes) and large centrality (importance as a hub), which 

can be considered as an abnormality [95]. These airports connect less accessible and 

connected airports in endemic areas to other airports in the world. For P.vivax flow, 

Asian international hubs play more important roles. Of interest is Phoenix airport, which 

ranked the 6th in terms of P.vivax centrality, suggesting that it plays an important role as 

a gateway in linking P.vivax endemic areas to the United States. Figure C-3 presents 

the spatial distribution of betweenness centrality scores for airports, weighted by 

P.falciparum or P.vivax flows.  As a comparison, a similar figure based solely on the 

modelled passenger flow is presented in Figure C-4.  

To further investigate the effects of flows from endemic zones, Figure C-5 a) and 

b) shows the sums of international incoming risk flows for all the airports in those 36 

countries that have national policies for malaria elimination, and are closest to 

eliminating the disease [147]. Importation of infections threatens the success of 

elimination programs [31] and while air travel may not be the highest risk source for 

these introductions for most of these countries, it remains a potentially important source 

of incoming infections.  From these two maps, it can be seen that China and countries 

in middle Asia are subjected to the greatest pressure of incoming flows, relative to other 
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elimination countries, due to their larger incoming traffic volumes from endemic regions 

elsewhere around the world.  Further analyses on airport connectivity are provided in 

Appendix C. 

Connectivity to Southeast Asia 

Figure 4-2 maps out the passenger flows scaled by origin prevalence for 

P.falciparum and P.vivax from the greater Mekong sub-region. Significant amounts of 

flow exchange within Southeast Asia can be seen in the close-up subsets. For both 

P.falciparum and P.vivax it can be seen that the connectivity, through numbers of 

travellers, to Latin American endemic regions is weak, but that much stronger 

connections to sub-Saharan Africa and the Indian subcontinent exist. Increasing 

connections through trade and labour markets between Asia and Africa over the past 

decade is exemplified here in the strong connections between the Southeast Asian 

region and all of sub-Saharan Africa’s major airport hubs. Table C-1 presents the top 10 

risk routes spreading drug resistance of P.falciparum and P.vivax from the Greater 

Mekong Sub-region to non-Asian destinations, with estimated P.falciparum / P.vivax 

flow and the number of stops needed to travel from the origin city to the destination city 

shown.  

Discussion 

The continuing growth in air travel is playing an important role in the global 

epidemiology of malaria. Flight routes now connect previously isolated malaria endemic 

regions to the rest of the world, and travelers on these routes can carry infections to the 

opposite side of the world in less than 24 hours. While many endemic areas still remain 

relatively isolated, the malaria endemic world is becoming increasingly connected to 

both malaria-free areas and other endemic regions. The impacts of this can be seen in 
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imported cases, vector invasions and the spread of drug-resistant parasite strains. Here 

we present a spatial network analysis approach to demonstrate the connectivity that 

exists across the malaria endemic world through air travel, and provide quantitative 

indicators of the risks it results in for malaria movement.  

Results highlight the substantial connectivity that now exists between and from 

malaria endemic regions through air travel. While the air network provides connections 

to previously isolated malarious regions, it is clear that great variations exist, with 

significant regional communities of airports connected by high rates of prevalence-

scaled flow standing out (Figure 4-1). The structures of these networks are often not 

geographically coherent, with historical, economic and cultural ties evident. As new 

routes continue to be established, these communities will likely change, with new 

popular travel routes, such as those between China and Africa [7] likely altering global 

malaria flow routes, and new airports appearing in tables 1 and 2. These community 

maps (Figure 4-1) and lists of cities by likely import/export of infections (Table 4-1 and 

Table 4-2) and hubs for infection flow (Table 4-3 and Table 4-4) provide a quantitative 

picture of how malaria infections are likely moving globally through air travel, and 

information from which global surveillance strategy design can draw upon. Tables 4-1 to 

4-4 highlight that certain airports provide significant hubs and gateways for the 

movement of infections and their entry into countries, and that these are widely 

distributed across the world. Their role in providing important nodes as both significant 

through-flow of infections in the network, and entry and exit gateways for cases to/from 

regions means that they potentially represent valuable sentinel sites for focused 

surveillance. Finally, Figure 4-2 provides a stark reminder of how well connected the 
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malaria endemic areas of Africa are now to Southeast Asia, illustrating the many 

possible routes that artemisinin resistant strains could take. These routes can provide a 

first-step quantification to support the global plan against artemisinin resistance 

containment [137] and design of surveillance systems [148], and should be refined with 

information on the locations of resistance found. Such data could also inform decisions 

on where and how to limit the risk of spread, for example by pre-travel or arrival 

screening and treatment.  

A range of limitations and uncertainties exist in the analyses presented here. In 

terms of the quantification of malaria transmission, the use of static maps of annual 

average prevalence [32,33] neglects the seasonality in transmission that is common to 

many areas, and also the substantial changes in transmission intensity seen in a variety 

of locations in recent years [149]. Further, we have used parasite prevalence as our 

malaria metric, and while this may be an adequate measure of population prevalence at 

origin locations, it is not so appropriate for assessing the risk of infection acquisition for 

naïve travellers, and entomological-based indices are likely more appropriate here, as 

used in more local studies [130,144,150]. Finally, our examination of relative artemisinin 

resistance spread risk focuses simply on all travel from four countries, and thus does 

not account for any heterogeneity in resistance in the region. 

Uncertainties and limitations relating to the travel data used also exist. The 

modelled passenger flows represent just a 2010 snapshot, and thus routes and 

changes since then are not captured, while inherent uncertainty due to the modelling 

process also exists [138]. Moreover, the types of traveller and their activities during 

travel and their residential location are unknown, each of which contributes to differing 



 

85 

malaria infection risks. Finally, overland and shipping travel flows are not considered 

here, which also contribute to local, regional and global malaria connectivity and flows. 

This work forms the basis for future analyses on imported malaria, elimination 

feasibility and the risks and potential routes of artemisinin resistance spread. Rates and 

routes of imported malaria have been shown to be significantly related to a combination 

of numbers of travellers to/from endemic destinations and the prevalence of malaria 

there [7]. The potential thus exists to construct a model based on global malaria 

prevalence [32,33], transmission models for attack rate estimation [130], and traveller 

flow data [138], that can be used to forecast imported malaria rates, validated with 

imported malaria data. 

As nations make progress towards elimination [147], the importance of human 

movement and imported cases increases. The research presented here contributes to 

an on-going initiative, the human mobility mapping project (www.thummp.org), aimed at 

better modelling human and disease mobility, and will form one aspect of continued 

multi-modal assessments of malaria movements [31,130,143,144] and assessment of 

malaria elimination strategies [41,42]. Finally, the potentially disastrous consequences 

of the rise and spread of artemisinin resistance requires that detailed and effective 

planning be implemented in preparation for containing and stemming any spread [148]. 

We have presented a basic assessment here of prevalence-scaled travel from the four 

Southeast Asian countries where resistance has previously been observed, but 

significant refinements of these estimates and modeling methods should be undertaken. 

These may include improved tracking and mapping of observed resistance and human 

movement patterns in Southeast Asia, as is being undertaken by the TRAC project 

http://www.thummp.org/
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(http://www.wwarn.org/partnerships/projects/trac), as well as scenario modeling of the 

risks of resistance escape to Africa or Latin America. Further, the incorporation of 

accessibility [151,152] and travel data [144,150] with drug use  data (e.g. [153]),  

prevalence information [32,33] and models [154], all undertaken within a probabilistic 

modeling framework (e.g. [8,74]), could aid in estimation of spread routes should 

resistance arise elsewhere. 

http://www.wwarn.org/partnerships/projects/trac


 

87 

Table 4-1.  Top 10 airports based on estimated relative malaria importation rates 

Malaria importation 
    P.falciparum import 

 
P.vivax import 

 
City Country 

P.falciparum  
Flow In City Country 

P.vivax 
 Flow In 

Singapore Singapore 366132 Singapore Singapore 175220 

Bangkok Thailand 276563 Hong Kong Hong Kong 105261 

Paris France 253291 Dubai 
United Arab 
Emirates 103790 

Dubai 
United Arab 
Emirates 218599 Kuala Lumpur Malaysia 74976 

London United Kingdom 212918 Seoul South Korea 58278 

Hong Kong Hong Kong 183314 Sharjah 
United Arab 
Emirates 53548 

Johannesburg South Africa 167734 London United Kingdom 48571 

Casablanca Morocco 149298 Miami United States 47277 

Kuala Lumpur Malaysia 141161 Taipei Taiwan 42840 

Frankfurt Germany 132597 Mexico City Mexico 41710 

Note: P.falciparum / P.vivax flow measures are calculated based on the incoming and outgoing numbers of passengers 
travelling internationally, scaled by the malaria prevalence at the origin of the routes in the case of importation, and at the 
airport listed in the case of exportation. The flows represent a relative measure of infection movement and are not 
designed to represent actual number of infections 
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Table 4-2.  Top 10 airports based on estimated relative malaria exportation rates 

Malaria exportation 
    P.falciparum export 

 
P.vivax export 

 
City Country 

P.falciparum  
Flow out City Country 

P.vivax 
 Flow Out 

Mumbai India 974832 Mumbai India 214006 

Ouagadougou Burkina Faso 513636 Bangkok Thailand 179633 

Kinshasa Congo 467295 Manila Philippines 177760 

Abuja Nigeria 461492 Delhi India 161249 

Delhi India 447491 Ho Chi Minh City Vietnam 80725 

Bamako Mali 439138 Bogota Colombia 72173 

Douala Cameroon 382278 Ahmedabad India 70888 

Manila Philippines 377384 Panama City Panama 70568 

Lome Togo 267054 Guatemala City Guatemala 54788 

Cotonou Benin 248226 Phnom Penh Cambodia 53898 

Note: P.falciparum / P.vivax flow measures are calculated based on the incoming and outgoing numbers of passengers 
travelling internationally, scaled by the malaria prevalence at the origin of the routes in the case of importation, and at the 
airport listed in the case of exportation. The flows represent a relative measure of infection movement and are not 
designed to represent actual number of infections 
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Table 4-3.  Top 10 P.falciparum betweenness centrality airports with their degrees in a sub-network that only contains 
direct links from airports in P.falciparum or P.vivax endemic areas. 

Airport City Country 
Normalized Betweenness 
Centrality Degree 

NBO Nairobi Kenya 47.35 80 

MBA Mombasa Kenya 32.44 27 

JRO Kilimanjaro Tanzania 32.39 14 

BOM Mumbai India 30.41 104 

ADD Addis Ababa Ethiopia 28.21 64 

DEL Delhi India 23.16 111 

JIB Djibouti Djibouti 19.77 15 

ADE Aden Yemen 18.63 15 

MGQ Mogadishu Somalia 14.45 8 

HRE Harare Zimbabwe 14.35 20 

 
 
Table 4-4.  Top 10 P.vivax betweenness centrality airports with their degrees in a sub-network that only contains direct 

links from airports in P.falciparum or P.vivax endemic areas. 

Airport City Country 
Normalized Betweenness 
Centrality Degree 

BKK Bangkok Thailand 96.43 146 

ICN Seoul South Korea 78.12 150 

DEL Delhi India 59.55 133 

BOM Mumbai India 34.17 116 

KMG Kunming China 30.79 90 

PHX Phoenix United States 28.63 91 

DPS Denpasar Bali Indonesia 27.94 34 

SJO San Jose Costa Rica 27.72 37 

DOH Doha Qatar 25.91 100 

TAS Tashkent Uzbekistan 25.85 69 
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Figure 4-1.  Spatial distribution of P.falciparum/P.vivax network communities overlaid on 

P.falciparum/P.vivax prevalence maps. A) P.falciparum multilevel 
membership. B) P.vivax multilevel membership. These two maps show only 
airports that have direct connections from endemic to non-endemic areas. 
The inset maps present close-up views of the United States and Western 
Europe. Airports with the same community membership (indicated by the 
same color) display stronger links in terms of likely movements of infections 
between them than to airports in other communities. Note that in the P.vivax 
map, communities with less than 10 airports are not shown.  
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Figure 4-2.  Estimated relative P.falciparum/P.vivax flows originating from the Great 

Mekong sub-region overlaid on P.falciparum/P.vivax prevalence maps. A) 
P.falciparum flows originating from the Great Mekong sub-region. B) P.vivax 
flows originating from the Great Mekong sub-region. The flows include 
estimated passenger numbers, including direct, one-transfer and two-transfer 
flight routes. The inset maps show close-up views for airports in the Great 
Mekong sub-region.  
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CHAPTER 5 
CONCLUSION  

The main purpose of this study is to examine how the interrelationships among 

the global distribution of vector‐borne infectious diseases, locations of known outbreaks, 

and international air service routes interact to result in seasonally changing risks of 

insect‐borne infectious disease transmission and spread by air travel. It presents initial 

efforts to integrate disparate datasets (disease/vector distribution, air travel network, 

and climate data etc.), to create a unified weighted network framework for vector borne 

diseases with spatial attributes. Up until now there has been no significant research on 

the complex network analysis of air travel network changes, and how it connects 

endemic vector-borne disease regions. This research lays out analyses and data to 

facilitate a better understanding of the evolution of the risk of spread of vector borne 

diseases on the air travel network, coupled with the changes in the topographical 

structure of the network, climate, and the ecological niche of vector borne diseases. 

The research presented here has documented the generation of a world-wide 

Origin-Destination matrix of passenger flows in 2010 for airports with host city 

populations of more than 100,000. The datasets are freely accessible for academic use 

and are published as part of the Vector-Borne Disease Airline Importation Risk (VBD-

Air) project at www.vbd-air.com/data/ . Researchers can utilize this open database for 

further analyses on disease transmission on the air travel network. 

Moreover, the analyses demonstrate the substantial connectivity that now exists 

between and from malaria endemic regions through air travel. While the air network 

provides connections to previously isolated malarious regions, it is clear that great 

variations exist, with significant regional communities of airports connected by higher 

http://www.vbd-air.com/data/
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rates of flow standing out. The structures of these communities are often not 

geographically coherent, with historical, economic and cultural ties evident, and 

variations between P.falciparum and P.vivax clear. Moreover, results highlight how well 

connected the malaria endemic areas of Africa are now to Southeast Asia, illustrating 

the many possible routes that artemisinin resistant strains could take.   

The expansion of the air travel network is so far never anticipated to end, while 

our understanding of the role of air travel in the transmission of vector-borne diseases 

are still limited [7]. We must prepare for this challenge by modeling and quantifying the 

dynamics of human-disease interactions on the complex air travel network. This 

dissertation presents the first step towards better decision support for vector-borne 

disease control, management, and ultimately eradication. To reduce the global burden 

of vector-borne diseases and improve human health and wellbeing, we still have a long 

way to go.
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APPENDIX A 
SUPPLEMENTARY FIGURES FOR CHAPTER 2 

This document shows the supplementary figures used in chapter 2.



 

95 

 

 
Figure A-1.  P. falciparum prevalence: Plasmodium falciparum is a protozoan parasite, one of the species of Plasmodium 

that cause malaria in humans. It is transmitted by the female Anopheles mosquito. P.falciparum is the most 
dangerous of these infections as P.falciparum (or malignant) malaria has the highest rates of complications and 
mortality. As of 2006 it accounted for 91% of all 250 million human malarial infections (98% in Africa) and 90% 

of the deaths. It is more prevalent in sub-Saharan Africa than in other regions of the world; in most African 
countries, more than 75% of cases are due to P.falciparum, whereas in most other countries with malaria 

transmission, other Plasmodia species predominate. Non‐endemic countries often see many cases of imported 
P.falciparum malaria each year through travelers or returning migrants. The Malaria Atlas Project 
(www.map.ox.ac.uk) recently produced a global map of P. falciparum malaria endemicity in 2010, based on 
over 24,000 community prevalence surveys. The methods used behind construction of this dataset are 
described in more detail here:  http://www.plosmedicine.org/article/info:doi/10.1371/journal.pmed.1000048  

http://www.plosmedicine.org/article/info:doi/10.1371/journal.pmed.1000048


 

96 

 
Figure A-2.  P. vivax endemic areas: P. vivax is the most frequent and widely distributed cause of recurring (tertian) 

malaria, P. vivax is one of the four species of malarial parasite that commonly infect humans. It is less virulent 
than P. falciparum, which is the deadliest of the four, and is seldom fatal. P. vivax is carried by the female 
Anopheles mosquito. The Malaria Atlas Project (www.map.ox.ac.uk) recently produced a global map of the 
limits of P. vivax malaria transmission in 2009, based on thousands of reports of cases. The methods used 
behind construction of this dataset are described in more detail here: 
www.plosntds.org/article/info:doi/10.1371/journal.pntd.0000774  

http://www.plosntds.org/article/info:doi/10.1371/journal.pntd.0000774
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Figure A-3.  Dengue suitability map. Dengue suitable areas (niche model): a map showing the predicted suitability for 

dengue transmission based on thousands of reports of dengue cases. Dengue fever, also known as 
“breakbone” fever, is an infectious tropical disease caused by the dengue virus. Dengue is transmitted by 
several species of mosquito within the genus Aedes, principally Ae. aegypti, but evidence also exists for Ae. 
Albopictus transmission. The virus has four different types infection with one type usually gives lifelong 

immunity to that type, but only short‐term immunity to the others. Subsequent infection with a different type 
increases the risk of severe complications. The incidence of dengue fever has increased dramatically since the 
1960s, with around 50–100 million people infected yearly, and imported cases through air travel to non-endemic 
regions are on the rise. 
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Figure A-4.  Dengue suitability in areas of known outbreaks in 2010. Dengue endemic areas (Yellow book): a map 

showing the predicted suitability for dengue transmission based on thousands of reports of dengue cases. This 
map is a refinement of the dengue suitability map in focusing solely on regions of recent confirmed 
transmission, as it was masked so that only regions cited by the CDC as having transmission in 2010 were left. 
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Figure A-5.  Dengue outbreak prone. Dengue outbreak areas (niche model): a map showing the predicted suitability for 

significant dengue outbreaks based on data on outbreaks since 2008 reported on Healthmap. 
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Figure A-6.  Yellow fever suitability. Yellow fever suitable areas (niche model): a map showing the predicted suitability for 
yellow fever transmission based on hundreds of reports of yellow fever cases. Yellow fever is an acute viral 
hemorrhagic disease. The yellow fever virus is transmitted by the bite of female mosquitoes (the yellow fever 
mosquito, Aedes aegypti, and other species) and is found in tropical and subtropical areas in South America 
and Africa, but not in Asia. The WHO estimates that yellow fever causes 200,000 illnesses and 30,000 deaths 
every year in unvaccinated populations; around 90% of the infections occur in Africa. A safe and effective 
vaccine against yellow fever has existed since the middle of the 20th century and some countries require 
vaccinations for travelers. Since no therapy is known, vaccination programs are, along with measures to reduce 
the population of the transmitting mosquito, of great importance in affected areas. Since the 1980s, the number 
of cases of yellow fever has been increasing, making it a reemerging disease, and case numbers imported 

through air travel to non‐endemic areas have been rising. 
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Figure A-7.  Yellow fever outbreak prone. Yellow fever outbreak areas (niche model): Yellow fever outbreak prone: a map 

showing the predicted suitability for significant yellow fever outbreaks based on data on outbreaks since 2008 
reported on HealthMap. 
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Figure A-8.  Chikungunya outbreak prone. Chikungunya outbreak areas (niche model): a map showing the predicted 
suitability for significant chikungunya outbreaks based on data on outbreaks since 2008 reported on Healthmap. 

Chikungunya virus (CHIKV) is an insect‐borne virus, of the genus Alphavirus, that is transmitted to humans by 
virus‐carrying Aedes mosquitoes, principally Ae.aegypti and Ae.albopictus. There have been recent breakouts 
of CHIKV associated with severe illness. CHIKV causes an illness with symptoms similar to dengue fever. 
Large sporadic outbreaks have occurred since around 2005, with spread associated with both the movement of 
infected air travelers and the spread of the range of Ae. albopictus.  
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Figure A-9.  Aedes aegypti presence: a map showing the predicted presence of Aedes aegypti based on hundreds of 
confirmed presence location data points. The yellow fever mosquito, Aedes aegypti is a mosquito that can 
spread the dengue fever, Chikungunya and yellow fever viruses, and other diseases. The mosquito can be 
recognized by white markings on legs and a marking in the form of a lyre on the thorax. The mosquito 
originated in Africa but is now found in tropical and subtropical regions throughout the world. Hundreds of 
geographically‐located data points on field‐ caught Ae aegypti occurrence over the past 10 years were 
combined with climatic and environmental covariates within a regression tree mapping framework to produce a 
global map of predicted Ae aegypti presence. 
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Figure A-10.  Predicted Ae. albopictus distribution: a map showing the predicted presence of Aedes albopictus based on 
hundreds of confirmed presence location data points. Ae. Albopictus is of medical and public health concern 
because it has been shown in the laboratory to be a highly efficient vector of 22 arboviruses, including dengue, 
yellow, and West Nile fever viruses. In the wild, however, its efficiency as a vector appears to be generally low, 
although it has been implicated in recent dengue fever and chikungunya outbreaks in the absence of the 
principal vector, Ae. aegypti. From its Old World east Asian distribution reported in 1930, Ae. albopictus 
expanded its range first to the Pacific Islands and then, within the last 20 years, to other countries in both the 

Old World and the New World, principally through ship‐borne transportation of eggs and larvae in tires. 
Hundreds of geographically‐located data points on field‐caught Ae albopictus occurrence over the past 10 years 
were combined with climatic and environmental covariates within a regression tree mapping framework to 
produce a global map of predicted Ae albopictus presence. 
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Figure A-11.  Anopheles distribution: a map showing the predicted presence of one or more of the dominant Anopheles 
vectors of human malaria based on thousands of confirmed presence location data and expert opinion maps. 
Anopheles is a genus of mosquito. There are approximately 460 recognized species: while over 100 can 
transmit human malaria, only 30–40 commonly transmit parasites of the genus Plasmodium, which cause 
malaria in humans in endemic areas. Anopheles gambiae is one of the best known, because of its predominant 
role in the transmission of the most dangerous malaria parasite species – Plasmodium falciparum. Thousands 

of geographically‐references data points on the presence of the dominant Anopheles vectors of malaria have 
been gathered and used, in combination with environmental covariates, expert opinion maps and regression 
tree tools, to produce global maps of Anopheles distributions by the Malaria Atlas Project (www.map.ox.ac.uk). 

Here, these maps were combined to produce a global map of dominant malaria‐vector presence. 
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Figure A-12.  Data flow in the VBD-Air. A data flow is presented here from raw data to decision maker. This data flow 
contains five stages: data collection allows business organization gathers information from various sources. 
Data storage constructs an ontology model for a knowledge graph connecting different concepts in the study 
domain; the location information is assigned to the vertexes as attributes. Data interoperation establishes data 
channels for visualization. Data Visualization provides interfaces to present spatial information on a web map or 
on a formatted report. The final object of this data flow is for decision making.  
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Figure A-13.  Global accessibility map. a) Global Accessibility Map to the nearest major settlement (population size 

>50,000). b) Accessibility masks to an airport generated from the Global Accessibility Map. 
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APPENDIX B 
SUPPLEMENTARY INFORMATION FOR CHAPTER 3 

This appendix describes and compares the models we utilized in Chapter 3. To 

choose the best model for the predictions of air travel number, we adopted and 

compared these four models: 

Lognormal model: 

  (1) 

Poisson model with variable interactions: 

  (2) 

 
Negative Binomial Model with variable interactions: 

  (3) 

 
 

 Log-linear model with variable effects and random effects on origin and 

destination airports 

 (4) 

 

In these models,  and  describe the node characteristics for the origin airport 

and the destination airport.  describes the route characteristics.  shows 

the interactions of routes and nodes characteristics. The first model utilizes a mixed 

model with all the variables transformed in a logarithmic scale. The second and the third 

model utilize the generalized linear model framework with link function of Poisson and 
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Negative Binomial Distribution. In model 4,  denotes the random effects on the city 

and  is identified as subjects in the mixed model. 

Figure B-1 and figure B-2 shows the diagnostic plots for all four models. Table 1 

presents the detailed fit statistics. 
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A)  

B) 

 
C) 

 

 
D) 

Figure B-1 Plots for predicted value vs. the predicted value at a log scale for all four 
models. A) Log normal model with main effects. B) Poisson prediction with 
variable interaction. C) Negative Binomial model with variable interaction. D) 
Log normal model with variable information and random effect 
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A) 

 
B) 

 
C) 

 
D) 

 Figure B-2 Plots for residuals vs. the predicted values at a log scale for all models. A) 
Model 1. B) Model 2. C) Model 3. D) Model 4. 

 

 

 

Table B-1. Fit characteristics and variable effects for model 4 
 

Fit Statistics 

-2 Res Log Likelihood 54094.8 

AIC (smaller is better) 54100.8 

AICC (smaller is better) 54100.8 

BIC (smaller is better) 54103.1 
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Table B-2 Fixed effects for variables in model 4 

Type 3 Tests of Fixed Effects 

Effect Num DF Den DF F Value Pr > F 

lop*stops 2 2E4 3.21 0.0403 

ldp*stops 2 2E4 7.29 0.0007 

lSX*stops 2 2E4 46.61 <.0001 

lSY*stops 2 2E4 45.23 <.0001 

lDOX*stops 2 2E4 2.24 0.1062 

lDIY*stops 2 2E4 1.60 0.2024 

lccX*stops 1 2E4 17.94 <.0001 

lccY*stops 1 2E4 1.04 0.3073 

lbcX*stops 2 2E4 2.43 0.0879 

lbcY*stops 2 2E4 3.39 0.0339 

li_d*stops 2 2E4 18.31 <.0001 

lA*stops 1 2E4 13.68 0.0002 

lPPPX*stops 2 2E4 4.90 0.0075 

lPPPY*stops 2 2E4 5.81 0.0030 

lPDCX*stops 2 2E4 1.15 0.3172 

lPDCY*stops 2 2E4 2.07 0.1264 

lop*dist 2 2E4 8.01 0.0003 

ldp*dist 2 2E4 10.62 <.0001 

lSX*dist 2 2E4 7.19 0.0008 

lSY*dist 2 2E4 5.26 0.0052 

lDOX*dist 2 2E4 2.51 0.0810 
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Table B-2.  Continued 

Type 3 Tests of Fixed Effects 

Effect Num DF Den DF F Value Pr > F 

lDIY*dist 2 2E4 3.54 0.0291 

lccX*dist 2 2E4 5.40 0.0045 

lccY*dist 2 2E4 9.08 0.0001 

lbcX*dist 2 2E4 0.78 0.4589 

lbcY*dist 2 2E4 1.01 0.3652 

li_d*dist 2 2E4 131.81 <.0001 

lA*dist 2 2E4 11.75 <.0001 

lPPPX*dist 2 2E4 2.87 0.0567 

lPPPY*dist 2 2E4 3.07 0.0464 

lPDCX*dist 2 2E4 0.38 0.6867 

lPDCY*dist 2 2E4 1.16 0.3123 

lop*hub 15 2E4 2.55 0.0008 

ldp*hub 15 2E4 2.65 0.0005 

lSX*hub 15 2E4 8.77 <.0001 

lSY*hub 15 2E4 10.01 <.0001 

lDOX*hub 15 2E4 4.01 <.0001 

lDIY*hub 15 2E4 4.40 <.0001 

lccX*hub 13 2E4 2.09 0.0121 

lccY*hub 14 2E4 1.68 0.0517 

lbcX*hub 15 2E4 2.62 0.0006 

lbcY*hub 15 2E4 2.90 0.0001 

li_d*hub 15 2E4 34.09 <.0001 
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Table B-2.  Continued 

Type 3 Tests of Fixed Effects 

Effect Num DF Den DF F Value Pr > F 

lA*hub 15 2E4 9.11 <.0001 

lPPPX*hub 15 2E4 2.03 0.0102 

lPPPY*hub 15 2E4 2.39 0.0018 

lPDCX*hub 15 2E4 2.75 0.0003 

lPDCY*hub 15 2E4 2.93 0.0001 

lop*gdpl 8 2E4 2.53 0.0095 

ldp*gdpl 8 2E4 2.50 0.0104 

lSX*gdpl 8 2E4 6.33 <.0001 

lSY*gdpl 8 2E4 5.60 <.0001 

lDOX*gdpl 8 2E4 6.59 <.0001 

lDIY*gdpl 8 2E4 6.99 <.0001 

lccX*gdpl 8 2E4 2.01 0.0414 

lccY*gdpl 8 2E4 1.84 0.0645 

lbcX*gdpl 8 2E4 2.04 0.0382 

lbcY*gdpl 8 2E4 2.10 0.0321 

li_d*gdpl 8 2E4 5.07 <.0001 

lA*gdpl 8 2E4 8.38 <.0001 

lPPPX*gdpl 8 2E4 2.39 0.0144 

lPPPY*gdpl 8 2E4 1.99 0.0433 

lPDCX*gdpl 8 2E4 1.33 0.2220 

lPDCY*gdpl 8 2E4 1.01 0.4262 

stops 2 2E4 36.85 <.0001 



 

115 

Table B-2.  Continued 

Type 3 Tests of Fixed Effects 

Effect Num DF Den DF F Value Pr > F 

dist 2 2E4 16.00 <.0001 

hub 14 772 4.22 <.0001 

Country 1 2E4 113.04 <.0001 
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APPENDIX C 
SUPPLEMENTARY INFORMATION FOR CHAPTER 4 

 
This appendix presents the supplementary tables and figures for chapter 3. 
 
Table C-1. Top 10 P.f. Routes and P.v. Routes outside of the Great Mekong Sub-Region. Values with (*) are returned as 

the adjusted largest flows between two connection flights. 

Outgoing P.f. Flow 

Origin City Destination City 
Source 
Country 

Destination 
Country 

Flow 
Value 

Number of 
Connections 

Transmission 
Type at 
Destination 

Yangon Harare Myanmar Zimbabwe 997.2 1 Unstable 

Yangon Brazzaville Myanmar Congo 287.8* 2 Unstable 

Yangon Kinshasa Myanmar Congo 287.8* 2 Unstable 

Yangon Mombasa Myanmar Kenya 287.8* 2 Unstable 

Yangon Lome Myanmar Togo 287.8* 2 Unstable 

Yangon Maputo Myanmar Mozambique 287.8* 2 Unstable 

Yangon Ouagadougou Myanmar Burkina Faso 287.8* 2 Unstable 

Yangon Djibouti Myanmar Djibouti 287.8* 2 Stable 

Yangon Bamako Myanmar Mali 282.3* 2 Unstable 
Ho Chi Minh 
City Harare Vietnam Zimbabwe 243.2 1 Unstable 

Outgoing P.v. Flow 

Origin City Destination City 
Source 
Country 

Destination 
Country 

Flow 
Value 

Number of 
Connections 

Transmission 
Type at 
Destination 

Bangkok Addis Ababa Thailand Ethiopia 1940.0 0 Unstable 

Bangkok Nairobi Thailand Kenya 1631.0 0 Unstable 
Ho Chi Minh 
City Harare Vietnam Zimbabwe 981.6 1 Unstable 

Yangon Harare Myanmar Zimbabwe 512.5 1 Unstable 

Bangkok Lusaka Thailand Zambia 434.1 1 Unstable 
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Phnom 
Penh Nairobi Cambodia Kenya 410.8 1 Unstable 
Phnom 
Penh Addis Ababa Cambodia Ethiopia 410.8 1 Unstable 
Phnom 
Penh Antananarivo Cambodia Madagascar 363.1 1 Unstable 

Siem Reap Addis Ababa Cambodia Ethiopia 275.5* 1 Unstable 

Siem Reap Nairobi Cambodia Kenya 275.5* 1 Unstable 
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Figure C-1. The travel time/distance mask to extract the prevalent rate of P.falciparum 

/P.vivax. Inset map: travel time to the nearest major settlement (population 
size >50,000). Main map: each dot shows an airport location with a 50km 
buffer around it, the raster is the global P.f. relevant map clip by the global 
access time map with value less than 2 hour. These 2 hour and 50km 
thresholds were used to assign disease risks to airports (see main text). 
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Figure C-2. Air travel network communities weighted by directed estimate flow. 
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Figure C-3. Communities for all possible connections originating from P.falciparum 

/P.vivax. endemic areas. A) P.falciparum multilevel membership. B) P.vivax 
multilevel membership. These two maps show direct-connected, one-
transferred and two-transferred  airports from endemic area. 
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Figure C-4. Spatial distributions of airports with P.falciparum /P.vivax betweenness 
centrality scores. A) Top airports with high betweenness score from 
P.falciparum endemic area, weighted by the P.falciparum Flow. B) Top 
airports with high betweenness score from P.vivax endemic area, weighted by 
the P.vivax Flow.  
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Figure C-5. Spatial distributions of airport nodes weighted by incoming P.falciparum 

/P.vivax flows. A) Top airports with high incoming P.falciparum risk flows from 
P.falciparum endemic area, weighted by the P.falciparum. Flow. B) Top 
airports with high incoming P.vivax risk flows from P.vivax endemic area, 
weighted by the P.vivax Flow.  
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