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Forecasting Air Passenger Demand between Settlements Worldwide

Based onSocicEconomical Scenarios

Ivan Terekhov

Summary

This thesispresentsan air passenger demaigdPD) forecasting model which forecasts the
future APD network between settlements worldwide atsdcorrespondingpas&nger number
based onsociceconomic scenarioslhis modeling approachas not yet beenconsidered by
existing studies An APD forecastat settlement level is particularly important for rapidly
developing countries such as Chiyy not modeling theAPD at settlement level, fuire air
passenger flows and, therefore, future air trafbitumescould be underestimatedesulting, for
example,in increaseddetrimental environmental impacteriving from CQ emission levels

associated with aviation

Thepresented\PD forecasting modedontains two main parts: forecasting the potéihdia
demand between settlemegydtirs andhe expected APbasedon new and existing connections.
For the first part, the topology forecasting model is developekkterminevhether he potential
for demand between a given settlempair exists or notFor the second parthe passenger
forecasting modelderived fromthe potential for the APD existence between settlements, seeks

to forecast the realized APD between these settlements.

The APD forecasting modetas validated on real data for one, five atehyeartime
intervalsto forecasthe APD topology and passenger number from 2002, 2007 and 2011 to 2012
and includesnore than $00 settlemestworldwide. The modeled resultserethencompared to
the actual readata from2012. Since the APD generation processies depending on the
settlementclustering methods wepplied to allocate the settlements to nine grageording
to their socieeconomic indicators, where settlengeint each group possess similar pattefing

APD model validation shows sufficient accuraéyter analyzing the validation results, it was



found that settlement clustering triggered APD topology forecasting model accuracy
improvements from 68% correct BRconnections t@8%.The highest overall model accuracy is
35% of APD connectionsvhich were correctly predicted to withint20% of passengersThis
neverthelessovers more than 70%f the actual passenger number in 20IRis accuracyas
achieved using oneyear time intervafrom the base yeatHowever, the error propagation
analysis demonstrated that for the ldgegn forecast (more than ten yearf)e expected
accuracy is higher using a tgear time framg0.3 o average fothe APD connection foreast
covering 4% of passengers fothe tenyear interval versus an accuracy of0.04 for the

connection forecast covering 37% of passenfggrthe oneyear time intervalor ten years

The validated APD forecasting modefas applied to the four GE@ socieeconomic
scenarios developed e UN from 2012 to 2042 usin@g tenyear time frame Since the
scenarios do not provide the average annual airfares between settlesantde airfare model
was developedbased on histozal data. In order to veyifthe modeling results, they were
compared to existing forecasfrom Airbus, Boeing andCAO FESG (International Civil
Aviation Organizationforecasting and Economic analysis Support Gragng a coefficient
for transferring modeled demand passenger kilometers (DPK) to revenue passenger kilometers
(RPK). The @mparison showethat the existing forecastiremore optimistic in terms of future
RPK growth in contrast to the results obtainedhfrthe APD forecasting modeased on GE&
sociceconomic scenariog-or instance,a comparison of théoeing forecast and the APD
forecasting model forthe Asian region in 2034 shows 4287.7 and 3157.6 billion RPK

respectively.

The next section of thiaesisaddresses APD evolution in China, which has experienced the
largest growth rateAccording to the modelC h i ngklialsSAPDsharefor 2042 isestimated to
be about 36%in comparison to around5% for 2012. The APD in China grew from
approximately377 million in 2012 taanexpected 2.9 billion in 2042 The analysis showetthat
some settlements i@hina which did not have aigh APD in 2012and main internaglourneys
within China toonly a few destinationswill generatea significant APD in2042 for those

traveling to various settlemerttsthwithin China andylobally.

Vi
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Introduction

1. Introduction

Since the beginning of the $0century, & transporthasbeen playingan increasingly
significant role in passengemobility worldwide Air transport connects citiegproviding
opportunitiesto travel to almost anywhere in theorld and, therefore, stimulating social and
economic development (Lakshmanan, 2014) and globalization (Hummels, 200#ansport
has achiegd its high demandby offering swift transportationbetweenglobal origins and
destinatios at areasonable cosh comparisorto other transport modes, especialyer long
distances.However, due to competition with othemeans oftransporation and in order to
enhance revenue and minimize co#tg air transportation system dsnstany on the lookout
for ways to improveDevelopingnew andimproving existingtechnologiesncreass efficiency
andair travelattractivenes$or passengers herdore, rapid rates of technologicalevelopment,
high levels ofair transportcompetition faced bgompaniesand constantlyncreasingair travel
demand have defindtie structure of thair transpotion system(ATS). This is alarge multi-
disciplinary complex system with various interactions between stakehol@sush as
manufactures, operators, airports and maavigation service providerANSP9 and its
environment (see Fig.1.1) The systemd s e | e mbighty sntegeatec@ and ka strong
connectios with externalenvironmens including politics, the economy, the environment
technologiesand society Modifying any element of this interconnectsttucturemay cause
changes in the whole systeffor examplethe hub-andspokeroutenetwork systemwhich was
first implemented by Delta Air Lines in 19%Belta Air lines, 2016)demonstrateds efficiency
to such anextent that itwas optimized and consequentigoptedby numerousair companies
worldwide The newly implemented system undoubkgdeft a positive impression othe key
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stakeholdersand promptedadaptation to the new condition®ne example ofthe potential
consequences @bolitical decisions surrounding th&TS is the deregulation in the BSn 1978,
wheresignificant changeto the entie systenwere implemente@lorrison and Winston, 1995).

The understanding of these changes and their relations between the stakeholders istessential
explain and asses$ise complex processes within the ATS as well as for future ATS development

estimation.

Politics

Fig.1.1. A basic representation of the ATS and its external environmeiiGhosh et al,2014)

The ATS has showsustainable grotk over thelast decadesThe number of ettlemens
with at least one airport in 20Mas over 6,000and more than @000 passenger aircraftere
operatedby airlines worldwide (Flightglobal, 2015)This growth has beemstimulated by
technological improvementyet, more importantly,its dependence ogeneral socieconomic
developmentannotbe underestimated due talear correlatiorwith world economic and social
growth. In just one decade, i.&rom 2002 to 202, the air passengedemand (APD)worldwide
within the ATS increased from 1.5 to 3 billipassengeréSabre Airline Solutions, 2014while
the combined worldgross domestic productGDP) and the world populatiorgrew at a
comparatively lower ratdfom 50 to 73 trillionUS dollars(The World Bank, 2014and from
6.28 to 7.1 million inhabitant§UN, 20142) in the same periodFig.12). Such growthhas

undoubtedlyhad an increasingly negative effect on the environment, including impacts on air
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quality, noise, and global climatBor example, carbon dioxide is a very long lived greenhouse
gas which affecthe climate system hundreds of years afiemg emittednto the atmosphere.
Moreover, for current engines, carbon dioxide emissiomnavoidableas the gas directly
correspondsto fuel consumption(Svensson, 2005)Thus, n responsecertain international
organizations have set ambitiogeals to reduce these effec@®ne of the major targets of the
International Air Transport Association (IATA9 mitigate CQemissions from air transportts

redu@ net aviation C@ emissionshy 50% by 2050jn comparisorno levelsrecorded in 2005

The r Al ATA Technol o dI&TA R018)cnabyses té&lenplagieds for future
aircraft that will reduce, neutralize and eventually eliminate the carbon footprsed through
aviationtransport The European @nmission together withkey European aviatiostakeholders

has establisled its vision on the futureof air transport infi F|1 i ght p gBudopea@ 0 50 0
Commission, 2011)The document focuses on two main challenges: meeting the needs of people
and the market as well as maintaining global leadergtnipong the key objectives are 75%
reduction in CQ emissions per passenger kilometer and a 90% reduction jreM{3sionsby

2050

B Air passenger demand ~— e=s=sGDP Population ‘

2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012

Fig.1.2. World GDP, population and APD from 2002 to 2013

As shown by LeéLee et al., 2009)air transport contributes3o of global CQ emissions
and 3.54.9% of global radiative forcing, if ne80O, effects are included. Today, the impacts of
CO, emissions on the environment are closbbing studied (Géssling and Upham, 2009
Apffelstaedt et al., 2009; Nolte et al., 20Bachauri et al., 20)4However, norCO, effects
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have not been subject to the same levehténtion Accordingly, a more taust scientific
understanding of the effects of RrQ®O, emissions is still needeKollmuss and Crimmins,

2009) The norCO, emissions have different impacts on the environment in different regions of
the world (Grewe and Stenke, 2008; Koch et al., 20EDr example, NQhas been shown to
induce the shortlived greenhouse gas ozone. The gas produced at the equator has a higher
radiative forcing than the same amount of emissions in northern regions. This impligsethat
geographical information of a flightoute, such ashe location of departure and destination
airports, as well athe flight path, is essential for assessing the impact of@0gxemissionon

the environment. Accordingly, to assess the-8@» impact, the number of flights and type of
aircraft operated on routes must be known so as to quantify the amount of such emissions on a
global scale. To obtain this informatiothe number of passengers on these routes must be
estimated. Finally, to make such estimations, the APD between aridutestinationsettlements

has to be determinet@hus, the forecastf the APD betweesettlementsorms an important base

for assessing the impact of future ABE, emissionnthe environment.

A number ofintegrated aviatiorenvironmentamodels forassessg different ATS policies
and theirpotential future impacten the environmenhave beerdevelopedAn example of this
modeltype could bethe Aviation Integrated Modelling (AIM) Proje@Dray et al., 2010; Dray et
al., 2014. These models hawarioussubmodelsand inputs but one of themportantelements
is anair passenger demand forecasidel. This submodel provides the simulated air passenger
demandas an inputo the next sumodelsin the integrated environmentsing resultsfrom
demand foreasing models technology developmenscenarie and other inputsintegrated
environmentaimodelssimulate air traffic growth antheir environmental impact$-or instance,
AIM predicts settlemenipair demand, busolelyfor a fixedsettlemenset defined by the largest
cities with air passenger flights in the base y&&erefore,it doesn't capture new origirand
destinationsOtherdemand swumodels and integratedodelsdo notspecificallyconcentrate on
a settlementevel of aggregationard insteadprimarily focus on regional levab assess the
environmental impactAlong with the APD simulation within the aviation environmental
integrated models, a number APD modelseitherexist independently careincludedin other
studies(e.g.thefiGe ner al Mar ket F ¢Airbaig; 2044). dhedestudiesmaily r b u s

aim tosimulatethe APD between regionsr between particular origirand destinatiosin order
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to predict particular figures (e.g. the future ldofleet or airport capacities). ddlels developed
within these studies aftenodificationcouldalsobe usedor the global forecast of environmental

impactsatregional levebr on particular rous.

The APD models play an important role in modelidd'S growth. Most of the existing
approaches foAPD forecasting worldwide on their level of aggregation asstiratall elements
(e.g. regions)re interconnected§ . e . Al M6 s )mhniother \wopdp, ralb carsited
elements in the demand modekconnected to each othand this connectivity dgsnot change
within the forecast periodlhis seems reasonab# regional level, buthe same cahardly be
said at settlementaggregationlevel. In the future, ti is likely that there will be a number of
settlementsvith significant air traffic connectiorthat have no air traffic connections today. This
is particularly true for rapidly developing countries such as Chilma including airtraffic to
these growing citiesvould result in an undegstimation ofglobal growth in air traffic which, in
turn, would mean that emission levassociated with aviatiowould alsobe underestimated
Thus, it is particularly important to have an accurate forecadfaf growth so as to assist in
developing a more accurate forstaf the environmental impacts (R@QO,, for instancg of the
growing ATS.On the one hand, ecurately forecasting growth is importdiot setting realistic
targets, and understanding what needs to be done to meet those @agefigly forecasting
environmental impacts importantfor setting targets that are effective at actually reducing these
impacts, and using effective metrics for these targets. Thus, without reliable predictions of the
demand for air passenger travel, it is impossible to estimateaffic flows, aircraft emissions,
and ultimately the environmental impact of aviati@mn the other hand, in order to achieve the
set environmental targets, the decision or policy maker should develop a strategy containing a
number of decisions whicheed to be made ia certain time frame. Thudyy using different
input socieeconomic scenarios of future development, the decision or policy maker is able to
assess the influence of his future decisionghe entire future APD worldwide and, therefore,
develop an optimal strategy to achieve the final aim. In addition, such an APD modeling
approach allowshe creation ot dynamic model whose outpuassettlement level could be an
important basis for further modeling in the ATssichas routes and hubmsodeling, aircraft size

and their frequencies on routes and, finally, the future environmental impacts.
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Therefore,at DLR Air Transportation Systems specialset ofmodek called AIRCAST
(AIR travel foreaCAST) is being develod within a modular environmernit orderto forecast
future development of the global AT& settlementievel based on socieconomic scenarios.
Uniting models througAIRCAST allows a range of possible outcomes for the future Ad e
simulatedand, for exaple, for the impactof new technologies on the APiEhe size and the
aircraft number on particular routesmission amount on particular routesbe assesseitlhe set
of modelsis distributedbetweerfour interconnectedayersas follows(Fig.1.3)

1) Theorigin-destination demanidyeri defines passenger number on settlement pairs

2) The outelayeri defineswhich settlement pair will be operated by air carriers

3) The arcraft movementiayeri defines theaircraft number on routes, their types and

capacities
4) The tajectory layer. definestrajectoriesfor aircraft on routesamount and type of

emitted emissions on routes
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Fig.1.3. AIRCAST four-layer approach

Layers are connected by back loops which alloedelsto be calibratedFor instance, the
origin-destination demand networlayer receives soci@conomic indicatorsas input and

transfers anodeledpassenger number anodeledsettlemenpairsto the next layers as output
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Back loops from other laye(sed arrows in Fig.1.3)ransmit for example, travel time between
settlementpairs, aircraft flight frequencies betwesettlemerg andaircraft capacitiedo the
demand layerUsing this informationmodelsat origindestination demand network levate
calibratedby generating updated outputs for the next modéisis, the modeling process itself is

iterativeandterminaeswhen a selected criterion or criteria are met.

This thesisdescribes the APD forecasting model from the #RCAST layerin order to
assess the impact of different seeimonomic scenariosn the world APD and its topological
structure Since themodel chain isunder development, the APD forecasting madehis thesis
disregard the back loops from otheAIRCAST layers Basedon socieeconomic scenarios, the
APD forecasting model calculates future passenger numbers between settlements, taking into
account the possibility of changesthe number of APD connections between settlements within
the ATS over time. Théhesisis organized as followsChapter 2 presents a literaigview d the
different APD forecaststudies taking industry and academic forecast® account Analyzing
the current studies, a gap is definedhaarea of worldwide settlement level APD modeling as
well as a lack of APD forecasting based on different seconomic scenarioat this level.
Based on the identified gapgShapter 3 describes the research objectives fahdsisto develop,
evaluate and apply the APD forecasting model. The research do&igy isexpanded onhere
to fulfill the introduced research objectives. Chapter 4 presents the APD forecasting model which
has been created fulfill the developed research objectiv8%he sectiondescribes the overall
model framework, required inputs into the APD forecasting model as well s aliibmodel
descriptions: clustering settlements by their s@@onomic indicators, the topology forecast
model and the passenger forecast mo@#lapte 5 describesthe APD forecasting model
development and validatiofirstly, the model validation framework is shown. This is followed
by astudy to define the appropriate clustering method for the settlermepdésatednto groups.
Thereafter, the appropte method for APD connection forecast is defided the topology
forecasting model. This ibased on the analysis of various link predictionragphes in the
network science aredhe obtained algorithm is validated on real dajaforecastinghe APD
network from 2002, 2007 and 20Hll connecting ta2012 and comparing theto the actual
2012 values The validated topology forecasting modelthenadapted to all cluster pairs by

defining the boundaries frothe historical dataafter which timehe pasenger forecasting model
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itself is described. The model contains two snbdes: quantitative analogies for passenger
forecast on the newly appeared connections in the APD networkhancdorrelation between
passenger anDP growth for APD connections reaining in the network. The passenger
forecast model is validated on real data by forecasting passenger atimive2002, 2007 and
2011all connecting t®012 andhencompaing themto the actual 201%alues At the end of the
chapter the overall APD forecasting accuracy is calculated and the expected error propagation is

analyzed.

Once validatedthe APD forecasting modé& thenappled to four GEQ4 socieeconomic
scenarios from the UN from 2012 to 20#2Chapter6. Firstly, in oder to forecast the AP
simple airfare model is developed and validated. This model allows the average annual airfare
between settlements be modeledased on the distance betweemihand the average annual
crude oil priceThen, the desgtion of four GEO4 scenarios is presenteshowing the scenario
storylines. Using these scenarios, the APD forecasting resulsubsequentlypresented. The
results are verifieth relation toexisting forecasts such as Airbus, Boeing BEBWO FESG APD
forecasts.In order to demonstrate tHevel of detail of theAPD forecasting model, the APD

forecast for China in 2042 is analyzed for the Sustainability First-&BEenario.

Chapter 7offersconclusions for thishesis The conclusions show that the APD forecasting
modelis a valuablegool for forecasting APt settlement level which is able to provide relevant
results for decision maker€hapter 8 ends ththesiswith recommendations for future research.
These recomendations are mainly given in order to improve the APD forecasting thadel

performance bgarrying out furthestudyon theassumptionsaccepted in this study



2. Literature review

As shown in Chapter 1,the APD forecast is an important basis for planning in the
constantly changind\TS. This chapter presents different existiAfD modelingapproaches.
The aircraft industryand researcherstudy APD and develop foreast models using various
techniques and levels of aggregatioBection 2.1 demonstrates curreAPD modeling
approachesf the main players in the air transportation industry such as Airbus and Bodireg in
context of theirmarketforecasts. In Section 2.2academic studies oAPD are presented. A

summary of this chapter and conclusion is given in Section 2.3.

2.1. Industry forecasts

In this section demand models of the aviation industry are considéyetion companies
generallymake their own market forecastb demonstratéheir visiors on the future development
of air transportatiorio potential customers-or example, Airbus positiorteeir Global Market
Forecas{ GMF) as a dview of the de macnaftthdt wilfseneei vi | [
as a reference for airlines, airports, investors, government angavennment agencies, air
transport and economic planners wenld d (Aidbus, 2013. The purpose oB o e i Gugréns
Mar ket Out | o[théf Boéingprdiluctostrasedyyamd gedongterm business planning
é share our outlook with the public to inform airlines, suppliers, and the financial community of
trends we see i n t h&henrim dfuhsese foreaasts(isRimwaustogiers 2 01 5)

that thedemandiort h e s e ¢ o mp a nsiinedgférentpegiond is growing and in helping
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customers to make tirgght decisiors about wiich itens to acquire Anker, 2000. Since these
market forecasts have been made by industry compdhesbjectiveness «fuch calculations
have to be critically scrutinizeith the context of overall air transportation system development.
In addition, aviation industry companies do not publish detailouttheir forecastprocedures
which make it difficult to understandthe underlying principles and assumptions of their
methodologies, models and soindels.However,approaches to forecast air passenger demand

are the basief these market forecasisdwill be considered ithis section.

As discussed in Doucet et &014,an origin destination air passenger demand model is an
important partof the Airbus Global Market Forecast (GMEAIirbus, 2014)methodology. The
GMF methodology for forecasting future ATS contains three basic steps: traffic foveeaite
next 20 yearsa network forecastand arequired aircraft number forecagtir passenger demand
forecast in the GMFRorms part of the secondtep. For the network forecast,traffic forecast
between countriew/asinitially disaggregated to a set of city paiffien flight segmentsvere
modeled between any twsettlementsn the set. The obtainetight segments network included
existing routes as well as future possible roudgglying a market share model, a percentage of
air passengersvas assigned to each flighdegment. Finally, the number of passengess
defined as the percentage of passengers on each fighiiplied by the origirdestination
demand betweersettlements The origindestination air passenger demand modséd a
modified gravity model to forexst the number of passengers betweens2ft®mentsround the
world. The modified gravity moddbok into account a spatial dependence between origin and
destination. In other word#, consideredhe impacton air passenger flow betweeettlements

by employingcharacteristics at proximakttlements

Other industry forecasts mainly predict Revenue Passenger Kilometers (RPK). These
forecasts do not present a separate air passenger demand model. The Boeing Current Market
Outlook 20132032 (Boeing, 2013)forecast usg an empirical equation whe RPK growth
between regions wasqual tothe sum of GDP growth and &ime-varying functiom (Eq.2.1)

The function wa not directly associated with GDP growirhis component of growth derived

from the value travers place on the speed and convenience that only air travel can offer

! Herefinetwork forecastimplies a forecast of routes between cities

10
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~

YO U "00 0 QO (Eq.2.1)
Where Qo0 is a timevarying function that typically centers around 2 percent.

The RollsRoyce (2012Market Outlookdevelopedan RPK forecastbetweenregions and
did not indicate the forecasty methodology. Market @look 20152034 from Embraer (2015)
providedan RPK forecast between world regiornghe forecastvas based on historical traffic
data, GDP development, tradeurism fuel price, population dynamics, airline competition and

traffic of othermethods of transportation

Japan Aircraft Development Corporation (20lfWesentedt h e i r AWor !l dwi de
forecast focommercial air transport 204D 0 2 & region level.Eleven regionsvereconsidered
in the forecast and passenger traffi@sanalyzed from the past to obtain regression equations for
each region. These equationar@based on the relationshipstweenGDP, airfare and RPKjet

the equationsverenot printed in their publication.

The Uni t ed Ki ngdom De g0d3 UKmPeriatibn Fbrecasts(UKr ans p o
Department for Transport, 201®)cluded the National Air Passeeg Demand Model. This
model useda combination of a set of time series econometric marfgigst UK air passenger
demand including projections of key driving variables and assumptions about how the
relationship between UK air travel and its key drivexauld change m the future. The model
providedforecasts for domestic destinations withire tUK, international regions of origin for
flights to the UK and international passengers connecting through UK airfp@iso accoured
for airport capacity constraints, redistributing demand to other airports when demandedxceed

capacity.

2.2. Academicstudies

The topic of the air passenger demand modeling hagedsoved a great deal aftention
in theacademidield. As input for various models, air passenger demand models are devatioped
different levels of aggregation with different scopes antsai

11
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The Aviation Integrated Modelling (AIM(Dray et al., 2010; Dray et al., 201@noject was
initiated by the University of Cambridge, UK. The aim of this projeasto develop a tool to
assess different current and future policies in avigtiReynold et al., 2007)The AIM project
containeda set of connected modules that were created to fulfill the policy assessment goals of
the task These modules wer Aircraft Technology & Cost Module, Air Transport Demand
Module, Airport Activity Module, Aircraft Movement Module, Global Climate Module, Local
Air Quality & Noise Module, and Regional Economic Module. The Air Transport Demand
Module deals with true origidestination (OD) air passenger and freight demand. Currently, this
module contains a simple m@ldat city level which considers realized undirected air passenger
demand. The modelas represented as a gravity model with OD connections between 700

settlementsaround the worldEq.22).
O 00O 00 Q Q Q Q Q 6 (Eq.22)

Where "Orepresents thaverage local per capita inconud city 'QU0 is the greater
metropolitan area or equivalent populatafrcity ‘ndod  is thegeneralized cost to a passenger
of air travel betwee settlementsncluding delag, 0 and0 are dummy variables indicating
whether one or both cities in the pair are major tourism or business destinatioasd 'Y
showwhether a road or higspeed rail link exists betweéfand Q0 "O indicates whether the
route is a domestic onéh Fh hhr I H andt are parameters to be estimat@tie gravity

equationwas adapted to shottaul, mediurrhaul and longhaul as well as for different regions.

The equatiorwascalibratedon current and historical data.

Suryani et al.(2010 modekd air passenger demand and passenger terminal capacity
expansion using a system dynamagproach.The casual loop diagram (Figl?.represents the
relationshipbetweenpopulation, GDPgrowth, level of service impact, airfare impact, runway
utilization andrequiredpassengerpace.The study concentrateoh single airport level. Their
model prediactd when an airport should expand runwaryd passenger terminal capaeg and

determine the total airport area needed to meet future demand.

Alam and Karim(1998 addressedthe present condition of the air transportation system in

Bangladesh. They analyadéhe operation and level of service of thetegs supply structure and

12
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the network cofiguration. A stepwise multiple linear reggsion analysis, usingultiple time
series collecteaver five years, was utilized to calculate total passenger trips per week along

existing routesThe regression model in their study was established as (B 23).
"Y Q0 O Y & O (Eq.23)

Where"Y is the total passenger trips per week between cieed Q0 is the total
population for cityQO is the employees number in ciyY is the travel time ratio for traviely
between citie$(and Q¢ is a dummy variable'O is the GDP per capitactododifiQand ‘Qare

elasticity parameters.

Births + Deaths Time Elasticity of Demand

+
Population - Level of Service Impact
+
GDP Growt (
n + - Average Percentage Change in Travel Time
Air Passenger Deman

Price Elasticity i

4
- Average Number of Passengers in a Flight
Airfare IM Average Number of Flights per Day
\\

k + Runway Utilization
+

Airline Congestion Cost B

Congestion Runway Capacity o o -
(+ v \_/ * y

Cost per Hour

Additional Runway

Fig.2.1. Causal loop diagram of air passenger demand and passenger terminal capaeixpansion(Suryani et
al., 2010).

Grosche et al(2007) presengd two gravity models for estimatingir passenger volurse
between citypairs. The estimatiowasbased on socieconomic and geographic factors for the
fixed number of citypairs.The basigravity model was presented as follows (E4).2.

® Q066 00"y (Eq.24)
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Where® is the total passenger volume between cit@mnd Q0 arethe populatiors of
cities Gnd’ Q6  are the airpd catchment areas in citi€&@&nd’ Q6  is the average buying power
index based on an air [fdQ® B the gosscdbnmestio prodwctrok a i n
the country of the airports in citié€@and QO is the distance between two airpoit¥ is the

travel time between two airportai h.i h h andt are elasticity parameters.

The extended gravity mod@tq.25) took into account mukairport citiesadding variables

that describe the spatieharacteristicso the basic gravity model (Eq.2.4)
® Q066 00Y) 6 (Eq.25)
Where( is the number of competing airports in citi&nd’Q0 is the average distance

to canpeting airports® is the number of competing airports weighted by their distanitk

and] are elasticity parameters. As sethrese two gravity modeldid not take into account the
possibility of new citypairs within the air transport systeffihe gravity models for air travel
demand estimation have a lohgtory and studiesncludevarious variablesuch as population,
income, distance, etc(Brown and Watkins, 1968; Verleger, 197Fotheringham 1983;
Rengaraju and Arasan, 1992; Russon andlRa vy , 1993; 199% JomeChlderorng t al
1997; Doganis, 200 Shen, 2004 However, these studies do not considergbssibilities of

changes in the connected city number.

In contrast air transportas also beeanalyzed with complex networksaéin and Lillo
(2013)gave an overview of complex network theory applicatiorATS where they shoed that
for future ATS challenges, the complex network thewould play a more significant role in
tackling these challenges. The ATS analysese carried out in accordance withlifferent
network representations. In some studike ATS network isconsidered asn unweighted
network (a routenetwork of 2001 with 27,051 connections was analyzed)rderto obtain
specific ATS networkmetrics (Guimeraet al., 2005) oto define the most efficient flightor
airlines in terms of benefits and passenger mobility (Bania et al., 1998; Alderighi et al.,|2007)
other studiesweighted ATS networkwere analyzedassuming the weight ithe available seat
number (Barrat et al., 2004Vu et al., 2006 or passenger number (Xu and Harriss, 2008), or

flight number (Lillo et al.,, 2011) in ordeThe ATS network evolution is analyzed in a few
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studies. Han et al. (2007) and Li and Cai (2004) amedlyhe main metrichanges in Austrian
Airline Flights andC h i naeporsnetwork respectivelgver a seveay period.In general, the
majority of studies in the complex networks field focus on the topological properties of the flight

networks.Suchstudies do not considéhe evolutiorof these networkevertime.

2.3. Conclusion

The studies mentioned abowgilized a range of techniques and various levels of
aggregation. Industry forecasts and academic studies show various methods to calculate the
demandat particular airports, on particular routeg,regional or city level with fixed number of
connections betweesettlementsThe aforementioned forecast®stly deat with air passenger
demand using gravity model8lthough gavity modelsdemonstrate relaively high accuracy
(Grosche et al, 2007), théyave to be calibrated for different types of gigirs (e.g. shothaul,
mediumhaul, longhaul, international, regional, local, etcllhus when dealing with larger

numbers of city pairs, the complexitytbie calibration requirements of these models increases.

The studiesvhich usel complex network theory mainly analyrzeurrent flight networks.
Yet againthelongtermevolutionof these networkgvasnot considered. Howevethis could be
a useful startng point for a symbiosibetweenthe air transportatiometwork and complex
networks in order to forecast the future state of the air transport netvinick has not received

the same level of attention

It can be concludedthat current studiesio not provide a method offorecastingthe
evolution of air passenger demand betwsetilementsat global level. They fail to take into
account the potential for change in the number of akpmmhectedsettlementsvhen forecasting

demand within an air transgaystem.
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3. Researchobjectives

The literature review in Chapter 2 showttit there is no appropriate air passenger demand
model containingsettlementsvorldwide which is able toassess passenger floascity level,
while allowing the changesin the number of connections between thesstlementsto be
forecasted Thus, in order to capture these changes at city level, a nbadeld on socio
economic indicatordas to considerepresentativesettlementsvorldwide (e.g. with at least one
airport) and simulate the air passenger dembativeen them. This approach would provide a
more realisticand detailedunderstanding of the air passenger demand evolution within the
forecast periogbased on a socieconomic development scenario of Hattlementsvorldwide.

This dhapteris organized as followsSection 3.1 presents the key research objectives of this
thesisand Section 3.2 shows the research methodology that was developed {othalfkey

research objectives.
3.1. Key research objective

As shown in Chapter 1, the ability to forecast passenger number on settlememingairs
capture the changes in passenger settlement pair topolsgynicantfor assessing future air
transpat development. In particulaghanges in air passenger demand topology and passenger
number on origin destination settlements are an important basis for airline compmnies
ultimately decide whether to operate air servicespecificsettlement pairs arot and, therefore,
to adapt their route netwoikccordingly Furthermore, thénterface between origidestination

passenger demand and route networksgsentialwithin AIRCAST so thatpassenger streams
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with airline supplies and structweanbe conne@d. Thus, lte research objective of this study is

to developan APD forecastingnodel to forecastthe evolution of air travel passenger demand
betweersettlementsvorldwide based ora socioeconomic scenario, taking into consideration the
probability of clangesin the number ofAPD connections between settlemewithin an ATS

l.e., the number of settlement pairs that have any demand between them (regardless of flight
network).In other words, the propos@dodelhas to forecast air passenger demandichanges

to thesettlement pair connectidopologyof an air passenger demand network, within a forecast
periodas well as adequately respond to disruptive events described in scenarios and model their

impactonthe APD.

Following this approach fomodelng APD on a worldwide scalg the APD forecasting
model should cortain two main parts forecasting the potential for demand betwsetilement
pairs andforecastingrealizedAPD on new and existing connections. The fipsait of the APD
forecasting modedhould determinghether the potential for demand between a gsegtiement
pair exists or not. The secorghrt based on the potential for thR&PD existence between
settlementsseeks to forecast tlexpectedAPD between thessettlementsSince the demand for
air travel originates in placesith high population density and airports are one of the means to
realize given demand, thikesisonly considers the generation of thetentialdemand between
settlementsAlthough the APD betweesetlementsis directed, to limit the scope of the study the
APD, it is assumed to bendirected. In other words, directédPD is the demand in direction
from point A to point Bin a time period, but does not include the demand in direction from
point B toA in the same time periad The sum othe directedAPD on directions AB and BA
in the time period represergthe undirected\PD between points A and B. Thuke undirected
demand is the totaAPD between two points regardless of directidbforeover,the APD on
settlementpairs varies dependingon the time of year, specific events (e.g. a world sport
competition in a city or a country) or conflicts in particular aas other caseslowever,their
impact on the APD onsettlementpairs is not significant compatdo the global number of
passengers traveling by aiit the same time, it is almost impossible generatea precise
forecast of possible conflicts in the future asdere they will occurThus, to limit the scope of
the study, thisthesisconsiderghe APD betweemsettlementst yearly intervals In other words,

the minimum time frame in th&PD forecasting modes$ one year.
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A specialmethodologyhas beerdevelopedn order to fulfill the objective of this study
This approachs able to simulate the APD for a various number of secmnomic scenarias a
yearly basisBased on socieconomic indicatorfrom the scenario which develop over tiared
information from the base year as the inghe APD forecasting modesimulates the APD
between settlementsworldwide. The modeling approach allowrecasting changes ithe
topology of the worldwidéAPD between settlemendsd defining thgpassengenumber on these

settlemenpairsat yearlyintervals

In order to validate th&PD forecasting modelt is checkedagainsthistorically observed
data. The APCior a past year (e.g., 201B) simulated using a knowPD network andsocio
economic indicatorfrom an earlier year (e.g., 2008imulated resultarethen compared to the

actual APD network.

The \alidated modelis then applied to thdour sociceconomic scenarios tobtain a
consistent forecast of the APD betwessitlementsrom 2012 to 2042. Then the results of the
Air Passenger Demand Modeltbe APD topology and the number of passengers arddrests
to RPKsbased on the historical trend and compared to exigiirgs, Boeing andCAO FESG

forecasts

3.2. Research methodology

In order to fulfill the key research objective of this study, treeaech methodology is
separated to three steps: model development, model validation and model application.

1. Model developmentThe APD forecasting modebased on a socieconomic
scenario and a base year simulates consistent ehanghe APD networktopology and the
passengenumber on these connections a yearly basisThe methodologyof the proposed
model and detailed descriptions of suodels are shown in Chapteadd Chapter 5
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2. Model validation.The modelvalidatiort is conductedoy modelingthe APD from
2002, 2007 and 2014ll connectingo 2012and then compared to the actual 2012. The model is
validated on almost,@00 settlementsvorldwide andthe actual soci@conomic indicators of
2012 areused as the socieconomic scenariolhe detailedAPD forecasting modebalidation
procedure and the resuéisepresentedn Chapter 5.

3. Model application.The validatedAPD forecasting modek applied tofour UN
GEO4 sociceconomic scenarios. The model provides simulation of the APD Zfiigto 2042
per decadeThe modelses4,251 settlementsn 180 countries worldwide. ThAPD forecasting
model application resuls verification® at global level as well as théetailed APD analysis on
settlement level for Chinareshown in Chapter 6 hefinal conclusion isliscussed in Chapter 7.
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4. APD forecastingmethodology

This Chapter presentshe APD forecastingmodel methodologywhich simulates the
realizedair travelpassenger demand betwessttlemenpairs worldwide based on various sacio
economic scenariog.hesescenarig determine whetheéhe APD betweersettlementshangs.
The APD between settlemenpair could appear or disappeaarthe number of passengersumb
increase or decrease. The overall configuration oAfPP betweersettlementss able to change
in response to the soeeconomic situation in a particulaettlementcountry or region. In order
to capturethese changes in the APR special framew@r has beerdeveloped. Section 4.1
provides a general modelling framewaskich demonstrates how suhodels and their inputs
are connected to each other. In Section dl2submodelsfrom the modeling frameworlare

describedn detail

4.1. Modeling framework

The proposedAPD forecastingmethod betweersettiementpairs worldwide aims to
forecastthe APD topology networkand passengenumbes on these APD connections from the
base yeay; to the last year of a soegconomic scenarig with a givendiscretetime intervaln.

In order toimplementthis approach e method contains three steps: 1. City clustering and

identifying thecluster dynamic$rom y; to y; (Terekhov and Gollnick, 20152. Forecasting the
topology of theAPD network fromy; to y; (Terekhov, et al.,, 2016)3. Calculating the APD
demand on existing and new connections fyaito y; (Terekhov, et al., 201%). The first step of

the method isettlementclustering in the base yegs. It divides settlementsaccording to the
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similarity of their socieeconomic indicators and, based on the secmnomic scenario, defines
the content of every cluster froya to y;, i.e. thecluster dynamicsThe second step determines
whether the demand connection between a gbettlemenpairin every cluster pair frong; to y;

exists This is done by implementing a weighted similabgsed algorithm. The weight is
represented by a combination of seemnomic information ofettlementsn pairs, and the
distancebetween them. The third stegf the method, based on the existence of the APD
connections betweegettlementsand cluster pairs, seeks to forecast the APD between these

settlementérom y; to ..

Scenario

/ / Socio-economic
7/ Base year data / / indicators

Clustering and cluster
dynamic

Topology forecasting
model

l

Passenger forecasting
model

APD forecasting model

Fig.4.1. General approachof forecasting origin-destination air passenger demand betweesettlements
worldwide based on socieeconomic indicators

The general representation of the method is depicted in.Eig-hesettlementlustering
procesausesthe settlemei@ socioeconomicindicators to separate them into groups in the base
yearyp and defines a future content of clusters for every year of the-eocimmic scenarido
the cluster dynamics The topology forecasty model has the following input information:
settlementclusters, sock@conomic indicators ofettlements in the base year and the scenario
inputsfrom y; to y;. The output of the topology forecast model is a modeled configuration of the

APD network for everyliscrete slice ithe scenarioUsing settlemensocio-economic indicators
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from a scenarioand the topology forecast modéhe passenger forecasting modeimputes
passengemumbes from y; to y; for every settlementpair of the modeledAPD network

configuration.

4.2. Description of submodels

This section describes each modebwn in Section 4.1The input variables to the APD
forecasting modelare described inSub-section 42.1. Subsection 4.2 demonstrates the
clustering approach and tlwduster dynamicsThetopologyforecasng model isshown in Sub

section 4.2.4. Subection 4.2.5 describes thassengeforecasting model.
4.2.1. Inputs into the APD model

As shown in existing studieBelobaba et al., 200Dray, 2010;Airbus, 2014; Boeing,
2013;Dray, 2014, the APD has a clear correlation wighonomic and social indicatofBhereby
in order to estimate future APD betwesgttlementsthe development of these indicators has to
be known. Thus, external scenarios of the futleeelopment osociceconomic inccatorsare
considered as inpdior the APD forecasting modeln order to obtain aaccurate APD forecast,
the scenario should containcansistentset of numerical indicatorever time, describing the
future development path. Moreovesince the modelin@pproach is considereat settlement
level, the scenario has tmntain variablest settlementevel respectivelyln other words, the
scenario could be presented as a database, where a set of variables for eaegriemdn a
given time periodor arequiredsettlement number are providéthe scenario variables are the
input for each submodel of the APD forecasting modetlustering andcluster dynamics
(described in Sulsection 4.2.2),the bpology forecastmodel Sub-section 4.2.3) andhe
passengrforecast model (Subection 4.2.4).

In addition, the APD forecasting model should talkdaresinto accountsince they have
an undoubted impaan the APD (Boeing, 2015): the lower the airfare between settlemiets
more passengers would travel ande versa. The average faire is the inpufor the topology

forecasng model (Subsection 4.2.3) anthe mssengeforecasng model (Subsection 4.2.4).
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4.2.2. Clustering

This sub-section describes thaustering andcluster dynamics from the APOorecasting
model.As shown by Zheleva et §2012) for thetopology forecast, node community (groups of
settlementdor the purpose ofhis study) features improve link prediction performagiae and
Zhou, 2011) In other wordssettlemenpartition intogroups increases the accuracy of the APD
topology forecastas shown by Terekhov et.g2016) Furthermore, it is likely that thAPD
generation procesaries depending on theettlementsFor instance, the APD formation in rich,
highly developed settleents and poor settlements from rural areas has different mechanisms
wherevarious reasonand possibilitiesfor travel dependn income leved and the number of
inhabitants.Therefore, thessettlementsould be allocated to a number of grogzsording ®
their socioeconomicindicators, wheresettlementsn each group possess similar patterns. Thus,
clustering defines qualitative and quantitative features of these groups in the base year (the

starting point of forecasting) and the dynamiseitlementghanging groups.

In addition, the socieeconomic indicators of theettlementschangeover the forecast
period These changes affect the probabilitynaémbership of a given city toertain clusters.
This reveals thaeettlementdistributionchangeswithin the clusterover time Thus, thisprocess
is called ficluster dynamias (Terekhov and Gollnick., 20)5Cluster dynamicscalculatesthe
probability that a given elemensdttlement will appear within a given cluster atparticular
point of time. Thisapproach showsow thesettlementsre allocated to the various clustéss
any forecast year based on so&conomicsettlementindicators. During the forecast period,
cluster centers remain fixed &® a baseyear and do not change. In othveords, in this study,

affiliation calculations are made froabase yeaperspective.

In contrast to clusteringiluster dynamicss based on discrete time series dedan socic
economicsettlementindicators.Cluster dynamicawvhich usethe clustercenters from the base
year define the allocation of theettlementdan clusters for everynterval of the discrete time
series dataAn abstract clustering andluster dynamicsexampleis shown in Fig. 2. A
settlement set is givem ithe base year. For instance, lte settlementsvhich useclustering are
assignedto four clusters:Cluster A Cluster B Cluster Cand Cluster D A socieeconomic

scenario fronl to T+2k with timeintervalk is given with known indicators in timatervalsT+k
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and T+2k. It is assumed thatettlementdn this scenario do not change their seegmnomic

indicators exceptcity X. Within the scenario, the clusteenters remain fixed and do not change.

The allocation ofcity X is defined for every timenterval in the scenario. Based on socio

economic indicators dfity X in timeinterval T+k, this city changes fror€luster Ato Cluster C
Since the soci@conomic indicators ofity X are changed in timenterval T+2k, this city is
assigned t&luster D Thus,thedefinition of city X allocation in timeintervalsT+k andT+2k is

thecluster dynamicsvhich is based on the clustering in the base year inTime

@ - Cluster centers — ® - Cluster centers o ® - Cluster centers —
Ve ™~ / ™~ Ve .
f/ \\ / \\ ./ \
_ "l \\ = |‘If = |ﬂl \
T \ 7o ~ \ o "‘\\ | \
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Socio-economic scenario .
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Time T+k

|
Mrﬂ‘”

>

¢

Clustering

Cluster dynamic

Fig.4.2. Clustering and cluster dynamics

Clustering is an important part of the APD forecasting moGRistering results help to
understand the APD generation within and betwalifferent settlementgroups Clustering

results are utilized in the topology forecasting model aedossenger forecasting modalthe

topology forecasting model, clusteringsha positive significant impacon link prediction
accuracyin the APD network(Terekhov et al., 2016)defining boundary condition®f

connections adding and elimination procedsesvery cluster pairThe clustering algorithm is

described in detall i®ection 5.1.
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4.2.3. Topology forecasing model

This sub-section presentsa general description of th®pology forecasng model. The
model defines the future APD network based on the topology from the préwaisterval and

sociceconomic indicators from a given scenario.

The socieeconomic characteristics skttlementschange throughout the duration of the
scenario. Therefordyased on the scenarithe originalAPD network topology transformss a
result of newAPD connections appearing and disappearing. Thepelogy changes must be
taken into account when determining theD betweersettlementsFurthermore, the number of
settlementswvith airports changethroughout the duration of the scenarioséttlemenis added
to or eliminated fronthe demand network when an airportairportsappeas or disappears.

The APD network could be described as a network whetdementsare represented as
nodes andsettlementpairs as connections. Thusetwork theory couldbe applied (Newman,
2003) andhe problem of forecasting the potential APD betwsettilementpairs turns ta link
prediction between nodes in a given year of a secanomic scenaridn addition, the ADP
network is a weighted network. The weight cobll presemd as a singlendicator (number of
passengers on a connectianicket price on a connection, distances betwsattiementsetc.) or
as a combination ahdicators Since the APD has a clear correlation with the secmnomic
indicators (Belobaba et al., 2009; Dray, 201Bpeing, 2013;Airbus, 2014; Dray, 2014)the
weight could be presenteds acombination ofsociceconomic settlementindicators This

combination could be interpreted asdattractiveforcedbetweensettlementsn pairsand can be
presented as a gravity mod€he general weight representatidorbetweersettlements andy is

shown inEq 4.1., where s the gravity model andand®areindicatoss of settlements andy

respectively
0 OB Yo Rt p8a (Eq.4.1)

Thus, in thisthesis the topology forecastg model simulatesthe changes in the APD
network topology using weights The APD network is presented as a set of notieked by
weighted connections, where weight is the combination of settlements indiddtershanges in

topology are based on the seeiconomic scenariécChanges in socieconomic indicators &l to
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the connection weight changdsis means thathe attractive force betweesettlements€hanges
accordingly: the higher the soesxonomic parameters, the stronger the attractive force and vice
versa.The changing attractive fordeads to the APD topology evolutionh@ new connections
could appear in the APD netwowhenthe attractive force betweeettlementss strong enough
and disappeawnhen the force is quite weakdowever, the termastrong andfiwealo are relative
and could vary significantly depending on thesettlementin terms of their soci@conomic
indicators.Since settlementpossess diversesocioeconomic characteristics, the APD connection
process generatiois correspondingly differenper settlementtype Based on clusters obtained
from Subsection 4.2.2settlementsould beassigned to a number of groups accordingher
sociceconomic indicatorsThis helps to distinguiskettlemengroups from each other and give a
clear definition offistrong and fiweald for connection weights betweesettlementsin these

groups.

The APD topology in time
interval T'

Baseyear T

For topology in T connections
3 addition and elimination for €=
topology in time interval T+k

¥

Socio-economic indicators of
cities in time interval 7+k

Forecasted APD topology in time
interval T+k

Time slice T+k

For the forecasted topology in
T+k: connections addition and Socio-economic indicators of
elimination for topology in time cities in time interval 7+2k
interval T+2k

Time slice T+2k

Fig.4.3. Topology forecasting model framework.

The generatopology modelingorocess is sequential: the forecast of yesk is based on
yearT, the forecast of yeafr+2k is based on yeaf+k etc. The topology forecastg modeb s
basic structure is shown in Fig.34In the base yedr, the actual APD topology and clustering is
known. The socieconomic scenario is provided from the base ye&w the last year in the

scenarioN with time intervalsk. The socieeconomic indicators from the scenario of y&aik
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are assigned to thleettlementsrom the APD network of yeaF. Thus, this network isxcomplete
for the yearT+k. Then the topology forecastingnodel| based on the network topology and the
new settlementsocioeconomic indicatorsdefines which connectiorshould beadded into the
network and which connections should be eliminateftier this processthe topology for the
yearT+k is obtained. This process is repeated analogically fore2k and so on, up to the last
year of the scenarid-ollowing this procedure, the topology for every timeervalis obtained.
The next step is to define tipassengenumber on every connection for every given topology.

The topology forecasting model is dabed in detail in Section 5.2.

4.2.4. Passenger forecagtg model

The APDforecastbetween globasettlementgairs (Terekhov et al, 2013) consists of a
sequential set of discretetervalsby years at the time scale up to the forecast horizon. When the
APD network topologies are determined for the forecast periodaithpassenger numben
settlementpairs has to be define@incethe APD has a clear correlation with seeconomic
paraméers asmentionedabove the air travel passengeumber estimatioon settlemenpairs is

conductedased on socieconomic indicators.

APD network topology

v Y

Newly appeared
connections

Fixed connections

o * ' Passenger forecasting BI&?J* 77777777777 o

L. . Correlation with socio-
Quantitative analogies

economic indicators

i Number of i
passengers on ‘

every
connection

Fig.4.4. The passenger forecasting model basic framework

The passenger forecasting model basic framewodegscted in Fig.4. The forecasted
APD networks contain two connection types: heappeared connections and connections
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which arestill fixed from the previous APD networkince there is clear correlation of socio
economicsettlementndicatas and tle passenger number on connectiohs,gassenger number
for fixed connections is defined by soes@onomic indicator growthorrelationfrom settlement
pairs in yeail+k and yearT. However, for the nely-added connectionshis approach does not
work due tothe absence of these connections in the previous itmeeval Thus, the passenger
number for newlyappearing connections ear T+k which desnot exist inbaseyear T is
defined byassigning the passenger nunsbarsimilar connectins in base yeall. Since the base
year is the only one year in the model with the actual data sethéi@ggiconnections for the
modeled timeintervalsare considered from the base yeBne connection similarity could be
characterized ypsociceconomicsettlementind spatial closeness of connections in the base year
and the forecasted yedrhereby the number of passengers on a gigettlementpair in year

T+k is defined by searching for the closest set of conditionssefttiementpair in the previous
yearT. In other words, the number of passengers is defined tdsenQuantitative Analogies
(QA) methodfor new connections of the ye@#1 and set of connections in the previous yEar

In general, the QA approach requires an exyéd has to identify the situation and find out the
analogies for the newAgippeared connection in the analogiesrsé¢the base year datBlowever,

this qualitative conceptould be presenédas a quantitative approadh.simple expert modetan

be develped in order to identify the set of analogies and the analogy for the -appbared
connection in the base year and, thereby, determine the passenger number on this corimection.
modeb snathematical interpretation is presented in Eq. 4.2 as a cabeculafi the shortest

distance betweesettlemenpairs in a forecast year asdttlemenpairs in the base year.

i EQ oo o O E & ® (Eq4.2)
WhereX, represents the conditianof settlemenpair x in a given year within the forecast
period, Yi,n represents condition of settlemenpairs Yy in the base year, ardis the number of
connections in the base ye&mn example of QA is depicted in Figg5. ConnectionX in time
segmenfT+1 and five connection¥ are shownn the base year. Using B, the distances in
multidimensional spacéin Fig.45 two detentions are showmetween connectioX and all
connectionsy could be definedAs could be seen, the minimum distance is batwEsnection

X andYs. This means thiaa newly-appeared connection X in timeterval T+k which doesnot
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exist in yearT, is the mostsimilar by the socieeconomic indicators to connectidf in the base
year. Thus, the passenger number on connecfios assumed to bequal to the passenger

number on connection in the base yéar
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Socio-economic indicators
Fig.4.5. An example of the QA approach

In addition, the passenger generation betvasttlementss different in differensettlement
groups.Thus, based on clusterirdpscribed in Sugection 4.2.2, thesettlementaffiliations to
clugers for every timenterval are known. Thereby, for every newdppeared connection in the
network, cluster pairs based @ettlementsclusters are also knownn order to define the
passager number on aewly appearedonnection in timdanterval T+k in cluster pairC, the
analogy by soci@conomic indicators is seamghwithin connections inthe base year in cluster
C.

For fixed connections in the APD network, correlation betw@assenger growth and
sociceconomic indicators growth is used. The number of passengers on this type of connection
is defined as the number passengers on a connectioryearT plus passenger growth equal to
the socieeconomic indicators growth betweemears T+k and T. Thereby, the number of
passengers is calculated for all connections in every APD network within the forecastegiod.

passenger forecasting model is described in detail in Section 5.3.
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4.3. Conclusion

This chaper presentedhe APD forecasting model concepased on the socieconomic
scenarios, the proposed model simulates the future APD network topology and passenger number
on all APD connections.

The introduced modeling framewovkas developed in order to cover the fitep of the
proposed research methodolod®§odel developmenisee Section 3.2and objective whichs
indicated in Section 3.1. The next step in thigsisis to describethe proposed modéh detail

andvalidateit based on the actual data.
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APD model application

5. APD forecasting nodel development and
validation

This Chapter presentietaileddescriptions othe APDsulbbmodek andtheir validation.In
order to validatethe propo®d methodology described in Chapter 4,special validation
framework has beendeveloped.This framework includes the preparation modaled the

validationmodule as demonstrated Fig. 5.1.

APD and average airfares Socio-economic settlement
data for the base year / indicators and geographical
collection / coordinates collection

| }

Base year clustering

Preparation

Topology forecasting model validation

}

Passenger forecasting model validation

Validation

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

Fig.5.1. The validation framework

The preparation modulEmsto collect necessary data sets and generate the required inputs
for APD model validation. The basfer the validation process is the base yemshnich,in this
thesis is the year where all required information for the validation process is knldvenbase
yearcontainsthe following information: thé\PD on settlemenpairs worldwide sociceconomic

settlemenindicators,geographicakettlementoordinates and average airfares ongétlement
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pairs. The validation of the topology forecasting model éimelpassenger forecasting modee
conductedn the basis of the preparation moddige validation procedure is as follows: secio
economic indtators and cluster affiliation of the base year are assignsetttementsn yearX,
which wasrelative to the base year the past Thus, the APD network of yeat becomes an
incomplete network of th&PD network in the basgear. For the model validan, simulated
APD connections and the passenger number in the base year frox gacompared with the
actual real data in the base ydaor example, four nodes and network topologies knownfor

2012 (the base year) and 2007 (year a§ demonstrated ig.52B and Fig.52A respectively.

The 2012 node attributes are assignedht® 2007 networkiodes (Fig.2C). Thus, the network
topology in Fig.52C is an incomplete 2012 topologyhere two connections are misg):
B201L2012 and Bo2D2o12 New connections arthensimulatedbased on the incomplete network
and known 2012 node attributésig.52D). The modeled 2012 topology from 2007 in Fig®.

is compared to the actual 2012 topology. Therefore, the accuracy of the method cannael obt

In addition, sincghe accuracy assessed combiriwwg modelsis based on different approaches,
the measures for predicting accurasych as the mean absolute percentage error (MAPE) or the
symmetric mean absolute percentage error (SMAPE), which are mainly used for the regression

models assessment, are not applicable in the case of this study.

Czo07 Aczorz Caon2

."\Z 007

A. NetworkN in 2007 B. NetworkN in 2012

AEU[: C!UIZ

C. NetworkN with 2007 topology and node attribut¢ D. Forecaste@012 networkN from 2007 wherethe
from 2012 green connectiorsremodeled

Fig.5.2. The validation approach
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The basic principle for the method validation is depictedrign 53. The APD network

topology onsettlementevel in yearX is known as well as the topology in the base year. The

conditions required for the appearance of rsattlementgnew nodes) in the APD network are

not clear anddifficult to predict (LU and Zhou, 2011)Thus, sets ofettlementsfrom two

networks are reviewe&ettlementsvhich are presented in these networks are allocated to the set

of common settlements Thereby, there is a constant set of comnsettlementsfor both

networks. Thessdtlementsare allocated to a number of groups based on their-sgoieomic

indicators in the base year using the clustering. Then, the-sooimmic indicators and the

cluster affiliation are assigned to the y&ametwork.
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Fig.5.3. The basic principle for the forecasting method validation
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The network topology moddak applied toevery defined cluster pair in year Xhis
forecast model simulates thase year APD topologyom yearX andadds new connections and
eliminates old connections yearX APD network. The modeled connectidnsm yearX to the
base yeafrom every cluster pair are compared to the actuala@ahectionrnumberin the base
year. Then, the passenger number in the modeled network onsetéeynenpair is calculated
using thepassenger forecasting model. The simulated passenger nirorbgrear X to the base
yearis compared to the actual passenger nunibéine base yeaiThus, the accuracies of two
models and, therefore, the APD forecasting modet assessdaly comparingmodeled results

and actual data.

The main source foAPD data worldwide between settlements (topology) is the Sabre
Airport Data Intelligence (ADI) databas8dbre Airline Solutions, 20)4The databaséncludes
annual data on the APD and the average airfares between airports worlthnad&DI database
contains booking information from the Global Distribution System (GDS), its primary data
source, and other external data sources. In addtierADI databasecontainstwo quality sets
preliminary data and final data. The preliminary data starts from year &t2he final data
starts from2009. Although in he ADI final datamistakes are corrected aitds more accurate,
the ADI preliminary data cover more ysaThe detailed analysis of the final and preliminary
data is described by Ghosh and Terekhov (200%kenthe studystartedthe latest available data
from the final set were for 2012. Thui¥)12 has been chosen as the base year faht#ss due
to data accessibilityThe method is validated on real world data for 26@gh 2002, 2007 and
2011. These years cover intervalsoofg five andten years respectively. This allows the APD

forecast modeio be assessamh a short, middle and long forecastdiframe.

Since the APD forms in populated areas and not in airpsrisis shown aboyehe APD
data between airports is modified to the APD betwsadtiement@ssociated with these airports.
In the casethat there are few airports in a settlemerthar APD is mergedo this settlement
Thus, the set of common settlements fbe validation process containgiore than3,600
settlementdrom more thanl90 countriesvorldwide In addition, the APD between settlements

is consideredindirected fothis study.
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In order to define weights in the APD netwptke socieeconomic indicators have to be
defined. Due to a large numbers#ttlementsn the model, a detailed set of economic and social
indicators for the settlementsquiresa manual search and in most cases this information is not
accessibleThus, associoeconomic indicatorssettlement GDP and populatianechosen based
on previous studie€Grosche et al, 200@nd database accessibility. Thus, for the base year, for
every settlement, the population is obtained ugldd, 20141; MaxMind, 2014) GDP data
collected from(UN, 20142; The World Bank, 2014Settlement GDP is calculated using GPD
per capita in a caury. GDP per capita is defined based on country GDP and country population
obtained from(UN, 20141; The World Bank, 20145ince some databases adjust their economic
indicatorsto 2005 US dollars and in order to have homogeneous economic data, alnecono
indicators in this study are adjusted to 2005 US doltaengraphicakettlementoordinates are
collected fronOur Airports (2014) and OpenFlights (2014)

This Chapter is organized as followSection 5.1 justifies and describes the clustering
method. Section 5.8escribes and validatebe topology forecastg model versus the actual
2012 APD topologythus providing the model accuracy. Section fafesentsthe passenger
forecasing model anddemonstrateshe assessed accuracy. Sectiondhdwsthe overall APD
forecasting model accuracy atite propagation error assessment for the short, middle and long
forecasting termsSection 5.5rovides conclusions titiis chapter.

5.1. Clustering

As shownin existing studie§Zheleva et al, 2012; Lu and Zhou, 2014) partition of
elements intayroups improves link prediction performance and, thereby, increases the accuracy
of the APD bpology forecast betweesettlementsFurthermore, studigBelobabaet al., 2009;

Dray, 2010; Airbus, 2014; Boeing, 2013; Dray, 2084dw that the APD has a clear correlation
with economic and social indicator§hus, it is likely that the process of the APD generation is
different for differentsettlementsThesesettlanentscanthereforebe allocated to a number of
groups by their socieconomic indicators, whersettlementsin each group possess similar

patterns. The goal of the clustering is to determine a finite set of groups (clusters) to describe a
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dataset accordgto similarities among its elemer(tdruschka et al., 2009; Berkhin, 2006his
allows appropriate methods to forecast the APD for each clustetgoséie determinechnd,

thereby for the accuracy of the whole APD forecast mettmohcrease
5.1.1. Clustering methods

There are various clustering methodsich can be divided into two main groups:
hierarchical and partitional. Hierarchical clustering (HC) unites clusters based on their proximity
and forms a hierarchical tr¢¥u and Wunsch, 2005At first, HC assumes every elemeista
cluster. Thenthe two nearest clusters are combined and assumed to be a new cluster. This
procedure continues until there is only one cluster containing all elef®a%s Institute Inc.,

2014) The resultis a hierarchical tree of clusteso known as a dendrogram (/5ig). Thus,

HC builds a system of nested clusters instead of one partition into désjolasters. Using this
method, clusters could be retrieved by cutting the dendrogram at diffevets. However, HC is
appropriate for small sets of data, up to several thousand elements. The method is very sensitive
to noise and outliers in data. Furthermore, HC algorithms are not capable of correcting possible
previous misclassificatimOnce an bject is assigned to a cluster, it will not be considered again

(Xu and Wunsch, 2005Moreover, HC does not work well in overlapping ar€4S Institute

Inc., 2014)in these areas, elements from several clusters share the same space).

Clusters

1 2 3 4 5 6 7 89 10
Fig.54. Hierarchical clustering

In partition methodstwo approachesan be highlighted: exclusive clustering (EC) and
probabilistic clustering (PCBoth approachesequirethe number of clusters to be determined in
advance. Irthe EC approach, elements only belong &otain clusters andamot be included in
others (hard clustering). One of the most commonly used algoriththe HC approach ithe k-

meansalgorithm based on a certain numberpre-definedclusters. The main idea kfmeanss
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to define means foevery cluster (Fi¢gp.5). This algorithmselectsthe randomly chosen number

of elements in the initial seequal to the number gire-definedclusters These elementare
assumed to be cluster means. Thisrisiterative process. The algorithm recabtek cluster
means until a specified criterion is met. The affiliation to clusters is defined for every element in
the set by defining the minimum distance between means and elemeritan&hasalgorithm is
appropriate for large sets of data, up to hundredshousandsof elements. However, the
appropriate number of clusters is unknoamd it is necessary to specifynumber of clusters
beforestartingthe algorithm(SAS Institute Inc., 2014)The algorithm is sensitive to the selection

of the initial partiton (Jain et al., 1999)in addition, it does not work well in overlapping areas
(SAS Institute Inc., 2014)

0®
O Cluster 2

Cluster 1 Cluster 3

® Cluster mean X

Fig.5.5. Exclusive clustering

In the PC approach, each cluster can be present as a parametric distribution. Thus, the
initial set of elements isnodeled by a mixture of these distributions. In contrast-toelns,
where elements are deterministically assigned to ame only ongcluster (hard clusteringjhe

PC approaclssignslements to clusters with certain probabilities (soft cluste(fig)5.6).

A

y [ Cluster 1

. . . [ Cluster 2
. . [ cluster 3

X

Fig.5.6. Probabilistic clustering
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The most commonly usdeC algorithm is a normal mixture or a mixture of Gaussians. The
normal mixture algorithm is similar to-keans. The normal mixture uses expectation
maximization (EM) algorithmKrishnan and McLachlan, 1997Axhereat theexpectation step
(E-step) expected values of the cluster membership for each elereenalculated. Here
probabilities for all elements are calculated. Then, maximization stegtep) recalculates the
paramegrs of each Gaussian to maximize the probabilities found-stefEThese steps repeat
until convergace The normal mixture algorithm based tire probabilisticapproach performs
well in overlapping areaSAS Institute Inc., 2014However it is sensitve to the selection of

the initial partition(Xu and Wunsch, 2005)
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Percent ofsettlements Quantiles Population Settlement
100.0% Maximum 14,608,512 Shanghai, China
75.0% Quartile 206,570 Annaba, Algeria
50.0% Median 50,675 Mweka, DR Congo
25.0% Quartile 7,716 Fort Dix, US

0.0% Minimum 2 Portage Creek, US

Tab.5.1 Settlementquantiles by population

Percent ofsettlements Quantiles GDP Settlement
(billions)
100.0% Maximum 350 New-York, US
75.0% Quartile 3 Pekanbaru, Indonesia
50.0% Median 0.744 Arcata, US
25.0% Quartile 0.103 Lakselv, Norway
0.0% Minimum 0.00007 Kadhdhoo, Maldives

Tab.5.2. Settlementquantiles by GDP (indicated here in constant 2005 US dollars)

The base year is 2012 which contahg35 settlements based on the APD network
obtained from the ADI databasEhe next numerical attributes are obtainéar every city GDP
and populationn 2012 and geographical coordinat8gttlemendistributions by population and
GDP are presented in FigZ and Fig.58 respectively. Based on these distributicsettlements
quantiles by population and GDP are presented in T atand Talb.2 respectivelySettlements
possess various soesxonomic indicators, but they are not separated weltaade seen in
Fig.5.9. Most settlementsare concentrated in arsaf low GDP and poplation numbers.Thus,
settlementsn this area haveimilar GDP and populationalues It is hard to understand which
group they could be assigt ta As the overviewabovesuggest, the PCis more effectiven the
overlapping areasdefining certain probabilities to clusterfor every elementUsing this
approach, the clustethe element is closest,tis seenand the changes in the probability
proportions for a certain element aracked Thus, for clusteringettlementsn the APD modeh
PC algorithm of normal mixture is used. However, for this type of clust@rilsgnecessary to

define the appropriate number of clusters.
5.1.2. Normal mixture clustering application

The PC of normal mixture is chosen to gragitlementsnto clusters. As mentioned, the
APD generationprocessis likely to be different for differentsettlementclusters. Thus, it is
important to define the appropriatkistersnumber as well as theettlemenparametersiumber

for clustering.Applying afew parameters could lead to high bias and missed opportunities for
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cluster insight. Such clustering is not flexible enough to describe the sample well. In contrast,
clustering with too many parameters is not able tthBtobserved data welgnd istoo closely
tailored to it. Such models may generalize podlyiak et al., 2012)The base year datmntain
settlementsGDP and population. Based on these parameiters possible to add one more
parameteii GDP per capitaAs shown in existing studieddin et al1999 SAS Institute Inc.,

2014 Xu and Wunsch, 2005a larger number gbarametes canhelp adequately recognize the
pattern and accurately define cluster means. Therefore, GDP per alpita normal mixture
algorithm to describe clustemsith higher pecision. Thus, due to data restrictignto define
settlementgroup numberswith similar socieeconomic indicators, clustering in thikesisis

made byusingcity GDP, population and GDP per capita.

For the normal mixturethe number of clgtes has to be set in advance. This is a typical
issue forthe normal mixture clustering approacfain et al., 1999; Xu and Wunsch, 2005;
Berkhin, 2006. It is solved through measurements of standard metrics for different number of
clusters. In this studtwo standard metrics are used: the Bayesian information critéBiki?)
(Schwarz, 1978and the Akaike information criteriofAIC) (Akaike, 1974) Both these metrics
are penalizedikelihood information criteria. BIC and AIC choose the model with a aer
number of clusters which demonstrates the best penalizelikétipood. BIC and AIC is a

variation of a penalty weightt in the information criterion:
‘06Q ¢ 06 n (Eq5.1)

WhereQis number of clustersyis the loglikelihood; 1y is the number of parameters in the
model. For AICO ¢, and for BICO I ¢ ; ¢ is the sample size. BIC and AIC penalize
more for models with additional parameters. The penalty of BIC depends on the sample size and
it i s usual | ¢n AlBoThe nuribereoé clugtées ntinimizing BIC and AIC is
considered to be the optimal number of clusters for a given set. BIC and AIC for 4,435
settlementsin the base year 2012 of the APD forecasting model is presémt&iy.5.10.

Clustering of theseettlementss made by their GDP, population and GDP per capita.
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Fig.5.10. BIC and AIC metric for different cluster numbers for ADP forecast model settlement set

For clustering, 20 independesstimation processestarts with different starting valuesea
used. This process prevents a local solution from being foufide maximum numbeof
iterations forthe EM algorithmd sconvergence stages 200. The converge criteon is the
difference in the likelihood at which the EM interactions stops and it is edu@i.tBased orthe
AIC andthe BIC in Fig5.10, separationinto 11 clusters demonstrates best results. However,
some means of these clusters are close to eachanttheénterpreting their significance poses a
challenge Thus, three separations of the smallest AIC and iBt€ 9, 10 and 11 clustei@e
considered. Cluster means of these separations are depictedbidlHigsed on population and
GDP per capita. As cape seen, the clustering algorithm detects groupsettfementwith the
largestsociceconomic indicatorgvery time The rmain changes in separations ares@itlement
groups with populatiom of less than 1 million. The cluster means for these separations are
depicted in Figh.12, Fig.5.13 and Fig5.14 based on population and GDP per capita.
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Fig.5.11. Cluster means for 9, 10 and 11 clusters by population and GDP per capita
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For separatingnto 11 clusters, a few means a#nilar to each other. Thessettlement
groups have relatively small populatgonith high GDP and GDP per capita. Furthermore, there
are two proximatesettlementgroups of smalkettlementsvith low GDP and GDP per capita
(Fig.5.12). The same proximity groups agenerated when separatingariO clusters (Fi§.13).
However, the situation is different ftie 9 clusterseparationFig.5.14) asthese cluster means
areeasilydistinguistableand their meaning is easy toenpret. Thusseparation to 9 clusters is

choserdespitethe factthat it does not demonstrate the best AIC and BIC.
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Fig.5.12. Cluster means for 11 clusters with settlements of less than 1 million inhabitants
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All nineclusterc ent er s are well separatedddITé®sanda
flarged sizedsettlementsaccordingtopopul at i on and @ p o cettementsi mi dd I
according towealth. Based on these 9 clusters, the APD network in 28@dBe presented as a
set of 45 cluster paitsFor the purpose of the studshorthand cluster names, derived from
cluster means (population, GDP and per capita GDP), are adopted/dre.smalland rich
settlementssmallandpoor settlementsetc.). Tab5.3reflects the number afettlementsn each
cluster, cluster means and cluster names. For the PC of normal matwenplex formulads
obtainedto find the probabilities of everysettlementaffiliation to each clusterThus, by using
this formula it is possible to retrievaettlement affiation probabilities forvariousclusters for
ongoing, developing socieconomic indicators, and traog how settlementclusterschang
within a certaintime period from the base yeaerppective(cluster dynamics)in other words,
during the forecast pied, cluster centers remain fixeals in the base year. This process reveals

the settlement distributionhanges within the clusteoser time

Cluster # Population GDP, GPD per  Settlementnumber Proportion Size Wealth
billions capita in cluster

1 8,520 0.3 37,134 1,453 0.32191 Very small Rich
2 47,010 0.3 7,729 1,055 0.22774 Small Poor
3 824,546 27 33,219 108 0.02487 Large Rich
4 307,440 3 12,066 417 0.09684 Middle Middle
5 5,394,129 77 19,767 76 0.01748 Megacities
6 82,790 2 37,010 565 0.13312 Small Rich
7 1,493,549 11 8,032 238 0.05451 Large Poor
8 278,644 9 35,547 207 0.04738 Middle Rich
9 369,340 1 2,744 316 0.07615 Middle Poor

Tab.5.3. Cluster centers,settlementdistribution among clusters and cluster names. GDP and GDP per capita
indicated here in constant 2005 US dollars

5.1.3. Conclusion

This sub-chapter demonstratesthe qualitative and quantitative features of different
settlementgroups in the base ye&012. It presents method®r grouping settlementsinto
clustersaccording taheir socieeconomic indicators arithe possibility of tracingchanges in the

cluster contentvithin a socieeconomic scenario. Faettlemengrouping, three main clustering

* The number of cluster pairs is defined as folloprs: 0.5*n*(n-1) + n, wherep is the number of pairs anis the
number of clusters. Clusters here are interconnected. Therefore, 9 clusters form 45 cluster pairs.
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approachesare considered: hierarchical, exclusive and probabilistiefter analyzing the
advantages and disadvantages of these approaches, probabilistic clustering of normalsmixture
chosen to separasettlementsor the APD forecasting models itperforms bettethan others in
overlapping areas. This is essential in the case of the APD forecast siodelmany settlements
have close socieconomicvalues Clustering is based on so@gonomicsettiementindicators
including settlementGDP and population. Thuslue to the data restrictisrior the considered
settlement numbetthe three parametersettiementGDP, population and GDP per capdeae
defined to fitthe dataobservedUsingthese parameters and special mesigsh aAIC and BIC,
separation into 9 clusteischos&. Notwithstanding that the separation does not demonstrate the
best AIC and BIC, cluster means avell distingushed and their meaning is easy to interpret

Clustering is an important part of the APD forecastingdel and the resultsare used
within the whole study.e. for the topology forecasting model and the passenger forecasting
model. It isextremely likelythat clustering increases the accuracy of the proposed APD model,
and, specifically accuracies forink prediction in the topology forecasting mod®loreover,
clustering results can help to understandAR® generation within and between different groups
of settlementsn further studies.

5.2. Topology forecasting model

The APD network dynamicallgvolvesover time. This network contains a number of
settlementgnodes) with links between therAs previouslymentioned, n thisthesis the APD
network is considered as an undirecte@gightednetwork (Terekhov et al, 201%) whereeach
link is characterizedby a parameter or a set of parameters. As shown, the APD has
interdependences with economic and social indicdBweing, 2013; Dray et al, 2010)hus, the
weight of a link could be considered as a combination of ssmmomic indicators between
settlenentsin pairs. During the forecasting period, the semi@nomic indicators ofettlements
vary. Therefore, thénk weights also chang. This variation over time has an impact on the APD
network and, accordingly, the topology of the netwisrkkely to change. For example, where

the socieeconomicsettlementindicators (e.g. GDP, population and oil price) show a rapid
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increase, it is likely that a number of connectettlementsvith a significant APDwill appear
where no APD connections previously existe

There are three main link prediction methgrdups(Li and Zhou, 2011jor forecasting
connections in the network: similaribased algorithms, maximum likelihood (ML) and
probabilistic models (PM). Similaritpased algorithms are divided into locadblgal and quasi
localindexes(LU and Zhou, 20113ndare the mainstream class of algorithimslink prediction.
ML methods and PM are complex and very time consuming. ML is able to handle networks with
up to a few thousand nodes in a reasonable (xtai@nd Zhou, 2011)Furthermore, ML methods
do not demonstrate the best accurfay and Zhou, 2011)PM performs well when a network
contains different types of nodes aattiibutesrelated to them. Howeveadopting this approach
is a long-winded and complicatedporocess Mostly, studies consider link prediction in ron
weighted networks. Studies on link prediction in weighted networks are mainly condsaigd
weighted local similarityndexes(Murata and Moriyasu, 2011; Lt and Zhou, 201f)addtion,
the APD network is a highlustered networkas shown by Ghosh and Terekh@015) For
highly-clustered networks, the commareighborbasedindexesdemonstrate relatively good
prediction with low complexityLi and Zhou, 2011)Thus, in this study, only weighted local

similarity indexesare considered.

The underlying principle of weighted and naeighted indexes of similarity-based
algorithms is the same. These algorithms assign a score to eaexistomg link in a given
network. The links arghenranked in descending order according to their sanddinks with the
highest score should appear in the network. Here, two significant problemasoise indexin
the networkcan perform wellvhereanother fas (Li and Zhou2011) Thus, the first problem is
to define which weighted local similarity index shows the best performance in the APD network.
The second problem is to define a criterion for adding new connections to the network with the
highest score from the top dfd ranking list. In other words, a boundary condition in the ranking
list of nonrexisting links has to be defined: links from the ranking list between the first link and a
boundary link will be added to the network.

In addition, as shown by Zheleva et(2012) the combination of network structure, node
attributes, and node community features improve link prediction performance. In the APD
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network, the network structure and node attributes are known. For node commsiities)ents
are distributednto groupsaccording to theroximity of their socieeconomic indicators. For
example,settlementswvith large GDP and population asssignedo thelarge-rich group and
settlementswith high population and small GDP are united to thege-poor group. Since
settlementsgenerally possess different soeeconomic indicators in these groups (clusters)
(Terekhov et al, 201%), the process of link appearance in eA&tD networkcluster pair could
be different. Thusa similarity-based algorithm which shows thesbeerformance in one cluster
is probably different in another cluster. For example, different weighted similarity algorithms
could perform better betwedarge-rich settlementsand smallpoor settlementghan between
megacitiesand middlerich cities. Futhermore, it is likely that every cluster pair has its own
boundary. In thisection the performance of similarityased algorithms for each cluster pair
analyzed. The boundary for each cluster paidefined utilizing the algorithm with the best

performance.
5.2.1. Weighted local similarity index identification

Two standard metrics are used to identify the appropriate index for each cluster pair: the
area under the receiver operating curve (AUBanely and McNeil, 1982hand precision
(Herlockeret al, 2004)In order toidentify the most suitableeighted local similarity index, the
datafrom the base year 2012 is used. Thusekhese metricareapplied to the2009 and 2012
APD topology.For accuracies and boundary identification, a set refcésts of the APD network
is made: from 2002 to 2012, from 2007 to 2012 and from 2011 to 2012.

For 20@, 2007, 2011 and 2012he APD networks and related data areaotsd from the
various databasesentioned above in Section 51he initial set of 4,43%ettlementdrom the
base year 201®btainedfrom the ADI data base idivided into 9 clustersas mentioned in
Section 5.1

In the APD network every cluster is defined as a set s#ttlementsand weighted
connections. These connections Isgtlementsn one cluster wittsettlementsn other clusters
and settlementswithin a cluster. Weights in thithesisare considered as a combination of

average afare (Ghosh and Terekhov 2015)listance betweesettlementsand main socio
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economic indicators such a&ettlementGDP and populationThe weight on the connection
betweersettlementx andy is presented as follasv

0 ‘Vz'Q z AR zR za&a zo6 z- —  (Eq5Q)

Where'Qy, are theGDPsof city x andy; 1} j, are the populations of cityandy; a, is the
distance between city andy; 0 is the average airfare between cityandy; | i ff h are
elasticities of GDP, population distance and average air fare respectivelg;dummy variable
and —is a free parametefFor this study it is assumed that p, T p, [ P, 1 P,

- pand— Ttin order to avoid unnecessary complexitjus,Eqg.51 turns to a variation of
Newt onds g (Newtanetyal.,, b883dnd the weight could be interpreted as an abstract
attractive force betweesettlementsFurthermore, the gravity model has been used in a number
of studiegGrosche, 2007; Dray, 201%) predict the APD between city pairs.

Based on assumptions Hg5.1 the weightbetweensettlementx andy could be presented
as:

0 (Eq5.2)

Within this study nine indexesof similarity-based algorithmare analyzed. Basedi and
Z h o (2@1)) study the weighted common neigbrs (WCN), weighted Adamiddar index
(WAA) and weighted resource allocation index (WR&e applied to the APD networkn
addition similarity indexesfor unweighted networksuchthe Salton index (Salton and McGill,
1983), Sorensen index (Sorensen, 1948), hub depressed depromoted index (Ravasz et
al., 2002),LeichtHolme-Newman indexLeicht et al., 2006;and preferential attachment index
(Barabasi and Albert, 1999yeadapte for weighted networks utilizinylur at a and Mor i\
(2007) proposed simple methddtegrating link weights into the nine index&hese similarity

indexes are presented in Tad.

Two standard metrigsthe AUC (Hanely and McNeil, 19824 and Zhou 2011 and
precision(Herlocker et al, 2004;0 and Zhou, 201)lareused to determine the accuracy of each
index. Initially, for an undirected weighted network, all existing and-ewsting links are
known. From this set of existing linka groyp of linksi the probe set is excludedandthe
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remaining existing links are the testing set. The score of each index in the network formed by the
testing set is calculated for all nemisting links and the probe set.

The AUC shows the probability tha randomly chosen link from the probe set has a higher
score than a randomly chosen link from the set ofeasting links.According toLU and Zhou
(2011)the AUC s as follows:

0 YO ——— (5.3)

¢ showshow many times links from the probe set have a higher score then randomly chosen
links from the norexisting links set¢sedenotes how many times links from the probe set have
the same score as randomly chosen links from theeriting links set€ is a number of

independent comparisons.

. C s e Eg5.4
Weighted common neighbors (WCN) ' 0 aa O o (Eas54)
) 0 ¢ 0 g (Eq5.5
Weighted AdamieAdar (WAA) ! TTcia
. 0 o 0 ao (Eq5.6)
Weighted Recourse Allocation (WRA) ! a0
) 0 o O aw (Eq5.7)
Weighted Salton index (WSA) ! —
" i wzi
) ¢ 0ol O dfw (Eq5.9
Weighted Sorensen index (WSO) ! N 33 0OU
) 0 o 0 (Eq5.9
Weightedhub promoted index (WHPI) ! N TEDIOU
) 0 oo O (Eq5.10
Weighted hub depressed index (WHDP) ! N TABIOU
Weighted LeichtHolme-Newman index i O a0 g (Eq5.1)
(WLHN) . i wziw
Weighed preferential attachment index (WPA) i fwzi w (Eq5.12

Tab.5.4Weighted similarity-based algorithm indexes
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For theprecision metric, the set of probe links and nexisting links is categorized in
descending order, according to their scores. From this list, the lofs are selected as the
predicted ones. Among these links, thdinks are right (links from the probe sethe precision
is a ratio ofL; to L. Thus, highemprecisionmeans higher prediction accuracy (LU and Zhou,
2017). Both metrics are numbers between 0 and 1. The closer the metric is to 1, the better the
performance of the index in a given network. In the equations in Talwb«4)indicates the
connection weight between settlemextndz s(z)indicates the strayth of settlement. In other

words, it is a sum of all connection weights of settleraent

In this study forAUC and precisioncalculations, the2012 and 2009APD networls are
used These data are used fan objective picture ofAUC and precisionin different years. The
year 2009 is chosen because the final data in the ADI database starts from 2009 and this year is
the closest available year to tB@08financial crisis, which hdha negative impaabn the APD.
The year 2012 is chosen because ihibe base year in this studyor 2009 and 201,23,918 and
4,435 settlementsare obtained respectively These settlementsare allocated to 9 clusters
according to their socieconomic indicatorsapplying the clusteing approachin Section 5.1
Based onsettlementclusters,471,824 and533,170real connections ir2009 and 2012are
distributed between 45 cluster pairs. Nexisting linksareobtained for each cluster pair. For the
AUC andprecisioncalculation, sets of existing and reristing linksareused.

Following existing studie¢LU and Zhou, 2010, 20} the networkis divided into two sets:
testing and probe in 90% and 1(Q8foportions,respectively EachAUC and precisionvalueis
obtained by averagintOQ realizations with independent random separations of random and probe
sets.The netrics for the whole network and each cluster peér calculatedor different indexes
in addition totheir standard deviation$he esults for the whole network and theseage of 45
cluster pai r aré preseatedr in Tab.5/9dé¢ AUE sand precision are used to
determine the accuracy of each index for the whole network and clusters. The index with the best
metrics valuess chosen for the topology forecast in #hED network. The closer the metric is to
1, the better the performance of the index in a given network.

The data inTab.5.5demonstrates that ontire weighted hub promoted index (WHRi)
2009 and the WLHN in 201Rave a higherprecisionvalue in the whole network than the cluster
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average(Fig.5.15 and Fig.5.7). However, tlese values arelow compared to otheindices All
otherindexesshow higherAUC and precisionnumbers in clusters than in the whole network.
This proves the necessity separatingettlementsnto groups according to their soegé@onomic
indicators, so as to improve link forecasting performaite bestAUC number for the whole
network is WSCfor 2009 and 2012Fig.5.16 and Fig.5.8) but thisfigure is lower thanthe AUC

for WRA in clusters. The WRA index shows the b&BXC andprecisionresults in clusters pairs.
This is expected, sindae WRA gives a higher score to a reristing connection between two
nodes if these nodes have many common neighbors with largatsveligis important to note
that the WRA index has the be&tJC and precision performancein each cluster pair. This
disproves the assumption that cluster pairs in the APD network have different sinmidexgs

demonstrating the best performance.

Based on the aforementioned analysis,WHeA index is chosen for the topology forecast
in the APD network. The score for each redsting link in each cluster pas calculatedusing
the WRA index. Nextit is necessary to validate the method basedsiarical data.
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Tab.5.5. AUC and precision values for the whole APD network and average values for cluster pairs

for 2009and 2012

®> The equations for thereighted similaity-based algorithm indexeare presented ifiab.5.4
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5.2.2. Analysis and verification of the similarity based algorithm using WRA

The APD topologies of four yearfom 2002 to 2012areused for the validation and
datafor these years from the ADI database (2002, 2007, 2011 and 2012 APD networks) are
retrieved. Socigeconomic data and geographical coordinatesséttlementfrom the same
databases as 2012 are obtained. The conditions required for the appearancsetifameents
in the APD network are not clear addficult to predict(Lu and Zhou, 2011 Thus, for the
analysis settlement ats from four networks are revieweskettlementsvhich are presented in
a given year and 2012 are allocated to the set of consattements Thereby, there are three
sets of commorsettlementdor all threenetworks. In Talh.6, topological characteristics of

three networks with commaettlementandconnectiomumbes are presented.

No. of common

. No. of connections with No. of non-existing connections
Year settlementsn the 2012 .
commonsettlements with commonsettlements
APD network
2002 3,699 426,150 6,413,301
2010 3,896 500,020 7,087,440
2011 3,667 521,171 6,200,440

Tab.5.6. Topological characteristics of three APD networks with original and commorsettlements

Three analyses based on modified networks with consatitementso definethe APD
topology forecastccuraciesre made.New connections are calculatedthin the anajses
using the WRA index andthen compared with real data. ThegedPD connections are
calculated for the following topologies: 2012 from 2002, 2012 from 2007 and 2012 from
2011.

For all three analyses, predicteflPD topologies are compared with re&PD
topologies. For example, nécalculatedAPD connections in 2012 from 2002 are compared
with the realAPD topologyfrom 2012. The analysis procedure is as follows: the 2012 socio
economic indicators and cluster affiliations are assignedtteementsn 2002. Thus, the 2002
APD networkbecomesan incomplete networkariationof the 2012 APD network. The score
for all nonexisting connections in ever3002 networkcluster pair is calculated using the
WRA index. Connections are sorted in descending oedeading to their score. The
calculated data arthen compared tthe real data. Theeal newly added connectionumber

for every cluster is already known. Thus, from the calcul&ed connections in the sorted
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list, the same amount of connections is added to the modeled APD network. In other words,
from the realk002 to 2012ata in clusteA, for examplex new connections are added. This
means that from the calculated sorted list in cluatghe samex connetion numbelis added
from the top assuming that the real newly added connections have a high Atavéthese
newly calculated connections from every cluster are added to the 2002 APD neiari,
formsan extended 2002 APD network. In addition, soshthe connectionsreremoved from

the network because thecsmeconomic indicators changend APD between settlements
disappear The elimination process followa similar procedureto the newly connection
addition process. The score is calculatedefegry connectionn every cluster paifrom the
extended 2002 APD network atizenthe connections are sorted in descending oadgper
their score in this second list. Theal connectiomumberin every cluster in 201%& known.
From the second sorted list, the sasnanectiomumbes as in the real connectiorumbersn
2012is added to the final networRhe remaining connections are eliminated from the APD
network. Thus, the APD forecasting method has two sequetdfs:she connection addition
process and theoonection elimination procesh.is possible to define the accuracy of these
processes. Theonnection additiormccuracy is defined as a ratio between the amount of real
newly added connections in 2012 ane thumber of real new connections in the sorted list.
The connection eliminatioraccuracy is defined as a ratio between riedeled eliminated
APD connection number and the real eliminated APD connection nuffibisr.number is
between 0 and 1. The additiand eliminatiorprocesses hawe higher accuy the closer the
ratio is to 1 Accuracies for the addition and elimination processes for every cluster pair for
2012 from years 2002, 2007 and 201#& presented in Fi§.19 and Fig5.20 respectively.
Cluster pairs are ordered in descending oageprding taaccuracy in 2002As can be seen in
Fig.5.19, the accuracy for strong cluster pairstier 18yearinterval is high. It shows that for
the strong clusterghe socieeconomic indicairs and the long interval of 10 yeapday a
determining rolen establishing new connections. The accuracy is not at the saméoletrad
weak cluster girs and shorter time interval§his is mosiikely due to a number of random
effects influencing AP which area challengdo identify and quantify. In other words, these
impacts have a greater influenmethe newy added connection accuraof weak cluster pairs

than onstrong cluster pairs.
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Fig.5.20. Accuracies for connection elimination

Fig.5.19. Accuracies for connection

addition for every cluster pair in 2012 from 2002,

for every cluster pair in 2012 from 2002, 2007

and 2011

2007 and 2011

57



Chapter 5

In this study, all average accuracies tioe modeled newlndded connections from the years
2002, 2007 and 201tb 2012are below 5%, meaning that the prediction contains errors
amounting to more than 50%. For connection eliminatmerage accuracieseaabove 8%,
meaning that there is less than 50% error in the elimination predidtian final average
accuracy for all clusters of the APD network forecastsbsva 0.6 and it is higher than

Mur at a and (2009 studyotriliskupéediction in aweighted network of Questien
Answering Bulletin Boards for instance The average accuracies for mgwpredicted
connections, eliminated connections and the final accuracies of the forecasted 2012 ADP
networks from 2002, 2007 and 2011 are presented in5¥af@he final accuracy of every
cluster pair for 2012 from 2002, 2007 and 2011 is shown i3 Pig.

After the addition and elimination processes, the forecasted APD networks of 2012 and the
real APD network of 2012 are compared. T¢wsnparison shows that the foested network

have accuracies higher than 0.6 (Tal@)5 The accuracy is high even when the average
addition accuracies show poor results. The reason for the over 0.6 actiasany the
proposed approach when it mod#iat more than 50% of connections in 2012 remain in the
network from 2002, 2007 and 2011 APD networks and accuracies in most carstdrgh
(Fig.5.21).

2002 2007 2011
Addition 0.344 0.283 0.261
Elimination 0.873 0.859 0.888
Total 0.682 0.748 0.812

Tab.5.7. Average accuracies for nely predicted connections, eliminated connections and the final
accuracies of the forecasted 2012 ADP networks from 2002, 2007 and 2011

The total accuracyncreasesthe shorter the time period between the base year and the
forecasted year 2012. Although the accuracy results for cluster pairs are scattered, the
accuracies for istr ongo Thedewein earticulara higher ini s hi
megacities megacitieslarge-poori megacitiesetc. cluster pairs (séeg.5.19 and Fig5.20).

This is probably related to the 2008 economic crisis and predictions from 2007 and 2011 to
2012 are more likely to show the higher impact of this crisis, when the world ecdraaingt

fully recovered, than from 2002.
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The accuracyfiguresare differentfor variouscluster pairs. Relationships betwesgttlements

wi t h @ st recomoio indcatars im some cluster pairs (for exangphall - rich 7
megacitie} are better described usigg.5.3t han f or fiwe ak wampldlatpst e r
poor i smallpoor). Therefore, the accuracy is higher fttlementswith relatively high
sociceconomic indicatorsin addition, it should be noted that cluster pairs are not equal in
terms of number of passengers. ForARD forecasing model, it isnecessaryo have a high
accuracy for connections with a high APID order to accurately predict new APD
connections Tab5.8 presents the final accuracies for the accumulapassengenumber
according tacluster pair in Figh.21 from theforecaste®012 APD networks from 2002, 2007
and 2011The figuresin brackets indicate accumulateldister pair numbersorresponding to

a given accumulated percentage of passengeesefore, the proposed topology forecasting
validation using historicallata shows acceptable results and seems smldguate for further
modeling and model applicatiotHowever, the accuracy could probably be enhanced by
defining appropriate coefficients Bqg.5.1 for every timénterval percluster pair.Next, it is
necessy to analyze the WRA index boundary criteria in the sorted lists ofemating

connections for each cluster pair.

50% passengers 75% passengers 90% passengers 100% passengers
2002 0.89 (5) 0.859 (12) 0.813 (19) 0.682 (45)
2007 0.9 (5) 0.89 (12) 0.86L (19) 0.748(45)
2011 0.949 (5) 0.927 (12) 0.897 (19) 0.812(45)

Tab.5.8 Average accuracies for 2002, 2007 and 2011 for a given percentage of passengers. Figures in
brackets indicatethe cluster pair number, generaing a given percentage of passengers
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5.2.3. Boundaries for addition and elimination connections processes

Based on the aforementioned analysis, there are two ways to define boundaries in the
sorted list of connections: either using theed number of new addéeliminatedconnections
in each cluster pair or the boundary scores for each cluster pair. In other words, for the first
method, a fixed number of connections are addeat eliminatedfrom the network from the
sortednonexiting connectiondist, which is arrangedin descending order eording to the
score. In the second method, for the addition connection process into the APD network, all
connectionsvhere thescore exceeds the boundary score (boundary for adding connections) in
the sorted list with all possible goections is added to the APD network. For the elimination
process, all connectiongherethe score does not exceed the boundary score (boundary for
eliminating connections) in the sorted steliminatedfrom the APD networkFor example,
the APD netwdk topologies of a cluster pair in yegr(Fig.5.22A) and the next yeay+1
(Fig.5.22B) are known.Settlement gcio-economic indicators from year1 are assigned to
the samesettlementss in yeary. Scores for all norexisting connections are calculatesing
the WRA index(Fig.522D). Connections are sorted in descending oetmording totheir
score Fig.522E). The accuracy of the method can be defined using new real added
connections to network in yegt#1. The number of forecasted links from the tdghe list is
equal to the number of new real added connections. The accuracy is defined as the ratio of
relevant connections in the list of neristing connections to number of new real added
connections. There are twaiterion types for adding conngons to the D network. The
first criterion isa fixed amount of connection§his amount added every year is equal to the
number of new real added connections from yedr. The second criterion is the boundary
score. Each connection with a score higher than the boundary score yryéandded to the
network. The next step in forecasting is the eliminatiérconnections from the network.
Forecasted links from the top tfe list (fromFig.522E) are added to the existing links in
year y (from Fig.522D) and sorted by their score in descending order. The number of
forecasted links from the top of this new list is equal to the number of real connections in year
y+1. Connetions witha score lower than the boundary score for the elimination process are
eliminated from the network~{g.522F). Thus, after the addition and elimination processes,

the forecasted APD network for yearl is obtained fig.522C).
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In this study, tke link addition and eliminatiopossibilitiesare considered. It is assumed
that APD connections are able to appear and disappear in the APD network. However, there
are two adding and eliminatiaconnectionapproaches from the network: a fixed amount of
connections or boundary scores. In both approaches, a situation could arise where all
settlementswithin a cluster pair are connected to each othkhough thigs not very likely
However, his could in fa¢ occur when the first method used i.e. using the number of
newly added connections in each cluster pair. For exanpéecluster pairmiddlerich 1
smaltrich in 2012 has 207 and 56fettlementgespectively. This cluster pair has 27,628
connectionsn 2012,including 3,538 new connections added from 2011. The number of non
existing connections is 89,327. If it is assumed that the number of added connections will
remain fixed, all cities in this cluster pair will be connected to each other \aippioximately
25 years. For the second method, applying boundary scores, the year when all of the
settlementsare interconnected in the cluster is hard to prettictepend on various factors
such as network configuratiosettlementlustering, socigecononic scenarig, etc. Thereby
in this thesis it seems reasonable to use the second method of bouwhefarition for the
APD topology forecast boundary scoredn addition, t is important to note that each cluster
pair has different boundaries either fire fixed number of connections method or the
boundary sore method. This proves thesamption that each cluster pair has its own
boundarieswhich are defined within the validation proce$#us, the boundaries for APD
addition and eliminatiorconnectios for every cluster pair and for every considered time
interval (one, five and ten years) are defined. This allows the topology forecasting mbdel to
applied toa socieeconomic scenario in order to forecast the existefichke APD between

settlements.
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Existing
connections

Non-
existing
connections

Score of
non-existing
connections

1-2 1-3 513
23 14 514
34 15 515
4-5 2-4 s24
25 525
35 535

A. The APD network topology of a cluste D. Existing connectiosiand all norexisting links in the APD
network in yeary. The score for each nesxisting link is

pair in yeary

calculated.

All possible Score for Real added
connections connections connections
2-4 524 13
1-4 ﬂ 1-5
1-3 ( 513)\ 2-4
25 i

3-5 S35
1-5 515

Fixed amount of
connections

Boundary score
for adding

B. The APD network topology of th¢ E. Non-existing connections are sorted in descending o
cluster pair in yeay+1. Thick lines depict based on their score. Twypes of boundariedased on the
new real added connections to theary number of new real added connections are presented:

amount of connections and the boundary score. The fori
predicts two actual connections out of three. Thus, the acct
in this case is 0.6666.

network

9{0 oo

C. The forecasted APD network of yei

y+1

Existing Score of every Real
connections connection connections
3-4 534 1-2
2-4 524 1-3
1-4 514 1-5
1-3 513 2-4
4-5 645 ) 34
1-3 513
23 523

Boundary score
for eliminating

F. The new three connections for ysarl from E are added tc
the existing connections of year y frol and sorted in
descending ordeaccording totheir score. Connections with
scoreof less than S45 (boundary for the elimination proce
are eliminated from the network.

Fig.5.22 The APD network topology forecast example
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5.2.4. Conclusion

This section presents theopology forecasting model validatian the APD network
using a socieeconomic scenariolhe study shows that the Weighted Resource Allocation
(WRA) index demonstrates the best performadgC and precisionmetrics are higher for
cluster pairs than for the whole APD network. This proves rtbeessity of separating
settlementsinto groups according totheir socieeconomic indicators to improve link
forecasting performance. Thus, the WRA index is used to calculate scores for-alistorg
links in each cluster pair. This disproves the aggion that cluster pairs in the APD network
have different similarityndexesdemonstrating the best performance. For ye#tls available
APD data modeling is applied anthe results are compared with real data. The accuracy of
the similaritybased algathm for the APD network is higher than in related studies. The study
shows two methods of adding new connections from the ordered score list-exXistimg
connections. The first method is to add a fixed number of connections based on the historical
analses. The other method is to use a score number from the ordered list as the boundary.
Both methods prove the assumption that each cluster pair has its own boundary. It seems
reasonable to use the second approach with the boundarysinoem this casdéhe boundary
depends on the network topology and saonomic indicators changes. Thus, this approach
is capableof takingthese changeaato accounand provigng a more realistic viewf the APD
topology changesDespite the low average accuracy faedicting new connections in the
APD network, the topology forecasty model validation demonstrates a high accuracy for
elimination connections and the final accuracy for the forecasted APD networkS.7J.ab.
However this accuracy is strongly related to the fact that more than 50% of connections in
2012 stay in the network from 2002, 2007 and 2011. The APD topology forecast approach
tested for 1, 5 and igeartime intervals It is furthermore believed that thecacacy of the
similarity-based algorithncanbe enhancedl'he bpology forecastingnodelcan be improved
by defining appropriate coefficients q.5.1 It is likely that every cluster pahlasits own
coefficients. In addition, the main network metricewld be analyzed (e.g. average weighted
degree, average path length, modularity, etc.) and compared with the metrics obtained from
historical data describeoly Ghosh and Terekhov (2015)his may help to understand latent

processes for the APD connectiogsneration.Nevertheless, the obtained accuracy shows
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acceptable results and seems to be adequate for further modeling and model application. For
the model application thereightedsimilarity index is defined WRA. Using this index, the

score for all APDconnections could be calculatéiche APD topology could be definesing

the obtained boundary scordus, the proposed APD forecasting model is rdadprecast

the APD appearance or disappearance between settlements for variofisitimas

5.3. Passenger forecasting model

Oncethe APD network topology is defined, the passenger number on every connection
is determinedy the passenger forecasting moded.shown in Section 5.2h¢ connections in
the APD network are separated into two categoriesewly appeared connections and
connections remaing in the network from the previousne interval The passenger forecast
process is different for these two categoms@sce the passenger number on the remained
connections for the previousne intervalis known and for the newly appeared connections
these numbes donot exist As alreadyshown inthis thesis the APD has a strong correlation
with sociceconomic indicator growthespecially withGDP growth. This correlation shows
good predicting accucg andis used ina wide range of studiege.g. Grosche et al, 2007,
Boeing, 2014) Thus,to definethe passenger mber on the connections remainiig the
network from the previous year, the correlation of the GDP growth and the APD growth is
applied For the newly appeared connectiprthe Quantitative Analogie$QA) method
(Armstrong and Green, 2001 used. Since the passenger number in previous time slice is
unknown,it is not possible to usthe correlation of GDP growth and APD growth. However,
this is possibleto determine for a newly appeared connection with assigned-scaimmic
indicators from a scenario @ranalogous connection in thyear with actual data. This year
could be the lasactual year, and within this studiis is the base year. The passenger number
on the newly appeared connectigndetermined byhe closest analogous connection in the
base year. The passenger numioerthe new connection is assumed to be the sameeas th
closest analogy in the base yearherefore, taking these twmassenger calculation methods
(settlementGDP correlation and QAinto accountthe aim of thissection is to validate the

passenger forecast model and defireaccuracy.
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For the validation the passengenumber is calculated based on @12 forecasted
networls. The passenger forecastr 2012 from 20112007 and 2002 am@ssessed versus the
actual data of 2012. In other words, the forecaptssengenumber of 2012 on connections
is conpared with the reapassenger numbem real connections in 2013incethe exact
passenger prediction on connections requoasicularly complicated effortthe accuracy is
assessedt given intervals.In other words, ifthe real number of passengerisfao a given
range oftp of the forecastegassengenumber, the forecast for this connection is assumed to
be correct.The passenger number data for every connection in years 2002, 2007, 2011 and
2012 as well as the APD topology are obtained from thé dedabase. The basic statistic is
provided in Tab. ®. The detailed statistic on the cluster pair level is provided in Appendix A.

2002 2007 2011
Total passenger number 1,407,265,975 1,952,984,315 2,427,549,288
Total APD connecuo_nnumber with 426,151 500,020 521,171
commonsettlementsin 2012
Total APD connectionnumber 518,750 526,310 527,013
Number of remaining APD 304,487 386,970 423,563
connections in 2012
Number of new addedAPD 194,264 139,340 103,450
connections in 2012
Number_of el_lmlnated APD 101,664 113,050 97,608
connections in 2012
Total passenger number on added 30,255,220 11,017,267 813,941
APD connections
Total passenger number on eliminated 5,084,006 12,121 643 3.223,820

APD connections

Tab.5.9. Basicstatistics for years 2002, 200and 2011
The passenger number constantly inceeasid from 2002 to 2011 the growth is 73%.

Tab.59 demonstrates the total connection numbers with consatitementsithin the 2012

APD network. Asseen, the&eonnectiomumberalso increasedn addition, the longer thigme
interval, the more connections are added to the network. For example, for 2012 from 2002,
37% connections from the total connection number in 2012 an average of 156 passengers
per new connectioare added, wherfor 2012 from the 2011to 2012 comparisorgnly 20%

of connectionswith an average okight passengers per new connectiare added.The

eliminated connection numbers do not demonstrate a decreasing trend. However, the obtained
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data do nballow conclusions to be drawn on the issbreaddition, he passenger number on
added connection®llows the same trend as the added connection nurtib@ust also be
related to the timenterval difference between year$he passenger number on eliminated
connections does not follow the trend coinciding with the eliminated connection number
situation Thus, the basic statistical analysis of years 2002, 2007 and 2011 shalysdh@c

for connection and passenger numberdtae importancefor correct passenger forecasoth

on newy appeared andemainingconnectionsThe connection and passenger number for
eliminated, added and remaig connection in 2012 from 2002, 2007 and 2011 for every
cluster pair are shown in Agpndix A in A.8. In order to assess the forecasting passenger
mode| this section is organized as followsIn Subsection 5.3.1the accuracy for the
guantitative analogies for the newly added connections into the network is determined. In Sub
section 5.3.2he accuracy for the correlation between GDP and the passenger number on

connections is showr conclusion is providechi Subsection 5.3.3.
5.3.1. Quantitative analogiesapproach validation for the newly added connections

As shown in literaturéd Armstrong and @en, 2005) within the range of quantitative
forecasting methods, the quantitative analogies apprizantost suitabldf there is a poor
knowledge of relationshiplsetween variableandthe dataare presented in &rosssectional
format This is particularly true regaling APD forecastingon newly appeared connections
The relationships between future seeimnomic settlement indicators and the APD on these
comections are latent, requiringopmplicated analysisThe data, obtained from the ADI
daabase, contain APD information @m annual basigo form the crosssectional dataln
addition, in order to reduce potential biasesQA application a representativesample of
analogies should be usetfihe annual ADI data contain motiean 400,000 conectionsin
every year Thesesetspresent various types of connections. Udling proposed clustering
approach in Section 5.1, the data in every year contain analogies betimeagroups of
settlements separated by their seeamnomic indicatorsAs shown in Suksection 4.2.4, the
QA can be presented as a simple expert model, where the analogies are determined by
calculating the shortest distance betwsettlementpairs in a forecast year and settlements
pairs in the base year. In other words, thespager number on a newly appeared connection

is defined by the analogous connection in the base year with the closestesnciomic
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indicators to the new connectiddimilarity values for this approach are as follows: GDPs and
populations of origin and estination settlement average ticket price, and distandéis

similarity is definedin Eq. 5.13.

noow I ERFMy 8Qf he p (Eq5.13)
wheren Q0 Q0 nn N o o a a
(Eq5.14)

Wherepaxis the passengenumber on a connectioa;i a newly added connection in
2012;n i connections in the previous year 20M;i the totalconnectionnumberwhere
analogies are searching)j thedistance between two connectiofsi the firstsettlementn a
city pair; D 7 the secondsettlementin a settlementpair; g i the settlementGDP; p i the

settlemenpopulation;t i theaverage afare;l 1 thedistance betweesettlements

Sets of thenewly added connections in 2012 from 2002, 2007 and 2011, taking into
account the actual passenger number on these connections in 2012, are analyzed. Using the
cumulative curve for every connection set for 2012, it could be seen that newly appeared
connetions emerge mostly between-260% of passegers (Figs.23, Fig5.24, Fig.5.25 and
Tab.5.10. Thus, the newly appeared connections do not hésg@number of passengers. In
other words, if a connection between two settlements has appeaedintber of passengers
will be comparable to the passenger numbers on connections in the base year Vibistdare

in 95-100% of connections on the cumulative curve.
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Cluster pairs 2002, con 2002, pa 2007,con 2007,pa 2011,con 2011, pa
Very small-rich i very small-rich 13,724 1,719,021 14,925 2,011,567 14,197 2,232,425
Small-poor i very small-rich 4,825 385,390 6,454 598,060 6,797 723,627
Large-rich i very small-rich 17,855 3,087,777 19,003 3,957,721 18,689 4,699,087
Middle-middle i very small-rich 4,147 235,878 5,650 387,487 6,115 380,788
Megacitiesi very small-rich 12,464 1,878,222 13,880 2,511,050 13,980 2,686,011
Small-rich T very smallrich 29,732 3,050,222 31,929 3,588,989 30,474 3,827,359
Large-poor i very small-rich 8,026 436,707 10,418 654,521 11,602 755,968
Middle-rich i very small-rich 23,149 3,391,058 24,073 3,997,566 23,282 4,654,152
Middle -poor i very small-rich 2,503 103,234 3,498 163,306 4,188 219,552
Small-poor i small-poor 2,175 490,151 2,944 689,219 3,234 800,740
Large-rich i small-poor 8,047 1,189,277 9,976 1,881,490 10,796 2,323,915
Middle-middle i small-poor 3,648 586,016 4,898 946,358 6,155 1,070,624
Megacitiesi small-poor 6,999 1,344,415 8,865 1,935,623 9,835 2,273,385
Small-rich T small-poor 8,624 683,238 11,504 1,139,948 11,823 1,448,885
Large-poor i small-poor 6,014 947,720 8,787 1,675,593 10,627 1,995,410
Middle-rich i small-poor 9,332 1,151,749 11,390 1,697,863 11,986 2,150,513
Middle -poor i small-poor 2,099 248,693 3,181 477,200 4,447 539,001
Large-rich i large-rich 2,432 1,220,093 2,715 1,609,038 2,656 2,321,595
Middle-middle i large-rich 8,569 1,066,081 10,720 1,650,673 11,848 2,012,571
Megacitiesi large-rich 3,593 2,180,907 3,919 2,943,577 4,046 4,520,006
Small-rich i large-rich 17,462 5,286,444 18,593 6,666,513 18,162 8,345,580
Large-poor i largerich 10,290 2,591,192 12,343 3,985,961 12,959 5,383,334
Middle-rich i large-rich 8,943 3,400,922 9,735 4,552,165 9,749 6,017,922
Middle-poor i large-rich 5,550 813,642 6,945 1,262,377 7,843 1,702,312
Middle -middle i middle-middle 3,008 629,979 3,819 925,934 5,101 1,202,613
Megacitiesi middle-middle 6,428 1,286,046 8,380 2,025,078 9,426 2,248,839
Small-rich i middle-middle 8,448 522,183 11,580 856,757 12,172 883,563
Large-poor i middle-middle 7,132 1,296,528 10,159 1,897,420 12,699 2,610,327
Middle-rich i middle-middle 10,163 880,337 12,580 1,309,818 13,577 1,575,802
Middle-poor i middle-middle 1,626 84,571 2,645 198,409 3,780 246,799
Megacitiesi megacities 1,172 782,834 1,170 1,049,991 1,263 1,575,555
Small-rich i megacities 13,792 3,213,152 15,114 4,350,359 15,248 5,126,749
Large-poor i megacities 7,598 2,548,175 9,005 4,017,901 10,015 5,704,249
Middle-rich i megacities 7,365 3,296,018 7,916 4,450,524 8,237 5,718,530
Middle-poor i megacities 5,043 1,106,221 6,417 1,718,839 7,401 2,364,692
Small-rich 7 small-rich 19,546 2,750,017 20,608 3,635,428 19,478 3,882,708
Large-poor i small-rich 16,185 1,034,808 20,426 1,529,092 21,921 1,641,001
Middle-rich i small-rich 26,098 6,331,979 27,311 7,955,655 26,278 9,444,498
Middle-poor i small-rich 5,508 207,754 7,510 331,466 8,443 431,241
Large-poor i large-poor 5,335 1,071,076 7,584 1,895,881 8,796 2,557,279
Middle-rich i large-poor 14,624 2,213,835 17,486 3,292,999 18,516 4,089,005
Middle -poor i large-poor 4,392 481,404 6,610 901,066 8,865 1,459,336
Middle-rich i middle-rich 7,355 2,426,223 7,866 3,176,847 7,868 4,045,895
Middle -poor i middle-rich 6,442 521,443 8,031 791,719 9,033 987,801
Middle -poor i middle-poor 1,302 191,438 2,002 355,040 3,035 498,744

Tab.5.11. The number of analogy connections in every cluster pair for the base year 2012 from
2002, 2007 and 2011
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In addition, the sets of connections betweenrl968% on the cumlative curve are
dividedinto subset based on cluster pairs. Since the passenger number dependssonith
economic indicators, asentioned before, the analogy for a newly appeared connection is
soughtin the 95100% interval on thdase yeacumulative curve and then in the similar
clusier pair subset. The number of anal@gnnections in every cluster paind the passenger
numberdor the base year 2012 from 2002, 2007 and Zb&fpresented in Tab.Bl.

Thus, the QA approach for defining passenger number on a newly appeared connection
follows the next proceduré&or the new connectigmhe affiliation to a cluster pair is known.
Thus, in the identified connection set betweerl88% on the cumulative curve in the base
year, the connection subset @angiven cluster pair is retrievedalculations are made to
determinedistances between the new connection and all connedtiotihe cluster paiby
applying Eg. 5.14Then,EQq.5.13 is used to defirtie connection in the base year with the
shortest distance to the new connection. Thus, the passenger number on the connection in the
base year is assigned to the newly appeared connection.

The accuracy of this approach is calculateébrecaspassengenumbes from the three
years (2002, 2007 and 2011) to 2012. The agqiaakenger data for these yearsao&ined
from the ADI database. The number of newly appeared connections from every year to 2012 is
known. Socieeconomic indicators for 2002, 200hda 2011 are obtained from the same
databases as for the base year 2(@wever, due to data limitationsthe settlement
population for these years is calculated based on the settlpagulation in the base yeand
the urbanization rates in 2002, 200@da2011 The passenger number for these yesrs
calculatedand compared to the actifl12data.

In order to obtain the QA approach accuradies passenger number on hgwppeared
connections are assessed in intervAf® interval borders are defined as an integer number. In
other words, theactual passenger number is the middle value in integer interval +p. For
example,if the intenal is +5 andthe actualpasseger number on a connection is 9, thka
forecasted pasmger number will be assessed the interval [4, 14]. If theforecasted
passenger number on this connection is inside the interval [4th&4brecast $ assumed to

be correct. If notthe forecast is wrong@:he intervalhangean order to assess theairacy of
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the forecastln addition, the forecass more accurat#é the interval is small anthenumber of

connections in this small interval is high.

The intervals are chosen based on the historical data stapstiesled in Tab.5.2
where the number of nely added APD connections in 2012 from a given year, the total
passenger number on added APD connections thadaverage passenger numbers on
connectiorfor 2012 from 2002, 2007 and 20&fepresented.

2002 2007 2011
Number of nevu)_/ added APD connections 194,264 139,340 103,450
in 2012from a given year
Total passenger number on added APD 30,255,220 11,017,267 813,041
connections
Average_ passenger number per 156 79 8
connection

Tab.5.12. The connection and passenger numbeind the average passenger numbeosn newly
appeared connections in 2012 from 2002, 2007 and 2011

As seen, thaverage passenger numigecreaseasthe time period betweethe years
decreasesThis shows that the néyvappeared connections fitreoneyear period (from 2011
to 2012) appear with ®ow passenger number and this passenger numbes rod differ
significantly compare to all other connections. For theng term of tenyears (from 2002 to
2012), the analysis shows that mgvappeared conneons have different development in
terms of passengewver that decadd-or examplejn 2002 a settlementhad a few APD
connectionsandfrom 2002 thesettlemenexperiencedapid socio and economic growth. The
connectionnumber changed within thesen years as well as passenger numbers on them.
Thus, in 2012 theettlemenhada number of APD connections which were generatedlf
yearinterval from2002 butthe year in whiclconnections appearesl unknown Basically,
the period from2002 to 2012could bepresented as hlack box. The inputs to 2002 and
outputs in 2012 are known, but the information about ttexsgears in between is misg.

The QA approach accuraciegere assessewvithin a +3) passengeinterval based on
the average passenger number per connechiothis interval the QA approach predicted
more than/0% connections correct)yas follows: 75% of connectionsrfthelong term of ten
years (from 2002 to 2012§4% of connection®r the middle tem of five years (from 2007 to
2012)and 71% of connectiongor the short term of one year (from 2011 to 2012). These

correcty predicted newly appeared connections contain less than 10% of the actual passenger
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number:3% for the long term of ten yeard% for the middle term of five yearand 9% or

the short term of one yealn order to havea QA accuracy overviewthe approachwas
assesseth discreteintervalsfrom 0 to 500.In Fig.5.%, the average accuracies for all mgw
appeared connections in 2012 from 2002, 2007 and 2011 are presamtind vertical axes
accuracies from 0 t@00%are ndicated, and the absolute integer intervals are represented at
the outer circumference The diagram shows the totalmount of corredly predicted
connection numberand covered by these connectigiise actualpassenger numbat given

intervak.

As demonstrated the QA approach works well predicting almost 90% of new
connections correctlyvithin a £300 passengeinterval However, these connectionsnly
cover about 10% of passengers on adtual newly appeared corections. For 2002 the
forecast accuracy is less than for 2007 and 2011. The number covered by these connections
passengers for 2002 is also smaller than in 2007 and 2011. This is directly related to the time
period between these years. The large periods clawss accurag. On average2011
demonstrates higher accuracyevel. The corredy predicted newly appearedonnections
cover morghan15% of passengershus, the QA approach demonstrates a high accuracy for
newly added connections with a relatiwéow passengenumber, since connections with
large passenger number do not fall into given intervetés can be explained by thgoor
correlationof sociceconomic indicators for this connection tymes,shown in Eq.5.13 and
Eq.5.14 In other words, passenger gernas on connections with large passenger nurmber
are not likely to be supported mainly by socieconomic indicatorbecauseother potential
reasons which arehallenging to identify and quantifguch ascultural features of connected

settlement®r political decisiongould come into effect.

In addition, the averageestimatedaccuracies are assessedewery cluster pair The
averageaccuraciedor all intervals from 0 to 50@re depicted for 2012 from 2002, 2007 and
2011 (Fig.5.2, Fig.5.8 and Fig29 respectively).The detailed accuracies for every cluster
pair and the covered passenger numdsercorrectly predicted connections are shown in
Appendix Ain A.2, A.3, A.4, A5, A.6 and A.7 for one, five and ten tintervals
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Fig.5.29. The QA averageaccuracy for forecasted newy appeared connections for 2012 from 2011

to within +500 passengers
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On Fig5.27, Fig.5.28 and Fig5.29, the corredy predicted connectionvith average
accuracief discree intervals from 0 to £50@or every cluster @ir are presente(tetailed
accuracies foevery cluster pair fothe intervals are shown in Appendix A, Tab.A.2Z.7).

The passenger numbec®vered bycorrectlypredicted connections for every cluster pair are
also indicated in these figures. As seen, more than 60% of connectialmastall cluster
pairsfor all of the year groupare predicted correctlydowever,the total passenger number
covered by these connections in every cluster pair ingelgeto theprediction timeterm.

For 2012 from 2002the accuracy forthe connectionnumber with correty predicted
passenger numbers showsggh average accuracy, howvex cluster pairs which include
megacitiesand large-rich settlementsdemonstrate low resultsThis is related to the QA
approach: connections with a large APD in these cluster pedtsablydo not have clear
correlations with soci@conomic indicatorsuch as settlementGDP and populationlt is
likely thatthere are some additional factors and indicators wpliana significant role in the
connection establishmerithe passenger numbier 2012 from 2002 showapoor result. The
correcty predicted canectionsn every clustecover, asanaverage ofill clusters about7%

of the actualpassenger numben actual newly added APD connections in 2012 from 2002
Only onecluster pairmiddlepoor i middlepoor shows a very high accuracy of 70Rdr
coveredpassengers on the cordgcpredicted connectiongiowever,the poor resultdor the
remainingcluster pairsare likelyto berelated to the latent processes for connections with a
large passenger number. In addition, the prediction from 20021®Has a teryear gapThe
passenger generation processes in authe frame are not ehr. Theyprobably dynamically
chang within these years and couldardly be cached with the QA approadfor the 2012
from 2007prediction the situation with the prediction is the same as for 2012 from 2002. The
average passenger number of cofyeptedicted connections for 2012 from 2007 is 12% and
it is higher compamk to 2012 from 2002.Settlementsfrom verysmall i rich cluster
settlementdemonstrate the highest accuracy in terms of passengertheFameyear time
frame from 2011 to 2012the prediction demonstrates the highest accuracy for the QA
approach compadeto five andten yearterms. The average passenger accuradgrims of
passengers is 87%lerg settlementsvhich aremainly from the clusterssmaltrich, smalk
poor, middlepoor and large-poor settlementsshow the best accurac tendencycan

therefore be seerthe QA approach accuracy is higher when the predidiroe frame is
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smaller; the QA approach has a higher accuracy in ggtitementsThe accuracyncreasesis
follows: overthe long termthe accuracy is lovor all cluster pairsover themiddle term the
accuracy is high for clusters wittery smalrich settlementsand over the short termthe

accuracy is high for clusters with poor small, middle kangesettlements

The forecasting tim@eriodfor the QA approach plays an important roleeBhorter
the forecasting period between the base year and forecasted gdaghtr the accuracy in
terms of passengers on the coisepredicted connections. However, the central indicator for
the QA approach accuracy is the ceation number with theorrecty predicted passenger
number.In general, the poor accuracy of connections Wigh passengenumbes using QA
could be explained by the poor correlation between passenger number on a connection and
sociceconomic indicators dfettlement®n thisconnection. In other words, passenger growth
is less relatedo socioeconomic growth and it is caused by other combined latent reasons
(such as politicabr humanitarian reasons). The emergence of these reasons is hard to predict
on a worldwide settlemeinscale However, asessing the approach frothe connection
number with the correlst predicted passenger number ppitite QA demonstrates high
accuracy for all forecasting tingeriods. This is essential for the proposed forecasting model,
since the APDforecastprocesss based not solely opassenger number, but mainly on the
combination of the APD network structurggttlementssociceconomic indicators and only
then on the passenger number on the connections. Thus, the QA validation for foreleasting t
APD between nely appearedsettlementpairs worldwide shows sufficient accuracy. The
validation resultghereforeallow the presented method to forecast ghssenger numbers on
newly appearedettlementpair in future APD network

5.3.2. Validation of the APD correlation with GDP for r emaining connections

As alreadyshown inthis thesis APD demand has a strong correlatiarth socic
economic indicators. However, tladorementionedstudies with high accuracy considie
limited number of airports with varus socieeconomic indicatorsuchas population, income,
proximity of a hub airport, tourism destination asd onin JorgeCalderon (1997) or income,
sales competition, phone calls, international passengers on domestic flight® amdin
Brown and Watlks (1968). These data for modeling passenger numbers on connections

betweensettlementsare hardly available for the consideresettlementlevel aggregation
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worldwide and cannot be used in this study. Howelvased on the aggregate trend analysis
Ishutkina and Hansman (2008) demonsttatd the passenger number and GBiRcountry

level havea correlation but the passenger growth rates and processes behind the interaction
differ for different economies. Althougthe underlying processes are unknowthe GDP
development for every considerselttiementn this is known from a scenarim this study the
passenger number on remanpconnectiongs thereforecalculatedaccording tothe average

GDP growth betweesettlementsn the forecasted year artthe previously known year. The

mathematical interpretation of this correlation could be presented as follows:

Nrn Nr 28k ,where (Eq.5.15)
Gpp - Lz (Eq.5.16)
h h

N p 1 the forecasted passenger number in forecastediydmtweensettiement&and
Q1 ; i the passenger number in previous known yéabetweensettlementsQand Q
G 5 5 1 the average GDP growth between yedrsandw beweensettlement$and Q Qi

the city GDP.

In order todefine correlation approaclaccuracy,the approach is validated othe
remaining connections in 2012 from 2002, 2007 and 2011. The number of ragain
connectios, passengerandthe average passenger number per connectwa presented in
Tab. 5.B.

2002 2007 2011

The number of remaining connections in 2012 324,48 386,970 423563

The number of passengers on remaing
connections in 2012

Average passenger number per connection 4,321 5,016 5,724

1,402,181,96¢ 1,940,862,672 2,424,325,468

Tab.5.13. The connection and passengarumbers,the passenger mean values and the standard
deviationson remaining connections in 2012 from 2002, 2007 and 2011

The number of remaing connections constantipcreasesit is possible to observe that
the shorter the timenterval between years, ghmore connections remain in the network. In
other words,over a long timeinterval, more connections are eliminated frahe network,
sincethere aremore latent processes within this period. This correlates with the eliminated
connection numbers and cumuwaticurves in Susection 5.3.1In addition, the average
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passengenumbers on connectiommecreaseThis meanghaton short periods there are many
connections withfewer passengers than on longer periods, whieeee arenot as many

connections, but more passengers on them.

The accuracy fothe correlation approach is assessed in intervals using the same logic as
for the accuracy assessment for the lgewppeared connections in Sséction 5.3.1.
However, due to the significant difference betweenaherage passenger numbeos the
newly appeared connectiomsd remaining connectionsr Tab.5.2 and 5.8, the intenals
here are defined as a percentage oftttaalpassengenumber.For exampleif the interval is
+10% andheactualpassengemumber on a connection is 9,854, tliea forecasted passenger
number will be assessed in interval [8,869; 10]8B%he forecastegassenger number on this
connection iswithin this interval, the forecasts assumed to be correct, if ntig forecast is
wrong. The intervalghangein order to assess the accuracy of the forecast. In addition, the
forecastaccuracy ishigherif the interval isshortandthe number of connections in th&hort
interval is high.

The accuracy was assesseihin a +50% interval. In this interva) the correlation
approach predicted more than 35% remaining connections cori@#yfor the long érm of
ten years (from 2002 to 20121 %for the middle term of five years (from 2007 to 204y
57%for the short term of one year (from 2011 to 2012). These correctly predieteaining
connections contain more than 45% of the actual passenger ndié¥efor the long term of
ten yearsp1% for the middle term of five yeammnd 83%for the short term of one year. In
order to have an accuracy overview for the correlation approach, it was assessed in discrete
intervals from 0 to +150%.The totalaverage accuracider remainng connections in 2012
from 2002, 2007 and 2011 are shown in F@05.The diagram shows the total corkgct

predicted connection numbersih cover theactual passenger numlamgiven ntervals.

As seen, the correlation am@ach demonstrates high accuracy for all years for
connections with correlgt predicted passenger numbers in interval +10Bf&contrast to the
QA approach, ite correlation approach shows higher accuracy for connections with a large
passenger numbeHowewer, the correlation approach prediction demonstrates the same

accuracy trend as for QAor 2002 the forecast accuracy is less than for 2007 and 2011 and
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the number opassengersovered by these connections for 2002 is #&seer than in 2007
and 2011. Te resultdollow asimilar logic aghelong periods caus®wer accuracy.

In addition, the average accuracies are assessed in every cluster pair. The average
accuracies for all intervals from 0 to +150% of actual passenger nsifob@012 from 2002,
2007 and 201lare depicted irFig.5.31, Fig.532 and Fig33 respectively.Detailedaccuracy
information for every cluster pair fdahe correlation approach is presented in Appendix A in
A9, A10,A.11, A12,A.13, A 14,
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In general, results shotlat correlation approach accurangreasesheshorter the time
interval Unlike the QA approach, the correlation approach shows higher accuracy in terms of
covered total passenger number by @mions with correty predicted passenger numbers.
The accuracy for every timstervalfor these connections is distributed approximately equally
within 45 cluster pairs. However, for clusters with a large passenger number, the accuracy is
higher. This $ relatedo the validation approach of the intervals definition. Herelafger the
passenger number on a connectior, lénge the interval for assessing forecasted passenger
numbes on the connection. Thus, the cluster pairs Mattge-rich, megacities, middleich
settlements demonstrate higher accur&wy. remaiimg connections in 2012 from 2002 the
connection accuraacyith correcly predicted passenger numbes above 0.4This means that
passengers on 60% of connections ia®drrectly predicted. However, corrdgt predicted
connections cover more than 50%tbé total passenger number in each cluster. For 2012
from 2007 and 201,Xhe accuracy for connections with cortggiredicted passenger number
is above 0.45 and 0.6, coveriag averageof 60% and 70% respectivelit.is likely thatthe
low results for longer timeantervals are related to théhidden processes fompassenger
generation on some connections. There could be various aspects influencing passenger
generation on connectiobgtween settlements (e.g. political decisions) wkmild barelybe
captured bythe city GDP correlation approackssentially, the time periods between years
might be considered as a black boxeTdngerthetime period between two time pointseth
higherthe distortion inthe correlation. Thus, in order to enhance accuracy, it is necessary to
introduce a number of stabilizing variabl&hese variables should compensate distortions and
provide a corrected output using the influencing aspects aedt émpacts on passenger
generationIn addition, in the correlation approach cluster specifien terms of correlation
between passenger number growth and GDP grsatbt consideredl hereby, he inclusion
of the specificas well as stabilizing vari#éds on this stage of study would add significant
complexity into the modekincethe correlation equations should be made taking into account
these improvement®r every cluster pairlt is probable thasuchproceduresvould increase
accuracyHowever applying thecorrelationapproachfor all clusters demonstrates sufficient
accuracyfor the proposed approach assessmé&he validation in this @-sectionfor the

passenger numb@n connections remaining the ADP network 2012 from 2002, 2007 and
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2011 using the correlation between passenger growth and the GDP ghowfs sufficient
resultsand will be applied for further modeling.

5.3.3. Conclusion

This sub-section presentithe passenger forecasting model validation for the APD model
for 2012 from 2002, 2007 and 2Q1There are two connection types: the newly appeared
conrections and connections remaininghe APD network. Each connection type has its own
approach for passenger calculatidhe analysis shows that for newly appearednections
the quantitative analogies approach is reasonable to use. For the remaining connections, based
on the literature review, the correlation with the GDP growth is Wsardthe validation, these
connections and passenger nursben them are exaicted from the actual data and the
passenger modeling approaches are applied, comparimgwhie the actual 2012 datdhe
modeling results are assessgéd number of intervals, since the exact passenger prediction on
connections requires sigicantly complicated effortslf the predicted passenger number on a
connection is within the agal passenger number interviile prediction is assumed to be
correct.Integer intervals are usedrfthe QA approachand percentage intervals are applied
for the corelation approach. The accuracies are assessed for all connections and for every
cluster pair. The QA approach demonstrates traaverageabout80% of connections for all
intervals and all years are predicted correctly. However, these consestigpncover an
averageof 10% of the actual total passenger number on newly appeared connections.
Nonetheless, it is shown that for the mgwappeared connectiona higher number of correct
connections is more relevant than the total covered passenger numbéne Feorrelation
approach the validation demonstrates thain averageabout 40% of connections for all
intervals and all years are predicted correctigt they cover i averagef around60% of the
actual total passenger numlyemainingconnectionsFor both approachethe timeinterval
length plays an essential role: the largee interval the lower the accuracy. The longtre
time interval the large therandom impact®sn the passenger number volume on connections.
These random impacts adléfi cult to determinesadditional detailed analysisvould have to
be performed Moreover additional datasetsshould probably be collectedfor equation
calibration for every connection independently. However, the considered approaches

demonstrate sufficient accuracy spplyingthe passenger forecasting model.

88



APD forecasting model development and validation

5.4. Overall model accuracyand error propagation analysis

The validation for the forecasting topology and @@#ting passenger modelere
considered irthe previoussub-section. Based on thenalysesonducted, the overall accuracy
for the APD model could be assessdthis accuracytook into account the topology
forecasting model accuracy and the passenger forecasting model ac@oatyning these
two factorsallow the overall model accuracy to be definddhe modeled results are then
compared to the actual data Byplying the entire proposedmodelling procedure.e. the
topology forecast model for APD topology forecast is ugedirst and then based on the
model outputthe passnger forecasting model is uséthe overdl accuracy is assessed for
2012from 2002, 2007 and 20Xk a prcentage of the actual passenger nunibkowing the
sane procedure as for the remainiognnections in Subection 5.3.2The overall accuracies
from these years to 2012 are definesl the ratio betweenorrectly forecasted passenger
numbers on theorrectly predicted connections and the actual 2012 APD data. The overall
accuracies for 2012 from 2002, 2007 and 2011 are depicted $13&igOn the vertical axes
accuraciesare presenteth percentfor the correctly forecasted connection nhumbetaghe
lines) and for the passenger numbevered by these connectiofs®lid lines).Accuracies for
correcty predicted connections and the passenger number covered bycohetateto the
accuracies on the remaining connections shown insgation 5.3.2This relates to the large

number of remaiimg connections and passengers on thasshown in Tab.5.9.

As seenin Fig.5.34, the accuracy is higher when the time interval between two time
points islower. Thus, theoneyeartime interval from 2011 to 201@emonstrates the highest
accuracy for dlintervals considered The tenyear time interval shows the worst accuracy
compared to 2007 and 2011 for 2012. It correlates with the topology forecast accuracy
(Tab.5.7) where the accuracy for 2012 from 2007 ishdrighan from 2002 (0.68 and 0.75
respectively) and the overall accuracy from 2007 is higher than from 2002. Thereby, the
"black box" termcould beapplied as shown in Subection 5.3L. The longer the time interval
between two time points, thegher thdikelihood thatdisturbing eventsuch agorce majeure
or conflicts couldoccur and thus influencéghe APD generation. Accordingly, the highest

accuracy in this analysis is the time interval with a length of one yéarfive-year time
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interval demonstratebbw accuracy and the lowestcuracyis the tenyear time interval.
Nevertheless, although the highest accuracy can be achieved freyearngme intervals
errors accumulaté the time intervals are extenddebrlongterm forecast of, say, 30 or 40
years, accuracy levels attained from the-gear interval are very poof herefore, the error
propagation for three time intervalsamelyone, five and ten years analyzedor the APD
forecast with different time horizons. The ays$ is conducted as follows: the accuracies for
all three time intervalat given intervals are known and assumed to be constaatdition,

the connection numbé& deemed to remaitonstantas in the base year.
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Fig.5.34. The overall accuracies for passengers and connections for 2012 from 2002, 2007 and 2011

For every timeinterval the correctly predicted connections decrease according to the
accuracyobtained In other words, from the whole number of connections in the yesese the
correctlyforecasted connection number in §hen is known, wherey is the base year amdis
a timeinterval Then, thiscorrectlyforecasted connection number in §hen is assumed to be
100% and theorrectlyforecasted connections in ygar2n are definedapplying the known
accuracy. This process continues up to the required time point. For exdrtipdase year is
2012 andhefive-yeartime intervalis selectedtheaccuracywould be0.7. Thusfor 2017, the
correctlypredicted connection numbetould be 70% of the total number in 201Eor 2022
the correctlypredicted connection numbesuld bedefined as 0.7*0.7*100=0.49 or 49% of
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the total number in 2012. For 2Q2the correctly predicted connection numbevould be
34.3%. r 2032this would be24% andso on A simple examplesshown in Figs.35, which
depictserror propagation. The timmterval is n and the accuracy is 0.5. The gray areas
demonstrate a correct forecast in percent. Thus, the correctesmemseby 0.5 the provided
accuracy at each time pointThereforewith 0.5 accuracyat time interval 3n, the correctly
forecasted arewould bel2.5% ofthe area in the base yeddsing the same procedure, the

error propagation is asseed for the AR model for one, five and teyeartime intervak.

100% are correct 50% are correct 25% are correct 12.5% are correct

B .

50% accuracy 50% accuracy 50% accuracy ‘

I I I [
y Timeline
+ + +
Base year yen y+2n y+3n

Fig.5.3. Example for the error propagation assessment procedure

In Fig.5.3, the averageonnectionerror propagations for intervalsoin 0 to 150% are
presented. Ashown in Section 5.3, the cumulative curves contain about 4.6%h&ftotal
connection numbers, which generate about 90% of the APD. These strong connections remain
fixed in the network and are not eliminated. It is assumed that these strong conmeati@ns
in the APDat every time pointwhich is why the curves in the figure reach their saturation at
4.6% rather than progressing tofig.5.37 presentghe average passenger percent covered by
correctlypredicted connecti@tor a number of discretimtervals from 0 to 18%. As seen in
both figures, the expected assessed accumyeasesfor all three time interval
Nonethelessthe decreasing dynamiese different for varioustime intervak. The oneyear
time intervak show good performance for a short range forechsine yea Within the
analyzed time interval it is only possible to perform fouyear forecastsvith the oneyear
time interval (for every year from 2012 to 261for instancgé However, the expected
connection number accuracy file yeardollowing 2013 years is very lowsor example,he
expected connection number accurac2017 is close to 4.6% athetotal connection number
in the base year 2012overing about45% of the passenger number. The gear time

interval reaches the saturan of the total connection number in the base y&aarering about
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41% of passengers in 2019. Thus, this timterval does not demonstrate high accuréay

the middle term and, especially, for the long term forecasts. In contrdise tmeyear time
interval, the fiveyeartime interval shows bettemiddle term forecastingesults Although the
five-year interval is not able to predict the APD for every year, the expected connection
number accuracy in 2017 is about 308vering about 55% of passeng€i® the onetime
interval these numbers are 5.8% and/@Bespectively).The fiveyearinterval shows higher
expected accuracies than the -gear interval However, using tis interval length it is
impossible ® make a shorterm forecast. In adddn, in order to conduct a lorgrm forecast,

it is necessary tasemanyintervak and the expected accuracy shows lorgsults than for

the tenyeartime interval

The tenyeartime interval allows longterm forecast to be madeAs seen in Fig. 563
and Fig.5.3, for example for 2020, the best expttaccuracy is for the terearinterval
comparée to one and fiveear intervals. In addition, the teyear interval application
demonstrates the highest expected accuracy for connectiorsasehgersovered Thus,
the analysis showthattime intervallength has a significant ipacton the expected accuracy.
A shorttime interval works well for a shorterm forecast (:8 years from the base year), a
middle interval shows sufficient accuracy fa@ mid-term forecast (80 years from the base
year) and a long timmterval performs well for a long term forecast (10 to 30 years from the
base year). Thereby, the APD forecast error propagation analysis shows that in order to have a
satisfactorylevel of expected accuracy for th&PD forecast, a minimum number of time
intervalsare necessary to achieve the forecast horizon. For example, for the base year 2012
and the forecast horizon 2Q3Ris better to use the tegrearinterval Firstly, the accuracy of
this timeinterval is higher Secondly, fewer effortare requiredo archive 2032 from 2012:
for tenyearintervak, only one intermediatenterval is necessarywhen using five there are
threeintermediatantervak and for ong/earintervak there ar€l9 intervak. This means that
the calculation time costs are minimal using teeyear interval However, if detailed
intermediate results are required and an adequate time buwgetiiable, the fivgear
interval could be cheen. Thus, the analysis shows tHadsed on the time horizon die
planned APD forecast and the defined level of detail the appropriateiriieral should be
chosen.
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Fig.5.36. The average connection error propagations
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5.5. Conclusion

In this chapter the setup andvalidation of the APD model was considered.The
proposed framework allosdthe accuracyf the proposed APD model for bast, middle and
long range time term® be assessedhis wasperformed basedn real data: the modelas
applied to 2002, 2007 and 2011 to forecast ADP topology and passenger number on every
connection and then compartmthe actual 2012 dat&or validation preparation, the APD
dataand average airfares between settlemevdse collected from the ADI databas#he
settlement8GDP and populatiowereobtained from the various databases. In addition, since
the APD genaation process is different for different types of settlements (in terms of wealth
and population) and in order to increase the accuracy of the proposed method, the settlements
weredivided into cluster@ccording tatheir socieeconomic closeness. The ays$ in Sub
section 5.1 shoed that the probabilistic clustering ofthe normal mixture was more
appropriatefor settlement grouping thahe other aforementioned approaches. In addition, it
demonstratethe advantages akeparatingnto nineclusters since the cluster centers avell
distinguished and their meaning is easy to interpratis, the clustersvere defined for the
base year and clusterimgasapplied to 2002, 2007 and 20td separat¢heir settlements into

groups.

The topology forecastiy modelvalidation was conductedbased on the preparation
module The APD topologywaspresented as a weighed network. As discussed irs&ctipn
5.2, among different topology forecast approaches, the simiaaised algorithmsvith local
indexesfor topology forecastingvere mostpreferable for the APD network forecast in terms
of accuracy and complexityNine indexeswere consideredwhich were modified for the
weighed networks. The AUC and precision skdwhat the Weighted Resource Allocation
index demonstrates the best performast®e it gives a higher score to a rmqsting
connection if the nodes have many common neighbors with large weigte boundary
conditions were definedu@ tothe specifics of the similaritybased algorithm with the WRA
index. There are twdoundary definitionmethodsfor adding and eliminating connections
from the APD networkEithera fixed number of connections is addedr eliminatedfrom

the networkat every timeinterval, or connections witha score of more or lessthan the
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boundary score are added eliminated at every timeinterval In this study the second
approactwaschosen for boundary definitio®ince the APD network containie settlement
types, theyin turn, have45 cluster pairs. Thus, for every cluster ptie boundary for adding
and eliminating connections from the APD netwaréis defined based on actual ddtam
2002, 2007, 2011 and 2012. Thereby, the boundary eonslitor short, middle and lorgrm
network topology forecastwere determined for every cluster pair. Using the defined WRA
index and the boundary conditions, the forecasting topology model accurereassessed
for 2012 from 2002, 2007 and 20I0he accuracy for newly added contiens demonstratke
poor accuracyon average while the elimination accuracyas high. In addition, the
forecasting topology model demonstagehigh accuracy for the remainingnnectionsn the
APD network. Despite the low average accuracy for predicting new connections, the high
accuracy for remaining connectioqsovided a high total accuracy for the forecasting
topology modelThus, it could be concluded that the APD connection disappeeand the
connections remaining in the APD network a®ongly connected to soegronomic
indicator changes and the generation process for new APD connectiessrédated to these
changes Furthermore, the proposed clustering impobvbe topology forecasting model
accuracyTheaccuracyresultsobtainedfrom the forecasting topology modefere considered
sufficient for applying thenodel.

The passenger forecast moaeds validatedin Subsection 5.3 There are twoAPD
connection tpes: newly appeared and remainingonnections. For ndw appeared
connections the quantitative approackvas applied and validatedThe analysis of the
cumulative curves shaowd that the nely appeared connections containoaver passenger
numberon average in compaon to remainingconnectionsThe accuracy assessmemis
conductedat given intervals. Based on the statistical analyses, the intdovalswly appeared
connectionsveredefined as integer numbefBhus, theQA modeling result analysis for 2012
from 2002, 2007 and 2011 shedithat the accuracy is highéne smaller the timenterval
For remainingconnections, the correlation between GDP growth @eskenger number on
every connectionvasapplied.The accuracy assessmadsalso made in given interig but
based on the statistical analyses of these connectios, tifpe intervalswere defined in
percent. Analogically to the newly appeared connecsiprthe analysis of the remaining
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connections demonstratéhat the accuracy is hightdre smaller theitme interval Thus, based

on theaccuracieobtained, the total accuracy of the proposed APD modelsgassessed.
This is performedn the same way as for the remainicmnnectionsg in intervals defined by
percent. Th@neyear interval demonstrates thest accuracfrom 2011 to 2012 anthe ten

year interval showshe lowest accuracyrom 2002 to 2012The error propagation analysis
was made according téhese accuracieshe analysis shoed that it is necessary to use
varioustime intervalsfor different forecast horizons. Thus, for the skertn forecastit is
better to use the ongearinterval while the expected accuracy for the middlad longterm
forecasts is very lowThe three analyzed timentervak, i.e. one, five and ten years
demonstraté sufficient expected accuracy for short, middle and long term forecasts

respectively.

The validation of the proposed APD model demondiratsufficient accuracyaluein
terms of thecorrectlypredicted connections dpassenger number covered by th&he error
propagation analysis shew the expected level of mistakes in the forecastgarious time
intervals Thus, using the validation results ag@tabase®btained, the APD modelan be
applied to future socieconomic development scenarios in order to assess the future APD

according tcesettlement level oaworldwide scale.

The conducted APD forecasting modievelopment anglalidation covers thérst and
second step of the proposeearch methodology shown in Sectioni3Model development
and Model validationand objective whichs indicated in Section 3.1. The next step in this
thesisis to apply the validated APD forecasting model to secionomic scenargland model
the futue APD.
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6. APD modelapplication

In this chapter the validatedAPD model is applied to the soegconomic scenarios in
order to assesshe future APD. These scenarig include socieeconomic indicators of
settlements worldwide (e.g. GD&nd population) However, although scenariosare not
availablefor settlementn aworldwide scale, they are broadly accessedieountry level.
Thus, the scenarioat country levelwere disaggregated to settlement levid, ultimately
retrievethe GDP and populationf the settlementsThe APDwas calculated based otne
Global Environment Outlook 4GEO-4) sociceconomic scenariosom the United Nations
Environment Programm@JNEP) (2007) There are four different scenariddarketsFirst,
Policy First, Security First anduStainabilityFirst. These scenarios allative future APD for
different considered developmerits be evaluatedIn order to assess future APD for a long
term of 3 years, forecastingvas performedfrom 2012 to 2042. Based on the model
validation results, the forecastas made with the tetyearinterval since it provides a higher
expected accuracy of results. In addition, GE@cenarios do not provide a scenario fo
airfares between settlements, thus, a simple airfare meaasatieveloped based on historical

analysis.

This chapteris organized as followsSecion 6.1 presents th&8mple Airfare Model
(SAM) as developed by Ghosh and Terekhov (20B&sed on the analysis of the historical
average air fare data on APD connections from 2002 to 2012 and the crude oil price, a simple
equation for future average airfaaecording tadhe distance between settients and the crude
oil price wasobtained. Umg this equationit is possible to definaverage airfaréor every

APD settlement pair. Section 6.2 describesfour GEO4 scenarios and shows the modeled
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APD results for each of thenmcluding cluster analysis, showing how settlemeakt&ange
clustes based on socieconomic indicatorghetopology and the passenger forecasting model
resultsfor every time interval Section 6.3 summarizes and verifies thsultsobtainedin
Section 6.2. In addition, the results are compared to other studies ugdegial sransibn
metric which allow APD modelg results tobe conveted torevenue passenger kilometers
(RPK).

6.1. Simpleairfare model

This section describeshe SAM. Since GE® scenarios @ not provide the average
airfare on APD connections, a special models developed. The basic framewoitr the
SAM is depicted in Fig. 6.1.

Airfare data collection Historical crude oil
from the ADI database price collection

v v
Distances and average
airfares on APD
connections

A 4

Correlation analysis

N

Model validation Simple Airfare Model

Fig.6.1. The basicSAM framework

A number ofairfare modelgxist such aghe constant rate of return model used as part
of the AIM project. The model allows fares to be calculated based on changes in operating
costswhich arerequired as an inpuDray et al, 2014). However, these models are not
applicable within the presentedPD modeling frameworldue to a lack of required input
parametersAs shown by Ghosh and Terekhov (2018 average airfare could be modeled
and, therefore, assessed for the future based on indirect factors4 Gii@ainsscenarios for
the crude oil price. The average airfatesettlement level, averaging all airfares for one year,
depends on various main indicators such as crude oil price, distance between settlements and

otherfactors Thus, to reflecaverage airfarehanges ando limit the scope of this studp
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order toavoid unnecessargomplexity, SAM takes the distances between settlements and the
annual average crude oil pricgo account

The historical airfare data on all APD connectifnom 2002 to 2012vasobtained from
the ADI database. Fdhe distance calculationshe geographicatettlementoordinatesvere
obtained fromOpenFlights (2014) and OurAirports (2014he historical data for the crude
oil price wereobtained fromthe U.S. Energy Informatio®dministration (2014). In order to
have consistencthroughoutthe study, all pricesvere adjusted to US dollaras per 2005
values The average airfares for 2002 2012 based on the distance between settlements are

shown in Fig.6.2.

$2,500
$2,000
$1,500

$1,000

Average airfare, US$

$500

$0
0 2,000 4,000 6,000 8,000 10,000 12,000 14,000 16,000 18,000 20,000
Distance, km
—2002 —2003 2004 —2005 —2006 2007
—2008 —2009 —2010 —2011 —2012 Linear (2002)
Linear (2003) Linear (2004) Linear (2005) Linear (2006) Linear (2006) Linear (2007)
------- Linear (2008) -+ Linear (2009) - Linear (2010) - Linear (2011) -+ Linear (2012)

Fig.6.2. Theaverage airfares for 2002 to 2012 based on the distance between settlements

Based on historical data,simple lineaequationwasretrievedfor the airfare (Eq. 6.1)
according tahe distance between settlements and the average airfare.

6 20 (Eq.6.1)
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Whereo is the average airfare between settlemerand oy @i the slope of thdine;
‘Q 1 agreatcircle distance between settlemenigindcy @i y-axis intercepon of the line.
The greatircle distance between settlementsand w was calculatedfrom the geographical

settlementoordinates as follows:

Q AAIOE®bz0Bh AT®WzAT%zZAT O _ zY (Eq.6.2)

Where, %ois the geographicalsettlement latituden radians _ 7 is the geographical

settlement longitudén radians 'Y is the average Earth radius whishdefined as follows

Y h h ¢ o P

The historical analysis sh@a that the average airfare for all considerexhngstarts

from $1400n averageThus, the yaxis interception is 140, pm other words, the minimum
airfare in the studyvas assumed to b&140. As seen in Fig. 6.2the slope of the linear
regressioris variedfor every yearTab.6.1 reflects th& for the regressions and slopes for

every year from 2002 to 2012 and the annual crude oil price.

2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012

R? 0.9646 0.9653 0.9772 0.9721 0.9756 0.9705 0.9791 0.9668 0.9829 0.981 0.9832
Slope,a  7.0705 7.3204 7.8936 7.9006 7.8767 7.9685 8.2128 6.5038 7.081 8.226  9.3243
Oil price  $25.01 $28.85 $38.26 $54.53 $65.17 $72.50 $96.94 $61.74 $79.61 $111.37 $111.67

Tab.6.1.R?for the regressionsand slopes forevery year from 2002 to 2012 and the annual crudeil price

Based on the table, a correlation between thesslog oil price figureganbe seen.

The correlation between crude oil price and the slopes are presented in Fig.6.3.
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o
=
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n
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Fig.6.3. The correlation between crude oil price and the slopes
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Fig.6.3 demonstrates relationships between the crude oil price and the slope from
regression in Eq.6.1. TH& shows 0.4015. Howevetherewasa high impacon the R? from
the 2008 financial crisind other external impactdhe R® for years 2002 to 2008 is
approximately 0.76. Nevertheless, the regresslatainedfor the slog based on the crude oll
pricewasused in Eq.6.1. Thugssuming that the minimum average airfarglig0, the next

equationwasretrieved
0 CzpTm zZn TEIQULDQ PT T (Eq.6.3)

Wheren is the crude oil price in yea® Thus, knowing the crude oil price agdographical
settlement coordinates, the average airtarebe modeledFor examplean APD connection

in 2012 between Bangkok (Thailand) and Hong Kong dradverage airfare o 270.24 (in

2005 U$). Using Eq. 6.3the average airfare can be modeled. The distance between these
two cities is 1716 km, the crude oil price in 2012 was 90.4#$ 2005 US). Thus, the
modeled airfare is 28351 The modeled airfare is 4.75% higher than the original airfare, which

is a reasonable result.

However, he SAM wasvalidated on real daset This was achieved by modeling
airfares on real connections frorB002 to 2012 and then comparingsultswith the actual
data. The average airfaregere assessed in 100 km intervals by distantke average
deviation in percent from the actual average airfare on 1000 km intervals are shown in Fig.6.4
In general the deation is in interval [10%:15%)]. The vertical ais indicates the deviation in

percentthe intervas in kilometersaareshownin the outer contour

The analysis demonstrates that the 5,6@®0 km interval showed the lowest accuracy
which is about 14% lower than the actual average airfare in this interval. The -16,000
km interval showed the highest result which is about 0.18% higher thanttie¢ acerage
airfare in this interval. The detailed annual validation results on 100 km intervals from 2002 to
2012 are shown in Appendix B. In general, the proposed model with given limitation
demonstrates sufficient results. The conducted analysis adelimp allowed the model to be
applied for estimating the future airfare on APD connections based on crude oil price and
distance. Therefore, using an oil price scenario, the average annual airfare on a connection

could be assessed. Thus, the proposed Swd8 applied in this study to the topology
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forecasting model and the passenger forecasting model in order to estimate the future APD

between settlements worldwide.

Distance inte,
0- 1,000 km "vals
19,000 - 20,000 km_10% 1,000 - 2,000 km

18,000 - 19,000 km 2,000 - 3,000 km

17,000 - 18,000 km 3,000 - 4,000 km

16,000 - 17,000 km 4,000 - 5,000 km

Deviation in percent

15,000 - 16,000 km 5,000 - 6,000 km

14,000 - 15,000 km 6,000 - 7,000 km

13,000 - 14,000 km 7,000 - 8,000 km

12,000 - 13,000 km [ 8,000 - 9,000 km

11,000 - 12,000 km ! 9,000 - 10,000 km
10,000 - 11,000 km

Fig.6.4. The average deviation in percent from the actual average airfaat 1000 km intervals

6.2. APD modeling for GEO-4 scenarios

The proposedand validatedAPD model ¢lescribed inChapter 4and Chapter 5
respectively was applied to fourscenarioscalled Markets First, Policy First, Security First
and Sustainability Firs{Fig.6.5), obtained from the GE@ issued by théJNEP (GEO-4,
2007). The Outlook assesddhe interaction between environmentalange in the past and
presentedfour scenariodor the future The scenariosvere built based on current soeio
economic trends along divergent development paths in the future. In additioied to
determine their significancéor the future environment, development and vbaeling. The
scenarioshave been developed wp 2050 usinggualitative data to explore different policy
approaches and societal choic&@sesescenarios includkvarious indicatorsat country level
e.g. country GDPs, populatiorend crude oil prices.These scenarios for global GDP,
populationand crude oil pricare presented in Fig&.Fig.6.7 and Fig.68 respectively.The
provided scenariosllow the future APDto be assesseddowever they shouldfirst be

disaggregated to settlement level.
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Fig.6.5.The four GEO-4 scenario positions in terms of GDP and papation growth
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Fig.6.8. Historical and GEO-4 scenarios for the average annual crude oil price

As shown in Chapter 5, 4,435 settlemewesre retrievedfrom the 2012 APD network
using the ADI databasd-or every settlementhe followingdatawere obtained: settlement
GDP and population and geographical coordinafbss, taking country population a&DP
figuresinto accountas well as the urbanization rates for every country which are known from
the scenarialataand obtained fronthe International Future model (The Frederick S. Pardee
Center for International Future®014) the scenariosveredisaggregated to settlement level.
However, the country number in the collected database for w@%different to the country
number inthe GEO-4 scenarios. The scenarios consatEl83 countries, while the base year
data contaiad 216. Nonetheless, thes33 countries (mainly islasduchasSt. Kitts & Nevis
andPalau) contributé negligibly in terms of GDP, population and ARIDdwere therefore
eliminaed from the collected 2012 datalhus, the GEO-4 scenariosconsideed 4,120
settlementsThe simmarized GDB and populatios of settlementdor the four scenariosre

presented in Fig.8.and Fig.69.
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Fig.6.9. Summarized GDP forGEO-4 settlements for four scenarios
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Fig.6.10. Summarized populationfor GEO-4 settlements for four scenarios

As show in Chapter 5, the conditions required for the appearance ofetti@mentsn
the APD network are not clear aacedifficult to predict. Thereby, the modehly consideed
thesed,120settlementsanddid not add orliminatethem The base year for forecasting APD
was 2012 This means thathe forecasting process starts fraime 2012 APD network with
these 4,120 settlementghere the APD connections are eliminatedadded.Thus, the data
required for modeling were prepared for the APOorecastingbased onthe four socie
economic scenario§.he modelwas applied to the longerm time frame. Since the GE@

scenariosvere presented oman annual basis to 2050 and based on the conducted validation,

107



Chapter 6

the timeintervalfor the APDwasten years, and, thereby the forecast horiwas2042. Thus,
four APD forecastsveremade forthetime points: 2022, 2032 and 2042. These four forecasts
allowed future APDs to be assessddr different possiblduture developmest Brief geneal
scenario descriptionare provided belowKey questions relatg to the scenario assumptions

are provided in Appendix :he full descriptioncanbe found inthe GEO-4 (2007).
Markets First

The main characteristic of this scenarioais assumptiorthat the markenot only
provides economic improvements, but also social and environmental development. The role of
the private sectodominatesin areaswhich were previously monopolized by governments,
such as education, health, military, research anéldpment.Free trade continues to expand
worldwide Ecosystem services are turned into commodities in order to increase privatization
and trade. The expaimg) trade and economic investments negatively influence formal
environment protection, slowing thisocess down. Thus, fossil fuels are still the main energy
source Water privatizationncreasesvater usage efficiency. Howevetecreasingubsidiesn
most regions lead tdifficulties payingfor water.Nevertheless, the global population in 2050
reache about 9.2 billion peopl@-ig.66) and global GDP is about 5 timbkgherthan in 2000
(Fig.6.7).

Policy First

The main characteristic of this scenario is a very legkl of centralization in order to
balance strong economic growth and decrgmgential environment and social impackse
governments are solving obviopsoblems(e.g. access to safe water in many parts of the
world) and concealedsues(e.g. climate change) in the new centuFile governmentkave
adopteda more holistic apprah to respondo environmental challengégconomic growth is
no longerconsideredwithout assessingts social and environmental impaci&he scenario
offers high economic and political integration. Inefficient subsidies are reduced in order to
decrease ovegxploitation. hvestments in science and technology gr@imate change and
its associated impactsethe mainconcern. However, when the investment&®&D motivate

efforts to increase energy efficiency, the total energy consumption continues to increase. Thus,
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fossil fuels still domina Nevertheless, the global population in 2050 reaches about 8.2
billion (Fig.66) and the global GDP is abdiite timeslarge than in 200Qq(Fig.6.7).

Security First

The main characteristic of this scenario asconcentration on securityThus, the
movements of people aneore restricted than theysed to be. Migration artie movemenof
goodsacross borders asdsolimited. Thisis due, in part, to ongoingonflicts in manyregions
of the world.At the same timethe world becomes more crowded as the population grows.
Security costsalso rise at the expense of other areas such as R&D and technology.
Governments playa strong role in decision makindgnternational institution authority
decreasesThese changes caulssattention tobe devoted teenvironmental issued otal
energy consumption increases significan@pal usage grows rapidlyapproaching natural
gas and oil levelsGlobal population in 2050 reaches about 9.7 bill{gig.66) and global
GDP is aboutour times large than in 2000(Fig.6.7).

Sustainability First

The main characteristic of this scenario is that authorities at all levels (local, national,
regional and international) consider environmental and social issues. Governments solve a
large number of problem#t the same timethe private and civil sectorslo not wait for
governmert to act. Inthe energysector an effort to balance the desire to reduce overall
consumption with the need to address issues sisctuel is made. With the increased
investments, this challenge is met in more environmenfaéndly way. The mix of fuels
changes significantly: oil and coal usage decrdasine pointwhere more is produced by
solar and wind.Natural gas is the dominant source of energgr this scenarioglobal
population in 2050 reaches aboub 8illion (Fig.6.6) and the total GDP is abofive times
largerthan in 2050(Fig.6.7).

Application of the APD model alloed the future APD fotthe proposed scenaride be
assessedn addition,usingthe scenarios from one source uniteddagommon philosophy, the
introduced APD model sensitivity could be assddedelp verify the results. Thuthe APD
was calculatedbased oneach ofthe aforementioned scenarioBhe modeling resultare
presentedbelow. For every scenario, theluster dynamicswere initially calculated. The

109



Chapter 6

cluster dynamicshow howsettlementshange clusters within the scenario. Secondly, based
on defined cluster content for all three time points (2022, 2032 and 2042), the topology
forecasting model and the passenger forecast nvweetelappliedfor every timeinterval The
scenariosvere considered in théollowing order: Markets First, Policy First, Security First

and Sustainability First.

6.3. GEO-4 scenario results

This section presents the APD model results for the @EGcenarios. The total

settlement GDP, population and crude oil price for this scenario are shown in Fig.6.11.
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Fig.6.11. Total settlement GDP, population and oil price for the GEE€! scenarios

The clusterdynamics(Fig.6.12)for clustes were calculated usindhe cluster centers

obtained in Section 5.1 and the provided scenario shown in Hig.6.1
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Fig.6.12. Cluster dynamics for theGEO-4 scenarios

Based orthe GEQ4 scenariossmall poor andmiddlg poor clusters shoed significant
decreases in the number of settlements. This is becauselGé&Darios werpositive, where
almost all settlements demonstafgopulation and GDP growth. In additiothe reasorior
this reaction wasthat the cluster centers remain fixed as in the base year 2012. The cluster
dynamics @ not take future inflation into account and, therefore, they sda@huster content
from a 202 perspective. Thus, cluster dynamisBows settlements moving to more
Apower ful o c | us t e rnaddlerioh,slargerichcanchnsegagitiegshoves ,
significant increases ithe Markets and Policy First scenarios. Howewviie Security and

Sustainality First scenarios demonstratslower increasefor those clusters.

Transition diagramof 4,120 settlements in clusters between the base year 201Reand
last year of the scenari@042 arepresented in Fig.6.13. The diagram shows nine clusters on
three levelsaccording tosettlement population: small, middle and large. Settlements which
either remain in clusters or change are indicated in percent of the total settlement number.
Arrows demonstrate which cluster settlements are moved. The diagrans stamsitions
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