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SUMMARY

Airports are crucial for passenger and cargo transportatias well asfor
employmengeneratiorand GDP growth. A better understanding of airport cost structure
enablesairport managers and policymakes more efficiently allocate their limited
resources andesignpolicies, respectively. This dissertation conducts stesrh multi
output cost analyses for 50 medium and large U.S. airfusitsy a multiproduct translog
cost function methodology, the dissertation addredgeg research questions: wiaaé
the effects of negative attributes on skoit airport cost structures; what impact did
COVID-19 have on airport shertin operating costs; and for aircraft departures, how does
the shorrun marginal social cost différom marginal private costs.

Based on 2012 2019 data, the first essay estimates a translog cost fundtion
three positive outputs (departures, workload, and-aeronautical revenlieand three
negative attributes (delay, congestion, airgollution). The resultshowthat delay and
congestion have statistically significamtdpositive effects on airport total operating costs.
Compared to the cost analysis with negative attribtibescost analysis without negative
attributes produces unreliablstinates of production properties.

Extending the data tmovertwo COVID-19 years, 202Gnd2021, the second essay
examins theeffecs of COVID-19 and related policies on airport shtatm costsin
addition the essay decomposes {tercentage changa averagevariablecoss between
preCOVID-19 and COVID19 periods. The results indicate that COVAD (cases and
deaths) and associated policiegate face mask and COVI9 vaccine mandates)

significantly and positivelyaffect the total operating cost€OVID-19 cases and the

XVii



time/technical efficiency effecare the two most influential factors ftine percentage
change imveragevariablecoss.

The third essay focuses on aircraft departuresatichate a measure of marginal
social cost thaincludes negative externalities (delagongestionand air pollutioh The
essayexamina whether the current landing fees cover marginal departure social costs. The
results find that, on average, current landing teeyg cover the marginal private costs but
aresignificantly less than the marginal social costs per departure. This strongly suggests
that currentairport landing fees do not internalize the negative externaligsslting in
pricing inefficiencyfrom the social perspective.

Each ofthethreeessas corductssubsample analyses between large and medium
hubs, as well as between cargo and-cargo airports. The results find differeneesoss
different airporttypesin eachanalysis

In summary, the dissertation uniquely contributes to existingvligage on the
impacts of negative attributes, COUI, and the extent to which existing landing fees
fall short ofthe marginal social costs of airport departurése first essagontributeshy
incorporatingnegative attributes into tharport cost angkis and examinng production
propertiesafter controlling for the negative attributes. The second essay corsdriiyute
analying the impact of COVIBI9and r el ated pol Heamemdsaodn ai r |
decomposing the percentage change in averagblacosts between pOVID-19 and
COVID-19 periods, whiclbffers new i nsi ght simpantda o aihrepprains @& n
and technical characteristicghethird essaycontributesy estimatinghe marginal social
cost using aroadersample and ssessingthe pricing efficiency of current landing fees

from thesocial perspecti

xviii



CHAPTER 1 INTRODUCTION

As thehub of air transportationarports not only play a crucialrole in passenger
and cargo transportation but also facilitateployment generatioandeconomicgrowth.

A completeand accurate airport cost analysisablesairport managers and policymakers
to more effectivelyallocate limited resources argksign policies respectively The
dissertation conducts shdagrm multroutput cost analys for 50 medium and large U.S.
airports The studyemploysthe multioutput translog cost functioras the foundation
which consists othree inputs (labor, general airport operati@msjcontractual services),
threepositiveoutputs (departures, workloaahdnonaeronautical revenue), and a quasi
fixed factor (runways)and further makes seveiliaiprovementdrom different aspects
Thedissertatiorstudiesthe effects ohegativeattributes and COVIEL9 on airporshort
run costs and estimatebe marginal social cosper departure that includesegative
externalities.

Chapter2 analyzes howegativeattributesaffect shortrun airportcost structures
using 20121 2019 data. e study extends the multioutput translog cost function to
includethree negative attributes (delay, congestion, and air pollufitwe) paper analyzes
the airport cost structure and production propesftss conrolling for negative attributes
including elasticities, generalized scaled scop&conomies, technologicptogressand
productivity growth Chapter2 emphasize the importance of including negative attributes
in the airport cost analysis.

Chapter3 analyzestheimpact of COVID-19 and related policies on airport short

run costs by extending the data to 2022021 to include the COVIR9 period(2020 and



2021) The study further gpand the translog cost function with negative attributes
proposed in Gapter2 by including COVID-19 measures (cases and deaths) and related
policies (statdevel face mask and COVHD9 vaccine mandates). The studiso
calculates and decomposes the percentage change in average variable costs between pre
COVID-19 and COVID19 periods. Chaptes illustrates how COVIDP19 afects airport
shortrun costs.

Chapterd focuses on aircraft departures and estimates the marginal departure social
cost that includes negative externalities (delay, congestion, and air pollution) usirig 2012
2019 data. The studgxamins how the marginal social cost differs from the marginal
private cost per departure and whether the current landingfeesufficient tacover the
marginal departure social costhe study estimates the margirddparturegrivate cost by
employing the translog cost function(with positive outputs and without gative
attributes). The analysis furthetilizes theestimates for thealue of travel timeand health
costs ofa onepoint AQI increasdo calculate the marginal external cassociated with
delay, congestignand air pollution,which enablesthe calcultion of the marginal
departuresocial cost.Chapter4 quantifies the marginal social cost per departure and
analyzes the pricing efficiency of current landing fees ftio@social perspective.

In addition, each of the three chapters conductssantple aalyses between large
and medium hubs, as well as between cargo anecamo airports, andlustrates the
differencesacrosdlifferent airportypes In summary, the dissertation uniquely contributes
to existing knowledge on the impacts of negative attep, COVID19, and the extent to

which existing landing fees fall short thfe marginal social costs of airport departures.



CHAPTER 2 SHORT-TERM MULTI -OUTPUT COST
ANALYSIS OF U.S. ARPORTS: A TRANSLOG COST FUNCTION

APPROACH WITH NEGATIVE ATTRIBUTES

2.1 Introduction

The research question in this paper is the extent to which negative attributes affect
an ai r p-ountodtsandsphoduction characteristics. The analysis estimates-a short
run multroutput cost functiorwith positive outputs and asso@dt negative attributes.

Data for the analysis is an eigygar panel (2012 2019) of 50 medium and large airports

in the United StateSAs one of theprimary modes ofransportation, airansportatioris
becoming increasinglgrucialfor both passengsrand cargéransportationAs thehub of

air transportation, the airport plagscrucial partin this growth Figure 2.1 depict the
outputtrendsof all U.S. airpors from 2012to 2019. The four mar outputs- departures,

air passengers, cargo, and ramronautical revenuie increasedoy 5%, 28%, 20%, and
45%, respectivelythroughout the periadin 2019, U.S. airports, in total, produced 11
million departures, transited 1 billion passengers and 52 billion pounds of cargo, and
generatedL.1 billion dollars of noraeronautical revenue. According to Airports Council
International North America (AC-NA, 2018), U.S. airports contributedore thar$1.4
trillion to the coaoverilsynilienjosDvRh datalphyrdlofp por t e

$428 billion.

1 According to Federal Aviation Administration (FAA), large hubs theairports that eceiveat
least1% of the annual commercial enplaneméntthe U.S, while medium hubs receilmtweerD.25%and
1%. Hartsfield Jackson Atlanta International (ATL), Jofr Kennedy International (JFK), and Los Angeles
International (LAX)are examples of large hulSlevelandHopkins International (CLE), Dallas Love Field
(DAL), and Memphis International (MEMjre examples of medium hubs.



Airport Outputs, Total Values of All U.S. Airports, 2012 - 2019
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Figure2.1: Trends for airports outputall U.S. airports2012i 2019

Airports are complex organizations that provide airport facility, runways, hangars,
parking, and other infrastructures to accommodate departing and arriving flights and meet
the needs of airline passengers and air cargo shippeswviKg airport production
characteristics provides relevant information that assists airport managers and
policymakers, respectively, to efficiently allocate their limited resources to serve the
traveling and shipping public and to develop appropriatela&my policies. Noting the
duality between production and cost (Shephard, 1971), this analysis estimatesrshort
costs in a multbutput empirical model to obtain information on airport cost and production
characteristics. In addition to three positiwatputs (the number of departures, nhon

aeronautical revenues, and workloadeflecting passengers and cargo), the empirical



model includes three associated negative attributes that derive from airport activities (flight

delays, congestion, and air poltu).

Airport Delay Rate and Taxi-Out Time, All U.S. Airports, 2012 - 2019
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Figure2.2: Trends for delay rate and taowt time,all U.S. airports2012- 2019

As depicted inFigure2.2, negative attributesuch as flight delays and congestion
arebecomingncreasinglyprominentin airport production. In 2019, the average delay rate
of all U.S. airports was 20%nd the avege taxiout time was 17 minuteddoreover
severalstudies (Masiol et al., 2014; Penn et al., 2017; Schlenker et al., @&h@nstrate
that airportactivitiesarea significantsource of air pollution. Including negative attributes
in the cost analysis meaningful for two reasons. First, positive outpafgesenbnly a
subsebf thetotal output vector. A cost analysis that omits negative attributggroduce

inaccurateost and production properties, which comtdvidemisleadingmplications for



airport operationsnanagementSecond, and related, accounting for negative attributes in
the cost function identifies the extent to which these negative attributes affect airpert short
run total and marginal costs and provides insights on the differenees we en an ai r |

private and social costs from airport operations.

2.2 Literature Review

The last two decades have seen an increasing number of papers on airport cost
analysis (Assef et al., 2012; Bottasso and Conti, 2Ra#y and McCarthy, 2018ylartin
et al., 2011; McCarthy, 2014, 2016; Oum and Yu, 2004; Scotti et al., 2012). Many studies
focus ontheai r port 6s operati onal efficiency (e.
productivity, data envelopment analysis, and stochastic frontier analysispntrast,
others focusotheai r port 6 s production characteri sti
input elasticities).

Differences in spatial coverage, time period, cost measures, and methodologies
present challenges for comparative analysis astosées. However, there are similarities.
The following three sections summarize the existing literature related to airport cost

efficiency, airport production properties, and negative attributes from airport operations.

2.2.1 Factors Affecting Airport Efficienc

The majority of the current literature analyzes the effects of various factors on

airport efficiency? These studies generally find airport (production) size, ownership type,

2 Here, the efficiency analyseseabased on positive outputs only and do not consider negative
attributes (e.g., del ay, congestion, and air pol |
perspective, not from the satiperspective



competition, regulation, characteristics of outputs, downstegdimes, and geographical
features to be the main factors that affec
Many studiesanalyzethe efect of airport size on airpoefficiency. Based on the
standard production and cost theory, average cost and ouyglthiave a Wshaped
relationship. Small airports, that is, those with lower output levels, operate under
economies of scale, while larger airports operate under diseconomies of scale. Bottasso
and Conti (2012ronfirmsa U-shaped average variable cost aum a study of 25 K.
airports between 1994 and 20@tentifying an efficient scale dd to 14 million passengers
per year, which is nearly the sam@nclusionas Bottasso et al. (2019) using 19%2D08
U.K. datain a longrun analysisBased on a sangof 27 UK. airports in 2007, Assaf
(2010) also finds that small airposisowincreasing returns to scalehereagarge airports
operate undeconstant or decreasing returns to scale. Chow and Fung (2009) shows that in
2000, C h i nhaeé imternationdiub airportddlemonstrate constant or weakly decreasing
returns to scale.
On the other handJartin et al. (2011) seamexhaustedcale economiasp to 23
million passenger® Spanish airportdIn a study of 161 airports worldwide between 1991
and 2008, Martin and Voltd3orta (2011) confirms that airport technologgmonstrate
unexhaustedcaleeconomiesup to 40 million passengerBels et al. (2003) finds that
European airportshowconstant returns to scale ¢éneatingair transport movements and
increasing returns to scale generatingpassenger movementdsing variable factor
productivity (VFP) as the efficiency measure for &ifports worldwide, Oum and Yu

(2004) finds that larger airpontenerallyhave lowerveragerariablecosts strongerscale

3 Unexhausted scale economiesply that sale economies areot exhaustedand airportscan
further reduce costs by increasing the output level.



economiesand higher efficiency than small airports. Based &ayesian dynamic frontier
model, Assaf et al. (2012) uses a sampfe27 major UK. airports and finds thdarge
airportsare more efficient than small airparts

Liebert and Niemeier (2013) concludes that scale effecta@eclusive Bottasso
and Conti (2017) summarizes that while studiesng international sampledind
unexhausted scale economies, sifgglantry shorrun variable cost studies finscale
diseconomies dtigh output levels

Ownership, regulation, and competition also affect airpfiitiency. Liebert and
Niemeier (2013) concludes in a survey papat ownership effects are inconclusive. Scotti
et al. (2012) suggests that public airports are more efficient than private and mixed
ownership airports, hereasprivate onesare the most inefficientzhao et al. (2014)
suggests that airportsontrolled by an airport authority are more cesfficient than
governmenbwned airports McCarthy (2016) finds that publiownershipimproves
departure scale economies. Kutlu and McCarthy (2016) finds dibspite the small
ownershigmpact public ownership hampact oncost efficiencyin some case$iowever,
Oum et al. (2008) finds that privatization canhanceairport efficiency. Bottasso and
Conti (2012) showthat private airportgend tohave lower costfyut theownershiprelated
cost differentialslecreaseverthe years

The effect of competition on airpoefficiency is alsoinconclusive By using a
stochastic frontier modePavlyuk (2009) finds that spatial competitiarossEuropean
airports has a positiiepacton airportefficiency, while Scotti et al. (2012) finds that local

monopoistic airportsare more efficient than airports the competitive market.in a

4 Spatial competitionis the competitionamong airports thatattract passengers in the same
geographicategionor market.



related study, Assaf et al. (2012) finds that regulatioproves airport efficiency. Oum

and Yu (2004) findghat airports with @mall shareof international passengers|aage
cargoproportion anda great variety afionraeronautical activitieareefficient In contrast,
McCarthy (2016) finds that th@roportionof international passengers has litttgpact As
mentioned earlier, this difference in findings partially comes from the difference in the
measures different papers use. Oum and Yu (20643 variable factor productivitp
measureproductivity, while McCarthy (2016) estimates a translog cost funcaod
calculates the relevant production properties.

How efficiency changes over time is also an important topic. Current literature
suggests that efficiency impravever time with technological progress. Assef et al. (2012)
employs a Bayesian dynamic fitter model and finds thale efficiency ofU.K. airports
improvel over time. Libert and Niemeier (2013) summarizes in the survey paper that the
current literature generally fisd that technological progress, restructuring, and
commercializatioead to #iciency improvementUsing the translog model, Martin et al.
(2011) identifies technologicalprogressin Spanish airpost Martin and VolteDorta
(2011), applying stochastic frontier analysis on unbalanced pooled data of 161 airports
worldwide between 181 and 2008, confirms that airpottadtechnical progress, which
alteredthe input proportions. The mukoutput cost analysis of a panel of 50 U.S. airports
by McCarthy (2016) suggests a 1.05% technology progress over- PZ9@8 due to the
continuousgrowth before 2001. The growth rates for medium and large ardwvery

close



2.2.2 Airport Production Properties

While measuring efficiency is the primary goal of airport cost analysis, the
properties related to scope economies and elasticiseshalve some critical implications.
However, given the high requiremsiibr the model and data, most papers only measure
efficiency, as summarized in Sectiar2.1 Only a few papers study the scope economies
and elasticities, which makes it a significant gap in the current literature.

An advantage ahemulti-output costunctionis the ability to estimatgeneralized
scopeeconomies. McCarthy (28] estimates a mulbutput translog cost functioand
identifiesthe existence afcopeeconomies between departures and workhzeskd on the
elasticities of marginal cost®n the other handhe study also reveals tipeesenceof
scopediseconomiebetveen noraeronautical revenues and depaduas well as between
non-aeronautical revenues and workload. Abrate and Erbetta (@0dyes the efficiency
using an inputdistance function approach. The paper fitaige scopediseconomies
between handlingevenuesand passengermdicatingthat outsourcing handling services
is anefficient strategy.

Chow and Fung (2009nalyzesChi nese ai r por tbstweenaic op e
passenger and cargo movemantgployng multi-output stochastic input distance function
analysis. The findingsuggestthe presenceof scopeeconomies which influence the
estimation oftechnical efficiencyandresult ina differentranking ofairport efficiency.
Bottasso et al. (2019) adopts@nposite cost function and ntinear seemingly unrelated
regression strategy to study scope economies .k Hirpors. The paper finds that
domesticandinternational flightsare cost complementaritieshile noncoreandaviation

activitiesareanticost complementarities
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With respect to input elasticities, Low and Tang (20063s a sample of Asian
airports andfinds that labor and outsourcing are priglastic, but capital is inelastic.
Moreover outsourcing and capital are elastic substitutetafwor, with outsourcingpeing
more elastic. The owsprice elasticities of capital and lahas well as the crogwice
elasticitiesjncreased over timandicatingthat airport operations became more flexible

By estimating a translog cost function usipgnel data on the Spanish airports,
Martin et al. (2011)dentifiesthat inputs are pricelastic,butthesubstitutabity is limited.
McCarthy (2014), in a sidg-output analysis, finds that inguare price elastic and are
Morishima substitutes. McCarthy (2016) finds through a ramutput cost analysis that
general airport operations are a substitute for tadtbrand contractuaserviceshased on

elasticities of substitution.

2.2.3 NegativeAttributes

The current literature mainly focuses on positive outputs. Few analyses of airport
cost efficiency or production characteristics include the associated negative attributes (e.g.,
flight delays, congestion, air pollution) arising from airport operationtaBso and Conti
(2017) makes this point and finds that most studies do not consider the negative attributes,
which include congestion, noise, pollution, and delays.

Only a few papersonsidemegative attributes to varying degrees. Pathomsiri et al.
(2008) includes delay in the output vector and uses apaoametric directional output
distance function (DDF) methodology to study the productivity of a panel of 56 U.S.
airports during 20002003. The paper compares the results from models with and withou
delay to analyze thanfluenceof delay on the airport efficiencsanking The findings

suggest thain the model without delayarge and congested airports are efficient, while

11



small and less congested airports are inefficidotvever,in the model wh delay,large

and congested airportare inefficient, whereas small and less congested airpants
efficient. The model without delay yields misleadinigpart efficiencyranking leadng to
improper policy implications. Consistent with this qualitagivesult, by using DEA
methodology, Adler and Liebert (2014) finds that the delay significantly and negatively
affects cost efficiency, while congestion has a significantly positive effect. Lozano and
Gutierrez (2011) estimates a slazksed measure (SBMJ airport cost efficiencyatings

in a study of 39 Spanish airports in 2006 and Z0Dfe study finds that the efficiency
ratings aregenerally high anthaccuratevhenthe modetloes notncludedelay, indicanhg

that the delay negatilyeaffectsefficiency.

Martini et al. (2013) is the first paper to include air pollution and noidesiairport
efficiency analysis. Based on 33 lItalian airports in 20@808, the study uses theDb
method toestimatetechnical ancenvironmentakfficiencies and findshat moreairports
are efficient after controlling for negative attributes. Using a similar tstage
methodology as Matrtini et al. (2013), Scotti et al. (2014) includes air pollution, noise, and
delay with two oytuts (vorkload and air transport movemsntBased on a sample of 44
U.S. airports in 2005 2009, the study finds that the large airports with a large average
fleet size are efficientvhen not considering negative attributelwever, the resuliare
not robust after considerintbe negative attributes.

The nonparametric methods (DEA and DDF) used in these papers haveajop

limitations. First, thenethodologiesvork bestwith limited numbers of inputs and outputs.

5 According to Lozanoand Gutierrez (2011) dackbased measure (SBM) is farm of data
envelopment analysis (DEAhodd and hasseveral attractiveharacteristicge.g., unitsinvariancg. The
SBM modelestimateghe optimal ratioof the average inputiecreasdo the average outpincreaseand
considersll inputs and output slack.
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Second, these papers only contain capital inpadkio notaccount fornon-capital inputs
such as labor andontractual servicesin contrast, themulti-output flexible form
methodologyoffers two significantadvantages ovanonparametric methodd-irst, the
flexible form cost function camcorporatemore inputsand outputs. Second, and more
importantly, flexible form methodologies providerther insights intothea i r por t 6 s ¢ «
and production characteristigacluding generalizedconomies of scale and scope, price
elasticities, and elasticities of substitutibrin contrast, nofparametric techniqus
typically concentrat®n estimating the production frontier or the efficiency scores without
explicitly describingthe production technology

This papercontributesto the current literature on airport cost analyie three
significantways Firstly, itimproveshecompletenesandaccuracyof airport cost analysis
by conducting a sheterm multioutput cost analysis that ilndesthreeessentiahegative
attributes delay, congestion, aradr pollution. This norecomprehensivenethodprovides
moreaccuratknowledgeof airport costs. Secondly, the papeovides acompleteanalysis
of production propertiesafter controlling forthe negative attributesuch as elasticities,
generalized scaland scopeconomies, technological progress, and productivity growth.
Thirdly, the paper differentiates ambmpares the production characteristi@ross
different airporttypes It specificallyinvestigats thedifferencesbetween medium and
large hubs,as well as between cargo and fwamgo airports. By highlighting these
differences the papeillustrateshow airports across differetypesoperate and perform

uniquely.

6 Some studies (Burgesk974;Truettetal., 1994) on other topics, such as international trade,
employ the cost analysis approach to analyegort demand and show the importance asfalyzing
productionproperties.
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2.3 Empirical Research Strategy

2.3.1 Cost Function

To motivate the empirical model sortrun operating costs with multiple positive
outputs and multiple inputs, the study assumes that airport managers seek to minimize total

variable costsTVC) to produce a set of positive outpuEguation2.1 summarizes the
airport manager 0s ¢wherélisiimepositiveoutpat vectorandp r o b | e

is the vector of input.

21

i3Bhp O®

In the long run, the airport cadjustall inputs. However, in the short run, there are
certain inputs, for example, the capital, that the airport castrarige which are (quasi)
fixed factorsThe resulting shorrun cost function”Yc Gl i@p , represents the minimum
total variable costs associated wathositive output levedp, given the input price vectay
and the vector of quasixed factors@

According to Oum and Trethew#&¥989), the quality of an airport's positive output
(departuresworkload, and noaeronautical revenji@ssociates with measurable negative

attributes (delaycongestion and pollutio.” The cost function needs to Inde these

" Negative attribute$ delay, congestion, arar pollutioni affectthe quality of positive outputs.
The term finegativé® doesnot mean thathese attributesre inherently negativdt emphasizeshat these
attributes areindesirableand negatively impact the positive outpukbe study uses the teifinegativé to
separatghese attributeBom the positive outputs, whetke termii p o s irdflectstleadthese outputs are
desirable from airporperations
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negative attributes to ecunt for theireffects on costs and adjusts the positive outputs for
the variations in negative attributes measuring the quality. This analysis considers three
positive outputs of the airpofnt departures (domestic and international), workload
(passengersfreight, and mail), and neaeronautickrevenue (e.g., food, retail stores,
hotels, and rental carg)and three associated negative attribiitdelay, congestion, and

air pollution. Equation 2.2 illustrates functions of the qualigdjusted output) |,

considering not only the quantity but also the quality aspedteafutput$

0 QQQN GOi 6HQ aMBiEHE "QQ M E Q&0 0 QE ¢
0 QU £ 1 QAR DAHE G & 6 0 QE ¢ 2.2
0 MEELELEDNQI £E O ANIUOBRR O«

Delays, congestion, and pollution are negative attritretated tadeparturesMore
departureslead to increasedielays, more congested runways, and higher pollutant
emissions.The negative attributes associated witlrkload unis representing both
passengers and cargaedelay andhir pollution. Theincreasinghumber of passengegpsits
pressure oairport operations;ausingdelays due tooperational constraintin addition it
requires larger aircraft tdransport more passengers and cargo without increasing
departureswhich leads tdigher pollution leveldNon-aeronautical revenwsso has dlay
as a negative attribute Airports may reallocate certain resources from aeroutcal
operationdo nortaeronautical activitie® increase nc@aeronautical revenu€onsidering

a i r plonited sedources, this magausedelays due tooperational constraintdow,

8 In order todistinguishfrom the positive outpuj , the study use§ to represent the quality
adjusted output.
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including the negative attributés Equation2.2 indicatesa new shortun cost function,

Yoo Ganph@rp , wheremis the positive output vector aiids negative attribute vector.

2.3.1.1 Translog Cost Function

Instead ofleriving the cost function through the cost minimization problem, Caves
et al. (1981) proposes an alternative approach using a translog cost fdn¢tibne
translog cost functigrunlike the cost functiombtainedfrom the optimization procests
not seltdual. In the context of panel data and considering the -fjnadi factork, the
multi-output translog variable cost function, incorporating three positive outputs and three
associated negative attributeskesthe form ofEquation2.3. For airport at timet, "Y@ 0

is the total variable cost§ is thepositiveoutputs; i is thenegativeattributel; |} is

the price of inpuj; Q is the quasfixed factor.

The inputs include labor, general airport operations, and contractual services.
Consistentwith McCarthy (2014), this study measures the gfiasd factor by the
equivalentn u mb e r of 1300 0 0, nétemc of sising the actual number of
runways This methodaccounts forthe differences in runway lengths. To matke
approximation at the sample mean of each varidgeation2.3 subtracts the log forms

of sample means, denotediad) ,1 11 A, andl Qfromi & ,I 1T ,I f ,and

9 The current literaturasesa variety offlexible functional formgo depictthe production process
such asCobbDouglas, constant elasticity of siittution, generalized Leontief, translog, and generalized
square root quadratic functiarifferent functions havdifferentimplications for productiogharacteristics,
such as homotheticity, elasticity of substitution, cost elasticity, and returoaléo s

10 According toHeathfield and Wibg1987, the translogfunction is a flexible functional form
whichrequires relativelfew restrictions. @veset al. (987 first preserd the trankg production and price
frontier, thenfurther extendthem tothe translogutility function. The translog cost functiosan extension
of CobbDouglasandconstant elasticity of substitutidanctiors, allowing the elasticitie®f substitution to
changewith input proportions

16



I 1Q, respectively, which results iBquation2.4. The model also includes the airport

effect and yeafixed effects in the estimation, with 2012 as the base’y€ar.
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A well-behaved variable cost functiomust satisfy symmetry and linear
homogeneity conditions. The symmetry conditiBguation2.5, requires the cost function
to be symmetric in variable input pricegherej, h=1,2,3and,g= 1, TBelinesdr.
homogeneity conditignEquation2.6, requires the cost function to be homogeneous of

degree one in variable input pricegherej, h=1, 2, 3 ands, g= 1, Tée study.

The variation ofthe equivalentnumber of runwaysver the sample period for each airpist
minimal in the sample. Consequentiycluding a complete set ddirport fixed effects49 binary dunmy
variable$ with the quasfixed factor in the moddkads to severmulticollinearity isstes, which make it
impossible to estimate the modehug to accountfor airportspedfic effects this studyusesthe airport
effectvariable,whichis similar totheyear trend variable artdkes values betwedrand50 for 50 airports
There is naefereceairpott in this approach

2The model includes seven binary dummy variables repiaggheyear fixed effects from 2013
to 2019, with 202 as thebaseyear.
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imposes lte symmetry and linear homogeneity restricsiaon Equation2.4 before the

estimationt®

p i 7 N T4 I

c I () I'h 1R I f

p . .

c I I 1 Firii | 17

p i 3 i 3 i 3

c I (N I nC 1 h | Br

p - -

ET [ I (¢ 54

f

N N oA N A

I/{ri1Q 110

—
—_
—
-
=
(@)
(@)
.
s g

B3 1f the studyutilized the actual inpuprices faced by airportthe symmetry conditiowould hold
in the estimation resulsven without imposing it before the estimatibtowever,given thatactualinput
price datafor contractual services and general airport operat@sinavailablethis sudy uses statkevel
real input price indexes derived from national input price indeRessequentlythe symmetryconstraint
does nonaturally hold Thus the study imposes the symmetnstrainfprior tothe estimationln addition
althoughhomogeneity shoultheoreticallyhold, it does ot naturallyhold for the sample datassith input
price indexesConsequentlythe study alsimposesthe homogeneityestriction prior to the estimation
whichis consistent with the current literatweployingthe translog cost function (Caves et al., 1981; Martin
et al., 2011; McCarthy, 2014, 2016).
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2.3.1.2 Cost Share Equations

The study derives Equatioa7 based onSh e p h ar d owmherels dsntimea
optimal demand for inpub. Based a Equatior2.7, the cost share equation of inpyt |,

is Equation2.8. The study estimates the cost share equations jointly with the translog cost

function, Equation2.4, as a system tonprove the estimationefficiency. Since thecost
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shares of three inputs sum to one, the study drops one input costshiatractual services

i before the egnhation*

2.3.2 Production Properties

Based on the estimation results Bfjuation2.4 and Equation 2.8, the study

measures and tests several production properties.

2.3.2.1 Price Elasticity
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Equation2.9 expresseshe price elasticity:- , which measureghe percentage

change of demand for inputo a one percent price change of inpuiThe paper uses
Equation2.10, proposed by Biswanger (1974}o calculatethe price elasticities he sign

of — showsthe substitutability between two inputs-Hf 1, then the two inputs are

substitutes in the airport production-f 1, then they are complements.

1 The estimatebased on maximum likelihood methodsnainunchangegdirrespectiveof which
costsharethe studydrops (Berndt, 1991).

20



2.3.2.2 Elasticity of Substitution

Morishima patial substitution elasticity, , measures the impact of timputprice

change on the input ratio (Chambers, 198)uation2.11 expresseshe elasticity of
substitution between inpaj andh. Based on Blackorby and Russell (1989), inpatsdh

are Morishima substitutes,jf > 0, and Morishima complements,if < 0. In addition,

the relative share of inptitdecreases if > 1 and increases,jf < 1.
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2.3.2.3 Economies of Capital Utilization

Based on Caves et al. (1981), when there(quast) fixed factor, Equation2.12
expresseshe return of capital stock utilization in the short tefdn, . Equation2.13

measureshe multiproduct returns to scale in the long teiin,
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2.3.2.4 Production Efficiency

Since the logarithm form does not allow zero output, the translog cost function

cannot directly calculatine productspecific scale economies. Howewie studycan still

21



analyze the presence ofopiuctspecific production efficiency by calculating the own
elasticity of marginal cost with respect to outpu®  (Kim, 1987).Taking logarithms

on both sids of Equation2.14 and then calculating the partial derivative with respect to
I R gives he expression d® , Equation2.15. If O T, thenproductspecificscale

economies exist.
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For the same reason mentioned above, the translog cost fucatioot directly
measurehe scope economies either. Howeube study employa similar strategy to

analyze joint production efficiencyEquation2.16 expresseshe cross marginal cost
elasticity of outpus with respect to a change in outgytO . If O T, then outputs
sandg are anticod complementarities, which is consistent with the existence of scope
diseconomies between two outputs. On the other ha@d, if 1T then outputs andg

are cost complementarities, which is consistent with the existence of scope economies

betweentwo outputs.
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2.3.2.5 Technological Progress and Productivity Growth

The technological progresgR) exists between yearand yeak (i  "Q when the
total variable costs decrease from ye&w yeark. Equation2.17 measuresechnological
progress.
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In addition, since Equation 2.4 incorporatesthe yearfixed effects, it is
straightforwardo determinéhow the total variable costs change over ti@igen tha012
is the base year, the coefficiéntof year dummy for yeart measures the technological
progress between 2012 and ygaroldingall other variables constariurther,the study
can calculatehe technological progress between any two ydeigiing all else constant
Between year to yeark, the techological progress is the difference of the coefficients on
the year dummie§, f ﬁ(TQ 1). Iff i 1T, then the total variable costs decrease
from yearr to yeark, holding all else constant, and technology improves from ryé&ar
yeark.

The stdy measuresrpductivity growth based on technological progress. Caves et
al. (1981) definsproductivity growthin two ways On the one hand, productivity growth
exists when the airpopgroduce more outputs than before using the same level of inputs.
In this case productivity growth denoted a$GY, is the rate at which all outpuisay
increaseover time assuminginputs remain constant On the other hand, productivity
growthariseswhen the aport utilizesfewerinputs than before tachievethe same output

level. In this case, productivity growttlenoted aBPGX is the rate at which all inputsay
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dedine over time while outputsremainconstantEquation2.18 and Equatior2.19 express

0 "O@nd0 "Ocbespectively.
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2.4 Data

The analysis utilizes panel data compiled from multiple datapaséeshcoveis 50
U.S. medium and large airports from 2012 to 2019 eomprisesl,188 observations.
Table Al presents a list fampleairports.Throughoutthe sample period, these 50 large
and medium hubeollectivelyaccount for61% of departures, 69% of passengers, 45% of
cargo, and 73% of naseronautical revenue®ngall U.S. airportsTable A2 summarizes

thedata sources.

2.4.1 Total Variable Cots, PositiveOutputs and Negative Attributes

This shortterm cost analysisneasures total variable costs ustotpl operating
costs. The Federal Aviation Adminiation (FAA) Certification Activity Tracking System

(CATS)providesai r por t sd annu a l*®THeitotaloopemting dostsingist o r ma t

15 Detroit Metropolitam Wayne County Airport (DTW3ubmittedits financial information twice in
2019. The first repoffrom October 12018,to September 30, 20 &ason September 30, 2018he second
report(from October 1, 201,90 December 31, 20)9%vason December 31, 201Fhisis because th@TW
changed its financial yeandfrom September 30 tDecember 3in 2019 Thereforethe study usethedata
from September 30, 2018r 2019, anchddsthe datafrom December 31, 20190 2020.
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of three components personnel compensation and benefits (labor costs), contractual
services costs, and geneaabort operations cost§.t’

The analysis includes three positive outputs: departures, workload units, and non
aeronautical revenue. Departure data is from the Bureau of Transportation Statistics (BTS)
T-100 Segment of Form 41 Traffic, whidontairs arport operations and workload
statistics Workload units are the sum of the number of passengers and the units of 220
pounds (100 kg) of cargo, following the method used by Bottasso and Conti (2012) and
McCarthy (2016). The neaeronautical revenugata is from FAA CATS® The analysis
also considers three associated negative attributes: delay, congestion, and air pollution.
BTS6 Ai-timeiPerfermadee Data is the souoé®oth flight delag and congestion.

Delay is the annual percentage of ayeld departing flights at each airpovthile
congestion is thannuakverage taxout time fordepartinglights. In additionthe measure
for air pollution is theannualmedian Air Quality Index (AQI) in the county where the
airportis located!® 2° The U.S. Environmental Protection Agency (EPA) is the sofmce

the AQI data. AQlangesfrom 0 to 500andlower valuesndicatebetter air quality. Using

16 personnel ampensation and benefits, also referred to as labor costs jrafhés are the salaries
andearningsof personnel directlyired by the airportas well aemployee benefits such as healtidlife
insuranceand employee pensions. The contractual servamess arethe costs of consulting, legal,
accounting, maintenance, financial servi@g] other services paid to commercial firms and government
agenciesThe repair and maintenance costs account fagjar portion of contractual services costs. The
general airport operations coswnsist ofcostsassociated witltommunications and utilities, supplies and
materials, insurance, claims and settlement, and other operating expenses thilldendetthe criteria of
labor and contractual services costs.

" The costs in this studgontainan exhaustive list dhputsandare all aggregated composites of
several inputs. Ideally, the model should theeactual priceand associated costs of each inngtead 6
aggregated composites. However, dailabledata does not supporttimethod

8 The primary sources of nomeronautical revenugrefood and beverage, retail stores and euty
free, rental carandhotels.

9 AQI data is available dhe county levelandcorebased statistical area (CBSA) level. AQI data
at anarrowergeographicscale such as city level, ignavailable.According to he Office of Management
and Budget (OMB)a CBSAincludesone or more counties, indidag that a CBSA iftenbiggerthan a
county.Consequentlythe studyutilizescountylevel AQI datainstead ofCBSA level data.

20 SinceKansas City International Airport (MCI) locates in Platte County, Missathiich lacks
AQI datg the study usede AQI data from Clay Countyissourj the closest county
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the median valuereduceghe problems caused by outlielBhe EPAclassifiesair quality
into six levels according toAQI values: good (€60), moderate (5100), unhealthy for
sensitive groups (16150), unhealthy (15200), very unhealthy (20200),andhazardous
(301 and higher). An alternative approach to measuringpdutionis to focus on airport
specific pollutants. However, thimethoddoes not necessaribffer a bettermeasurdor
air pollutionthan theAQI. According to Riley et al. (2021), most studesU.S. airports
identify carbon monoxide (CO), nitrogen dioxide (yOand sulfur dioxiddSC) asthe
three majorairport pollutants. However, no evidenseiggest which oneis the most
predominantpollutant EPA calculates AQlsing thesethree pollutants, along with
groundlevel ozone and patrticle pollutio@onsequentlythe AQlis a composite measure
consideing all three majomirportpollutants. Whilethere are countlievel dataavailable
for eachpollutant, dilizing the single polliuantdataat the same leves not necessarily

better tharusingthe AQI composite includingll three pollutants!

2.4.2 Input Prices and Quasdtixed Factor

Consistentvith the three components of total operating costs, this stutlydes
three inputs: laborcontractual services, and general airport operatiBagsiation 2.4
requires a price index for each input. The study calculates nominal laborysilcgsibor
costsand the number of fulime equivalent employees data from FAA CA¥The study

derives the real labor pricesy adjusting the nominal labor prices using GDP deflators

21 Section2.7 discusses how much better air pollution dataild likely affect the results.
22STL 2012, DAL 2013, STL 201#&ndMSY 2018 did not report fultime equivalenhumbes of
employees, leadg to four missing values fothelabor price index.
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(2012 = 100Bndthenstandardizinghem to the real labor price indexes with 2012 as the
baseyear (2012 = 100).

However,airportlevel price indexes for general airport operations and contractual
servicesare unavailable Therefore, the study uses natielealel producer price indexes
(PPI) from the Bureau of Labor Statistics (BLS)he price index for general airport
operationgs the PPI for airport operationwhile the price index for contractual services
is the PPI for nonresidential building maintenance and refafkccording to the
methodologyproposedn McCarthy (2014), the studyses a threstep process toonvert
thesenationatlevel nominal price indexes into std&el real price indexes:

Q) Standardizing nationdével nominal price indexes with 2012 as the base
year (2012 =Q0).

(2)  Adjusting the nationalevel nominal price indexes by stdevel Consumer
Price Index (CPI) to obtain the stdével nominal price indexes.

3) Converting the statkevel nominal price indexes to stdevel real price
indexes using the GDP deflat@0(2 = 100%*

The runway is a quasixed factorin the shorrun cost analysisThis studyfollows
the methodologggomMc Car t hy (2014) and uses 3t1b®dequi
runways (ENRW), Equation 2.20, to measure the quafiked factor where
Yo € 0 0w iQis thwlength of runway for airporti at timet. ENRW provides two

majoradvantagesver the actual number of runwaysrst, theactualnumber of runways

23 Thereis no PPI seriefor airport contractual services. Since the maintenanderepaicoss are
the major portion of airport contractual services costs, the atsdyPPI for nonresidential building
maintenance and repair e source fothe contractual services price index.

24 The resulting input price indexes are that input prices that airptsractually face. They can only
approximatethe actual input prices to some extemntjch mayhave somerrors. Section2.7 discusses this
limitation.
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is an inferior measure of runway capacijwen thedifferences in runway lengthg/hich

can be accommodated bging ENRW. Second, and related, since airports often extend an
existing runwayinstead ofconstructing a ew one, ENRWaccounts foithe changedo
existing runwayg® Although there is ndefinition for astandard runway, A0 , G2 6 0 6
runway can accommodate most passenger and cargo aircraft (McQad#hy,

B YOEULOOUIXNEYME 0 DWANQQO
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2.4.3 Summary Statistics

Table2.1 presens summary statistics for the full samleer airports and years.
All monetary values are in real terms (2012 $). The real total operatingdtostg the
sample period vgrfrom $28 million- Albuquerque International SunpdABQ, New
Mexico, 2016,mediun) - to $770 million-Chi cago OO0 Ha r(@RD,lllimdise r nat i ¢
2015, largg Among the three cost components, labor and contractual servidss cos
contribute similarproportions to total operating costs, 39% and 36% average
respectively In contrastgeneral airport operations costs account for an avefa@fgo of
total operating costfRegarding average variable costs, #weragevariabke costs per
departure are considerably high compared to per workload unit anrdenomautical
revenue Sincethe studystandardizeghe realinput price indexes using 2012 as the base

year (2012 = 100the sample means of thealprice indexes are very clo$&Regarding

25This method may neglect the discrete runway efféettion2.7 discusses the limitation of this
method.

26 The standard deviation dielabor priceindexis relaively high compared tdhe other two input
priceindexes This is becausthe labor pricéndexis derived fromairportlevel nominal wageswhich have
significantvariations gen after adjusting for deflation asthndardizationn contrastthe priceindexesfor
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positive outputs, Hartsfieldackson Atlanta International (ATIGeorgia, largehas the
samplehighest value$or both departures (0.46 million in 2012) and workload units (58

million in 2019).In contrast BurbankGlendalePasadena (BURCalifornia, mediumhas

the sample lowest values for both departures (0.02 million in 2014) and workload units (2
million in 2013). Los Angeles International (LAXalifornia large)hasthesamplehighest

amount of noraeronautical revenu@516 million in 2017, while Bradley International

(BDL, Connecticut, mediuinhasthe samplelowest amoun{$25 million in 2012. On
averagearoundl19% of flights experience delay each year, and the averageutatime

before departures 16 minutes. Thaverageannual median AQis 47, correspondg to

t he @ go andiadicdtimgy & k t Anair quality is satisfac
very close to the boundary of 5B ,e owHiecwhe | $
According to EPAthe average AQI for the United States during themaperiodis 39,
suggestinghatthe air quality asampleairportsis worse tharthe nationakhverageThe

range of samplé&QI values is bigPortlandInternational(PDX, Oregon, large) hake
sampldowest AQI value (the best air quality)31in 2016 while both BurbankGlendale

Pasadena (BURCalifornia, medium) and Los Angeles International (LAZalifornia,

large) have the sample highest AQI value(the poorest air qualitypf 84 in 2012
corresponding tahei moder at e levéld Thegavexrdge dquivalent number of

runways is 3.33, whicls slightly lower than the averagétheactual number of runways,

3.48 aftercontrolling for thedifferences in runway lengths

contractual services and general airport operationseesed onhenationatlevel Producer Price Index (PPI)
and statdevel Consumer Price Index (CPWhicharemorestandardize@andhaverelatively lowvariations

27 The three highest AQI values are 84 (LAX, California, large, 2012), 84 (BUR, California,
medium, 2012), and 83 (BUR, California, medium, 2014; LAX, California, large, 2014). The three lowest
AQI values are 31 (PDX, Oregon, large, 2016), 33 (MSP, Minngkote, 2012), and 33 (PDX, Oregon,
large, 2014).
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Table2.1: Descriptive statistics, 50 U.S. airports, 2012019

Full Sample _Over Over Years
Variables Airports
# of Meant Std. | #of | Std. | #of | Std.
Obs. Dev. | Obs. | Dev. | Obs. | Dev.
Costs Total operating costs | 400 180 168 50 167 8 15
(million Labor ' 400 70 71 50 69 8 7
2012%) Contractual serylces 400 64 61 50 61 8 6
General operations 400 46 53 50 52 8 2
Labor 400 | 0.39 | 0.12 | 50 | 0.10 8 0.01
Cost share | Contractuabervices 400 | 0.36 | 0.12 | 50 0.12 8 0.01
General operations 400 | 0.25 | 0.08 | 50 | 0.08 8 0.01
Average | Per departure 400 | 1,360 56 50 501 8 60
variable | Per workload unit 400 | 12.61 | 0.28 | 50 | 4.09 8 0.30
cossk Per noraeronautical
(2012%) | revenue 400 | 1.37 | 0.02 | 50 | 0.52 8 0.02
Real nput | Labor 396 | 103.96| 82.39| 50 | 80.77| 8 4,12
price Contractual services 400 | 101.55| 591 | 50 5.79 8 1.03
indexes
(2012 = | General operations 400 | 99.46 | 5.73 | 50 5.67 8 0.55
100)
Positive Departures _ 400 | 0.13 | 0.10 | 50 0.10 8 0.00
Workload units 400 15 12 50 12 8 1
o | Nor-aeronautical 400 | 131 | 104 | 50 | 103 | 8 | 13
(million) revenue (2012 $)
Delay rate 400 | 0.19 | 0.04 | 50 | 0.03 8 0.02
Negative | Averagetaxouttime | 50 | 416 | 4 | 50 | 4 | 8 | 1
; (minute)
attributes Median air quality
. 400 47 10 50 10 8 1
index
Quasifixed | Equivalentnumber of
factor 10, 0A6GO6 r 400 | 3.33 | 1.84 | 50 1.86 8 0.00

1. The sample means remain the same as the full sample when aasaggsdirportdyears.

2. Thelaborprice index isderivedby dividing labor costs bythe full-time equivalenhumber of
employees. STL 2012, DAL 2013, STL 2013, and MSY 2018 did not repetimdlequivalent
numbes of employees, ledadg to four missing values for the rdaborprice index.

3. Workload units ar¢he sum othe number of passengensd theunits of 220 pounds of cargo.

4. Theair quality index (AQIrangeis 0 to 500. A lower value means better air quality.

30



Table2.2: Descriptive statistics by hulize, 50 U.S. airports, 2022019

27 Large Hubs 23 Medium hubs
Variables # of Mean Std. # of Mean Std.
Obs. Dev. | Obs. Dev.
Costs Total operating costs 214 | 282 174 186 63 19
(million Labor _ 214 | 108 79 186 26 11
20128) Connaduglsennces _ 214 99 64 186 23 11
General airport operation| 214 74 59 186 14 4
Labor 214 | 0.38 0.09 | 186 | 0.41 | 0.12
Cost shares| Contractual services 214 | 0.36 0.12 | 186 | 0.36 | 0.13
General airport operation| 214 | 0.26 0.09 | 186 | 0.23 | 0.06
Average Per departure ' 214 | 1463 | 600 | 186 | 1,242 | 351
. Per workload unit 214 | 12.83 | 4.27 | 186 | 12.36 | 4.06
variable cost Per norraeronautical
(20123%) 214 | 1.48 0.66 | 186 | 1.25 | 0.32
revenue
Real hput | Labor 214 | 130.81| 102.96| 182 | 72.39 | 22.00
price indexes| Contractual services 214 | 9950 | 4.80 | 186 | 103.91| 6.19
(2012 = 100)| General airport operation| 214 | 97.44 | 4.65 | 186 | 101.79| 5.97
Positive Departures _ 214 | 0.20 0.09 | 186 | 0.05 | 0.02
Workload units 214 22 12 186 6 4
ou_hputs Non-aeronautical revenug 214 198 100 186 53 19
(million) | 5512)
Delay rate 214 | 0.20 0.04 | 186 | 0.18 | 0.03
Negatlve Av_erage taxiout time 214 18 4 186 13 1
attributes | (minute)
Median air quality index | 214 47 10 186 46 9
Quasifixed | Equivalentnumber of
factor 10, GAG®O r u 214 | 4.09 206 | 186 | 2.46 | 1.01

1. Portland International Airport (PDX) was a medium hub in 2012 and 2013 and a large hub
2013- 20109.

2. Workload units ar¢he sum othe number of passengensd theunits of 220 pounds of cargo.

3. The air quality index (AQIlyangeis 0 to 500. A lower &lue means better air quality.

4. Thelabor price indexis derivedby dividing labor costs bythe full-time equivalennumber of
employees. STL 2012, DAL 2013, STL 2013, and MSY 2018 did not repetimdlequivalent
numbes of employeesleadng to four missing values for the rdaborprice index.
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Panel A: Total Operating Costs, 2012 - 2019, Mean Values
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Figure2.3: Year trend for operating cost$H0 U.S. airports2012- 2019
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Input Price Indexes, 2012 - 2019, Mean Values
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Figure2.4: Year trends for real input price index8&6 U.S. airports2012i 2019

Table2.3: Sample correlation matrix

Non- Labor|Operation Contractug
Departurel Workload aeronauticg Delay |CongestiorfPollution rice P ice services |Runway

revenue P P price

Departures 1

Workload 0.96 1

Non-

aeronautics  0.87 0.86 1

revenue

Delay 0.25 0.27 0.25 1

Congestion 0.71 0.67 0.61 0.18 1

Pollution 0.09 0.08 0.09 0.01 -0.11 1

Labor priceg 0.35 0.34 0.32 0.18 0.53 -0.18 1

;?Ceera“ons 013 | -0.16 030 |-022| -027 | -017 |-032] 1

Contractua

services -0.13 -0.14 -0.28 -0.18 -0.25 -0.18 | -0.32| 0.99 1

price

Runway 0.67 0.65 0.60 0.12 0.39 0.03 | 0.18 0.27 0.27 1

1. To be consistent witthe form in Equatior2.4, all variablesare in form ofd &€ @i &f
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Panel A: Departures, 2012 - 2019, Mean Values
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Panel B: Workload Units, 2012 - 2019, Mean Values
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Panel C: Total Non-Aeronautical Revenue, 2012 - 2019, Mean Values
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Figure2.5: Year trends fopositiveoutputs 50 U.S. airports2012- 2019

34



Panel A: Delay Rate, 2012 - 2019, Mean Values
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Panel B: Average Taxi-Out Time, 2012 - 2019, Mean Values
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Figure2.6: Year trends fonegativeattributes 50 U.S. airports2012- 2019
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Panel A: Average Operating Costs per Departure, 2012 - 2019, Mean Values
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Panel C: Average Operating Costs per Non-Aeronautical Revenue, 2012 - 2019, Mean Values
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Figure2.7: Year trends for average operating costspasitiveoutput,50 U.S. airports,
20127 2019
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Panel A: Total Operating Costs versus Departures , 2012 - 2019
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Panel C: Total Operating Costs versus Non-Aeronautical Revenue, 2012 - 2019
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Figure2.8: Total operating costs verspssitiveoutputs,50 U.S. airports2012i 2019
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Panel A: Total Operating Costs versus Delay Rate, 2012 - 2019
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Panel B: Total Operating Costs versus Average Taxi-Out Time, 2012 - 2019
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Panel C: Total Operating Costs versus Air Quality Index (AQl), 2012 - 2019
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Figure2.9: Total operating costs versosgativeattributes 50 U.S. airports2012i 2019

38



1,000 2,000 3,000 4,000

Average Variable Cost of Departures (2012 $)

0

Panel A: Average Variable Cost of Departures versus Departures, 2012 - 2019

& .
.
. P
.y, S
..
L]
.
. o
4. '
T T T T T T
0 100,000 200,000 300,000 400,000 500,000
Departures
Sample Observations 95% CI
Fitted Values

Sources: Federal Aviation Administration (FAA), Bureau of Transportation Statistics (BTS)

Panel B: Average Variable Cost of Workload Units versus Workload Units, 2012 - 2019

swe
b

20
I

15
I

10
L

5
1

0
L

Average Variable Cost of Workload Units (201

T T
40
Workload Units (Million)

Sample Observations
Fitted Values

95% CI

Sources: Federal Aviation Administration (FAA), Bureau of Transportation Statistics (BTS)

Panel C: Average Variable Cost of Non-Aeronautical Revenue versus Non-Aeronautical Revenue, 2012 - 2019
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Figure2.10: Average variable costs verspssitiveoutputs 50 U.S. airports2012i 2019
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Table 2.2 provides a detailed comparison between large and medium hubs. As
expectedthe total operating costs, cost components, argitipe outputsfor large hubs
are generally three to five timethose formedium hubslLarge hubs also have higher
average variable costkan medium hubsalthough the differences are relatively small
compared tdotal operating costs and positive outpUtse averageqiivalentnumber of
runways for large hubs is twice tHat medium hubs, wéreaghe cost shares withsul>
samples arelose tothose in the full samplén addition,large hubs tend tbhavehigher
delay rats, longer taxiout minutes andslightly poorer air quality compared to medium
hubs.The high positive output levels of large hubs contributéhése differencedVith
respect toinput prices, large hubs fagauch higher laborprices but lower prices for
contractual services and gereaxaport operationshan medium hub$A potential reason
is thatlarge hubs aresuallylocated in large citiesvherelabor priceis higher, andinput
markets are more competititgansmaller cities.

Table A3 presens descriptive statisticBy year, whileFigure 2.3 to Figure 2.7
present the trends for key variablésgure 2.3 shows that the total operating costs
consisterly and rajdly increaseover the sample period. All three cost components
significanty increase, andhe labor and contractual services costs shibw most
pronouncedgrowth However the cost shares remain relatively stater the sample
period Figure2.4 illustrates thancreasingrends inrealinput priceindexes causing the
overallgrowthin total variablecosts Figure2.5 demonstrates the significant growth of all
three positive outputsvith different patterns. While workload and naeronautical

revenuehave a consistelyt increasng trend over the sample period, departurésst
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decreasebetween 2012 and 2014 and thiwrease startingrom 201428 Negative
attributes alsdvavechangesorresponding to the trends of positive outpats shown in
Figure 2.6. The average taaut time steady increass, indicating more congestd
runways during the sample periolthough tle AQI only decreases reepoints, the
generabedining trendreflecstheefforts of the government and airportsemvironmental
protectian, as well aghetechnologcal improvemenin reducingairportrelated pollution.
The delayfluctuates over the sample periddthoughthe currentiteraturedoes not offer
arelevantanalysis 6thedelaychanges durinthe samplgeriod,FAA suggests thahany
factors,such asapacity constraints, airline scheduling changes, operational disruptions,
and weatherelated factorscan contribute to delayfhechanges in positive outplévels
are only one of those factorth addition, as emphasizedoy Brueckner (2002) and
Brueckner et al. (2021, 2022), negative attributes such as delay and congestion are not
entirely within the control of airportsdractors such as airline &cheduling anccost
internalization decisions can significantly affect the negative attributes.

Figure 2.7 illustrates the significant differences tine trends of aeragevariable
costs for three positive outpuihe averageariablecoss for departuresiave & upward
trend while the average variable costs workloadhave a downward trend’he average
variable cost of nonaeronautical revenuleavea U-shaped cwe with a less than 1%
changeln addition Figure Al illustrates thatthe increasethbor and contractual services

costsare the main reason ftreupward trendn theaveragevariablecoss for departures

28 The declingn departures during 20122014 might resulfrom the airline consolidatios, such
as the acquisition of Continental Airlines by United Airlines in 2012 and the acquisition of US Airways by
American Airlines in 2013Section2.7 discusseshe potential effect of this on the estimatiesults
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In contrastthe decreasedeneral airport operations cos@usea downward trendn the
averagevariablecosts for workload.

Figure2.8, Figure2.9, and thesamplecorrelationmatrix Table2.3 demonstrat¢he
sample correlations among variableégure2.8 showsstrong positivesamplecorrelations
between total perating costs arehch othe three positive outputsSigure2.9, on the other
hand,demonstrateseakerpositivesamplecorrelations between total operating costs and
negative attributesWhile Figure A2 displays significantly positive sample correlations
among the three positive outys, Figure A3 shows that the correlations among the three
negative attributes are much weaker. Basedrignre A4, Figure A5, andFigure A6,
positive sample correlationsxist between the three negative attributes and e&dhe
threepositive output. The correlationgsire strongebetween delagongestiorandpositive
outputs than pollutionTable 2.3 presents consistent results based on sample correlation
coefficients and shows thstrong correlationsexistamong positive outputs whilgeaker
correlationsexist among negative attributetn addition runwaysgenerally have low
correlations with negative attributes but higbrrelations with positive outputs in the
sample Thestrongsamplecorrelations among variables magusamulticollinearity issues
in estimding the translog cost function.

Finally, Figure 2.10 demonstrateshe relationship betweegpositive outputs and
their average variable costs. Theak positive relatinship between departures and their
average variable casindicaesscale diseconomie€n the other handhe weak negative
relationship between workload andatgerage variable ctssuggest scale economiesn
addition, the increase in naeronautial revenue does not affect #gerage variable cast

suggestingonstant scale economidsowever, theseorrelationsdo not provideeliable
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conclusionon causality andre basednly on sample statistic¥he empirical analysis in

Section2.5 offers more reliable conclusions on production properties.

2.5 Empirical Results

2.5.1 Main Regression Results

Table2.4 presents the iterative seemingly unrelated regression equations (ITSUR)
estimation results for the translog cost functiBguation2.4. The study estimates the
translog cost function jointly with cost share functioBguation2.8, as a systemrlhe
study dropsthe cost share for contractual services before the estimatabie 2.4
summarizeshe firstorder coefficiens from models with different numbers pbsitive
outputs and negative attributes. The estimatiomnisegth Model 1with only onepositive
output- departuresThe study sbsequentlyenerateModel 2 and Model 3 by adding the
other two positive outputs- workload and noraeronautical revenualong with their
relevant interactive and quadratic terrmse at a time to Model 1. Model 3, referred to as
the output model in this studiyasall threepositiveoutputs.The studycreates Model 4 to
Model 6 by inorporating the threassociatedhegative attributegdelay, congestion, and
pollution) one at a timalong with their relevant interactive and quadratic tantessModel
3. Model 6 referred toas the attribute model in this studythe complete modelnd has
all threepositiveoutputs andhreenegative attributelthough not reported imable2.4,
the estimation of each model is basedtloa full Equation2.4 with complete sets of

variables, including the airport effect and yéiaed effects?®

2 Table A4 andTable A5 summarizehe complete estimation results for Model 3 and Model 6,
respectively.
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Table2.4: ITSUR estimation results of translog costdtions, firstorder coefficients, 50
U.S. airports, 20122019

Model | Model | Model | Model | Model | Model
1 2 3 4 5 6
0.867 | 0.299 | 0.106 | 0.143 | -0.010 | 0.036
(0.000) | (0.000) | (0.137)| (0.034) | (0.914)| (0.675)
0.545 | 0.259 | 0.200 | 0.282 | 0.253
(0.000) | (0.001) | (0.005) | (0.002) | (0.004)

Variables

Departures

Positive | Workload
outputs

:;rgnauﬁcal 0.589 | 0.610 | 0.621 | 0.530
(0.000) | (0.000) | (0.000) | (0.000)
revenue
Delay 0.335 | 0.384 | 0.400
(0.000) | (0.000) | (0.000)
Negative Congestion 0.294 | 0.314
attributes (0.002) | (0.001)
Pollution -0.007
(0.920)
Real || po e | 0402 | 0.400 | 0.400 | 0398 | 0.400 | 0.400
input (0.000) | (0.000) | (0.000) | (0.000)| (0.000)| (0.000)

price | Operations | 0.254 | 0.251 | 0.249 | 0.249 | 0.246 | 0.246
indexes | price (0.000) | (0.000) | (0.000) | (0.000) | (0.000) | (0.000)

Quasi 0.065 | 0.138 | 0.011 | 0.010 | -0.007 | 0.067
fixed | Runways
factor (0.172) | (0.002) | (0.758) | (0.775) | (0.861) | (0.097)

R-squared 0.864 0.913 0.953 0.961 0.964 0.970
1. ITSUR: iterative seemingly unrelated regressistimation. Number of observations: 1,188.
2. CompleteEquation2.4 with full sets ofvariables is estimatedhcludingairporteffectand year
fixed effects.This table summarizes tlfiest-ordercoefficients The table reports the coefficiel
estimates ang-values in parenthesdaull estimation results of Model 3 and Model 6 are repo
in Table A4 andTable A5, respectively. All variables reported in this table are in log form.

As the model incorporatesiore positive outputs and negative attributes, the R
squared value increases from 0.864 to 0.83&h Model 1 to Model 6suggestingan
improved modefit. The coefficientestimaeson input prices alseonfirm the fit of the
model. According t&Equation2.8 for cost shares, tHest-ordercoefficients on input prices
equal the cost sharesralued atsamplemeans The coefficients on labor price and
operations pricarewithin the ange of [0.398, 0.402] and [0.246, 0.254], respectively,

which are very close to their corresponding sampdancost shares of 39% (labor) and
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25% (operations). These input price coefficiaarsstable across all six models and have
p-values of 0.000From Model 1 to Model 6, thaunways coefficient fluctuate in
magnitude and faluesdue tothe multicollinearitycaused by incorporating additional
variables®® As shown inTable2.3, runways generalljjavehigh correlatios with positive
outputs. Howeveraddingmore variables helps reduce potential omitted variable bias. The
departurescoefficient in Model 1 is 0.867 with a-palue of 0.000.The firstorder
departurs coefficient decreasesignificanty as the model incorporatesmore positive
outputs and negative attributéBhe increase inp-values, especiallyafter incorporating
non-aeronauticalrevenue and congestion variablés caused bytheir strong sample
correlations. Inaddition the coefficients on workload and rarronautical revenuare
stable and statistically significant e model gradually inadesthe negative attributes.

Table A4 preserd the complete estimation results of the output model (Model 3 in
Table2.4), while Table A5 presend the complete estimation results of the attribute model
(Model 6 inTable2.4). The output mdel,Model 3, is commonlutilizedin current airport
cost analysis literature, while the attribute molfddel 6,proposedy this studyprovides
a more comprehensianalysisof airportproduction.

According toTable A5, the attribute model fits the data well with arsuared
value of 0.97. The estimated cost shares for all three inputs are positivesanple

observations except for oA€The estimated marginal cost for departures, workload, and

30 Thelargevariations in the magnitude anevplues of the runway coefficients acrdiss models
areconsistentvith McCarthy (2014, 2016). McCarthy (201d3timatesa singleoutput(departuresiodel
(similar toModel 1)and findsa runway coefficient of-0.1314 wih a pvalue of 0.1373. On the other hand,
McCarthy (2016) emplaya multiroutput model (similar tdModel 3)and findsa runway coefficient of
0.258515 with a ywalue of 0.0002The two studiegMcCarthy, 2014and2016) sesimilar datasets.

31The estimatd cost shares for all three inputs are positive ataalipleobservations exceor
one observation Dallas Love Field (DAL) in 2018. The estimated labor cost share for DAL in 20418 is
10.6%. DAL reportgotal labor coss$ of $20,980n 2018with alabar cost sharef 0.04% both of which are
sample minimunvaluesand outlies.
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norraeronautical revenue is nmegative for 68%, 67%, and 100% of sample observations,
respectively. The coefficients on ydated effects are all negative and statistically
significant at the 5% leal, except for 2016 with a-palue of 0.09. This suggests that the
annualtotal operating costs during 20132019 are consistently less than the base year
2012, holding all else constasyjggestinghe technological progress compared to the base
year3? According toEquation2.4, the firstordercoefficiens represent theostelasticities

at sample means. Thesultsshowseveral findingdasedon the firstordercoefficiens.
Both input price coefficientslabor 0.400 and operations @.246, are statistically
significant andvery close to the sample means of cost shares. The rsmeafficient,
0.067, is a&o statistically significant ahe 10% leve] andthe positivevaluesuggest that
thesampleairpors areslightly overcapitalize@t the sample meanall the coefficienton
positive outputsre statistically significant @ahe1% level andarebetweerD and 1except

for the departurecoefficient with a pvalue of 0.675A 1% increase in workload (nen
aeronautical revenudg¢ads toa 0.253% (0.53%) increase in total operating costs. Both
showstrong scale economies at sample means.

As shownin Table 2.4, the firstorder coefficiens on positive outputs and input
prices in the attribute model are generakllyy similar tothe output model. However, the
runways coefficient is very small (0.011) and insignificant@lue 0.758)n the output
model The coefficients ompositive outputs in the attribute model are generally smaller
than the output modelndremain statistically significant. This suggests that part of the
effects ofpositive outputs on the total operating cosighe output modehre associated

with negative attributesThe positive and statistically significanbefficients on delay

32 Section2.5.2.5provides a detailed analysi$ chnological progress based the yeatfixed
effects.
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(0.400) anacongestion (0.314hdicatethe positive effects of these two negative attributes
on total operating costs. At sample means, a 1% increase in annual delay rate and average
taxi-out timeresults ina 0.4% and 0.314% increase in total operating costs,atasge.
The pollution coefficient isstatistically insignificant and negativppssibly due to the
limitations of AQI data. The AQI data used in this study is at the county, igk&lhis not
specific to airport area¥hestudy would more accurately nseae the pollutiooefficient
if airportspecific pollution data were available

There are two issues with calculating cost elasticities basdte@ample means
used abovereferred to as the sample mean method in this studylyf-mst airportin the
samplehasthe same levels gfositiveoutputs, negative attributes, input price, and gquasi
fixed factor as the sample meafdius the intuition of the conclusionsis limited.
Secondlygiventhenonlinear nature dhetranslog functio, predictng cost elasticities at
the sample means can introduce aggregationTwesddress thegssuesthe studyutilizes
a more robust approadby first calculaing the cost elasticity for each observatign
considering both the firsind seconarder coefficients and thenenumerating over the
sampleto obtain the meanThis enumeratedamplemean approach, referred to as the
enumeratedamplemean method in this studsplvestheabovementionedimitations.As
presentedn Table2.5, theenumerated sample mealasticity of total operating costsr
three negative attributes is 0.38% (delay), 0.33% (congestion);0a08P0 (pollution),
respectively. This implies that, aaverage, a 1% increase in the annual delay rate and
average taxout timeresultsin a 0.38% and 0.33% increase in total operating costs,
respectivelyln contrasta 1% increase in trennuaimedian AQlleads taa 0.08% decrease

in total operating cost3.he negative impact of pollution on operating casight be due
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tothedata limitations discussed earlier. Regardingthativeoutputs, based on the output
model, a 1% increase in departures, workload units, and@amautical revenuesults
ina 0241%, 0.141%, and 0.545% increase in total operating costs, respectively. However,
the cost elasticitie®r threepositive outputs become smallar the attribute model after
controlling for the negative attributeShe attribute model indicates that% increase in
departures, workload units, and ra@ronautical revenuesults ira 0.171%, 0.134%, and
0.506% increase in total operating costs, respectidalged on the cost elasticiti¢ésese
findings indicatethat airport productiorxhibits strongscale economies in each of the
threepositiveoutputs.In addition the cost elasticity of runways negative {0.039) in the
output modelsuggestinghatairports are undercapitalizesxh averageHowever, the cost
elasticity of runwag becomes positivén the attribute model considering the negative
attributesindicatingthat airports arevercapitalizesn average

The comparison hereen values iffable2.5 Panel Aand Panel Bnhdicates thdias
in the cost elasticity estimates from the sample mean method. Specifically, the sample
mean method underestimatis® magnitudes ofost elasticities fodeparture (sample
mean method 0.036 versus enumerated sample mean method 0.171) and pollution (sample
mean method0.007 versus enumerated sample mean meth6d@8). On the other hand,
the sample mean method overestimates the cost elasticities Waortiead 6ample mean
method0.253 versus enumeratedmple mean methdil134) and runways@mple mean

method0.067 versus enumeratsdmple mean meth@l039).
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Table2.5: Cost elasticities

PanelA: PanelB:

Model with negative Model without negative

attributes (attribute model)  attributes (output model)
Departures 0.171 0.241
(0.000) (0.000)

" 0.134 0.141
Positive | Workload (0.000) (0.000)
outputs Nor-

aeronautica| 0.506 0.545
(0.000) (0.000)
revenue
Delay 0.380 i
(0.000)
Negative Congestion 0.330 i
attributes (0.000)
. -0.078
Pollution (0.010) -
Runways 0.039 -0.039
(0.000) (0.002)

1. The complete elastidéts of positive outputs andnegativeattributes are calculated at ea
observation by considering both firsind seconardercoefficients Enumerated sampleean
values and falues in parentheses are reported.

Table2.6: Own and cross price elasticities

Panel A: Model with negativeattributes (attribute model)

h
Labor Operations Contrgctual
services
Labor -0.457 0.259 0.198
j  Operations 0.411 1.461(-0.752) -1.87R2
Contractual services 0.210 -1.328 1.11§-0.446)
Panel B: Model without negativeattributes (output model)
h
Labor Operations Contractual
services
Labor -0.449 0.272 0.177
j  Operations 0.432 0.342(-0.752) -0.774
Contractual services 0.185 -0.559 0.373-0.406)
1. — s the elasticity of inputwith respect to the price change of input
2. All values reported are statistically significawith p-values of 0.000, based on a mean test.
3. Values in parentheses are calculated when were set to 0 due to being statistica

indifferent from Qat the significant level of 15%.
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2.5.2 Production Properties

Based orthecomplet estimation results presentedliable A4 andTable A5 for
the output model anithe attribute model, respectively, the study calcid#te production
properties using the meassrfom Section2.3.1.2 All estimats of the production
propetiesreported in this secticarethe enumeratesamplemean valueaunless explicitly
stated otherwiseThe study calculatetheseenumerated sample meaalues byfirst
calculating the measure for each observationthedaveragng thevaluesacross théull

sample.

2.5.2.1 Price Elasticities

Table2.6 presentghe price elasticities calculated usiBguation2.10for both the
attributeand output model The diagonaVvaluesare ownprice elasticities, while the off
diagonalvaluesare crosgrice elasticities. IPanel A for the attribute modethe own-
price elasticityfor labor is negativewhile the values foroperations and contractual
servicesare positive 3 Statistically, the positive owprice elasticity of operations is

primarily due tothe large coefficienestimaté ( = 0.536 inEquation

2.10 Part A), compared to the estimated cost share of operations {mear®.248 in

Equation2.10 Part A .34 However, this coefficient is not statistically significant at the 15%

33 The estimated owsprice elasticities for operations and contractual senacespositivefor all
observationsn the attributed modelThe ownprice elasticity range is [0.936, 2.432] for openasiand
[0.573, 2.323] for contractual services.

3% The large coefficient estimatg affecs the coefficient estimate
I and the resulting own-price elasticity of contractual services basedEguation
2.10. This is becausthe study dropthe cost share of contractual servibe$ore the estimatiormhus the
coefficientestimates related tontractual services aderivedbased orthe linear homogeneity restriction
using the coefficient estimatelated tolabor and operations. Therefore, the coefficient estimate
f can affect the estimation of and the resulting owprice elasticity
of contractual services.
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level. Thereforean alternative is to set the coefficient as 0, tlen the own

price elasticities would bed.752 for operations and).446 for contractual services, as
reported in parenthes&sin eithercase the operations are the most elastic input.

The crossrice elasticities inPanel A are positive betweemabor and
operation&ontractual serviced\ 1% increase in labor prideadsto a 0.411% increase in
the operationsdemandand a 0.21% increase the contractual servicdemand On the
other hangdthe crosgrice elasticities between operations and @mttral servicesre
negative A 1% price increase ithe contractual services (operatiofedds toa 1.87%
(1.328%)decrease in theperations (contractual service®mandThese findingsndicate
that laboris a substitute for both operations and coctral servicesind labor has stronger
substitutability with operations than with contractual services. On the other hand,
operations and contractual services are complements.

There ardooth similarities and differencé&tween the results of this study dhd
studies without negative attributé®egardingown-price elasticity, the findinggom this
study are consistent witkicCarthy (2014, 2016)mploying a shoriterm translog cost
function. McCarthy (2014, 2016how that general airport operations aresnprice
elastic, while labor and contractual services @iee inelastic. However, the owprice
elasticity of operations in this study is less than 1, lower in magnitudéh@aangdrom
McCarthy (2014, 2016)3.73 t0-2.34. On the other hanlhng-term cost analyes based
on Asian and Spanish dataow and Tang2006 Martin et al, 2011)find significanty
strongerown-price elasticiesfor labor and contractual servicegth arange of -5.049 to

-23.763 for labor and4.387 to-11.662 forcontratual servicesRegarding crosprice

35 McCarthy (2014) uses this method to set the insignificant ruswagfficient to 0 when
calculating the returns to runway utilization. See McCarthy (2014) footnote 18.
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elasticity, McCarthy (2016)irids that laboris a substitute for operations and contractual
servicesandthe crossprice elasticitiesare0.385 (labor and operations) and 0.253 (labor
and contractual service®ased on théong-term costs, Low and Tang (200&)dsa high
crossprice elasticity of 0.692 to 2.573 between labor and contractual sersugggsting
strong substitatbility. The resultsin Table 2.6 are consistenwith McCarthy (2006).
However, McCarthy (2016) alsanfls that operations and contractual services are
substituteswith a crossprice elasticityof 1.445, whle this studyshows that they are
complements withhe crossprice elasticity ranging frori.328 to-1.872.

The price elasticitieprovidenewinsights into the changes in cost shares. Over the
sample period, thprices ofthree inputs increadéy 9% (labor), 12% (operations), and
15% (contractual services), respectively. The increase in @hmreducests demand
while the price increases of the other two inputs increasedapaand Although the cross
price effects boperations (0.259) and contractual service (0.198) on labor are smaller than
the own-price effectof labor(0.457), themore significanprice increases of the other two
inputs compared tthelabor price increaseompensatéor this difference. As a result, the
overall own and crossrice effectson labordemandareapproximatelyequal,leadingto
a relatively stable labor cost shaas,shownn Figure2.3 Panel C Similar reasoning can
explain the stable cost shares of the other two inputs.

In Panel B, the results based on the output madegenerallyconsistentvith the
attribute modein Panel A, with two exceptions. First, labor igtmostprice-elastic input
in the output modelwhile operationsare the mostprice-inelastic hput However,the

results of owrprice elasticities would be consistent willanel A if the coefficient
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I were set to (*® Second, the output modshowsa much weaker

complementarity between operations and contractual services, only about half of the value

in the attribute model.

2.5.2.2 Elasticity of Substitution

Table2.7: Elasticities of substitution

Panel A: Model with negativeattributes (attribute model)

h
Labor Operations Contrgctual
services
Labor - -1.202(1.011) -0.920(0.644)
j  Operations 0.868 - -2.991
Contractual service: 0.667 -2.790 -
Panel B: Model without negativeattributes (output model)
h
Labor Operations Contrgctual
services
Labor - -0.070(1.024) -0.196(0.583)
j  Operations 0.881 - -1.147
Contractual service: 0.634 -0.900 -
1. , isthe elasticity of input ratiph with respect to the change price ratioof inputs h andj.
2. All values are statistically significanwith p-values of 0.000, based on a mean test.
3. Values in parentheses are calculated Wwhen were set to 0 due to being statistica

insignificantat the15%level.

Table 2.7 presend the Morishima elasticities of substitution calculated based on
Equation2.11 for both the attribute and output mosleThese elasticitiesneasurethe
substitutability or complementarity between two inphased orthe percentage change in

the input quantity ratio re#ing from a 1% change in the price ratio of two inputs.

3¢ The coefficientestimate in the output model is 0.267 with avalue of 0.503
which is larger than the estimategerationsost sharédmean= 0.248. Consequentlyit leads to positive
own-price elasticities for both operations and contractual cesviThe estimated owprice elasticities for
operations and contractual services are positive for all observations in the outpuwitbdehng 0f0.157
to 0.766 for operations and from 0.187 to 1.077 for contractual services.
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According to Blackorby and Russell (198@)utsj andh are Morishima substitutes, jf
> 0, and Morishima complements jf < 0. Therefore, labor is a substitute for both

operations andontractual servicaa Panel A with stronger substitutability between labor
and operations. On the other hand, operations and contractual services are strong
complements. These resudtieconsistent with theonclusions fronthe price elasticiy.

In addtion, Blackorby and Russell (198Blustrates that the percentage change in

the relativeshares of inputsandh, caused by 1% change in the relative price;, equas

1-, . Therefore the relative share of inphtincreasewhen its pricencreasesf , <1.
In contrastif,, > 1, the relative share of inpiitdecrease Panel Aindicates that:

(1) When labopriceincreases, the relative shares of operations and contractual
services decreas€he relative share of contractual services decssaseethanoperations,
suggesing strongersubstitutability between labor and operations.

(2)  When operationpriceincreases, the relative share of lalmareasesvhile
the relative sharef contractual services decreaskhis confirms that operations and labor
are substitutes, while operations and contractual services are complements.

(3)  When contractual servicgsiceincreases, the relative shares of labor and
operations decreasEhe rehtive share of operations decreas®wrethanlabor, confirming
that contractual services and labor are substitutes, while contractual services and operations
are complements.

The output model results iBanel B are generallyconsistentwith the attribute
model. Howevercompared to the attribute modéhe effects othe operationsprice

increase on the relative shares of labor and contractual services are wehkeputput
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model| while the effects ofhe contractual servicgsice increase on thelative shares of

labor and operations are stronge

2.5.2.3 Returns to Scale

Table 2.8 reports the shoiterm returns of capital stock utilization and the long
term multiproduct returns to scalmsed ofcquation2.12 andEquation2.13, respectively.
All values are statistically significanivith p-values of 0.000 against the hypothesis of
constant returns. Panel Aliggest that airports experience increasing returns taagp
utilization (1.343) as well as mufiroduct increasing returns to scale (1.223Mdhough
the conclusionare generallgonsistent with the attribute model, the output model results
in Panel Bshowslightly lower values for both measures, with difiecesof -0.245 and

0.103, respectivelyrhissuggestthatthe output model underestimathe returns to scale.

Table2.8: Returns to scale

Panel A: Panel B:
Model with negativeattributes Model without negative
(attribute model) attributes (output model)
O 1.343 1.098
O 1.237 1.134

O :the returns of capital stockilization in the short term.

All values are statistically different from 1 withvalues of 0.000, based on a mean test.
[®) : the multiproduct returns to scale in the long term.

1.
2.
3.

As discussed iection2.5.], the attribute model provides more accuesimats
for returns to scale by separating the effects of negative attributes from the cost elasticities
for positiveoutputs.In addition, accating to Equation2.12 andEquation2.13, the lower
value of longterm multiproduct returns to scaldanthe shoriterm returns of runway

utilization indicatespositive cost elasticitie®r runways. In the output model, the cost
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elasticity for runways is0.039 with a pvalue of 0.002|eading toslightly higher multi
product returns to scale (1.13thanthe returns of runway utilization (1.098). contrast
in the attribute model, the cost elasticity for runways is 0.039 withvaye of 0.000,
resulting inslightly lower multiproduct returnso scale (1.237hanthe returns of runway
utilization (1.343). This indicates that aftesntrolling fornegative attributes, airports in
the samplare overcapitalizedn averageas discussed iBection2.5.1

These findingsare consistent witkhe currentliterature. Martin et al. (20)1also
findsa positive and statistically significant coefficient for runway lengjtie studyepors
shortrun economies otapacity utilizationof 1.70, higher than multproduct longrun

returns (1.18)The valuesrecloseto the estimates this study.

2.5.2.4 Production Efficiency

Although thetranslog cost function does not allalivect calculatios of scale and
scope economiefhe estimates of marginal cost elasticijiesvide someinsights.Table
2.9 repors the own and crossmarginal cost elasticities for thrgmositive outputs,
calculated usingquation2.15 andEquation2.16, respectively. The-palues for the mean
test are in parentheséhe diagonal values areva-marginal cost elasticities, while eff
diagmal valuesare crossmarginal cost elasticities. A negative owrarginal cost
elasticitymeansthatas the output increasess iharginal cost decreasaxnsistent with
theexistencef scale economies. Similarly, a negative cnosgginal cost elasticityneans
that asanoutput increases, the marginal costhaf otheoutputdeaeasesconsistent with

the presencef scope economies.
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Table2.9: Marginal cost elasticities

Panel A: Model with negativeattributes (attribute model)

g
Non-
Departures Workload aeronautical
revenue
Departures -3.308 0.096 0.786
(0.288Y (0.055) (0.026)
s Workload 1.016 -31.516 -6.343
(0.108) (0.169) (0.215)
Non-aeronautical 0.443 0.431 -0.748
revenue (0.000) (0.000) (0.000)
Panel B: Model without negativeattributes (output model)
g
Non-
Departures Workload aeronautical
revenue
Departures -0.638 -0.275 0.541
(0.000) (0.622) (0.000)
s Workload -0.680 0.474 0.850
(0.613) (0.807) (0.057)
Non-aeronautical 0.227 0.565 -0.773
revenue (0.000) (0.000) (0.000)

1. O isthe elasticity of outpugwith respect to outpug.

2. P-values are reported in parentheses basedweea test.

3. The large negative mean value of the own marginal cost eladtcitige workload isdue toa
few large negative extreme estimated values in the sample. The median value in the s
0.771, which is consistent with the normal magnituddastieities.

In Panel A, all thregositiveoutputshavenegative owrmarginal cost elasticities
suggestinghe existenceof productspecific scale economiésHowever, only the value
for nonaeronautical revenue is statistically significanthet 5% level,indicating scale
economies in no@eronautical revenué addition three crossnarginal cost elasticities
are statistically significant ahe 5% level- 0.786, 0.443, and 0.431. A 1% increase in

departures (neaeronautical revenu&ads taa 0.443% (0.786%) increase in the marginal

37 A few extreme negativestimated values in the samiglad tothe large negative mean value of
the own marginal cost elasticityr workload,-31.516. The median value in the sample is 0.771, consistent
with the normal magnitude of elasticities.
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cost of noraeronautical revenue (departures). Furthermore, a 1% increase in workload
unitsresults ina 0.431% increase the marginal cost of neaeronautical revenue. These
findings suggesthe existenceof weak scope diseconomies between deparivoekioad
and noraeronautical revenudndicating that these positive outputs arest anti
complementarities.

The output moel resultsin Panel Balso suggestthe existenceof weak scope
diseconomies in these twositiveoutput pairsHoweverthe output modailnderestimates
the scope diseconomies between departures an@earonautical revenue by 0.216 to
0.245 and overestines the scope diseconomies between workload and@&mmautical
revenue by 0.134. The output model alsdicateshe presencef weak scale economies

in departures, which is statistically insignificamthe attribute model.

2.5.2.5 Technological Progress andoductivity Growth

Equation2.4 calculates theéechnological progredsased orthe yea#fixed effect
coefficients The study calculates the technological progress between adjacent years and
then determines the average annual technological progrefs thesample period.able
2.10 presens the coefficient®n theyearfixed effects and technological prograsses
from both the attributeand output mods] with 2012 as the base year. PaneioAthe
attribute modelshowsthat most of the coefficients on year dummies are sttially
significant atthe 5% level. In 2013, the production technology signifiaimhproved by
10.37%. Howeverthere was a slight technolicgl declineduring2014- 2016 with the
highest annual decline being 2.75%tarting from 2017, there wassdow recovery with
minor technologicalimprovements. Over the entire sample period, there was overall

progress in technology, with an average annual progress rate of 1.62%.
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On the other handPanel B rgportsthe output modeakesults which differ from Panel
A. The coefficients of year dummies are not statistically signifisafanel B Over the
sample period, thengerefrequent alternatisbetween technological progress and regress,
with relatively small magnitudes. Although thiesults confirm overall technological
progress over the sample period, deput model significantly underestimatbs annual

technological progress raleading toa value of only 0.33%.

Table2.10: Techndogical progress

Panel A: Panel B:
Model with negativeattributes Model without negativeattributes
(attribute model) (output model)

Year Coefficient Technological Coefficient Technological
estimate of year progress estimate ofyear progress
dumm compared to the dumm compared to the

y previous year y previous year

-0.104 0 -0.006 0

2013 (0.006) 10.37% (-0.875) 0.61%
-0.099 0 0.017 0

2014 (0.014) -0.43% (0.663) -2.30%
-0.089 0 -0.016 0

2015 (0.016) -1.09% (0.677) 3.31%
-0.061 i 0 -0.020 0

2016 (0.090) 2.75% (0.610) 0.37%
-0.081 0 -0.019 i 0

2017 (0.031) 2.00% (0.637) 0.14%
-0.109 0 -0.009 i 0

2018 (0.005) 2.84% (0.819) 0.95%

2019 ('g .01012) 0.37% ('8 ggg) 1.42%

Average - 1.62% - 0.33%

1. P-values are in parentheses.

This study calculates twmeasures of productivity growthPGX (outputs held
constant) and PGY (inputs held constanbased orEquation2.18 and Equation2.19,

respective}. Table2.11Panel Arepors the resultfrom the attribute modeindshows that
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the average annuptoductivitygrowth rate during the sample period is 1.77% (PGX) and
2.17% (PGY). These values are velyse to the technological progress rates calculated in
Table2.10Panel A confirmingtheprogressn airport production durinthe sample period.
Consistent withrable2.10, Table2.11 indicates that the output moddsounderestimates
the productivity growth rate compared to the attribute model, with differeiné¢ds43%

for PGX and 1.8% for PGY. Thresultsfromthe outut model are 0.34% (PGX) and 0.37%
(PGY), which arealsosimilar to the technological progress rate (0.33%) reportédinte
2.10 Panel Bbut are significantlylower than the values from the attribute model.
addition both modelshow higherproductivity growth rate measured by PGY than by
PGX. Thissuggedst that although theeimprovemenrdin both aspectshe improvement
ina i r pabilitiesgopproduce mae outputswith the samelevelsof inputs (measured by
PGY) is slightly higherthanthe improvement in thability to reduce input usage while
holding outpus constant (measured by PGX). Thi¢felienceis more substantiah the

attribute modetesults

Table2.11: Annual productivity growth

Panel A: Panel B:
Model with negativeattributes Model without negative
(attribute model) attributes (output model)
0 "0 1.7%% 0.3%%
) "OW 2.17%6 0.3™0

0
1. Allvalues are statistically significantith p-values of 0.000, based on a mean test.
2. 0 "Orthe rate at which alhputscan decrease over time wiiked outputs

3. U "Odthe rate at which aflutputscan grow over time witfixed inputs
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2.5.2.6 Estimates for Average Cost and Marginal Cost

Table2.12: Cost estimates for the full sample

Panel A: Model with negativeattributes (attribute model)

Average variable cog2012 $) Marginal cost
Actual Estimated (2012 $)
Departures $1,360 $1,353 $291
Workload units $12.61 $12.53 $1.31
Non-aeronauticatevenue $1.37 $1.36 $0.67
Panel B: Model without negativeattributes (output model)
Average variable cogf012 $) Marginal cost
Actual Estimated (2012 9$)
Departures $1,360 $1,344 $298
Workload units $12.61 $12.45 $1.52
Non-aeronauticatevenue $1.37 $1.34 $0.74

1. All values arestatistically significantwith p-values of 0.000, based on a mean test.

Table2.12 reportsthe actual and estimated average variable costs, as well as the
estimated marginal costs, for thneesitive outputs. The actual average variable costs for
departures, workload, and naeronautical revenua the samplare $1,360, $12.61, and
$1.37, repectively. In Panel A, the estimated average variable caats $1,353
(departures), $12.53 (workload), and $1.36 (aeronautical revenugyhichare close to
the actual valuebom the sampleThe estimated marginal costs farsitive outputsare
$291 (epartures), $1.31 (workload), and $0.67 ¢aermonautical revenue). These
marginal costs arsignificantly lower than the corresponding average variable costs,
suggestinghe existenceof productspecific scale economies for the samaiigortson
averageThis finding is consistent witBection2.5.2.4andTable2.9 Panel A which use

the marginal cost elasticity & indirect measure of scale economi®m Table 2.9

61



Panel A while all thregpositiveoutputshavenegative marginal cost elasticitissiggesting
the existenceof productspecific scale economies, only thialue for nonaeronautical
revenue s statistically significant ahe5% level. These findinggsom Table2.9 Panel A
andTable2.12 Panel Aare consistent with McCarthy (2016)5ng the same set of inputs
and positive outputs and without consideing negative attributedvicCarthy (2016)also
findslower marginal costthanaverage variable costs for all threesitive outputs with
only nonrraeronautical revenue having a statistically significant negative marginal cost
elasticity.

The output model provides estimated average variable costs of $1,344 (departures),
$12.45 (wokload), and $1.34 (neaeronautical revenu@) Panel B Althoughclose tathe
actual valueg the samplgethese estimatelaveslightly larger deviationfom the sample
valuescompared to the attribute model estimabesaddition the marginal costs fdhree
positive outputs based on the output model are higher than the attribute model by 2% to

16%.

2.5.3 SubSample Analysis by Hub Size

In order to analyze the differences in productivity growth between large and
medium hub, the study divideshe whole sampl into two suksamples based on the hub
size.Table 2.13 reports the averageariable costsiarginal costsreturns to scaleand
productivity growth rates for 271ge and 23 medium hulbsing he attribute model with
three negative attributes. The full samplgperiencedoth increasing returns to runway
utilization (1.343) in the short run and mggiioduct increasing returns to scale (1.237) in
the long runThe sib-samples alsbaveshortterm increasing returns to scale for capital

utilization and longterm multiproduct increasing returns to scale. However, the values for
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the longterm and shostermmeasurs provide mixed results. THarge hubs have higher
shortterm returns toaale for runway utilizatiothan mediumhubs, whilethe medium
hubs have slightly highdong-term multiproduct returns to scatbanlargehubs. This is
because the loaterm multiproduct returns to scaler large hubsre lower than the shert
term retirns to runway utilizationywhile the longterm multiproduct returns to scafer
medium hubsare higher than the shosterm returns to runway utilizatiordue tothe
difference in the cost elasticitiger runways between large and medium hubs. As
discused inSection2.5.2.3 a lower value of longerm multiproduct returns to scatkan
shortterm returns of runway utilizaticssuggestpositive cost elasticitig®r runways. The
cost elasticy for runwaysis 0.121 for large hubs ar6.058 for medium hubs. Therefore,
large hubs in the sample are overcapitalized average while medium hubs are
undercapitalized. McCarthy (2016) uses 19908 data for a similasample and finds
that shortterm returns to capital utilization are higher than leergn multroutput returns
to scale for both large and medium hubsljcatingthat both large and medium hubs are
overcapitalized.

During the sample period, tlererageannual productivity growth rate for the full
sampleis 1.77% (PGX)and 2.17% (PGY).Both large and medium hublsad certain
productivitygrowthduring the sample perio@he productivity growth rate for lardgaeubs
i$1.93% (PGX)@and2.30% (PGY), while its 1.59% (PGX)and2.01% (PGY Yor medium
hubs Both measures consistentigdicate that the productivity growth of large hubs is
higher than medium hubs during the sample period, with a difference of 0.29% (PGY) to
0.34% (PGX).Large hubshave unique advantageser mediumhubs such as greater

access toesourcesndbroaderconnections andetworks. These factorgsult inhigher
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productivity growth in largéubs Consistent with the full sample, the productivity growth

measured bPGY is slightly higher than PGHr both large and medium hubs

Table2.13: Production properties by hub size

Large hubs M edium hubs
Numberof airports 27 23
Number of 214 182

observations
Averagevariable cost (2012 $)

Actual Estimated Actual Estimated

Departures $1463 $1440 $1242 $1251
Workload units $12.83 $12.61 $12.36 $12.44
Non-aeronautical

revenue $1.48 $1.45 $1.25 $1.25
Marginal cost (2012 $)

Departures $6.52 $625
Workload units $3.97 $-1.83
Non-aeronautical

revenue $0.71 $0.62
Economies of capital utilization
(@) 1.43 1.25
(0] 1.21 1.26
Productivity growth
0 "O® 1.93% 1.59%
0 "0 2.30% 2.01%

1. The full sample includes 50 large and medibobs and 396 observations. All values |
statistically significantwith p-values of 0.00(based on a mean test, except for the marginal
estimate of departures for large hubs/gtue = 0.856).

2. Portland International Airport (PDX) was a medium hub in 2012 and 2013 and was a lar
during 2013 2019.

3. Thelaborprice index is calculately dividinglaborcosts bythefull-time equivalenhumber of

employees. STL 2012, DAL 2013, STL 2013, and MSY 2018 did not repctiridlequivalent

numbers oemployees, leadg to four missing values for the rdaborprice index.

P-value = 0.856.

‘O :the return of capital stock utilization in the short term.

(0] : the multiproduct returns to scale in the long term.

0 "Ottherate at which alinputscan decrease over time wiiked outputs

0 "Odihe rate at which allutputscangrow over time witHixed inputs

i

The estimated average variable costs for tlpestive outputs are close to the

sample values. Both actual and estimated average variable costs are higher for large hubs

64



thanfor medium hubsbut the differences araot large Regarding marginal costt)e
estimated marginal costs aren-negative for 47% (departure), 91% (workloa)d 100%
(nonraeronautical revenue) of thage hubobservations, while for medium hubs, these
proportionsare 93% (departure), 39% (workload), and 100% {aemnautical revenue).
These resultsndicate that the modetoesnot accurately predict the mamgl cost of
departursfor large hubs and the marginal cost of workload for medium Hilieyefore
the marginal cost of departures for large hubsunderestimated and statistically
insignificant, while the marginal cost of workload for medium hiaéisa negative value
in Table2.13. However the model provides reliable estirasdf the marginal costs of nen
aeronautical revenue for both large and medium hubs. Thegimahrcost of non
aeronautical revenue for the full sample is $016¥% $0.71for large hubsand $0.62for
medium hubsboth lower than their respective average variable cost echamnautical

revenue.

2.6 Robustness Check

The study conadkts the robustness check for the findifigen Section2.5by usng
the full information maximum likelihood (FIML) estimation andnductinga subsample

analysis lsed on cargo and n@argo airports.

2.6.1 Full InformationMaximumLikelihoodEstimation

Table A6 reports the full information maximum likelihood (FIML) estimation
resuts of the attribute model with three negative attributes as a robustness check. The
findings from FIML estimation argenerallyconsistent with the ITSUR estimatiogsults

with only a few minor differences. Firstlgjthough still not statistically sigicant at the
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10% leve] the pvalue of the firstorderdeparturesoefficient based on FIML (0.128) is
smallerthanITSUR (0.675), and the coefficieestimateincreases (FIML 0.119 versus
ITSUR 0.036). However, this does not significamtffectthe cost elasticitjor departures
based on the enumerated sample mean mettutd FBML and ITSUR estimates are very
close (FIML 0.23 versus ITSUR 0.13&nd are statigcally significant (pvalue = 0.000).
Secondly, consistent with ITSUR results, FIML estimatiesultsconfirm thatoperations

and contractual servicese complementased on crosgrice elasticities. However, the
FIML estimates of the crogwice elagtities are between-3.25 and -2.31, suggesting
stronger complementarity between the two inputs coetptr ITSUR resultg1.872 to-
1.328. Thirdly, the FIML estimate for the marginal cost of departures is $335, slightly
higher than the ITSUR estimate%##91.0n the other handhe marginal cost of workload
from FIML is $0.95, slightly lower than the ITSUR estimate of $1.31. These differences
resultfrom differencedn the cost elasticitiesf thetwo estimation methods. Specifically,
the mean cost elasities of departures and workloddbm FIML are 0.23 and 0.10,
respectively, whilehe ITSUR values arf.17 and 0.13. However, both methdus/e

similar average variable cost estimates.

2.6.2 SubSample Analysis by Cargo and N@argo Airports

According to FAA cargoserviceairportshandleover 100 million pounds of direct
annualcargo volume. An airport can simultaneously be a commercial service agort
well asa cargo service airport. In recent ygarargo airportgenerallyhave both high
passenger anthrgo volumessuggesting close connection between cargo and passenger
transportation78% of the cargo airports in the sample are large hubs, while 83% of the

non-cargo airports are medium hulssiggestingoverlags between large hubs and cargo
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airports,as well as between medium hubs and-cargo airportsTable 2.14 provides
descriptive statistics for cargo and roargo airports. Consistent with large and medium
hubs inTable2.2, cargo airporthiavesignificantly higher values than naargo airports
with respect tdotal operating costs, cost components,@ogitiveoutputs The differences
are around three times, smaller than those between large and mediuthCaitgm and
non-cargo airports have the same cost shares. Labor prices are higher for cargo airports
than non-cargo airports, while operatiorad contractual services prices are lower for
cargo airportghan norcargo airportsCargo airports have sligitlower delay ratebut
slightly higher average taxaut minutesthan noncargo airports. Thaverage annual
medianair quality index (AQI) is the same for both types of airpdrsaddition,the
equivalentnumber of runways for cargo airports is twicattfor noncargo airports. Based
on the subsample analysis by hub sizeSection2.5.3 this mayindicatethat cargo airports
areovercapitalizesn average

Table2.15 summarizeshe production properties of cargo and +wamgo airports.
Regardinghe economies of capital utilization, both types of airpexgeriencdong-term
(1.17- 1.33) and shofterm (1.32- 1.37) returns to scal®loreover the longterm returns
to scale are consistently slightly lower than the stesrh returns to runway utilization,
with a differencebetween0.04 and 0.16. This indictes thatboth types of airports are
overcapitalizedon averageand cargo airportsare more overcapitalized. This result is
reasonabl@iventhat cargo airports have aguevalentnumber of runways twicthat of
norrcargo airportsin addition nonrcargo @rports show slightly higher returns to scale in

both the longterm and the sheterm, with a differencéetweer0.04and0.15.

38 |n this study, workloadnits arehe sum othenumber of passengeandtheunits of 220 pounds
of cargo,whichreflecs the combinatiorof passengers and cargo.

67



Table2.14: Descriptive statistics by cargo and rmargo airports, 50 U.Qirports, 2012

- 2019
Cargo airports Non-cargo airports
Variables # of Mean Std. | # of Mean Std.
Obs. Dev. | Obs. Dev.
Totaloperating | 537 | 546 | 186 | 163 | 84 | 58
Costs costs
(million Labor 237 95 81 163 | 34 27

2012 3) Contractual serviceg 237 38 68 163 29 19
Geneal operations | 237 64 61 163 21 18
Labor 237 | 039 | 0.10 | 163 | 0.39 | 0.11
Cost shares| Contractual service§ 237 | 0.36 | 0.12 | 163 | 0.36 | 0.13
Geneanl operations | 237 | 0.25 | 0.09 | 163 | 0.5 0.08
Per departure 237 | 1,389 | 597.62| 163 | 1,318 | 347.84

Average oo orkload unit | 237 | 11.82 | 4.34 | 163 | 13.76 | 3.65

variable cost Per nonaeronautical

(2012 $) 237 | 135 | 0.46 | 163 | 1.40 | 0.65
revenue

Real hput | Labor 237 | 108.93| 80.68 | 159 | 96.57 | 84.59

price indexes Contractual servicey 237 | 100.97| 5.73 | 163 | 102.39| 6.08
(2012 = 100)| Geneal operations | 237 | 98.87 | 5.55 | 163 | 100.32| 5.88

Positive Departures 237 | 0.17 | 0.10 | 163 | 0.06 | 0.04
outputs Workload units 237 21 12.56 | 163 6 3.35
(million) i\éflgr?jéo(g%‘f'zcg') 237 | 180 |108.22| 163 | 59 | 26.11
Delay rate 237 | 0.19 | 0.04 | 163 | 0.20 | 0.04
Negative |AVveragetaxout | oo 1 12 | 334 | 163| 14 | 3.41

attributes time (mlnute_:) .
Qgglz‘t;'izgg;a”a” 237 | 47 | 993 | 163| 47 | 9.8

Quasifixed Equivalentnumber

otor |0f 1C1GO® 237 | 407 | 1.93 | 163 | 225 | 0.98

runways
1. The full sample includes 5&argoandnon-cargo airport@nd 396 observations.

2. Workload units ar¢he sum othe number of passengensd theunits of 220 pounds of cargo.

3. The annual air quality index (AQfangeis 0 to 500. A lower AQI valuemeans better air quality.

Both types of airportdiave moderate productivity growthetweenl.65% and
2.22%. Although the overall growth rates are sinfitarthe twotypes the two indicators
- PGX and PGY- providemixed resultsBased orthe ability to reduce inputsith fixed

outpus, as measured by PGRoncargo airport@re weaker thaoargo airports by 0.2%.
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However,based orthe ability to increase outputgth fixed inputs as measured by PGY,

nortcargo airport®utperform cargo gvorts by0.08%.

Table2.15: Production properties by cargo and reamgo airports50 U.S. airports, 2012

- 2019
Cargo airports Non-cargo airports
Numberi of 237 159
observations
Averagevariable cost (2012 $)
Actual Estimated Actual Estimated
Departures $1,389 $1,371 $1,318 $1,328
Workload units $11.82 $11.65 $13.76 $13.86
Non-aeronautical
revenue $1.35 $1.33 $1.39 $1.39
Marginal cost (2012 $)
Departures $92.24 $586
Workload units $2.95 $-1.14
Non-aeronautical
revenue $0.71 $0.60
Economies of capital utilization
(0] 1.32 1.37
(0] 117 1.33
Productivity growth
0 "0 1.85% 1.65%
0 "0 2.14% 2.22%

The full sample includes Sfargoandnon-cargo airport&nd 396 observations.
‘O :the return of capital stock utilization in the short term.

O : the multiproduct returns to scale in the long term.

0 "Orihe rate at which alhputscan decrease over time wiiked outputs

0 "Ocihe rate at which allutputscan grow over time witfixed inputs

agrnNpE

Regarding theverage variable costs, cargo airports have higher average variable
cossfor departures and lower average variablesfostworkloadthan norcargo airports
The average variable cesor nonaeronautical revenue actosebetween the twaypes
Although both cargo airports and large hubs have higher workload levels compared to their

counterpartsjarge hubs hava slightly higheraveage variable cosdf workload than
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medium airports, while cargo airports hawsignificantly loweraverage variableostof
workload than norcargo airports.Regardingthe marginal cost, cargo airports have
significantly lower marginal costfor departues than norcargo airports, while the
marginal cost for workload and notaeronautical revenue are slightly higlier cargo

airportsthan norcargo airports?

2.7 Discussion

The results offer policy implications in three aspects. Firstly, since negative
attributes (delay and congestion) significantly and positively affect airport total operating
costs, airports should reduce these negative attributee production of positive outputs
to reducetotal operating costs. However, as mentioned earlier, these negative attributes are
not entirely within the control of airports as they also depend on the decisions of airlines
and passengers (Brueckner, 2002; Brueckner et al., 2021, 2022). Theaigiores should
alsoconsider the impact of these negative attributes in negotiations with airlines. Secondly,
compared to the output model without negative attributes, airpavishigherreturns to
scale, technologicalprogress,and productivity growthin the production of positive
outpus, based on the attribute model after controlling for negative attributes. Therefore,
policymakers should recognize that neglecting negative attributestteadderestimated
returns to scaletechnological progressate, and productivitygrowth rate andise the
attribute modetesultsas a basis for decisiamaking. Thirdly,on average, mediutmu b s 6

productivity growth is lower than large hubs. Policymakers can enhance the productivity

3% As mentioned in Sectioh5.3 the subsample analysis based on hub sikicatesthat the model
does not accuratelystmatethe marginal cost of workload for medium hubs. Due to the overlap between
non-cargo airports and medium hubs, this dksaxs to theinaccurateestimationof the marginal cost of
workload for norcargo airports.
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of medium hubs by providing moresources and technical support, thereby improving the
overall productivity of airports.

Several aspects need further discussion. Firstly, as mentioned in Sedtibra
major limitation of this study is the lack of airp@pecific air pollution data, and thus the
study uses countlevel AQI data to measure air pollutidn.addition the study is unable
to obtain the noise data for the &@mpleairports from 202 to 2019 andhus unable to
include noise as the fourth negative attribute in the m&eitti et al. (2014) shows that
air pollution has a similar impaas delayon efficiency, while noise has a relatively minor
effect. These two data limitationgsut in the inability to accurately estimate the effect of
air pollution on total variable cosasd the coefficients on positive outpaftser controlling
for air pollution and noiseHowever, since delay and congestion data are relatively
accurate, this study can discuss how noise data and more accurate air pollution data would
affect the results to some extent. As negative attributes similar to delay and congestion, the
study exped that air pollution and noise also have statistically significant and positive
effects on total operating costs. The results in Se&ibr2 show that the cost asticity
estimats for positive outputs decreaséter controlling for negative attributeshile the
estimates fothe shorrun and longrun returns to scale, the technological progress rate
andthe productivity growth rate increase. Therefore, by usimage accurate air pollution
data and incorporating noise data, the model can further separate the effects of positive
outputs and negative attributes (especially air pollution and néeseling tolower cost
elasticiy estimates for positive outpugnd higher estimates for shemin and longrun
returns to scale, technological progress rate, and productivity growth rate. Qualitatively,

the overall conclusions still holdAlthough the data in this study does not support a
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complete negative attribute vectthe conclusionstill have somémplicationsfor a more
comprehensive analysis using more accurate data.

Secondly, as mentioned $ection2.4.2 another limitéon of this study is the issue
of input price. On the one hand, for contractual services and general airport operations, the
study uses the statevel real input price indexeferived from thenational price indexes,
which are not the actual input pricksed by airports. On the other hand, although the
costs in this study include an exhaustive list of inputs, they are all aggregated composites
of several inputs. Ideally, the model shouldes® ¢ h  aatupl pricedasdorresponding
costsrather tharaggregated composites. However, the existing data does not support this
approach. These two limitatiomsay affect the accuracy and reliability of the estimation
resultsto some extent.

Thirdly, as discussed iBection 2.4.2 this study uses thequivalentnumber of
runways instead of the actual number of runwaythasunway measure. Although this
method can account for differences in runway lengths and runway extensions (instead of
constructingiew runways), it also has certain limitatio@selimitation is that this method
ignores the potential discrete runway effect. Banaple, an airport with two runways,
both smaller than the standard size, may generaguavalentnumber of runways greater
than one througkquation2.20, which das notreflectthe actual situation of the airport.
Therefore, the conclusions @lt airports being overcapitalized or undercapitalized based
on theequivalentnumber of runways maye biasel.

Fourthly, as discussed in Secti@dd.3 according td-igure2.5 Panel A departures
declina between 2012 and 2014. The main reason for this decline is the consolidation

within the airline industry, such as the acquisition of Continental Airlines by United
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Airlines in 2012 and the acquisition of US Airways by American Airlines in 2013.
Departureglid not recover to the 2012 level until 201€ading toa decline in the delay

rate from 2014 to 2016, as showrFigure2.6 Panel A The sample dasuggesthatmost

of thesampleairports exhibitd a dedine in the delay rate from 2014 to 2016. Therefore,
the potential reason, other than the decrease in departures, is likely not a fewéairports
expansion but factors afféeg the full sample, incluohg but are not limited to airline$®
scheduling andsystemimprovementsand the decrease irthe occurrenceof extreme
weathe in 2015 and 2016. If this evel#ads tosignificant fluctuations in departures and
delay ratesthen it may impact the estimation. However, theverall magnitude of
fluctuations in departures and delays verysmall. The decline in departures from 2012

to 2013 was only 0.49%ndwas 2.10%rom 2013 to 2014. Inantrast the decline caused

by COVID-19 in 2020 was 40% compared to 2019. On the other hand, the low level of
departureslecreasethe average annual delay rate from 22% in 2014 to 19% in 2015, and
then to 18% in 2016. The overall decrease is\aspsmall. Theaverage annual delay rate

is generally stable within anarrow range of 17%- 22% during the sample period.
Therefore, although airline consolidation has some impact on departures and delays, the
impact is small and does not significantly affect the estonaesults. Moreover, the year

fixed effects in the model can capture part of the influence.

Fifthly, the estimation results for the translog cost function (attribute model) also
provide productive efficiency implications for positive outputs. After wulimg for
negative attributes, all three positive outputs show generalized scale economies based on
the marginal cost elasticities. The marginal costs are considerably lower than the

corresponding average variable costs for all three positive outputfiymuag the
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existenceof productspecific generalized scale economies. On average, the sanpples
showincreasing returns to scale in both the short and long run. Compared to the model
without negative attributes, the results from the attribute modielate that airportsxhibit

higher production efficiency iproducingpositive outputs after controlling for negative

attributes.

2.8 Conclusions

Airports arecrucial in the growth of air transportationand understandinghe
a i r pamst strocture iesentialfor effective resource allocation and policymakiig.
addition the impact of negative attributes such as delay, congestion, and pollution on
airport production has gained significance. This study exantireeffectsof negative
attributes on aport shortruntotal variablecosts and production characteristitie study
estimates a sherin multioutput translog cost function using panel data from 50 medium
and large U.S. airportduring 2012 - 2019. The analysis considers three inputs (labor,
general airport operationand contractual services), thrgmsitive outputs (departures,
workload, and non-aeronautical revenue), threessociatednhegative attributes (delay,
congestionandair pollution), and a quasixed factor {he equivalent numberf runways).
This paper contributes to the existing literature and addresses researchygaps
incorporating negative attributes into the airport cost analysis studyalso analyzes
production properties such as elasticities, generalized suale scopeeconomies,
technologicaprogressand productivity growth. Furthermore, the stutifferentiatesand
compareghe production characteristics of medium and large hagsyell as cargo and

non-cargo airportsprovidingnewinsights into theioperational differences.

74



This paperhas several key findings. Firstly, the studhowsthat delay and
congestion have positive and statistically significant impactsigort total operating
costs. Specifically, a 1% increase in the annual delay ratecoage taxiout timeresults
in a 0.38% or 0.33% increase in total operating costs, respectively. However, the effect of
pollution onthe total operatingosts is statistically insignificanikely due to limitations
in the AQI data.

Secondlythe airportcost analysis withoutegative attributeprovidesunreliabk
estimats in several aspects. Specificalliy underestimasthe complementarity between
operations and contractual serviceshaif the actual valueMoreover,omitting negative
attributes lads to the underestimation of the skerireturns to runway utilizatioand
long-term multiproduct returns to scale by 0.245 and 0.103, respectivefddition the
omission further results in biased estiesatfor generalized scope economies,
undereimation of technological progregby 1.29%) and productivity growth rates (by
1.43% for PGX and 1.8% for PGY), and overestimation of marginal costs (by 2% to 16%).
Furthermore, the model without negative attributes inaccurately indicates tisaintipée
airportsareundercapitalizedn averagewhereas, after controlling for negative attributes,
thesampleairports are actually overcapitalized average

Thirdly, after acknowledging the difference between the ougmd attribute
modek, the study furtheanalyze severalairport production properties based on the
attribute model. Regarding inputs, the study finds that operations and contractual services
are complements, while labds a substitute for both. Moreover, labor is more easily
substitutable wh operationghancontractual serviceRRegardingpositive outputs, while

all three positive outputs have negative owrmarginal cost elasticitysuggestingthe
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existenceof productspecific scale economies, only Weduefor nonaeronautical revenue

is statistically significant at the 5% level. The analysis atsticates weak scope
diseconomies between departineskload and noraeronautical revenuén addition
sampe airports experienceoth shortterm increasing returns to runway utilization and
long-term multioutput increasing returns to scale. On averagample airports are
overcapitalized. The study algtentifiesmoderate technological progress and produgtivi
growth rates during the sample period, with average annual rates of 1.62% for
technological progress and 1.77% (inputs fixau)2.17% (outputs fixed) for productivity
growth.

Lastly, the paper conducts a ssdmple analysis between large and mediubshu
based on hub siz&he findingssuggesslightly higher productivity growth rates for large
hubsthan medium hubs, with a differendeetween0.29% and 0.34%. Both large and
medium hub&xperiencdong-term and shofterm increasing returns to scalarge hubs
areovercapitalizedwhile medium hubsireundercapitalized. As the robustness check, the
studyconductsan additional susample analysis based on cargo and-cemgo airports.
The findingsshowthat bothtypes of airportsexhibitboth longterm and shortterm returns
to scaleandnoncargo airporthavestronger returns to scale in both the ldagn and
shortterm. Both types of airports are overcapitalizdaut cargo airportsare more
overcapitalized Regardingproductivity growth, both typesfairports have moderate
growth, and ondype outperforms the other in either the PGX or P@¥asure The

findingsfrom ITSUR estimation are robust when applying the FIML estimation method
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CHAPTER 3 EFFECTS OF THE COVID -19 PANDEMIC AND

RELATED POLICIES ON AIRPORT SHORT -TERM COSTS

3.1 Introduction

This papernalyzeghe impact of COVID19 and related policies dheairporis
shortrun costs. The analysis estimates a shamtmultroutput cost functiomvith multiple
positive outputs, associated negative attributes measuring the quality of positive outputs,
and COVID19 measures and policies. The data for this analysis isyeétempael dataset
(2012- 2021) covering50 medium and large airports in the United Stéftes.

As discussed in Chapt@r airportsare essentiatot only for passenger and cargo
transportation but al§or employmengeneratiorandeconomic growthA morecomplete
and accurate understanding of the factéiecting airport costenablesairport managers
and policymakerso allocate resources more iefénty anddesignpolicies accordingly.
As a significant global public health cristee COVID-19 pandemibasinfluencel various
industries since 2020. Airports, tee hub of aitransportation, are particularly affected.
Figure3.1 illustrates theoutputtrends of all U.S. airports from 2012 to 202andthe red
line separategshe preCOVID-19 period and the COVID-19 period. Asillustrated in
Chapter2, the four major otputs of airports departures, passengers, cargo, and non
aeronautical revenueshowedoverallupwardtrends before the pandemic (2012019).

However, after th&€OVID-19 outbreak, three key outputsdepartures, passengers, and

40 According to Federal Aviation Administration (FAA), large hubs are the airports that receive at
least 1% of the annual commercial enplanements in the U.S., while medium hubs receive between 0.25% and
1%. HartsfieldJackson Atlanta International (ATL), JoRrKennedy International (JFK), and Los Angeles
International (LAX)are examples of large hulSlevelandHopkins International (CLE), Dallas Love Field
(DAL), and Memphis International (MEMjre examples of medium hubs.
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nontaeronautical revemu rapidy and drastially declinad in U.S. airports. Departures
decreased from 11.1 million in 2019 to 6.7 million in 2020, a decrease of 4 million
compared to 2012. Neaeronautical revenue decreased from 11.4 billion in 2019 to 7.9
billion in 2020. Pasengers were the maoseriouslyaffected anddeclinedby over half
from 1 billion in 2019 to 0.4 billion in 2020As the vaccine became available and the
economies progressively reopenedpnomic activig resumel in 2021, resulting inthe
recovery of degrtures and passengers. However,-aeronautical revenue continued to
fall in partbecause ahespreadingnodes of the viru&t In 2021, the three outputistaled
9 million departures, 0.7 billion passengers, and 7 billioragnonautical revenue. Tles
values reflecta drop of 23% (departures), 33% (passengers), and 36%dammnautical
revenue) compared to 2019 levels and are even much lower than 2012 tegefgrast
factors such as thgrowingdemand for essential goods (e.g., food, medical supplies, and
epidemic prevention supplies), cargoly flights, andthe interruptionsn global supply
chainsresulted inthe surgein cargo transportation during the panderhicU.S. airports
cargo volune climbedfrom 52 billion pounds in 2019 to 60 billion in 2021

The COVID-19 pandemic has had abstantial effecbn airport production. On the
one handpeoplehave subjective concermmwer the health risksassociated withravel
during the pandemic. Otne other hand, pandemielated policies, such as lockdowns,
facemask mandates, social distancegfions and mandatory vacarpolicies,result in
objectivetravel hassles and influengeoplds travel decisions. These two factors also

affectairporttotal operating costs during the pandemic. Bhiglyestimates ahortrun

41 According to the Centers for Diage Control and Prevention (CDGjetmajormodes of COVID
19 transmissiorare airborneand respiratory dropletJhus,in order to limit the risk of infectionpeople
avoid dining at airports.In addition peoplerestricttheir airport purchasindgo avoidbusy placesThese
circumstances contributed acontinuougreductionin norraeronauticatevenuean 2021
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multi-output translog cost function withthree positive outputs (departures, fion
aeronautical revenue, and workload reflectlmgth passengers and cargo) and three
associated netjge attributes (flight delays, congestion, and air pollution) proposed in

Chapter2 as the attribute model.

Airport Outputs, Total Values of All U.S. Airports, 2012 - 2021
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Sources: Federal Aviation Administration (FAA), Bureau of Transportation Statistics (BTS)

Figure3.1: Trends for airports outputs, all U.S. airports, 202021

Understanding theffectsof COVID-19 and related policies on shetin airport
costs iscritical for two reasons. Firstly, understanding how ©@VID-19 pandemic
impacs airport costenablesirport management to make informed decisionstavelop
effective strategies tonana@ the crisis and ensure tleei r p long-term profitability.
Secondly, this knowledgbkelps policymakers to evaluate tipwlicy impact and make

policy adjustmentsore efficiently
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3.2 Literature Review

Since theCOVID-19outbreak in early 202@ariouspapes have studiedhe impact
of COVID-19 on air transportation (Dube et al., 2021; Khatib et al., 2020-Sarchez
et al., 2020; Sun et al., 2020; Zhang et al., 20PB¢ majority of these studidscus on
the impact 6 COVID-19 on the aviation industrgs a wholeor on airlinesin particular

while only a fewexaminethe effects on airports.

3.2.1 COVID-19 and the Aviation Industry

COVID-19 s i ompha aviatiorsectorexceedshe combine@ffectsof the 9/11
attacks and the 2008 financial crisis (Molenaa ¢ 2020). SinceheCOVID-19outbreak,
air transportatiorhas keena prncipal modefor worldwide viraltransmissior(Du et al.,
2020; Kraemer et al., 2020; Nakamura and Managi, 2020; Zhang et al., 2020b; Zheng et
al., 2020).By mathematical modelingfavorldwide air travel statisticsand population
density Daon et al. (2020gxamineghe airpor®  r i bedomirg fmajor sources die
globalspread of COVIB19. The studyforecass that airports in East Aswill be thekey
sources of global spreashd that & travel accelerates thigansmissionnto Brazil, India,
and Africa. Khatib et al. (202@xamineshe healthrisk linkedwith air travel during the
COVID-19 pandemic,emphasizingthe crucial role of air passenger in worldwide
COVID-19 transmissionThe study also highlights the substantialrisk of transmitting
infectious diseasesuch as COVIEL9, viacommercial flights.

To prevent theentry of the virus, 194 countrieisnposedborder controlpolicies
ranging from ingérnational travetestrictiors to border closures (Lee et al., 2020). Many

countries alsomplementeddomestictravel restrictionsaand lockdowngChinazzi et al.,
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2020). Thes@oliciesresulted inadramaticfall in air traveldemandand have had major
negativeinfluenceon airlinesandthe aviation industry as a whateterms ofrevenue and
flight volume (Dube et al., 2021). However, thgs#icies are vital to limit thev i r us 6
spread. Zhang et al. (2020apvidesa risk indexfor evaluatingthe risk of COVID-19
casesimportedvia international flights. The studgeveas thatbordercontrol policies
significantly decreasedhe risk associated withmported cases, vaneasprematurely
relaxingcontrol policiesraisedthe risk.

According to thelnternational Air Transport Association (IATA, 2020), the
significant influence othe COVID-19 pandemion the aviation industry began in March
2020 whichwasextensive andapid (Dube et al., 2020; Gossling, 2020; SGamchez et
al., 2020).According b Shepardson et al. (2020) and Whittly et al. (202@)rldwide
passenger demaifell by 70% to 95% in April 2020, andvorldwide scheduled flights had
declined by 47.5%s of August 2020 (Khatib et al., 2028pased orArora et al. (2021)
utilizing IATA data, the worst year for the aviatidmusiness worldwide was 2020, when
the revenue decline@%with a $84 billionloss.In particular flights, revenue passenger
kilometers andcargo volumaleaeasedy 58%,66% and10.6% respectively, compared
to 2019.

Airlines employed several strategiesrtactto the pandemidncludingpersonnel
layoffs,service cancellationggemporaryaircraftstorage, andinancial support applications
(Adrienne, 2020; Akbar and Kisilowski, 2020; Budd et al., 2020; Cta#212Kao et al.,
2020). According tca McKinsey report (Curley et al., 2020), airlinestopped60% of
aircraftworldwide andreduceaheir capacity by 70% 80%in April 2020. As of March

2020, worldwide airlines have requeste@300 billion in financialaid (Parker, 2020).
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However, Dube et al. (2021)recass that the aviation industry's recoverywd be far
slower tharanticipatedbecause of the differencesanonomic recovergnd the relaxation
of pandemierelatedpoliciesin different regions. The sty alsoproposeshat the aviation
industryemploys a steadyrecoverystrategyfocusng on passengesafety costsaving and

efficiencyenhancement

3.2.2 COVID-19 and Airports

Compared tahe studiesof the COVID-19 impact on the aviation industignd
airlines only limited researchanalyzesthe COVID-19 effect on airports. Through a
complex network analysis thatcludesthree layers of networks networks of global
airpors, international counies and domestic airp@tSun et al. (2020) analgz the
COVID-19 impact on air transportation systelnased on datiiom January to May 2020.
According tofour differentcomplex network metriocsommonly used in the literatyreach
airportlostan average @d0% of connections, significadecreamg netwvork connectivity.

A few studiesexaminethe airport recovery processlo address the loaggrm
influenceof COVID-19 on airport operation&errano and Kazada (202oposeshat
airports shouldutunnecessargostsandintroducebiometric and seléenice processes to
reduceinterpersonal contact andareas®perational efficiency. Choi (202%uggestthat
airports focus onnonaeronautical revenue managementing COVID-19 recovery
Using transaction data from dufee soresat Incheon Airport irSouth Korea, the study
proposesthat airportsproactively align their operation policieswith non-aeronautical
revenue. Foinstance enhancingmanagement efficiengywhich acceleratepassenger
security checks andllows more time for passengeto shopduring waitingtime, would

increase airport incomé@ased on a case study of the recovery of the Chinese aviation
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industry,Hou et al. (2021¢onclude that slot reallocation ar$sociatedubsidyprograms
can acceleratethe recovery of airports and traverall aviation industry.Before the
pandemicsevereslot constraintsestrictedroute allocations betweeanajor andregional
airports. Howeverue to the decreasdémandn the recoveryhaseairport capacity was
no longerconstrainedincreasingavailable slots. Consequently, the governnieosened
route restrictionsbetween major ancegionalairports andgrantedsubsidies taegional
airports facilitating therecoveryof the aviation industry. Tanriverdi et alO22)indicates
that cargo will play aimportantpartint h e a irecopeoymproogss. Thetudysugges
a steadyincreag in the proportionof cargo flightswhile keepingthe relatedeeslow.
Based on a case study ofKU airports, Colak et al. (2023%hows that the pandemic
change the airport business model§o prepare for similar challenges in the future,
airports haveimplementedreforms in four areas: cossavings(more cautious about
expenditure), incomdiversificaion and commercial revenuwevelopmentdigitalization

and operational efficienognhancementind sustainable operatioc@mmitment

3.2.3 Gaps and Contributions

The current literature has two main gaps. Firstly, there is a lack of research
analyzingthe COVID-19impacton airport costs. The festudiesexaminingthe COVID-
19 effecton airportamainly focus on the outputs and recovery process. Secondly, there is
no analysisof theimpactof COVID-19related policies, such as face mask and COV8D

vaccine mandas, on airport costg.

42 0um and Wang (202@ndorss these policies. Ehpapermploysan urban traffic congestion
modelto examinethe socially optimal lockdown and & restrictionsduring COVID-19. The findings
indicatethatpeopledo not internalize the costé the infectian risk their behaviorgputon othempeopleand
the healthcare systeramphasizinghe importanceof governmentegulation Due totheseexternal costs
the socially optimatluration oflockdown will alwaysexceedhe privately optimatiuration
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This paper contributes to the current literature and fills these gaps by conducting a
shortterm multioutput cost analysis with alternative COVID measures and COViD
19 policy responses. The study offers three key contributions:

Q) analyzes thenfluence of COVID-19 and related policies oshortterm
airport costs, providingnew insights into theCOVID-19 effect on airports costs and
technical characteristics.

(2) decomposes the percentage change in average variable costs lpraveen
COVID-19 and COVID19 periodsand examines how COVHD9, related policies, and
other factors contribute to the percentage change.

3) and comparatively analyzes percentage change in average variable costs for
large hubs versus medium hubs, and cargo dgp@rsus noicargo airports, facilitating

a better understanding of thdferenteffectsacross different airpotypes

3.3 Empirical Research Strategy

3.3.1 Cost Function

Based on Oum and Tretheway (1989), the study assumes that airport managers aim
to minimize total variable costsTYC) associated with producing a range of positive

outputsEquation3.ls ummar i zes the airport mawheger 0s

#is the positive output vector addlis the vector of input.*®

I ET Yoo o)
b 1 31

i38p O®

43 Bar over the variable denotes that the variable is a vector.
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In the long run, airportsanadjust all inputs according to their needs. However, in
the short run, airports cannot easily alter certain inputs, referred to as)(tiwedifactors,

such as capitaEquation3.2 represents the shemin cost function, reflecting that the total
variable costs depend on the vector of qualitjusted output® ihe , the input price

vectorfp, and the vector of quafiked factors® The qualityadjusted outputs ihe
adjust the positive outpuswith associated negative attribuiemeasuring the quality of

positive outputs.

Yoo dP mhp [ép  “Y dprphelnp 3.2

According to Oum andretheway (1989), the quality of an airport's positive output
(departuresworkload, and no@aeronautical revenji@ssociates with measurable negative
attributes (delaycongestion and pollution.** The cost function needs to inde these
negative attributes to account for theffecs on costs and adjusts the positive outputs for
the variations in negative attributes measuring the quality. This analysis considers three
positive outputs of the aigot i departures (domestic and international), workload
(passengers, freight, and mail), and #a@monauticarevenue (e.g., food, retail stores,
hotels, and rental carg)and three associated negative attribiitdelay, congestion, and
air pollution. Equation3.3 illustrates functions of the qualigdjusted output8 used in
Equation3.2, considering not only the quantity but also the quality aspedteaiirport

outputs®

4 Negative attributes delay, congestion, aralr pollutioni affectthe quality of positive outputs.
The term finegativé® doesnot mean thathese attributesre inherently negativdt emphasizeshat these
attributes are undesirabded negatively impadhe positive outputsThe study uses the teffinegativé to
separatehese attributeBom the positive outputs, whetke termii p o s irdflectstleadthese outputs are
desirable from airporperations

45 To separate from the positive output the study used to represent the qualitgdjusted output.
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Delays, congestion, and pollution are negative attribetated tadeparturesMore
departureslead to increasedielays, more congested runways, and higher pollutant
emissions.The negative attributes associated witlrkload units representing both
pasengers and cargedelay andair pollution. Theincreasingiumber of passenggpsits
pressure oairport operationssausingdelays due t@perational constraintin addition it
requires larger aircraft tdransport more passengers and cargo withoateasing
departureswhich leads tdnigher pollution levelaNon-aeronautical revenwdso has dlay
as a negative attribute Airports may reallocate certain resources from aeronautical
operationdo nontaeronautical activitie® increase nc@aeronauticatevenueConsidering

a i r plionitetl ®sburces, this maausedelays due tooperational constraints.

3.3.1.1 Translog Cost Function

Instead of deriving the cost function through the cost minimization problem, Caves
et al. (1981) proposes aiternative approach using a translog cost funcfigi.The

translog cost functigrunlike the cost functiombtainedfrom the optimization process

46 The current literature uses a varietyflekible functional formgo depictthe production process
such asCobbDouglas, constant elasticity oflsititution, generalized Leontief, translog, and generalized
square root quadratic functiarifferent functions havdifferentimplications for productiogharacteristics,
such as homotheticity, elasticity of substitution, cost elasticity, and retusnalt

47 According toHeathfield and Wibg1987, the translogiunction is a flexible functional form
whichrequires relativelfew restrictions. @veset al. (987 first preserd the trankg production and price
frontier, thenfurther extendthem tothe translogutility function. The translog cost functiosan extension
of CobbDouglasandconstant elasticity of substitutidanctiors, allowing the elasticitie®f substitution to
change withinput proportions
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not selfdual. In the context of panel data and considering the -fjneadi factork, the
multi-outpu translog variable cost function, incorporating three positive outputs and three
associated negative attributeskes the fornof Equation3.4. For airporti at timet, "Yw O

is the total variable cost§; is the positive outpug i is the negative attributer) is

the price of inpuf; Q is the quasfixed factor.
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The inputs include labor, general airport operations, and contractual services.
Consistentwith McCarthy (2014), this study measures the gfiasd factor by the
equi val ent n udmb%e @ 6 orf insthalh, 9i0s@ilgathe actual number of
runways. his methodaccounts forthe differences in runway lengths. To matke

approximation at the sample mean of each varidgeation3.4 subtracts the log forms

of sampe means, denoted &sh) ,1 T[T {, andi Q fromi  ,I T ,1 § ,and
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I 1Q, respectively, which results iBquation3.5. The model also includes the airport

effect and yeafixed effects in the estimation, with 2012 as the base*j¢ar.
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3.5

To analyze theffectsof COVID-19 and related policies on total operating costs,

Equation3.5 incorporates additional variables. Specificallyd U & ‘O'€presents the log

48The variation ofthe equivalentnumber of runwaysver the sample period for each airpist
minimal in the sample. Consequentiycluding a complete set a@iirport fixed effects49 binary dunmy
variable$ with the quasfixed factor in the moddkads to severmulticollineaity issueswhich make it
impossible to estimate the modehug to accountfor airportspedfic effects this studyuses theairport
effectvariable,which is similar to the year trend variable and takes values befinaastb0 for 50 airports

There isno refer@ceairpott in this approach

49The model includes nine binary dummy variables representing the year fixed effects from 2013

to 2021, with 2012 as the base year.
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form of the COVID19 measure, such as the number of cases or d&aihsiccount for
the possibility that the effect of COVHD9 measure may vary with the lesef positive
outputs and associated negative attributes, the model includes the interacsJvedisveen
1 B0 waomdl R , as well as betwednd O w"Caddl T . In addition,the study
considers two COVIEL9 related policies: statevel face mask mandates and COVID
vaccine mandateés.The model uses binary dummy igles to represent policies, taking
1 when the policy ignforcedand O otherwiseEquation3.5 incorporates these variables,
"O0 for face mask mandates and for COVID-19 vaccine mandates, to capture their
effects on the total operating casts

A well-behaved variable cost function must satisfy symmetry and linear
homogeneity conditions. The symmetry conditiBguation3.6, requires the cost function
to be symmetric in variable input pricegherej, h=1,2,3and,g= 1, The,linedr.
homogeneity conditignEquation3.7, requires the cost function to be homogeneous of
degree one in variable input pricegherej, h=1, 2, 3 ands, g= 1, Tée study.
imposes the symmetry and linearnmmgeneity restrictions orEquation 3.5 before

estimatior??

50 Given that the value ahe COVID-19 measure is O for observations between 20812609, and
that log form doesotallow 0 values, the COVIF19 measurés setto 1 to make & 0 @ 'O wequal O for
observations between 2012 and 2019.

51 Section3.4.3.2provides a detailed discussion on the choice of COlDelated policies.

52|f the studyutilized the actual inpuprices faced by airportshe symmetry conditiomould hold
in the estimatin resultseven without imposing it before the estimatibtowever,given thatactualinput
price datafor contractual services and general airport operat@sinavailablethis study uses statevel
real input price indexes derived from national inprite indexesConsequentlythe symmetryconstraint
does nonaturally hold Thus the study imposes the symmetnstrainfprior tothe estimationln addition
althoughhomogeneity shoultheoreticallyhold, it does ot naturallyhold for the sampleatasetwith input
price indexesConsequentlythe study alsimposesthe homogeneityestriction prior to the estimation
whichis consistent with the current literat@mployingthe translog cost function (Caves et al., 1981; Martin
et al., 2011; McCarthy, 2014, 2016).
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The study derives EquatioB8 based onSh e p h ar d dwherels dsntmea
optimal demand for inpub. Based a Equatior3.8, the cost share equation of inpat ,

is Equation3.9. The study estimates the cost share eqoagointly with the translog cost

function, Equation3.5, as a system timnprovethe estimationefficiency. Since the shares
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of three inputs sum to one, the studymrane input cost sharecontractual servicek

before the estimatioft.

3.3.2 Decomposition oPercentage Change MWwverage Variable€Coss

3.3.2.1 Percentage Change Tiotal Variable Cost
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Equation 3.10 to Equation 3.13 illustrate the notion of the total derivative.
Specifically, Equatior3.11demonstrates the calculation of the changeidenoted a¥)
when shifting from® & to® & YawhereQi s the partial deri ve

t @, —. This change imcan becalculatedby summing the products of the changes in

53 With maximum likelihood estimation proceduresge tparameter estimates in a system of
equations remain invariant regardless of which share equation is di@gyadt, 1991).
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w8 fro and their respective partial derivative HQ, evaluated a® & . Equation
3.12provides the equation f@ ¢xrepresenting the infinitesimal changeairFurthermore,
"0

Equation3.13 presents the matrix form €1 (o wherel"Qs the gradient ofQn"Q 8 .
0

Based on Caves and Christensen (1988), this study defines the percentage change
in total variable costs as the relative change in total variable costs between observation 1
and observation 2 in percentage, as describdelqumation3.14. A positive percentage
change in total variable costs indicates an increase in the total variable cost from
observation 1 to observation 2.

The translog cost functide the basis for calilating the percentage change in total
variable costs between two observations. As illustratégjiration3.14, the difference in
& ¢ "Yhedveen the two obsemians, Y& ¢ “Ycedrresponds to the percentage change in
total variable costs. To facilitate the decomposition of the percentage change in total
variable costs and analyze the individual contributions of each factor, the study employs
the total derivatie to determine the percentage change in total variable costs, instead of
directly calculating the difference in total variable cost between two observations. Caves
and Christensen (1988) presents the formula for calculating the percentage change in total
variable costs between two observations based on the translog cost function. Instead of
evaluating the partial derivatives@t @& a s Egquation3.11, Caves and Christensen

(1988) takes the average™®6, yands, » y,, t 0o account for the

¢ h a n gBandiits resulting impact on the partial derivative vaffeBuilding upon

54| Equation3.11, evaluating the partial derivatives@t & wo r k s b ¥asistsmal.h e n
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Equation3.5, Equation3.15 represents the expression for the percentage change in total

variable costs between two observations.
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3.3.2.2 Decomposition oPercentage Change Tiotal VariableCost

Windle (1991) uses the components Bquation 3.15 to identify the factors
contributing to the percentage change in total variable ddgtanalyzingthese factors,
the study identifies the channels affecting total variable costs. Assigamgs to each
component withirEquation3.15 as a factor and classifying them accordindglguation
3.16 further decomposes the percentage change in total variable costs into distinct factors

where the superscripts denote observations 1 and B; 0 @@ e i n natur
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At a high level, the percentage change in total variable ¢@sstwo primary
causesFirstly, the differences in input pricessult invariations in total variable costs
(input price effects). Secondlgjfferencesn productivity between the two observations

contribute to the percentage change in total variadges¢productivity effects). The causes

55 Equation3.16 is essentially identical t&quation3.15, with the only difference being thttte
components ifcquaion 3.15are named ifEquation3.16.

56 Positive output effects are the comduineffects of three positive outputs.

57 Negative attribute effects are the combined effects of three negative attributes.

%8 n this studythe COVID-19 effectdncludethree componentthe COVID-19 measure effecthe
face mask mandatesfect, andhe COVID-19vaccine mandageffect.
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for productivity differences include differences in positive outputs, negative attributes,
COVID-19 factors, and time or technical efficiency. Therefore, the productivity effects
further include positive output effes; negative attribute effects, COI® effects, and
time or technical efficiency effecEquation3.16 provides a valuable framework for
analyzing the impact of vierus factors on the percentage change in total variable costs and
allows for a comparative analysis of the relative influence and contribution of these

channels.

3.3.2.3 Percentage Change &tverage Variable Cost

In addition to the percentage change in totalalde costs, the translog cost
function also allows for calcuiag the percentage change in average variable costs for
positive outpuss, P Y0 @ § as inEquation3.17. Equation3.18 definesd & & and taking
the natural logarithm of both sides yiel@guation3.19. Further takinghe differences
leads toEquation 3.20. Based onEquation 3.17 and Equation 3.20, Equation 3.21
demonstrates thd® Y0 @ 8between two observations includes two components: the
perentage change in total variable costs and the percentage change in the positive output
s (referred to as the owquantity effect in this study). THeYd  dincreases with an
increase iYa ¢ "Youwhile it decreases with an increaseYmn§ . Intuitively, for the
percentage change in average variable costs of positive autfslincrease (i.e., a larger
difference in average variable costs between the two observations) is either due to an
increase in the percentage change in total variabls,doslicating a larger difference in
total variable cost for a fixed difference in positive ouputr a decrease in the difference
in positive outputs while the difference in total variable costs remains constant, or a

combination of both factorEquaton 3.22 provides the formula fob Y6 & 6, by
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subtracting the owaguantity effect, G § s ags from Equation 3.15.

Consequently, compared Equation3.15, the only additional term ikquation3.22 is
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3.3.2.4 Decomposition of Percentage Change in Average Varaasts

Similar toSection3.3.2.2andEquation3.16, Equation3.23further decomposes the
percentage change in average variable costs of positive sbiypassigning names to each
component withinrEquation3.22 as factors and classifying them accordingijherethe
superscripts denote observations 1 and B 0 @™@® e i n natpyg@al | o
denotes the parntTi¥a@r doebrsiaviattditviecermde xt¥® t o v
Notably, the terma § s aBs has a dual impact dn Y0 ¢ 6 On the one hand,
it represents the owguantity effect. On the other hand, it is also a component of the
positive output effects, influencing the percentage change in total variable costs and
subsequently impacting Y6 & 6 To illustrate, when calcuiag the percentage change in
average variable costs of departupe¥d o 6 , departures have a direct influence
through the owsrguantity effect and are simultaneously one of the positive output effects,
affectingb ¥6 & 6 indirectly through its impact on the percentage change in total
variable costs. In contrast, the other two outputs, workload anderemautical revenue,
are unrelated to the owgquantity effect and impadt Y6 & 6 solely througttheir
influence on the percentage change in total variable 8bBtuation3.23 serves as a
valuable framework for analyzing the effects of various factors opdhmentage change
in average variable costs, enabling a comparative analysis of influence and contribution of

each channel.

5% Equation3.23 is essentially identical t&quation3.22, with the only difference being that
Equation3.23 nameghe components ifEquation3.22.

80 A simpler way to illustrate this is that Equation3.20, Y& B affectsYa & @ 6in two ways. On
one hand¥a § has a direct effect o¥it & @ Sbecause it is directly included in the equation. On the other
hand, as shown iBquaton 3.16, Y& § is also part of thpositiveoutput effects, which contribute ¥ix £ "Y. 6
As a resultYda § indirectly affectsYa @  éthrough itsinfluence onYa & "Y.ardcontrast, the other two
positiveoutputs, assuming] andr , are not directly included iBquation3.20. They only affecVa & @ 6
through their influence oMa & “Yestpart opositiveoutput effects ifEquation3.16.
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61 Positive aitput effects are the combined effects of thpesitiveoutputs.

62 Negativeattribute effects are the combined effects of tegative attributes

531n this studythe COVID-19 effectdncludethree componentthe COVID-19 measure effecthe
face mask mandatedfect, andhe COVID-19 vaccine mandageffect.
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3.4 Data

Theanalysis utilizes panel data compiled from multiple datahag@shcovers 50
U.S. medium and large airports from 2012 to 2021 and comprises 1,488 observations.
Table B1 presents a list ofampleairports. During the preCOVID-19 period (2012
2019) these 50 large and medium hubs collectialgount for61% of departures, 69%
of passengers, 45% of cargo, and 73% ofaenonautical revenue among all U.S. airports.
During the COVID19 period, in 2020 and 2021, tlsampleairports maintaiad their
importance Theyaccounted fo61% of departures, 71% of passengers, 43% of cargo, and
71% of nonmaeronautical revenue among all U.S. airport2020 and 2021Despite the
challenges caused by tOVID-19 pandemi¢the sample airports maintained a similar
shareof overall airport activii compared to the pr€OVID-19 period. The sample
comprisesairports from 2%ut of the 51 jurisdictions in the United StatésTable B2

summarizeslata sources.

3.4.1 Total Variable CostsPositiveOutputs andNegativeAttributes

This shortterm cost analysisneasures total variable costs ustotpl operating
costs. The Federal Aviation Administration (FAA) Certification Activity Tracking System

(CATS)providesai r por t sd annu a l®THeitotaloopeating dosteinsist o r mat

6451 jurisdictions are 50 states plus Washington, D.C.

85 Detroit Metropolitan Wayne County Airport (DTVEubmittedits financial informgion twice in
2019. The first repoffrom October 1, 2018, to September 30, J@t&son September 30, 2019. The second
report(from October 1, 201,90 December 31, 20)9vason December 31, 2019. Thsbecause th@TW
changed its financial yeandfrom September 30 @ecember 3in 2019 Thereforethe study usethedata
from September 30, 2018r 2019, anchddsthe datafrom December 31, 20190 2020.
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of three components personnel compensation and benefitbdlacosts), contractual
services costs, and general airport operations &%ts.

The analysis includes three positive outputs: departures, workload units, and non
aeronautical revenue. Departure data is from the Bureau of Transportation Statistics (BTS)
T-100 Segment of Form 41 Traffic, whigdontairs airport operations and workload
statistics Workload units are the sum of the number of passengers and the units of 220
pounds (100 kg) of cargo, following the method used by Bottasso and Conti (2012) and
McCarthy (2016). The neaeronautical revenue data is from FAA CA®¥The analysis
aso considers three associated negative attributes: delay, congestion, and air pollution.
BTS6 Ai-timeiPerfermadee Data is the souoé®oth flight delag and congestion.

Delay is the annual percentage of delayed departing flights at each awpdg,
congestion is thannuakverage taxout time fordepartinglights. In additionthe measure
for air pollution is theannualmedian Air Quality Index (AQI) in the county where the
airportis located® ° The U.S. Environmental Protection Ager@&PA) is the sourcéor

the AQI data. AQFangedrom 0 to 500 andlower valuesndicatebetter air quality. Using

66 Personnel compensation and benefits, also referred to as labor costpapériare the salaries
andearningsof personnel directlyired by the airportas well aemployee benefits such as healtidlife
insuranceand employee pensions. The contractual services costthareosts of consulting, legal,
accounting, maintenancenéincial servicesand other services paid to commercial firms and government
agenciesThe repair and maintenance costs account fagjar portion of contractual services costs. The
general airport operations coswnsist ofcostsassociated witltommuntations and utilities, supplies and
materials, insurance, claims and settlement, and other operating expenses thilldendetthe criteriaof
labor and contractual services costs.

57 The costs in this studgontainan exhaustive list of inpundare all aggregated composites of
several inputs. Ideally, the model should esa ¢ h iactyalupticéasnd associated costsistead of
aggregated composites. However, dailabledata does not supporttimethod

68 The primary sources of nomeronauticlrevenuearefood and beverage, retail stores and duty
free, rental carandhotels.

69 AQI data is available ahe county levelandcorebased statistical area (CBSA) level. AQI data
at anarrowergeographicscale such as city level, ignavailable.According to he Office of Management
and Budget (OMB)a CBSAincludesone or more counties, indidag that a CBSA iftenbiggerthan a
county.Consequentlythe studyutilizescountylevel AQI datainstead ofCBSA level data.

0 SinceKansas City International Airport (MCI) locates in Platte County, Missathich lacks
AQI datg the study usede AQI data from Clay County, Missouthe closest county
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the median valuereduceghe problems caused by outlief$e EPAclassifiesair quality
into six levelsaccording toAQI values: good (€60), moderate (5100), unhealthy for
sensitive groups (16150), unhealthy (15200), very unhealthy (20200),andhazardous
(301 and higher). An alternative approach to measuringpdutionis to focus on airport
specific pollutants. However, thimethod does not necessaribffer a bettermeasurdor
air pollutionthan theAQI. According to Riley et al. (2021), most studesU.S. airports
identify carbon monoxide (CO), nitrogen dioxide (yOand sulfur dioxide (S£) asthe
three major airporpollutants. However, no evidenaiggestswvhich oneis the most
predominantpollutant EPA calculates AQlsing thesethree pollutants, along with
groundlevel ozone and patrticle pollutio@onsequentlythe AQlis a composite measure
consideringall three majomirportpollutants. Whilethere are countlievel dataavailable
for eachpollutant, dilizing the single polliuantdataat the same leves not necessarily

better tharusingthe AQI composite includingll three pollutantg!

3.4.2 Input Prices and Quasdtixed Factor

Consistent with the three components of total operating costs, thisistlayes
three inputs: laborcontractual services, and general airport operatiBqsiation 3.5
requires a price index for each input. The study calculates nominal laborysilcgsibor
costsand the number of fulime equivalent employees data from FAA CAFShe study

derives the real labor pricesy adjusting the nominal labor prices using GDP deflators

" Chapter 2 has a detailed discussibthe limitations assciated with air pollution and the absence
of noise data.

72STL 2012, DAL 2013, STL 201&ndMSY 2018 did not report fulime equivalenhumbers of
employees, leadg to four missing values fothelabor price index.
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(2012 = 100Bndthenstandardizinghem to the real labor price indexes with 2012 as the
baseyear (2012 = 100).

However,airportlevel price indexes for general airport operations and contractual
servicesare unavailableTherefore, the study uses natielealel producer price indexes
(PPI) from the Bureau of Labor Statistics (BLS)he price index for general airport
operationgs the PPI for airport operations, while the price index for contractual services
is the PPI for nonresidential building maintenance and refafccording to the
methodologyproposedn McCarthy (2014), the studyses a threstep process toonvert
these nationdlevel nominal price indexes into stdéyel real price indexes

Q) Standardizing nationdével nominal price indexes with 2012 as the base
year (2012 =.00).

(2)  Adjusting the nationalevel nominal price indexes by stdevel Consumer
Price Index (CPI) to obtain the stdével nominal price indexes.

3) Converting the statkevel nominal price indexes to stdevel real price
indexes using the GDP defla@012 = 100Y*

The runway is a quasixed factorin the shorrun cost analysisThis studyfollows
the methodologggomMc Car t hy (2014) and uses 3t1b®dequi
runways (ENRW), Equation 3.24, to measure the quafiked factor where

Yo € 0 0w iQis thwlength of runway for airporti at timet. ENRW provides two

majoradvantagesver the actual number of runwaysrst, theactualnumber of runways

3 Thereis no PPI seriefor airport contractual services. Since the maintenanderepaicoss are
the major portion of airport contractual services costs, the atsdgPPI for nonresidential building
maintenance and repair e source fothecontractual setices price index.

74 The resulting input price indexes are tiw input prices that airports actually face. They can only
represent the actual input prices to some extent. Therefore, there is a certain degree of error.
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is an inferior measure of runway capacijwen thedifferences in runway lengthg/hich
can be accommodated bging ENRW. Second, and related, since airports often extend an
existing runwayinstead ofconstructing a new one, ENRW¢tcounts foithe changedo
existing runway<? Although there is ndefinition for astandard runway, B0, G2 6 6 6
runway can accommodate most passenger and cargo aircraft (McQad#hy,

B YOo&eU0OwliXQeEYHE U OOAQANQQO

00 Y C 3.24
v Yw plv it 7t

3.4.3 COVID-19 Measures and Relat&blicies

3.4.3.1 COVID-19 Measures

The Centers for Disease Control and Prevention (Ch@lighesvariousCOVID-
19 statistics including thefiWeekly United States COVH29 Cases and Deaths by Séate
dataset used in this studyhe dataseprovidesweekly case andeath countsompiledat
the state level® In order to preserve consistency in frequency, this study further combines
the weekly COVID19 data into annual data, as airport datat an annual level. CDC
definesa COVID-19 case based arertaincriteria, including clinical criteria, laboratory
criteria, and epidemiologic linkag@&here are three types ofs&s: suspect, probable, or

confirmed’’ CDC includes both probable and confirmed casehérdatabut excluces

S A limitation is that this methodghores the potential discrete runway effect. For example, an
airport with two runways, both smaller than the standard size, may generate an equivalent number of runways
greater than one through Equat®84, whi ch does not refl.ect the airpor
6 Despite the availability of courdgvel COVID-19 data on the CDC's COVID Data Tracker, the
authorwas unable ttocatecomgetecountylevel data for COVIB19 cases and deaths thaversthe entire
2020 and 2021.
77 According to COVID19 2021 Case Defindn by CDC, a confirmed case meets confirmatory
laboratory evidence, while probablecase mainly meets clinical criteria and epidemiologic linkage or
presumptive laboratory evidence, withadnfirmatory laboratory evidence. A suspect case only meets
supportive laboratory evidence. Saps://ndc.services.cdc.gov/cadefinitions/coronaviruslisease2019-
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suspect casé§ A COVID-19 death mearthatthe death certificatiists COVID-19 asthe
contributing cause. The papesesCOVID-19 cases as the primary measureaftalyzing
the COVID-19 impactin the empirical analysigjiventhat COVID-19 cases arthe key
indicator used by governments arghtihauthoritiedo assesthe severity of theandemic
In addition, he analysis uses COVHD9 deaths itherobustness check.

Severalfactors carinfluencethe accuracy of COVIEL9 dataAccording toCDC,
these factors include thlielayed appearancd symptons, delay intesting andeporting
underreporting of mild cases, adifferencesn data collectioracross states. These factors

mayintroduceerross in the data.

3.4.3.2 COVID-19 RelatedPolicies

The paperconsiderdwo COVID-19 related policies thahay affect airport costs:
statelevel face mask mandates and COWID vaccine mandated/arious levels of
government and related agencies in the U.S. implemented several €®M&ated
policies in 2020 and 202lincluding but not limited to stagt-home orders, face mask
mandates, curfewgathering sizdimits, indoor diningrestrictions public venueslosure
and COVID19 vaccine mandat€€ When deciding the policies toanalyze,the paper
primarily considersthree aspects First, the polig 6edfective duration should be long
enoughto reflectitsinfluence Therefore, the study excludes shoettam policieghat only
lasteda few weekssuch as stagt-home orders and curfews. Secomdorderto reliably

estimate theegression modeltheremust bevariation in the policy erossthe sample

2021/for details.
8 In the dataset, CDC combines probable and confirmed cases together and refers to them
collectively as fAcasesd. According to CDC, not alll
7 Althoughsome of these polies may not directly relate to airportBey mayindirectly influence
p e o pttaweldscisionsaind thus affect airports.
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airports. During the pandemic, airlinegroducedcertainrules such as waiving change
fees and blocking middle seats. However, thpebcies affect all relevant airports
uniformly. For example, Delfa policy of blocking middle seaimpact almost allthe
sampleairports,leading toa lack of variation in thipolicy variableandmaking it difficult
to estimatethe econometricmodel Third, the policy shouldnfluence many airports,
suggesting extensivienplementationn different states.During the pandemic, six states
enactedlifferent levels ofjuarantine policies for boundpassenger However, this policy
only affected three aigots in the sample, which magthave aignificantandwidespread
effect

In addition, he studyfocuses on statlevel COVID-19 related policies rather than
countylevel policies for three reasons. First, when skavel and countjevel rules
conflict, as in the case ddcemask mandatestategovernmerd often have the authority
to overriddocal policies, resulting in th&nal executionof statelevel policies(Jankowski
and Petersqn2023. Second, airports serve as transportation Habghe whole state's
population,not simply the local countyin addition p e o pttaeebdecisions are often
affectedbythes t at e aspolpipoise s .(fThrd, tohnylevelmaliciesayed s
typically more specific and detailethan statelevel policies. Therefore, there is
considerable variation ithe details of the sanm@olicy among the courds In contrast,
statelevel policieshave moresimilarities and consistency.

Based on theseonsideations the paper selects stdevel face mask mandates and
COVID-19 vaccine mandates. These two were the most widely implempaotetes
before and after the availability of vaccines. BothdHongterm and extensive

implementation acrosseveralstates while therearealsoa fewstates that nevemnacted
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these policie§® The Kaiser Family Foundation (KFF), an independent soofdealth

policy research, providesformationon statelevel face mask and COVHD9 vaccine
mandates. Specifically, the papdefines face mask mandates as statewide requirements
for the general public to wear mas&sued by a stafe executive brancH.Statelevel face

mask mandates began in April 2020-F provides information on face mask mandates
from June 25, 2020, to dvember 16, 202% Since many states adjusted face mask
mandates based on reémhe COVID-19 dataleading tointermittent policies, the paper
calculates thexactnumber of dayperyear that face mask mandates were in effect as a
measure of their implementation. In this case, the variable representing face mask mandates
is nontnegative integers. However, tmethodhas a major limitation. Since KFF does not
provideinformationon face mask mandates from tstartof the pandemic (or thetartof

the first mask mandate) until June 25, 2020, and from November 16, 2021, until the end of
2021, this may underestimate the number of days face mask mandates were in effect and
introduce bia$® An alternativemethodis to calculate a ratio by dividing the number of
days with face mask mandates by the total number of days with available data for each
year. If this ratio is greater than 50%, it indicates that the state had face mask mandates fo
the majority of the time (with available data) that year. If the ratio is less than 50%, it

suggests that face mask mandates were only in effect for a minority of the time. This results

80 There were 11 states that implementeithera face mask mandate noIC®OVID-19 vaccine
mandate in 2020 and 2021.

81 Two importantpoints to note: first, some states issued guidance or recommendations regarding
wearing masks but did not enforce a mandatory requirement, so these cases are not considered as having a
face mask mandate. Second, there were numerous changes in face niaskshroughout 2020 and 2021.

In this paper, the definition of a face mask mandate includes policies such as "required for the general public"

"indoor only", and "for unvaccinated people onlyjut it does notincludp ol i cy Arcergini red f
employees.

82 The first statdevel face mask mandatetimeU.S. was implemented by the state of New York on
April 17, 2020.

83 The first COVID-19 case irthe U.S. was reported on January 20, 2020.
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in a binary dummy variable fadhe face mask mandat® This methochasthe additional
benefit of mitigating the strong positive correlation between the vasidbtdace mask
mandates an€COVID-19 vaccine mandate®. The paper primarily uses this dummy
variable method for empirical analysis and employs the day courttothdbr the
robustness check.

Another policy of interest in the paper is stiteel COVID-19 vaccine mandates,
which only existed in 2021 (for this study). In contrast to face mask mandates, €QVID
vaccine mandates did not adjustamatically and freqently based on the pandemic
situation during the sample period. States that had Ca&MDaccine mandates enfodce
them from the time of implementation until the end of 2021. Since there is no complete
information on the start dates of COVII® vaccine magates in each state, instead of
using day count as a measure, the paper uses a binary diamatjeto represenCOVID-

19 vaccine mandates. Furthermore, compared to face mask mandates, there is significant
variation in the specificequirementof vaccinemandates among states. Although the
overall target is state employees, the specific targeted population varies greatly, making it
difficult to classifyinto a few categories. Therefore, the paper aims to measure the impact

of this policy at a high level.

84 This method also has a limitation.rifanyairports clustes around the 50%hreshold it could
introduce bias into thestimationresults. For the sample, this issue does not exist in 2020, as the closest
values to 50% are 75% and 31%. However, in 2021, this problem doesFasgsairports fall within the
45%- 55% range. Therefore, it is necessary to conduct a robustness check using the day count method.

85 This argument is based tre facthat states implementing vaccine mandates tend to have stricter
COVID-19 policies Therefore they often lift face mask maates late, leading to large valdesthe day
count method. There is a strong positive correlation between theotie@s In the sample, in 2021, states
with vaccine mandates had face mask mandates implemented for 48 daythanggtes without &ccine
mandatesUsing the dummy variable method based on the ratio and the 50% threshold helps mitigate this
correlation to some extent.
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Table3.1: Descriptive statistics, 50 U.S. airports, 202021

Full Sample Over Airports Over Years
Variables # of Mean Std. # of Std. # of Std.
Obs. Dev. | Obs. | Dev. | Obs. | Dev.
Costs Total operating costs 500 180 168 50 167 10 14
(million Labor 500 71 72 50 70 10 7
2012%) Contractual services 500 64 61 50 61 10 5
General operations 500 46 52 50 51 10 3
Labor 500 0.40 0.10 50 0.10 10 0.01
Cost shareg Contractual services 500 0.36 0.12 50 0.12 10 0.01
General operations 500 0.24 0.09 50 0.08 10 0.01
Average | Perdeparture 500 | 1,488 691 50 571 10 325
variable | Per workload unit 500 14.27 7.19 50 4.95 10 4.59
cost Per nonaeronautical
(2012$) | revenue 500 1.49 0.68 50 0.57 10 0.26
Real input | Labor 496 | 103.87| 80.71| 50 78.95| 10 4.37
price Contractual services 500 | 101.65| 6.10 50 5.98 10 0.94
indexes
(2012 = | General operations 500 | 99.28 | 6.03 50 5.83 10 141
100)
Positive Departures 500 0.12 0.10 50 0.09 10 0.02
outputs Workload units 500 14 12 50 11 10 3
- Non-aeronautical revenug
(million) (20129) 500 123 99 50 96 10 20
Delay rate 500 0.19 0.04 50 0.03 10 0.02
Negative | ~Verage taxout time 500 | 15 4 50 3 10 1
> (minute)
attributes Annualmedianair qualit
/ ualyl 500 | 47 11 | 50 | 10 | 10 1
index
Quasi Equivalent number of
fixed factor| 1 0, GAG® 6 r u 500 3.33 1.84 50 1.86 10 0.00
COVID-19 cases per
COVID-19 | thousand residents 100 9 26 50 13 2 29
measures | COVID-19 dgaths per 100 1 0.43 50 0.29 > 0.26
thousand residents
Face maskmandates | 1, | 56 | 050 | 50 | 041 | 2 | 023
(dummy)
COVID-19 "¢ e mask mandates
related 100 141 104 50 96 2 12.09
policies (days) -
COVID-19 vaccine 50 | 05 | 051 | 50 | 051 | 1 -
mandates (dummy)

1. Thelabor price index isderivedby dividing labor costs bythe full-time equivalenhumber of

employees. STL 2012, DAL 2013, STL 2013, and MSY 2018 did not repetimdlequivalent

numbers oemployees, leadg to four missing values for the rdaborprice index.

Workload units ar¢he sum othe number of passengensd theunits of 220 pounds of cargo

The air quality index (AQIyangeis 0 to 500. A lower AQI value means better air quality.

The descriptive statistics for COVAD9 cases and deaths are based on observations f@n

and 2021.

5. The statdevel face mask mandates were effective in 2020 and 2021. The descriptive st
are based on observations from 2020 and 2021. TheletaleCOVID-19 vaccine mandate
were effective starting from 2021. THescriptive statistics are based on observations from Z

Pwb
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Overall, both statéevel face mask and vaccine mandates hdread
implementatiorand are in effect foa substantial duration. In 2020, out of the 51 U.S.
jurisdictions, 40 implemented face skamandates, with an average duration of 127 out of
190 days with available dataln 2021, the same 40 jurisdictions had face mask mandates
with an average duration of 13iut of 320 days with available datim addition 21

jurisdictions implemented COVH29 vaccine mandates in 2021.

3.4.4 Summary Statistics

Table 3.1 provides summary statistics for the full sample, over airports, and over
theyears. All monetary values are in real terms (20123). The range of real total operating
costs inthe sample perios from $28 million (Albuquerque International Sunp@&BQ,

New Mexicq 2016) to $781 million (Los Angeles Internationla®X , California, 2020).

Among the three cost components, labor and contractual services costs contribute similar
proportions, 40% and 36%n averagerespectively, while general airport operations costs
account for an average of 24% of total operating costs.aVeeagevariable costs per
departure ($1,488) aggnificantly higherthanper workload unit ($14.27) arger non
aeronautical revenue ($1.49). As the study standardizes the input price indexes using 2012
as the base year (2012 = 100), the sample meansiopthgrice indexes are very cloge.

Regarding positive outputs, HartsfieldJackson Atlanta Internatnal (ATL,

Georgia largg has thesamplehighest values for both departures (0.46 million in 2012)

86 Average duration is based on all 51 jurisdictions, including those that did not implement face
mask mandates.

87 Thestandard deviation dhelabor priceindexis relatively high compared tdhe other two input
priceindexes This is becausthe labor pricéndexis derived from airportevel nominal wageswhich have
significant variationsen after adjusting for deftion andstandardizatiorin contrastthe pricendexesfor
contractual services and general airport operationsaaed onhenationatlevel Producer Price Index (PPI)
and statdevel Consumer Price Index (CPWhicharemorestandardizeand haveelatively lowvariations
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and workload units (58 million in 2019n contrast Albuguerque International Sunport
(ABQ, New Mexico, mediunhas the sample lowest values for both workload units (1
million in 2020) and nosaeronautical revenue ($12 million in 2021). Los Angeles
Internationahasthe samplehighestamountof nonaeronautical reveny&516 million in
2017, while Palm Beach Interational(PBI, Florida, mediuphas the sample lowest value
for departures (0.02 million in 2020).

On averagearound19% of flights experience delays each year, and the average

taxi-out time beforeakeoffis 15 minutes. The mean annual median AQ@kaiple airports

is 47, corresporidgt o t he fnagmmdanilreyet hat Aair qgual i

However, this value is very c¢close to the
i moder at Acoordingete EPIA the average AQI for the UndeStates during the
sanple period is 39 suggesting thahe air quality asampleairportsis worse than the
national averagerhe range of sampl@AQI values is bigPortland InternationalPDX,
Oregon large)has hesamplelowest AQI value (the best ajuality) of 31in 2016 while
Phoenix Sky Harbor International (PHXrizona,large)hasthesamplehighest AQI value
(poorest air qualitypf 122in 2021, corresponding téunhealthy for sensitive groujp&
The average equivalent number of runways is 3.33, which is slightly lower than the average
actual number of runways, 3.4#fter accounting for differences in runway lengths

During 2020 and 2021, the average annual number of C&¥IRaseswvas
approximagly 1 million per state in the sampleith 17,465 deathdhe average mortality

ratewasaround 1.6%° Specifically, in 2020, the average number of casestagewas

8 The three highest AQI values are 122 (PHX, large, 2021), 112 (PHX, large, 2020), and 84 (LAX,
large, 2012; BUR, medium, 2012). The three lowest AQI values are 31 (PDX, large, 2016), and 33 (MSP,
large, 2012; PDX, lamg 2014; DCA, large 2020; IAD, large, 2020, PDX, medium, 2020 and 2021).

8 The average mortality rate is the mean of mortality rate for each observation.
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845,934, with 13,535 deaths, and the average mortality rate was 1.8%. In 2021rabe ave
number of cases pstatewas 1,439,559, with 21,395 deaths. While the average number

of cases and deaths increased compared to 2020, the average mortality rate decreased to
1.4%. Taking into account the population differences, the average casesaihd ger
thousand residents are 79 and 1, respectivelyhe sampleKentucky had the highest

number of annual caspser thousand residents35 in 2021, while Arizona had the highest
number of annual deaths per thousand resid2ms2021.0On the otler handOregonhad

the lowest number of annual cases and dgahshousand residentwith 26 cases and
0.45deathin 2020

Throughout the twgears, an average of 56% sampleairportsimplemented face
mask mandates for more than half of the tiitdn available datawvith an average duration
of 141 dayger year’® 72% of the airports implemented face mask mandates with an
average duration of 133 days202Q while 40% of the airports implemented face mask
mandates with an average duration of 15Gdag021 This suggests that the UrSlaxed
face mask regulations in 2021. However, statesstilaenforced face mask mandates
2021were determined to sustain their implementation for a longer period. In 2021, half of
thesampleairports were in stategith vaccine mandates.

Table B3 provides a detailed comparison between large and medium hubs. As
anticipated| a r g e tothl ogersting costs, cost components, and positive oudpeits
generally three to five timahosefor medium hubslLarge hubs also have highererage
variable costshan medium hubslthough the differences are relatively small compared

to total operating costs and positive outputs. The averagwaentnumber of runways

9 Data on face mask mandates covers 190 days in 2020 and 320 days in 2021, which is 205 days
annually,on average.
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for large hubs isl.6 timesthat for medium hubs, wéreasthe cost shares with sub
samples arelose tothose in the full samplén addition,large hubs tend tbavehigher
delay rats, longer taxiout minutes and slightly poorer air quality compared to medium
hubs.The high pogive output levels of large hubs contributeltese difference&.orinput
prices, large hubs fagauchhigher laborpricesbut lower prices for contractual services
and general airport operatiotian medium hubg\ potential reason is th&rge hubs e
usuallylocated in large citieswherelabor price is higher, and input markets are more
competitivethansmaller cities.

Thestateswith large hubs have fewer COVAIO cases and deaths tltansewith
medium hubs. This could be because of the relatively strict C&@IDpolicies
implemented in thetateswith large hubs. Several studies (Adjodah et al., 2021; Huang et
al., 2022; Lazer et al., 2023; Fitzpatrick et al., 2023) show that the CQ¥|evenbn
policies, such as face mask and COMI®vaccine mandates, effectively reduce COVID
19 cases and deaths. 76% of steteswith large hubs implemented face mask mandates
for more than 50% of the timgith available dataand theaverage duratiois 147 days
per year. In 2021, 61% of theateswith large hubs implemented COVAD9 vaccine
mandates. All three indicators of COD related policiearehigherfor the stateswith

large hubs thathosewith medium hubs.

3.5 COVID-19 and Airports

In this sectionthe papeillustratesthe impact othe COVID-19 pandemic on shert
run airport costs based on sample statistithe studyfocuseson three aspectshe pre-
COVID-19 period versuthe COVID-19 period,the impactof COVID-19 measurs, and

the impact of COWID-19 related policies.
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Table3.2: Descriptive statistics by pt@éOVID-19 and COVID19 periods, 50 U.S.
airports, 2012 2021

Variables ?8&3.03’51'35 202?:;5 S0p1| Change | 2020 | 2021 | Change
Costs (million 2012 $)
Total operating costs %213((5)8?2 1(325’)7 0.08% 1(?372)1 1(1(15(?)3 -9.34%
Labor 016 TTI T s | 7238|806 | oan
Contractual services 6(217)9 6(‘22%8 2.03% 6(241)7 6(210)0 -6.20%
General operations 4(232)7 4(1;5)7 -8.02% 4(216)7 4(274)6 -9.41%
Cost shares
Labor (82?8) (8:111) 3.31% (8141% (8:112) -4.34%
Contractual services (8?2) (gig) 1.11% (8?2) 8?;) 3.36%
General operations (832) (8(2)3) -7.26% (833) (8%3) 3.08%
Real input price indexes (2012 = 100)
e | e | owe | B2 & oame
Contractual services 1(g19%5 %6(5)28(1))5 0.49% %3192)1 %227;)9 0.27%
General operations (9,)597432 (978153 -0.93% (96558;5 %2165)4 5.63%
Positive aitputs (million)
Departures (813) (88% -27.93% (882) (8éé) 29.28%
Workload units (1‘21;2) (18(.)511% -31.12% (233) (igig) 58.53%
rl\le?/re}r?lio(g%%ﬂzcgl) (iggﬁ) (32222) ~28.79% (%:Zg) (2?22) -9.62%
Negative attributes
Delay rate (832) (831) -13.40% (832) (832) 31.72%
e | dss | s | e | 255 some
Median air quality index (?682‘; (‘11228) -0.77% éigg) (ﬁi% 2.70%
Average variable cogR012 $)
Per departure %5:;%0 &g?g 46.9% éi’i% %62?)1 -31.0%
Per workload (1421%1 éggg 65.66/0 (gég (16426]? -46.28%
el A NS R ey S g
1. The table reports the sample mean and standard deviation in parentheses.
2. The change of mean values fraine pre COVID-19 period tahe COVID-19 period.
3. The change of mean values from 2020 to 2021.
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3.5.1 Pre-COVID-19 Period versu€0OVID-19 Period

Table 3.2 provides a comparison of descriptive statistics before and during the
pandemic, as well as a comparison between 2020 and E@fike 3.2 to Figure 3.6
illustrate the trenslof the main variables from 2012 to 2021, with the referenceitine
2019 distinguishing therp-COVID-19 period (2012 2019) and the COVIEL9 period
(2020 and 2021). Regarding the total operating cdstisle 3.2 shows that the means of
operating costs anast shares remained relatively stable before and during the pandemic.
Figure3.2 depicts the changes in operating costs and cost shares. Panel A demonstrates a
continuous increase in total operating costs duringpte€OVID-19 yearsfollowed by
asharpdecline after th€ OVID-19 outbreakdropping toalevel close to 2014 within two
years?! Panel Billustratesconsistent downward treador all three cost components after
upward trend before the pandemi®.As a result, Panel C indicates stable cost sifare
the three components throughout the sample period, consistent withtahie Table3.2.
Regarding the input price§able 3.2 shows that the mearf oeal input priceindexes
remained unchanged before and during the pandemic. As depiéteire3.3, thelabor
price exhibiteda significant decrease during the pandemic period, while the prices of

contractual services and general airport operations exhibited overall upwars *frend

91 Notably, in this section, the paper compares theywes during the pandemic with the preceding
eight years before theOVID-19 outbreak.

92 The upwardtrend of general airport operationgstswas muchweaker than the other twapst
comporents before the pandemidowever,the operations cosexperienced a similar decline after the
COVID-19 outbreakdropping toa level lower tharn 2012.Thus the mearof operations costduring the
pandemic is lower than the ppandemic level.

9 The reduced demand for labor due togharpdecrease in flights and passenger traffic caused by
the pandemic leado a decrease ithelabor price. On the other hand, airpartsstimplement dditional
measures tmeetsafety requirements during the pandemic, such as improving airport sanitation facilities or
increasing cleaning and disinfection frequendiBielecki et al., 2020; Duddu, 2020Jhese additional
services, provided either by tlaérports themselves or through contractsetvices increase the prices of
contractual services and general airport operations during the pandemic.
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Although notexplicitly focusing on airports, Ogden (2021) confirms that input prices
(except forlabor) for U.S. producers increased during the CO¥®Dperiod (2020 and
2021).

Regarding positive outputs, as expected and consistent with many studies (Dube et
al., 2020; IATA, 2020; SuasBanchez et al., 2020), the datal'eble3.2 shows that the
average levels of three positive outputs during the pandemic were significantly lower than
the valuesbefore the pandemidoy around 30%.Figure 3.4 provides a more visual
presentationshowingsharp declingin all three positive outputs in 2020 due to travel
restrictions and health concerns (Chinazzi et al., 2020; Lee et al., 208)ugh
departures and workload experienced soeaeveryin 2021, they remained at low levels,
even below 2012, sugges a long recovery for airports after COVAD® (Dube et al.,
2021). Furthermore, influenced by the r spread mode (CDC, 2021apmaeronautical
revenue continued to deamsein 2021°* Figure 3.5 and Table 3.2 demonstratethat
negative attributeBadsimilar trends as positive outputs. Delays and congestion decreased
in 2020 along with the decreases in positive outputs and reedumd@021 with tle
increass in positive outputs. Pollution, on the other hand, showed no significant change
during the pandemic, with only a epeint fluctuation in AQI®

Based on Chapte?, the sampleairports exhibied scale economies iall three
positive outputs befe the pandemic. Therefore, wegharpdeclines in positive outputs

following theCOVID-19outbreaktheaverage variable casthould significantlyncrease.

94 According to the Centers for Disease Control and Prevention (CiI)ajormodes of COVID
19 transmissiorare airborneand respiratory dropletJhus, in order to limit the risk of infection, people
avoid dining at airports.In addition, people restridheir airport purchasindo avoidbusy placesThese
circumstances contributed acontinuougreductionin norraeronauticatevenuean 2021

9 This may result fromhe data limitation of air pollution data discussed in Chabter
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Panel A: Total Operating Costs, 2012 - 2021, Mean Values
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Panel B: Total Operating Costs Components, 2012 - 2021, Mean Values
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Figure3.2: Year trends for operating cost) U.S. airports2012i 2021
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Real Input Price Indexes, 2012 - 2021, Mean Values
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Sources: Federal Aviation Administration (FAA), Bureau of Labor Statistics (BLS).

Figure3.3: Year trends for real input price index&6,U.S. airports, 20122021

Table3.2 andFigure3.6 confirm this conclusionTable3.2 shows that the average
variablecosts for three positive outputisiring the pandemic were much higher than the
pre-pandemicvalues by 45% to 66%.Figure 3.6 depicts the complete trend, where the
declinesin positive outputsn 2020 lead tsignificantincrease in average variable costs,
followed by decreaseas positive outputs slightly rebounded in 20Rigure B1 further
decomposes average variable costs into three cost compahemis)gconsistent changes
in all three components, with no singlestcomponent dminating thechangesn average
variable costs. Sectidh6.2decomposes the percentage change in average variable costs

and analyzethe contributions of each factor.
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Panel A: Departures, 2012 - 2021, Mean Values
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Panel C: Total Non-Aeronautical Revenue, 2012 - 2021, Mean Values
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Figure3.4: Year trends fopositiveoutputs,50 U.S. airports, 20122021
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Panel A: Delay Rate, 2012 - 2021, Mean Values

Delay Rate
0.18 0.20 0.22
1 1 1

0.16
I

0.14

T T T T T T T T T
2012 2013 2014 2015 2016 2017 2018 2019 2020 2021
Year

Source: Bureau of Transportation Statistics (BTS)
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Panel C: Median Air Quality Index (AQl), 2012 - 2021, Mean Values

48 49
1

Median Air Quality Index (AQI)
47

46

T T T T T T T T T
2012 2013 2014 2015 2016 2017 2018 2019 2020 2021
Year

Source: Enviranmental Protection Agency (EPA)
Low AQI = High Air Quality. AQI Range 0 - 500.

Figure3.5: Year trends fonegativeattributes 50 U.S. airports, 20122021
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Panel A: Average Operating Costs per Departure, 2012 - 2021, Mean Values
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Panel C: Average Operating Costs per Non-Aeronautical Revenue, 2012 - 2021, Mean Values
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3.5.2 Thelmpact of the COVIEL9 Measures

By focusing on the COVIEL9 period 2020 and 2021, the sample statigtioside
insights into how COVID-19 affects airport sherun costs. This study uses cases and
deaths as COVIE19 measuresshowng consistentresultsin this section.Figure 3.7
indicates weak positivesample correlatiors between COVIB19 measures and total
operating costdsigure B2 andFigure B3 furtherillustratethatthe increase in COVIE19
measuress associated with thancreass in labor and contractual servicesstoandthe
decrease in general operations coStfurthermore, Figure B4 and Figure B5
demonstrate that the increase in contractual service costs is the most significant, leading to
an increase ithe cost share. Although labor costs also incretgmanagnitude is smaller
thancontractual servicesosts resulting indecreasedost share. These two factors, along
with the decrease in general operations costs themskdadso a significant decrease in
thecost sharef general operations

Regardingaverage variable costs, COUD canaffectaverage variable costs by
simultaneouslyinfluencing the numerator (total operating costs) and the denominator
(positive outputs). Fronfrigure B6 and Figure B7, the combined effect indicates no
significantsamplecorrelation between COVH29 measures and average variable costs for

departures but negative correlasavith workload and nomeronautical revenue.

9 This findingis consistenwvith the actuasituationduring the pandemic. THeOVID-19 outbreak
and the increase in confirmed cak@seairports to implement measures to ensure safetheailth. Orthe
one handairports need to upgradacilities to meet the requirements for disease prever(ticAO, 2021b)
The associated codlall under contractual servicesstsfocusng on repair and maintenand@n the other
hand,airportsneed tancreasdaborfor preventionrelated taskssuch agleaning and disinfectiofBielecki
et al., 2020; Duddu, 20200 addition,the pandemic resatlin sharp decreases flights and passengers
(Dube et al., 2021 )eading to a decrease in geneaigbortoperations costs
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Panel A: Total Operating Costs versus Covid-19 Cases, 2020 and 2021
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Figure3.7: Total operating costs versus COVID cases/deathSQ U.S. airports, 2012
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Panel B: Total Operating Costs by State Covid-19 Vaccine Mandates, 2012 - 2021, Mean Values
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3.5.3 The Impact of COVIEL9 Related Policies

In Figure 3.8 Panel A the study divides th&ull sample based on whether mask
mandates were in effect for more than 50% of the aadableperiod in either 2020 or
2021%" The study then compares the trefatsotal operating costsf two subsamplego
that ofthe full sample from 2012 to 2021. Similarly Rigure3.8 Panel B the study divides
the full sample based on whether vaccine mandates were in effect ina2d2then
compares their trends to the full sample. Siiaoemask mandates were in effect in 2020
and 2021, and vaccine mandates were only in effect in 2021, the referesda lime
figures correspond to 2019 and 2020, respectively. AccordiR@gtoe3.8, the trendgor
the subsamplesvith and withouttacemask mandatesreconsistent with théull sample
and the same is true for the ssdimpleswith and without vaccine mandates. The figures
identify no apparentmpact of these policies on total operating costs based on sample
statistics.Figure B8, Figure B9, and Figure B10 analyze the impact oface mask
mandates on cost compomgncost shares, and average variable costs using the same
approach and find that the ssAmplesvith and withoufacemask mandatesavesimilar
trends as the full sample, indicating apparenimpact offacemask mandates based on
sample statistics. ®iilarly, Figure B11, Figure B12, andFigure B13 do not showa
significant impact of vaccine mandat¥sSection 3.6.1.2 uses regression analysis to

provide a more reliable analysisthe effects of COVIBL9 policies on airport costs.

97 Section3.4.3.2discusses this binadummy variable measure for the state face mask mandates.
9% There are two minor tferences worth noting. First, Ifigure B12, there is aleardifference in
the cost share treador the subsamplesvith and without vaccine mandates, but tkisonsistentvith the
relative changesf costcomponerg within sub-sample shown inFigure B11. Secondin Figure B13, the
average variable casfor non-aeronautical revenushowopposite trends for the two sglamplen 2020 and
2021. Given the lacéf significantsamplecorrelatiors between vaccine mandates and operating sbstsn
in Figure3.8, this may be due to the impact of vaccinandates on the neaeronautical revenyevhich
indirectly affects average variable costs.
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As mentioned irBection3.4.3.2 thisstudy also employtheday countmeasurdor
facemask mandates, which is the number of dhgs facemask mandates were effective
eachyear.Figure B14 andFigure B15 demonstrate positiveamplecorrelatiors between
the day count measure of faceask mandates and total operating dastyage variable
costs.

To summarize, based on the sample statistiestdtal operating costs declined
dramatically after theCOVID-19 outbreak while the average variable costs of three
positive outputs increased. During 2020 and 2@B&,COVID-19 cases he a weak
positive relationship with the total operating costs.ddigon, the COVID19 caseshow
negative relationships with the average variable costs for workload araenmmautical
revenue but no significant relationship with departures. The C&NIeaths show
consistent results witthe COVID-19 cases. Both facmask and COVIEL9 vaccine
mandates (dummy variable measures) show no significant relatisnsitip the total
operating costs and average variable ctistsontast,the day count measure of face mask

mandates exhibits positive relationships.

3.6 Empirical Results

3.6.1 Main Regression Results

It is important to emphasize that the conclusions in Se8tware based osample
statisticsand do not imply causality. Therefore, reliable conclusions can only be drawn

through the empirical analysis in this section based on econometric methods.
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Table3.3: ITSUR estimationresults oftranslogcostfunction withnegativesttributes,
COVID-19 casesandrelatedpolicies, 50 U.Sairports 20127 2021

Variable Estimate Pr(>[t)) Variable Estimate  Pr(>|t])
COVID-19 cases 0078 0001 | Noraeronautical revenie 0272 0176
congestion
Face masknandates 0.159 0.000 Nona_eronautlcal revente -0.115 0.452
pollution
COVID-19 vaccine .
mandates 0.168 0.004 Delay?® congestion -0.155 0.681
Case$ departures 0.009 0.344 Delay? pollution -0.251 0.334
Cases$ workload 0.008 0.264 | Congestior? pollution -0.635 0.153
Cases noraeronautical 454315 0012 | Labor price® departures 0.007  0.750
revenue
Cases delay -0.019 0.020 | Labor price? workload 0.013 0.483
Case$ congestion 0010 0425 | Laborprice’ nonaeronautical .0.035  0.001
revenue
Caseg pollution -0.034 0.000 Labor price® delay -0.139 0.000
Departures -0.026 0.729 Labor price® congestion -0.088 0.005
Workload 0.306 0.000 Labor price® pollution -0.017 0.431
Non-aeronautical revenut  0.520 0.000 | Operations pricé departures 0.048 0.013
Delay 0.336 0.000 Operations pricé workload -0.040 0.009
Congestion 0.300 0.001 Operations pricé norraeronautical -0.047 0.000
revenue
Pollution 0.040 0.555 | Operations pricé delay 0.030 0.094
Labor price 0.403 0.000 | Operations pricé congestion 0.116 0.000
Operations price 0.242 0.000 | Operations pricé pollution 0.071 0.000
Runway 0.106 0.004 Runway?® departures 0.359 0.062
Departure? -0.842 0.089 Runway® workload -0.312 0.035
5 -
Workloac? 0.398 0.164 | Runway® nonaeronautical -0.060  0.462
revenue
Norraeronautical 3
revenud -0.127 0.181 | Runway? delay -0.055 0.719
Delay? -0.226 0.492 | Runway?® congestion 0.240 0.219
Congestiof 0.955 0.231 | Runway?® pollution 0.268 0.055
Pollutior? 1.912 0.000 | Labor price® operations price 0.000 0.985
Labor pricé 0.061 0.000 | Runway? labor price 0.071 0.000
Operations price 0.397 0.082 Runway? operations price 0.050 0.000
Runway 0.259 0.006 Year 2013 -0.106 0.007
Departures workload -0.013 0.970 Year 2014 -0.105 0.012
Departuresj nor 0001 0995 | Year2015 0.097  0.011
aeronautical revenue
Departures delay 1.201 0.000 Year 2016 -0.070 0.059
Departure$ congestion 0.845 0.049 Year 2017 -0.092 0.018
Departure$ pollution -0.054 0.879 Year 2018 -0.117 0.004
Workload® non 0278 0001 | Year2019 0125  0.002
aeronautical revenue
Workload? delay -0.466 0.064 Year 2020 -0.839 0.008
Workload? congestion -0.782 0.064 | Year 2021 -1.099 0.001
Workload? pollution 0.108 0.700 | Airport 0.002 0.009
L\'ggzirona““ca' Vet 0512 0.000 | (Intercept) 18.894  0.000

1. Number of observations: 1,4882 R 0.970; Estimation results of Equatids.
2. All variables reported in this table are in log form, except for the face mask mandates (binary di
COVID-19 vaccine mandates (binary dummy), airport effect, andfipesat effects.




3.6.1.1 Coefficients on NorCOVID-19 Variables

Compared to Chaptet using 20127 2019 datg this paper extends the sample
period to 2012 2021 to incorporate data from the COVID period. As a starting point
for the study and an additional robustness chedkéoattribute model proposed in Chapter
2, the paper estimates the attribute model using the @021 data and presents ITSUR
estimation results of the translog cost function with three positive outputs and three
associated negative attributesTiable B.4. The results remain consistent with Chajer
using 2012 2019 dat&?®

Table 3.3 presents the ITSUR estimation results Eqjuation3.5, which is the
translog cost function with three positive outputs, three associated negative attributes,
COVID-19 cases, statlevel face mask mandates, and COMI®vaccine mandates. The
model fits the data well, with an-&juared value of 0.97° The estimated cost shares for
all three inputs are positive for all observations exceptYrkhe estimated marginal cost
for departures, workload, and rarronauticalevenue is nomegative for 65%, 71%, and
100% of the sample observations, respecti®¥he input price coefficients for labor
(0.403) and operations (0.242) are statistically significant withlpes of 0.000 and are

close to the sample means of casares (0.40 for labor and 0.24 for operations). The

9 Specifically,negative attributesuch as delay and congestgignificantly and positively affect
total operating costs, while tipellution coefficient is statigcally insignificant.

100 The estimation results are consistent with Chapter

1 The estimated cost shares for all three inputs are positivesanagileobservations excefbr
one observation Dallas Love Field (DAL) in 2018. The estimated labor @sire for DAL in 2018 is
10.6%. DAL reportgotal labor coss$ of $20,980n 2018 withalabor cost sharef 0.04% both of which are
sample minimunvaluesand outlies.

102 For comparison, in Chapté the estimated marginal cost for departurestkload, and non
aeronautical revenue is norgative for 68%, 67%, and 100% of the sample observations, respectively.
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runways coefficient (0.106 is also statistically significant with ayalue of 0.004 and
positive. The enumeratess@mplemears of the costelasticityfor runways is 0.071103 104

All positive output coeftients, except for departures, are statistically significant
with p-values of 0.000 and fall between 0 an@*Based on the enumeratsaimplemears
of the cost elasticities, a 1% increase in departures, workload, araermmautical revenue
results in a increase of 0.144%, 0.181%, and 0.470% in total operating costs,
respectively:°® These values are close to the values from Cha&ptedicating that the
returns to scale in airport production did not change significantly during the GO¥ID
period 1%’ Both coefficients on delay (0.336) and congestion (0.300) are positive and
statistically significant, indicating the positive effects of these two negative attributes on
total operating cost$2 The enumeratesamplemears of the costelasticites fornegtive
attributes are 0.30 for the delay, 0.36 for congestion,-@rid for pollution, which are

close to the values from Chapgt®®

103 As discussed in Chapt2rthe firstordercoefficientin Equation3.5 represent theostelasticities
at sample mean&iven the nodinear nature ofhe translog cost function, predicting at the sample siean
can lead to aggregation bias. The study uses the enumsaatettmean instead, whictir st calculates the
completecostelasticity at each observation by considering both the firet seconardercoefficients and
then averages across the sample

104 A positive value indicates that an increase in theivalentnumber of runways (build more
runways or extend the lengths of existing runways) will incrédasedotaloperating costs, suggesting that
airports are overcapitalizexh averageSince thegoalof having more runways is todececongestion issues
and decreashe totaloperating costghepositive effect of runways ahetotal operating costs may suggest
that the airport has a higher number of runways tmimal

105 Consistent with Chapt&; thedepartures coefficient is statistically insignificant after controlling
for negative attributes.

106 All three values are statistically different fronw@th p-values of 0.000, based on the mean test.

107 Another possibility is that the returns to scale in airport production may have indeed changed
during the pandemic compared to thee-pandemic period. Howevegiven thatthe pandemic period
accounsfor only two out of the ten years in the sampiechangamay not have been significantigflected

108 Thepollution coefficient is statistically insignificant and negatipessiblydue tothe limitations
of the AQI data discussed in Chapt&arThe AQI data used in this study is a composite at the county level
and is not specific to airport ared$e pollution coefficient could be more accuratedgtimatedf airport
specific polluton data were available

109 All three values are statistically different fronw@th p-values of 0.000, based on the mean test.
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3.6.1.2 Coefficients on COVIBP19 Variables

The coefficient estimate on COVHDO cases (0.078) is positive and statistically
significant at the 0.1% level, suggesting that COMMD casegpositively affect the total
operating costs. Based on the enumersaedplemeanof the cost elasticity, a 1% irngase
in COVID-19 cases leads to a 0.077% increaghetotal operating costs. The model also
includes interacte terms between COVIE19 cases and positive outputss well as
between COVIB19 cases and negative attributes. The terms CaMRases$ non-
aeronautical revenue, COVIIO cases delay, and COVIBL9 cases pollution are
statistically significant at the 5% level. The negative values for these three intstectis
suggest that as COVHDI cases increase, the effects of-aenonautical reenue and delay
on total operating costs decrease, while the impact of air pollution becomes more
pronouncedi®During the pandemic, nemeronautical activities adjwest and simplifed
their servicesFor example restaurantsstopped or reducedinein senices (Wiener
Bronner, 2023)and hotels redwd the frequency of room cleaning during stays (Schulz,
2021). These adjustments indirectly help airports reduce the costs associated with non
aeronautical revenue. Regarditige delay, the delay during the parmanic is primarily
caused byealth and safetselated reasonsuch as enhanced heattiecksand thorough
aircraft disinfection procedures, rather than conventional fastfs asnechanical issues

and air traffic controt!! These delays lead to relativelffewer coss for airports compared

10Unlike delay and congestion, thegativecost elasticityfor pollution indicagsthat an increase
in air pollution actually decreasthe total operating costs. Therefore, a negative coefficient on the interacti
term COVID-19 case$ pollution suggests that as COVAIDO cases increase, the cost elasticity becomes
more negative. Thisnplies that an increase in pollution will further reduce the total operating costs, thus
amplifying thepollution effect.

11 According to BTS, the causes of delay are in five broad categories: air carrier, extreme weather,
national aviation system, lateriving aircraft, and security. The airlines report the delay caused by aircraft
cleaning and disinfection procedures under the air carrier category. EheimgeCOVID-19 period (2012
T 2019), air carriecauseaccounts for 26% of the delay. Durittge COVID-19 period (2020 and 2021), it
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to delays caused by traditional facté¥sAs for air pollution, based on the cost elasticity,
an increase in AQI (a decline in air quality)dsao a decrease in airport total operating
costs. One possible channel is that the rise in AQI prompiertsto take measures
addresmg health risks associated with air pollution. @ one handairportsredue@
outdoor work for ground personnel (U3epartment of Labor, 2023), thus reducing labor
costs. On the other hand, airports implement health and safety measures that effectively
protect employee health (ICAO, 2021t sreducing the costs associated with employee
illnesses and related medicakpenses. During the pandemic, airports priotiaad
proactively implemergd such measures in response to the increasing number of COVID
cases (Street, 2020), further reducing their operating tdsts.

Both statelevel face maskand COVID19 vaccine masates have positive and
statistically significant effects on total operating castthe 0.1% levelmplementingace
mask mandates increases tatpératingcosts by 15.9%, whilenplementingCOVID-19

vaccine mandates increases total operating costs.Bjo.

3.6.2 Decompositiorof Percentage Change in Average Variable Costs

After analyzing the COVIBL9 effecton total operating costs, this section focuses

on thepercentage change swverage variable costend identifies the channelsof the

accounts for 29% of the del&ased on the data of all U.S. airports.

2 Traditional factordor the delay, such as mechanical issues and air traffic control, may involve
aircraftrepair, gate changes, or even flight calletéons, all of which can result in high costs for airpairs.
contrastthe delay caused by the additional health measures during the pandemicesten thwolve these
factors, leading to relatively low costs.

113 During the pandemic, the costs asatail with employee illnesses and related medical expenses
weremuchhigherthan befordDeMartino et al., 2022). Qitheone hand, the recovery agdarantingeriods
for employees infected with GOD-19 are generally longer compared to other ilinesses (CIDR2). On
the other hand, an infected employee cansea cluster of infectioneamong colleaguefCDC, 2021a),
further increasing the cost§herefore, compared to the gvandemic period, the proactive measures by
airports to address thdecrease in air quality helped them avoid high diseals¢éed expenses during the
pandemic.
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changet* To compare the average variable costs between tHe@¥4D-19 and COVID

19 periods, the study selects one representative airport for each period and calculates the
percentage change in average variable costs between the two airports, analyzing she factor
contributing to the difference. The representative airport in each period is the mean airport

where all variables are evaluated at the mean

3.6.2.1 Full Sample

Table3.4 summarizes the characteristics of the representative airports for the pre
COVID-19and COVID19periods. Each representative airport has the mean value of each
variable for that specific periodhe positive outputs during the COWI® period are
significantly lower than the pr€OVID-19 period, leading to lower negative attributes
during the COVID19 period. The two COVIBL9 policy variables inEquation3.5 are
binary dummies. To assighe valuesof policy variables tdherepresentative airpofor
the COVID-19period, the study uses the proportion of the sample ainpdh®ach policy
during the COVID19 period. 56% and 25% of airports implementacemask mandates
and vaccine mandates, respectively. The-fizad effects inEquation3.5 provide a way
to address the challenge of assigning years to the represergampves. Instead of
assigning specific years to the representative airports, the study utilizes the coefficients of
the year fixed effects frofaquation3.5. By takng the average of the coefficients for 2020
and 2021 and subtracting the average of the year fixed effects coefficients for 2013 to 2019,
the study calculates the percentage change in average variable costs caused by time or

technical efficiency effectst® From Table 3.3, the year fixed effects are consistently

14 This study definepre-COVID-19 period as 2012019, while COVID19 period is 2020 and
2021.
115 Another method is to add a year trend and the interactive temedrethe year trend and
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negative and significant at the 5% level, except for 264Bhe coefficients become more
negative from 2013 to 2021, indicating a continuous dedatiitaetal operating costs due to

technologicaprogressholdingall elseconstant.

Table3.4: Characteristics afepresentativairports forpre-COVID-19 and COVID19
periods,full sample, 2012 2021

Pre-COVID- | COVID-19
Category Variable 19 period period
# of # of
Value Value
obs. obs.
Positi Departures 400 | 0.13 100| 0.09
(n?isllli%\ll‘le) itputs Workload units 400 15 100| 10
Non-aeronautical revenue (2012 400 | 131 | 100| 93
N . Delay rate 400 0.19 | 100| 0O.17
egative Average taxiout time (minute) 400 16 100| 15
attributes - . —
Median air quality index 400 47 100 | 46
Real input price Labor 396 | 103.96 | 100 | 103.50
indexes General airport operations 400 | 99.46 | 100 | 98.54
(2012 = 100) Contractual services 400 | 101.55| 100 | 102.05
COVID-19 COVID-19 casegmillion) 400 - 100 1
measure
State COVID19 | Face mask mandates 400 - 100| 0.56
related policies | COVID-19 vaccine mandates 400 - 100 | 0.25
1. The representative airport for each period is creatazhloylating the mean of each variable
that period.

2. The preCOVID-19 period is 20122019, and the COVIEL9 period is 2020 and 2021.

3. COVID-19 related policies are binary dummies. However, the values for the represe
airport of the COVID19 periodare the percentagef airportswith each policy during the
COVID-19 period.

Following the methods discussed3action3.3.22, the study first decomposes the
percentage change in total variable costs and deenmposethe percentage change in

the average variable costfable 3.5 focuses on the total variable cosihe study

COVID-19period dummy irEquation3.5 to capture the time effect before and during the COWaIperiod
The studyuses this approach tmnducttherobustness check.

16 This is consistent with the Chaptresults In Chapte2, using 2012 2019 data, all year fixed
effects are significant at the 5% level except for 20dth a pvalue of 0.090.
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calculateghe percentage change in total variable dogtubstituting the values of the two
representative airports intequation3.16. All the numbers in the table represent the
percentage changes from the-@®VID-19 periodto the COVID19 period. Comparing
thetwo representative airports, the total variable cogteeased by 2.74%. The decrease

in labor and general operations prices during the COMAperiod led to a decrease in
total variable costs, while the increas¢hacontractual services prideads tcan increase

in total variable costs. The overall input price effemte small, causinga decrease of
0.32%. On the other hand, the decreases in positive outputs and negative attributes result
in a decrease of 29.29% and 3.17% in total variable cospeatbgely!!’ It is apparent

that the changes in positive outputs have a greater impact on total operatinipaosts
negative attributesThe most significant factors are COVI® and timetechnical
efficiency effect. The COVIEL9cases increadéhe totalvariable costs by 109.15%, while
the two COVID19related policies incread¢he total variable costy/8.91% and 4.19%
respectively However, the significant increase in total variable costs caused by GOVID
19was patrtially offset by the rapid techngical progresswhich reducd thetotal variable
costs by 86.73%. At a high level, within the productivity effects, the positive effect of
COVID-19 counterastthe combined negative effects dominatedthy timetechnical
efficiency effect resulting in a increase of only 3.07% total variable costs® This
increase, combined with the decrease caused by input price effad$$olen increase of

2.74%in total variable costs

17The increase in pollution leads talacreasén total variable costsThe lower AQI during the
COVID-19 period increasethe total variable cost

118 The productivity effects includepositive outplg, negative attribug COVID-19, and
time/technical efficienceffects.
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Based onEquation3.20 and Equation3.5, Table 3.6, Table 3.7, andTable 3.8
illustratethe calculatons and decompositions thfe percentage change in average variable
costs. Except for the underlined numbérenumbers in thesablesare the same as those
in Table3.5. Table 3.9summariesthevaluesfrom Table3.5 to Table3.8. Comparing the
preCOVID-19 and COVID 19 periods, the average variable costs of the three positive
outputs- departure, workload, and n@@ronautical revenuencreased by 35.9%, 40.02%,
ard 36.69%, respectively. These increases are primarily due to signdfeeneasem the
positive outputsAlthough the total variable costs increased by only 2.74%, the positive
outputs experienced substantaklines by32.75% (departures), 37.28% (Witwad), and
33.95% (noraeronautical revenue), respectively. Theszlinesled to increass in
average variable costs of 35940%. Regarding specific factors, COVI® cases were
the most significant contributor to the incremageaverage variable costgartially offset
by timetechnological efficiency. From a higavd, Table3.10 indicates thathe effects
of input prices, positive outputs, and negative attebubn the percentage change in
average variable costs are minimal, while the main influeaceom COVID-19 and

timetechnologicakfficiency.
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Table3.5: Decomposition fopercentage change tiotal variablecost of representative
arports forpre-COVID-19 and COVID19 periods,full sample, 2012 2021

Full sample
COVID -19 period versus preCOVID -19
period

Percentage change in total variable
Departures -1.96%
Workload -11.83% | Positive output effects
Nonaeronautical o | [Subtotal =29.29%]
revenue -15.50%

- 0
gglr?gestion iééojz Negative attribute effect
Pollution 0.14% [Subtotal =-3.17%]
' Productivity effects

E;:ZID_lg Carzeel:k 109.15% [Subtotal = 3.07%)] Percentage
mandates 8.91% | COVID-19 effects change in total
COVID-19 [Subtotal = 12226%] variable costs
vaccine mandateg  +19% [Total = 2.74%]

i ; Time/Technical
Z;frirl?gi(:henf}gilt -86.73% | efficiency effect

4 [Subtotal =-86.73%]

Labor -0.18%
(()3 engE%ns -0.23% | Input price effects
Cp ntractual [Subtotal =-0.32%)]

ontractua 0.08%
services

1. The numbers in the table represent the percectzygge fronpre COVID-19 periodo COVID-

19 period.
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Table3.6: Decomposition fopercentage change @verage variable cost per departure of

representative airports for p@OVID-19 and COVID19 periods, full sampl€012-

2021
Full sample
COVID -19 period versus preCOVID -19
period
Percentage change in total variable costs 2.74%
minus
Ownrquantity effect of departures -32.75%
equals
Percen hange in aver variabl r
ercentage change in average variable cogis 3549%
departure =
- 0/4- (_ 0, )
Departures l'%_A) 32.75% Positive output effects
=30.79%
[ Subtotal =
Workload -11.83% -29.29%: (-32.75%)
- =3.46%
Non-aeronautical -15.50%
revenue
Delay -2.22% Negative attribute Productivity effects
Congestion -1.09% effects [Subtotal = Percentage change
Pollution 0.14% [Subtotal =-3.17%] 3.07%- (-32.75%) in average variable
COVID-19 cases 109.15% = 35.82% E:'Ic')sttsl per departure
otal =
;che d’;tg:k 8.91% COVID-19 effects 2.74%- (-32.75%)
= 0, —
COVID-19 vaccine [Subtotal = 122.26%)] = 35.49%
4.19%
mandates
. . Time/Technical
;Lfrinc?gimenf:%ilt -86.73% efficiency effect
y [Subtotal =-86.73%]
Labor -0.18%
General operations -0.23% Input price effects
= 0
Con;ractual 0.08% [Subtotal =0.32%]
services

1. The numbers in the table are the same as thoEahile 3.5, except for the numbers with an underline.
2. The numbers in the table represent the percentage change fr@®WiB-19 period to COVID19 period.




Table3.7: Decomposition fopercentage change average variable cagper workload
unit of representative airports for p@OVID-19 and COVIDB19 periods, full sample,

2012- 2021
Full sample
COVID -19 period versuspre-COVID -
19 period
Percentage change in total variable costs 2.74%

minus

Ownrquantity effect of workload unit -37.28%
equals

Percentage change in average variable costs per 40.02%

workload unit

Departures -1.96% Positive output effects
[ Subtotal =
Workload -_1%-582;/2/-4_-37-28%) -29.29%- (-37.28%)
=25.45% =7.98%

Non-aeronautical -15.50%
revenue o
Delay -2.22% Negative attribute Productivity effects Percentage change
Congestion -1.09% effects [Subtotal = in average variable
Pollution 0.14% [Subtotal =-3.17%)] 3.07%:(37.28%) | oo per workload
COVID-19 cases 109.15% =40.30% unit
Face mask [Total =

8.91% COVID-19 effects
gg's/‘i'gt_elz [Subtotal = 122.26%] 2140 L37.20%)

. 4.19% —
vaccine mandates
. . Time/Technical
;'cfrin;é ES/henf:‘Zilt -86.73% efficiency effect
[Subtotal =86.73%)]
Labor -0.18%
oG;;eeanrt%ns -0.23% Input price effects
Contractual [Subtotal =-0.32%]
. 0.08%

services
1. The numbers in the table are the same as thoEabile 3.5, except for the numbers with an underline.
2. The numbers in the table represent the percerthgnge from pr€OVID-19 period to COVIB19 period.
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Table3.8: Decomposition fopercentage change average variableoss per non
aeronautical revenue of representative airports foQ®®1D-19 and COVID19

periods, 2012 2021

Full sample
COVID-19 period versus pre
COVID -19 period

Percentage change in total variable costs 2.74%
minus

Own-quantity effect ohon-aeronautical revenue -33.9%%
equals

Percentage change in average variable cogier non- 36.6%%

aeronautical revenue

Departures -1.96% Positive output effects
[ Subtotal =

Workload -11.83% -29.29%: (-33.95%)
Non-aeronautical | -15.50%- (-33.95%) = 4.65%
revenue =18.44%
Delay -2.22% Negative attribute Productivity effects
Congestion -1.09% effects [Subtotal =
Pollution 0.14% [Subtotal =-3.17%)] 3.07%- (-33.95%)
COVID-19 cases 109.15% =37.01%
rzzcne dgl?ik 8.91% COVID-19 effects
COVID-19 [Subtotal = 122.26%)]

. 4.19%
vaccine mandate:

. . Time/Technical
Z}I‘frpc?é 1§§henf'fgaclt -86.73% efficiency effect
[Subtotal =-86.73%)]

Labor -0.18%
Ssgrzrtﬁ)lns -0.23% Input price effects
Contraciual [Subtotal =-0.32%]

. 0.08%
services

Percentage change
in average variable
costs per non
aeronautical revenue
[Total =

2.74%- (-33.95%)
=36.69%

1. The numbers in the table are the same as thokahile 3.5, except for the numbers with an underline.
2. The numbers in the table representpbecentage change from pt®©VID-19 period to COVID19 period.
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Table3.9: Decomposition fopercentage change &eragevariablecost of
representativeirports forpre-COVID-19 and COVIDB19 periods,full sample, 2012

2021

Full sample
COVID -19 period versus preCOVID -19 period

Percentage change in average

Percentage variable costs
change in total Nor-
variable costs | Departures Workltoad aeronautical
units revenue
Percentage change 2.74% 35.49% 40.02% 36.69%
Decomposition fopercentage change
Departures -1.96% 30.79% -1.96% -1.96%
Positive | Workload -11.83% -11.83% 25.45% -11.83%
output Non
effects aeronautical -15.50% -15.50%  -15.50% 18.44%
revenue
Negative | Delay -2.22%
attribute | Congestion -1.09%
Productivity effects Pollution 0.14%
effects COVID-19 109.15%
cases
covip- | Face mask 8.91%
19 effects mandates
COVID-19
vaccine 4.19%
mandates
Time/Technical efficiency -86.73%
effect
Labor -0.18%
. General -0.23%
Input price effects operations
Con;ractual 0.08%
services

1. The numbers in the table represent the percentage change frQ®@yiB-19 period to COVID
19 period.
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Table3.10: Decomposition fopercentage change @meragevariablecosts of
representativeirports forpre-COVID-19 and COVIDB19 periods,full sample, 2012
2021,subtotals

Full sample
COVID -19 period versuspre-COVID -19 period
D ¢ Workload Non-aeronautical
Percentage change in averaggs epartures units revenue
variable costs 35.49% 40.02% 36.69%
Decomposition fopercentage change
Positive aitput effects 3.46% 7.98% 4.65%
Negativeattribute effects -3.17%
COVID-19 effects 122.26%
Time/Technical efficiency -86.73%
effect
Subtotal for 35.81% 40.34% 37.01%
productivity effects
Input price effects -0.32%

The numbers in the table represent the percentage change fre@OWIB-19 period toCOVID-19
period.

3.6.2.2 Large Hubs versus Medium Hubs

Following the same approach, this study analyzes whether the conclusions apply to
different types of airports. The firsubsample analysis based on hub size. Similarly,
the study selects one large hub and one medium hub as representative airgetprior
COVID-19 and COVID19 periods, resulting in four representative airports. Each
representative airport takes the mean values of all variables for each hub size in each period.
Table3.11summarizes the characteristics of these fepresentativairports. Overall, the

changes in positive outpifor largehubsare more significant than for medidmbs with
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positive outputs decreasity 35% to 42% for larg&iubsand 23% to 30% for medium
hubs Table 3.12and Table 3.13 decomposéhe percentage change in average variable
costs for largehubs while Table 3.14 and Table 3.15 do the same for mediurnubs
Comparing large and mediuhubs the study has several findings. Firstly, although the
average variable costs increased for both large and mddibsby 30% to 40%, the
reasons behind the increasae different For largehubs both total variableosts and
positive outputs decreased. However, the decrease in total variable costs istisamher
decreasg in positive outputs, approximateh2% versus-37%, leading to the overall
increase in average variable costs. On the other hand, for madhsrthe decreasdn
positive outputs wre accompanied by an increase in total variable costs, leading to an
overall increase in average variable costs. Secondly, similar to the full sample, @9VID
significantly increasedverage variable costs, partyabffset bytimetechnical efficiency.
The effects of ther factorssuch as input prices and positive outpate relativelysmall
Thirdly, comparing the effects ahe two policies, face mask mandates consistently
resulted in a larger increase in aage variable costs for both large and medhwutis, by

around 4% to 6% compared to vaccine mandates.
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Table3.11: Characteristics afepresentativeirports forpreeCOVID-19 and COVID19
periods, byhub size, 2012- 2021

Pre-
covip-19 | COVID-19
Category Variable period period
ﬁbf. Value ﬁbosf. Value
Large hubs
o Departures 214 0.20 | 54 | 0.14
zrc]’ﬁ’l'itc')‘;g WU M\porkioad units 214| 22 | 54| 15
Non-aeronautical revenue (2012| 214 | 198 | 54 | 137
Delay rate 214 | 0.20 | 54 | 0.17
Negative attributeg Average taxout time (minute) 214 | 18 54 17
Median air quality index 214 | 47 54 48
Real input price | Labor price 214| 131 | 54 | 124
indexes General airport operations price | 214 | 97.44 | 54 | 96.62
(2012 = 100) Contractual servicawice 214 | 99.50 | 54 | 99.95
COVID-19 COVID-19 cases (million) 214| - | 54| 1.08
measure
State COVID19 | Face mask mandates 214 - 54 | 0.57
related policies | COVID-19 vaccine mandates | 214 | - 54 | 0.31
Medium hubs
o Departures 186 | 0.05 | 46 | 0.04
E’n‘;’ﬁ’l'it(')‘;g WPULS  "\Workload units 186| 6 | 46| 5
Non-aeronautical revenue (2012| 186 | 53 46 42
Delay rate 186| 0.18 | 46 | 0.16
Negative attributeg Average taxiout time (minute) 186 | 1306 | 46 | 13.08
Median air quality index 186 | 46 46 45
Real input price | Labor price 182 | 72.39 | 46 | 79.52
indexes General airport operations price | 186 | 101.79| 46 | 100.80
(2012 = 100) Contractual servicawice 186 | 103.91| 46 | 104.51
gg;’s'aelg COVID-19 casegmillion) 186| - | 46| 1.21
StateCOVID-19 Face mask mandates 186 - 46 | 0.54
related policies | COVID-19 vaccine mandates | 186| - 46 | 0.17

1. The representative airport for each period is created by calculating the means of each variable

period.

2. The preCOVID-19 period is 2012 2019, and the COVIEL9 period is 2020 and 2021.
3. COVID-19related policies are binary dummies. However, the values for the representative ai
the COVID-19 period are the percentagd airportswith each policy during the COVH29 period
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Table3.12: Decomposition fopercentage change @meragevariablecosts of
representativairports forpre-COVID-19 and COVID19 periods,largehubs, 2012

2021

Large hubs
COVID -19 period versuspre-COVID -19 period

Percentage change in average

Percentage variable costs
change in total Nor-
variable costs | Departures Workltoad aeronautical
units revenue
Percentage change -2.96% 31.33% 38.59% 34.15%
Decomposition fopercentage change
Departures 2.95% 37.24% 2.95% 2.95%
Positive | Workload -17.39% -17.39%  24.1%% -17.39%
output Non
effects aeronautical -16.63% -16.63%  -16.63% 20.4%
revenue
Negative | Delay -3.66%
attribute | Congestion -2.24%
Productivity effects Pollution -0.30%
effects COVID-19 109.14%
cases
covip- | Face mask 9.07%
19 effects mandates
COVID-19
vaccine 5.20%
mandates
Time/Technical efficiency -86.73%
effect
Labor -2.24%
. General -0.21%
Input price effects operations
Con;ractual 0.08%
services

1. The numbers in the table represent the percentage change fra@@WiB-19 period to COVID19

period.
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Table3.13: Decomposition fopercentage change @meragevariablecosts of
representativairports forpre-COVID-19 and COVID19 periods,largehubs, 2012
2021,subtotals

Large hubs
COVID -19 period versus preCOVID -19 period
D ¢ Workload Non-aeronautical
Percentage change in averaggs epartures units revenue
variable costs 31.33% 38.59% 34.15%
Decomposition fopercentage change
Positive aitput effects 3.22% 10.49% 6.05%
Negativeattribute effects -6.20%
COVID-19 effects 123.41%
Time/Technical efficiency -86.73%
effect
Subtotal for 33.71% 40.98% 36.53%
productivity effects
Input price effects -2.38%

1. The numbers in the table represent the percentage change fra@@yiB-19 period to COVID19
period.
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Table3.14: Decomposition fopercentage change @meragevariablecosts of
representativairports forpre-COVID-19 and COVID19 periods,mediumhubs, 2012

2021
Medium hubs
COVID -19 period versus preCOVID -19 period
Percentagechange in average
Percentage variable costs
change in total Nor-
variable costs | Departures Workltoad aeronautical
units revenue
Percentage change 9.83% 38.98% 32.98% 33.60%
Decomposition fopercentage change
Departures -14.33% 14.82% -14.33% -14.33%
Positive Workload -0.03% -0.03% 23.12% -0.03%
output Non
effects aeronautical -10.48% -10.48%  -10.48% 13.29%
revenue
Negative | Delay -1.02%
attribute | Congestion 0.04%
Productivity effects Pollution 0.51%
effects COVID-19 106.62%
cases
covip- | Face mask 8.60%
19 effects mandates
COVID-19
vaccine 2.85%
mandates
Time/Technical efficiency -86.73%
effect
Labor 3.95%
| General -0.23%
Input price effects operations
Con;ractual 0.09%
services

1. The numbers in the table represent the percentage changerg@®VID-19 period to COVID19
period.

3.6.2.1 Cargo Airports versus Ne@argo Airports

According to FAA, cargaserviceairportshandleover 100 million pounds of direct
annualcargo volume. An airport can simultaneously be a commercial service agort
well asa cargo service airport. In recent ygarargo airportgienerallyhave both high
passenger and cargo volumgsggesting close connection between cargo and passenger

transportation Table 3.16 summarizes the characteristics of cargo and-gawgo
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representative airports. The sample consists of 60% cargo service airports. Similar to the
comparison between large and medium airpadsgo airports had significantly higher
positive outputs than nerargo airports, and their positive outputs experienced more
pronounced decreases after the COMMbutbreakTable3.17andTable3.18decompose
the percentage change in average variable costs for cargo airportsT aiidé&.19 and
Table 3.20 do the same for necargo airports. The comparison between cargo and non
cargo airports yielsl conclusions consistent with the comparison between large and
mediumhubs

Table3.15: Decomposition fopercentag change in\geragevariable ost of

representativairports forpre-COVID-19 and COVID19 periods,mediumhubs, 2012
2021,subtotals

Medium hubs
COVID -19 period versus preCOVID -19 period
D ¢ Workload Nonaeronautical
Percentage change in averaggs epartures units revenue
variable costs 38.98% 32.98% 33.60%
Decomposition fopercentage change
Positive aitput effects 4.31% -1.69% -1.07%
Negativeattribute effects -0.47%
COVID-19 effects 118.07%
Time/Technical efficiency -86.73%
effect
Subtotal for 35.17% 20.18% 29.80%
productivity effects
Input price effects 3.81%

1. The numbers in the table represent the percentage change fra@@yiB-19 period to COVID19
period.




Table3.16. Characteristics afepresentativeirports forpreeCOVID-19 and COVID19
periods, bycargo anchon-cargoairports, 2012 2021

Pre-
covip-19 | COVID-19
Category Variable period period
gb(?. Value ﬁbf. Value
Cargoairports
o Departures 237 0.17 | 64 | 0.12
zﬁﬁ’l'itc')‘;g WU M\porkioad units 237| 21 | 64 | 14
Non-aeronautical revenue (2012| 237 | 180 | 64 | 120
Delay rate 237| 0.19 | 64 | 0.17
Negative attributey Average taxiout time (minute) 237 | 17 64 16
Median air quality index 237 | 46.93 | 64 | 47.30
Real input price | Labor price 237 | 108.93| 64 | 106.81
indexes General airport operations price | 237 | 98.87 | 64 | 98.03
(2012 = 100) Contractual services Price 237|100.97| 64 |101.34
COVID-19 COVID-19 cases (million) 237| - | 64| 1.09
measure
State COVID19 | Face mask mandates 237 - 64 | 0.55
related policies | COVID-19 vaccine mandates | 237 | - 64 | 0.28
Non-cargo airports
o Departures 163 | 0.06 | 36 | 0.04
E)n?islllité\ll‘le) WPULS  M\Workload units 63| 6 | 36| 4
Non-aeronautical revenue (2012| 163 | 59 36 44
Delay rate 163| 0.20 | 36 | 0.17
Negative attributey Average taxiout time (minute) 163| 13.80| 36 | 13.61
Median air quality index 163 | 47 36 45
Real input price | Labor price 159 | 96.57 | 36 | 97.63
indexes General airport operations price | 163 | 100.32| 36 | 99.45
(2012 = 100) Contractual servicaxice 163 | 102.39| 36 | 103.30
ﬁg;’s'aelg COVID-19 casegmillion) 163| - | 36| 1.24
State COVID19 Face mask mandates 163 - 36 | 0.58
related policies | COVID-19vaccine mandates | 163 | - 36 | 0.19

1. The representative airport for each period is created by calculating the means of each variable

period.

2. The preCOVID-19 period is 2012 2019, and the COVIEL9 period is 2020 and 2021.
3. COVID-19related policies are binary dummies. However, the values for the representative ai
the COVID-19 period are the percentagd airportswith each policy during the COVH29 period

14¢



Table3.17: Decomposition fopercentage change @meragevariablecosts of
representativeirports forpre-COVID-19 and COVIDB19 periods,cargoairports, 2012

2021

Cargo airports
COVID -19 period versus preCOVID -19 period

Percentage change in average

Percentage variable costs
change in total Nor-
variable costs | Departures Workltoad aeronautical
units revenue
Percentage change -1.96% 33.79% 38.95% 38.10%
Decomposition fopercentage change
Departures 2.07% 37.83% 2.07% 2.07%
Positive | Workload -16.84% -16.84% 24.07% -16.84%
output Non
effects aeronautical -19.16% -19.16%  -19.16% 20.90%
revenue
Negative | Delay -2.37%
attribute | Congestion -1.84%
Productivity effects Pollution -0.12%
effects COVID-19 110.53%
cases
covip- | Face mask 8.75%
19 effects mandates
COVID-19
vaccine 4.70%
mandates
Time/Technical efficiency -86.73%
effect
Labor -0.82%
. General -0.21%
Input price effects operations
Con;ractual 0.06%
services

1. The numbers in the table represent the percentage change freGOMED-19 period to COVID19

period.
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Table3.18: Decomposition fopercentage change @meragevariablecosts of
representativeirports forpre-COVID-19 and COVIDB19 periods,cargoairports, 2012
2021,subtotals

Cargo airports
COVID -19 period versus preCOVID -19 period
D ¢ Workload Nonaeronautical
Percentage change in averaggs epartures units revenue
variable costs 33.79% 38.95% 38.10%
Decomposition fopercentage change
Positive aitput effects 1.83% 6.99% 6.14%
Negativeattribute effects -4.33%
COVID-19 effects 123.98%
Time/Technical efficiency -86.73%
effect
Subtotal for 34.76% 39.92% 39.07%
productivity effects
Input price effects -0.97%

1. The numbers in the table represent the percentage change fra@@yiB-19 period to COVID19
period.
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Table3.19: Decomposition fopercentage change @meragevariablecosts of
representativeirports forpre-COVID-19 and COVIDB19 periods,non-cargoairports,

20121 2021

Non-cargo

airports

COVID -19 period versus preCOVID -19 period*

Percentage change in average

Percentage variable costs
change in total Nor-
variable costs | Departures Workltoad aeronautical
units revenue
Percentage change -1.60% 39.86% 46.37% 27.32%
Decomposition fopercentage change
Departures -19.81% 21.65% -19.81% -19.81%
Positive Workload 2.35% 2.35% 50.32% 2.35%
output Non
effects aeronautical -9.82% -9.82% -9.82% 19.11%
revenue
Negative | Delay -2.98%
attribute | Congestion -0.52%
Productivity effects Pollution 0.88%
effects COVID-19 102.21%
cases
covip- | Face mask 9.23%
19 effects mandates
COVID-19
vaccine 3.19%
mandates
Time/Technical efficiency -86.73%
effect
Labor 0.44%
. General -0.21%
Input price effects operations
Con;ractual 0.17%
services

1. The numbers in the table represent the percentage changerg@®VID-19 period to COVID19

period.
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Table3.20: Decomposition fopercentage change @meragevariablecosts of
representativeirports forpre-COVID-19 and COVIDB19 periods,non-cargoairports,
20127 2021,subtotals

Non-cargo airports

COVID -19 period versus preCOVID -19 period

D ¢ Workload Nonaeronautical
Percentage change in averaggs epartures units revenue
variable costs 30.86% 46.37% 27.32%
Decomposition fopercentagehange
Positive aitput effects 14.18% 20.69% 1.65%
Negativeattribute effects -2.62%
COVID-19 effects 114.63%
Time/Technical efficiency -86.73%
effect
Subtotal for 30.46% 45.97% 26.93%
productivity effects
Input price effects 0.40%

1. The numbers in the table represent the percentage change freGOMED-19 period to COVID19

period.
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Table3.21: ITSUR estimationresults oftranslogcostfunction withinteractive terms
betweenCOVID-19 cases anthput prices 50 U.Sairports 20127 2021

Variable Estimate  Pr(>[t]) Variable Estimate  Pr(>|t))
COVID-19 caseg labor price -0.001 0.073 | Delay3 pollution 0.054 0.835
grioc\é'D'19°356§ operations -0.002  0.009 | Congestior? pollution 1205  0.006
Face mask mandates 0.095 0.035 | Labor price® departures -0.009 0.681
COVID-19 vaccine mandates 0.172 0.004 | Labor price® workload 0.012 0.504
Departures .0.045 0550 | Labor price? non 0037 0.000
aeronautical revenue
Workload 0.359 0.000 | Labor price® delay -0.148 0.000
Non-aeronautical revenue 0.487 0.000 | Labor price® congestion -0.081 0.009
Delay 0.279 0.000 | Labor price® pollution -0.020 0.357
Congestion 0271  0.002 | Operations pricé 0047 0014
departures
Pollution 0.008 0.903 | Operations pricé workload  -0.040 0.009
Labor price 0406  0.000 | Operations pricé non -0.050  0.000
aeronautical revenue
Operations price 0.247 0.000 | Operations pricé delay 0.023 0.215
Runway 0.124  0.000 | Operations pricé 0.118  0.000
congestion
Departure$ -0.973 0.051 | Operations pricé pollution 0.075 0.000
Workload? 0.329 0.261 | Runway?® departures 0.442 0.020
Nonraeronautical revendée -0.141 0.148 | Runway® workload -0.294 0.047
Delay? .0.230  0.492 | Runway® nomaeronautical  ; n75 (365
revenue
Congestiof 0.242 0.758 | Runway?® delay -0.116 0.457
Pollutior? 1.203 0.000 | Runway?® congestion 0.075 0.702
Labor pricé 0.061 0.000 | Runway? pollution 0.163 0.247
Operations price 0165  0.489 ;ﬂlgé’r price* operations 0001  0.826
Runway 0.230 0.018 | Runway? labor price 0.075 0.000
Departures workload 0.024 0.947 | Runway?® operations price 0.052 0.000
Departuresj nonaeronautical 5 o35 0810 | Year 2013 0092 0.020
revenue
Departures delay 1.034 0.000 | Year 2014 -0.091 0.030
Departure$ congestion 1.139 0.009 | Year 2015 -0.088 0.025
Departures$ pollution -0.012 0.973 | Year 2016 -0.069 0.073
Workload? norraeronautical 0320  0.000 | Year 2017 0087  0.028
revenue
Workload? delay -0.516 0.036 | Year 2018 -0.106 0.009
Workload?® congestion -0.820 0.055 | Year 2019 -0.114 0.005
Workload?® pollution 0.114 0.694 | Year 2020 0.277 0.000
Non-aeronautical revendedelay -0.365 0.003 | Year 2021 0.022 0.645
Norraeronautical reventfe -0.233  0.255 | Airport 0.002  0.010
congestion
Non-aeronautical reventie -0.010  0.949 | (Intercept) 18.907  0.000
pollution
Delay? congestion 0.101 0.783

1. Number of observations: 1,4882 R 0.9%52.

2. All variables reported in this table are in log form, except for the face mask mandates (binary dummy)1QC
vaccine mandates (binary dummy), airport effect, and-fjeed effects.

3. Face mask mandatase a binary dummy variable.
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3.7 Channels of the COVID-19 Effect

The study furtheanalyze the channels through which COVID cases impact
airport total operating costs. Specifically, it examitied COVID-19 affectswhich of the
three cost componenislabor, general airport operations, and contractual servites
study repla@sthe COVID19 casesandits interactive terms with the interactive terms
between COVID19 cases and input pricesiquation3.5 and estimaisthis new modet!®
Table3.21 presents thestimation result$?° The coefficients oi€OVID-19 cases labor
price andCOVID-19 cases’ operations priceare-0.001 and0.002, respectively, while
the coefficient olCOVID-19 cases’ contractual services pricis -0.003. This indicates
that holding other variables constant, a 1% increase in C&¥IBases leads to a decrease
of 0.001% in the labor cost share and a decrease of 0.002% in the general airport operations
cost share, but it increases the contractual services cost share by 0.003%. Thieeefore,
COVID-19 cases increadhbe total operatig costs by raising contractusgrvices costs.
Based on the mean values, an increase of 1,000 CQYI€ases leads to a rise of $4,423
in airport contractual services cosBonsideringhat thesampleaverage annual COVID
19 casesare 1,142,746,COVID-19 cases lead to an annual increase of $5,054,420 in

contractual services castor the sample airports.

119 An alternative approach is to estimate a translog cost function without GO¥iEases and
decompose the percentage change érage variable costs based on the results. Analyzing the input price
effects helps to understand the chasret theeffect of COVID-19 cases. However, when the model does
not include COVID19 cases, the yeéixed effects for 2020 and 2021 capture the\MlId-19 cases effect,
while the input price coefficients remain largely unchanged compared to the model with dO\¢H3es.
Therefore, the input price effects in the decomposition are also unchanged compared to the model with
COVID-19 cases.

120 The table des not report s , due to the homogeneity

restriction,which is equal to 6f 3 -1 3
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As mentioned irBection3.5.2 theCOVID-19 outbreak and the rise OVID-19
cases prompt airports to implement various measures to ensure safety and hehkh. On
one hand, airportwustupgrade their facilities to meéisease prevention requirements
(ICAO, 2021b). The associated costs fall under maintenance costs and are classified as
contractual services costs. On the other hand, airpakésvarious preventive actions,
including but not limited talisinfection, claning,and provision of protective supplies such
as masks and sanitizers (Bielecki et al., 2020; Duddu, 2@nhmercial enterprises
provide hese services, arile associated cosise alscclassifiedas contractual services
(FlagShip, 2023). AtheCOVID-19 cases increase, these expemsagsaseand their cost

share rises, leading to an increase in total operating costs.

3.8 Robustness Check

This paper conducts robustness checks on the concldsyamSection 3.6in four
aspectsFirsty, the study replaces COVHD9 cases with COVIEL9 deathsand COVID
19 cases per thousand residents, respectiaslyhe measure of COVAIDO to verify the
impact of COVID19 on total operating costs. Secondhge study analyzes whether the
proportion of international flights affects the CD/19 effect. Thirdly,as mentioned in
Section3.4.3.2 the paper replaces the dummy variable for face mask mandates with the
day count measure tiieface masknandates$o assess the impaaf COVID-19 related
policies.FourtHy, using ayear trend and an interagtiterm between the year trend and
the COVID-19 period indicator, the analysis examines whether the technical efficiency

effectin the decomposition of percentage change in average variablesoedisble.
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3.8.1 COVID-19 Deaths

Tale B.6 pesents the ITSUR estimatigasultsusing COVID19 deaths athe
replacement for COVIEL9 cases. The results are consistent Wéble 3.3. COVID-19
deaths also have a significatdpositive effect on total operating costs. The enumerated
samplemean of the cost elasticifgr COVID-19 deaths is 0.077, the same as COXD
ca®s. This suggests that COI® cases and deaths simijyaimpact on airportotal
operating costs. Consistent witable3.3, the interactive terms between COVID ceaths
and noraeronautical revenue, delay, and pollution are all statistically significant and
negative.ln addition after controlling for COVIB19 deaths, the coefficients on policies
remain significant and do not change significantly. Overall, the asimeis using COVID

19 cases are robust when using COMI®deaths.

3.8.2 COVID-19 Cases per Thousand Residents

In the previous sections, the study primarilysibe absolute number of COVID
19 cases, the most commonly uge@VID-19 measureHowever, a limitation of this
measures that it does not account for population differences. The study funtes
COVID-19 cases per thousand residenthaseasure of COND-19to do the robustness
check.

Table B.7presents the estimation results. The coefficien€@VID-19 cases per
thousand residents not statistically significant at the 15% level, while the coefficients on
policiesbecomeslightly smallercompared to theesults inTable3.3. This suggests that
althoughCOVID-19 casesignificantly and positively impactrport total operating costs,

COVID-19 cases pehousand residents do not havetatisticallysignificant effect.
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This difference may be due to the different aspects emphasized by tiheasares
COVID-19 cases, as the prima@GOVID-19 measuraused by majoiICOVID-19 data
sourcessuch as CDC, Johndpkins, and WHOrepresenthe total number of infections.
Thereforepassengerand airportprimarily usethis absolute numbéo assess the severity
of the pandemic and take corresponding measures, which significantly affects airport costs.
On the othethand, considering population difference€OVID-19 cases per thousand
residents focus more on population density and infection rates. Population density and
infection rates arprimaryindicatorsconsidered by policymakers when making decisions,
but theyare not necessarilye factors thapassengers arairportsconsider As a result,
COVID-19 cases per thousand residents do not hatatiaticallysignificant impact on

airport total operating costs but lead to a slight decregsalicy coefficients.

3.8.3 Proportion of International Flights

Due to the implementation of bord=@ntrolpoliciesby many countries in response
to the pandemic, COVIE19 may have a greater impact on airports with a higher proportion
of international flights(Chinazz et al., 2020; Lee et al., 2020)o further analyze the
influence of the international flight proportion on the COWID effect, the study includes
the interactive termCOVID-19 cases? international hubin Equation 3.5, where
international huhis a binary dummy variable. Based on the average annual proportion of
international flights to total departures at each airport during thR€PMNID-19 period of

2012 - 2019, he study defines the top 10 airports with the highest international flight



proportions in the sample asternational hubs, with variablaeternational hubtaking a
value of 1 for these airports and 0 for oth&ts.

Table B.8presents the estimation resulThe coefficient oil€OVID-19 cases’
international hubis 0.015 with a pralue of 0.001. The positive value suggests that the
impact of a 1% COVID-19 cases increasen airports with a high proportion of
international flights is approximately 0.015% gerathanthat on airports with a lower
proportion of international flights. A 1% increase in COVID cases leads to cost
increases of approximately 0.069% and 0.084% for airports with low and high proportions
of international flights, respectivelyhe coefficients on other variables are consistent with

the results inrable3.3.

3.8.4 The Days of State Face Mask Mandates

Table B9 presents the results using &y count measureastead of the dummy
variable for face mask mandates. The resuksconsistenwith those offable3.3, but two
points are worth noting. Firstly, when using ttey count measuy¢he coefficienonface
mask mandates becomes smaller, although still highly significant. Each additional day of
face mask mandates results in a mere 0.001% increase in antabdperating costs,
compared tahe coefficient of 0.159 when using the dummy variable. Howethese
values are actually consistent since the dummy variable takes a value of 1 when the

mandatesirein effect for more than 50% of the data available days, wiash threshold

21 Due to the border control measures implemented by various countries during the pandemic
period, 2020 and 2021, there aignificant changes in the international flight proportions at airports.
Therefore, this study does not consider the proportions gll#020 and 2021 when determining the
international hubs. The top 10 airports with the highest annual international flight proportions duriiig 2012
2019 in the sample are MIA (50%), JFK (40%), FLL (23%), EWR (22%), IAD (19%), LAX (19%), BOS
(12%), MCO (11%, ORD (11%), and SEA (10%). The remaining airports all have annual international flight
proportions below 10%.
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of 128 days. Thus, accumulating the effect of 0.001% pewdayd reach.128%,close
to the coefficient of 0.159. Secondly, after usingdhg count measuréhe coefficient for
COVID-19 vaccine mandates becomes insignificant and decréasgiscussed iGection
3.4.3.2 this may be due to the strong positive correlation betweethatheount measure
of the face mask mandatasd the COVIDB19 vaccine mandates in 202ighlightingthe
advantage of using the dummy variable to mea$ace mask mandates comparetht®

day count measure

3.8.5 Year Trend Method for the Decomposition of Average Cost Differentials

In Section3.6.2.1 when calculatinghie time/technical efficiency effect, this study
uses the coefficients of yetired effects fromTable3.3to calculate the average year effect
for the preCOVID-19 and COVID 19 periods and takethe difference as the time effect.
An alternativeis to include a year trend and an intenaeterm letween the year trend and
the COVID-19 period indicator in the model, based on which the average year effect for
each period can be separately calculated, and their difference represents the time effect.
Based orthis method, the study recalculatasd deomposeghe percentage change in
average variable costs for representative airpditise full sample.

Table B.10presents the estimation results after replacing-fieed effects with
the year trendTable B.11and Table B12 show the percentage change in average variable
costs based on the new estimation results. The estimation results and the results of the
percentage change decompositwaconsistent with thergvious conclusions. However,
it is worth noting that after replacing yefaxed effects with the year tren@able B.10
shows that the coefficienn COVID-19 vaccine mandates becomes insignificant with a p

value of 0.466, while the coefficienin face mak mandates increases. The percentage
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change decomposition also reflects a similar change, showing a widening gagfiadtse

of thetwo policies. Compared to yefired effects, the year trend does not fully control
for year effects, making the modelsk reliable. For the technical efficiency effect, the
result obtained using the year trend method/402%, close te86.73%based oryear

fixed effects.

3.9 Discussion

The results provide several policy implications. @aone hand, the COVIE19
pandemic increasethe airpor® dotal operatingcosts. This is primarily due to the
additionalcontractual servicesosts for cleaning, disinfection, equipment upgrades,
provision of protective supplies tespond taCOVID-19. Therefore, the government can
provide dedicated funds to compensate airports for the increased costs in these areas. On
the other hand, statevel face mask and COVHD9 vaccine mandates also increase in
total operating costs. When policymakers decide whether to implement such policies and
determine the duration die policiesthey should consider the associated cost implications
for airpors. The government should provide subsidies or financial support to airports to
offset the costs imposed by public health policies.

Two issuesneed further discussiofirstly, during the pandemic, the government
provided various forms of economic assis&atwairports to help themrespond t€COVID-

19. The two largest programare Coronavirus Aid, Relief, and Economic Security
(CARES) Actand Coronavirus Response and Relief Supplemental Appropriation Act
(CRRSAA). CARES pogram, signed on March 27, 2020maito provide $10 billion in
economic relief to eligible U.S. airpor{§AA, 2020a) CRRSAA program, signed on

December 27, 2020, agto provide $2 billion in economic relief to eligible U.S. airports
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(FAA, 2020b) These assistance prograsupportedairports in effectively dealing with

the pandemic's impact. However, since these fulsdiage specific purposes and target
specific issues, they may nditectly correlatevith airportshortterm costs. For example,

the CARES pogram aims to provide fundingif critical safety and capacity projects from

the Airport Improvement Progranin contrastthe CRRSAA program aims to provide

relief from rent and minimum annual guarantees taioport car rental, cairport parking,

and interminal airport concessions addition, these funds do not show uptie@airport

cost side according to FAA herefore, these funding programs are not likely to have a
significant impact on the shetgérmairportcost analysisSecondly, ae limitation of this

study is that it can only provide a rough estimate of the impact of CQ¥9lelated
policies on airpdrtotal operating costs. The study primarily uses binary dummy variables
to represent statevel face mask and COVHD9 vaccine mandates. However, different
states may have significant variations in the specific content, target populations, strictness,
ard exceptions of these policies. Using binary dummies alone cannot capture these
differences. Therefore, the conclusions in this study regarding the effects of policies are

only rough estimates.

3.10 Conclusions

As a global public health crisis, COVAIRO has had significant impact worldwide.
Airports, asthe hub for passengerand cargotransportation, are greatly affected by the
COVID-19 pandemic and related policies. Accurately understanding the srgdatie
pandemic and associated policies on sterh airport costs isimportant for airport
management to effecely respond to the crisis and ensure kbagn operational stability.

In addition it provides valuable guidance to policymakers.
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This analysis estimates a shorh multioutput translog cost fution with three
positive outputsthreeassociated negative attributes, and CONIEDmeasures arrdlated
policies. The data is a tgrear panel (20122021)of 50 medium and large airports in the
United States. The study considers two COMMD measure$ COVID-19 cases and
deaths, as well as two COVAID related policie$ statelevel face mask mandates and
COVID-19 vaccine mandates. This study contributes to the current literature and fills
existing gapdy analyzing the impact of COVH29 andrelatedpolicies on airport shott
term costanddecomposing the percentage change in average variable costs for different
types of airports.

The study reveals several key findings. Firstly, based on sample statistics, the study
comprehensively presents the trefaispositive outputs and shetwrm costs before and
during the pandemic. The paper identifies sharp declines in positive outputs and rapid
increases in average variable costs followingGk®/ID-19 outbreak in 2020. However,
these trends reversed in 20&kecondly, COVIB19 has a significarandpositive impact
on total operating costs. A 1% increase in COM®cases leads to a 0.077% increase in
total operating costs. The findings using COVID deaths athe measure are consistent
with cases Statelevel face mask mandates and COVIB vaccine mandates also have
statistically significanandpositive impact on total operating costs, resulting in increases
of 15.9% and 16.8%, respectively.

Thirdly, through the calculatiomnd decompositiorof percentag change in
average variable costs based on the full sample, the study finds that average variable costs
increasediy 35% to 40% compared to the ge®©VID-19 period. COVIDB19 cases and

the time/technical efficiency effearethe two most influential facts. COVID-19 cases
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lead to a 109.15% increase in average variable costs, while the time/technical efficiency
effect resuks in an 86.73% decreasin addition the impact of face mask mandatss
greater than that of COVHR9 vaccine mandatdxy 5%. Lastly, the conclusiorssed on
different airport types (large versus medium hubs, cargo versuscagyo airportsiare

consistentvith the full sample
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CHAPTER 4 ARE AIRPORTS CHARGING SUFFICIENTLY?
EXAMINING MARGINAL SOCIAL COST PRICING FOR

DEPARTURESIN TH E SHORT-TERM

4.1 Introduction

The research questions in this paper are, in the short term, for aircraft departures,
how the marginal social cost differs from marginal private cost, and whether the current
landing fees cover marginal social costs. Focusing icra#t departures, the paper
calculates a measure of marginal social cost that includes negative externalities (delay,
congestion, and air pollution) and compares it with the landing?f@de data for the
analysis is an eightear panel (20122019)of 50 medium and large airports in the United
States?

As discussedn Chapters 2 and 3, airports contribute significantly to passenger and
cargo transportationras well asjob creationand economic growth. However, airport
operations also generate a sertdsnegative externalities, leading to external costs.
Departure gate delay, runway congestion, and air pollutiothatbree most significant
negativeexternalities associated with departures, the principal output of airports. Departure
gate delay is wén an aircraft departs from the origin gate later than scheduled. The study

measures delay using the difference between the actuabyfatene and the scheduled

122 5ectiond.4.3provides a detailed discussiohtbe landing fee.

123 According to Federal Aviation Administration (FAA), large hubs are the airports that receive at
least 1% of the annual commercial enplanements in the U.S., while medium hubs receive between 0.25% and
1%. Hartsfield Jackson Atlanta Intertianal (ATL), John F Kennedy International (JFK), and Los Angeles
International (LAX)are examples of large hulSlevelandHopkins International (CLE), Dallas Love Field
(DAL), and Memphis International (MEMjre examples of medium hubs
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gateout time. Departure runway congestion refers to the increased wait time on the runway
for departing aircraft due to increasitight volume The study defines congestian the

extra taxiout time, which is the difference between the actualdaktime (actual wheels

off time minus actual gateut time in minutes) and the unimpeded tawt time for an
aircraft?* Air pollution refers to lhe pollutantemissionscaused by aircraft departures at

the airport!?® The study measures air pollution using Air Quality Index (AQI). Delay and
congestiordisruptp as senger s6 tr av doningdasnheglthrisknd | e ai |
expenditurs. All three negative externalities result in economic ctss are difficult to
measureFigure4.l illustrates the severity of delay and congestion based on the data from
all U.S. airports. From 2012 to 2019, both delay and congestioned general upward
trends. In 2019, the average gatelay was 14 minuteand the average extraxi-out time

on the runway prior to takeoff was 5 minutés.addition, many studies (Masiol et al.,
2014; Penn et al., 2017; Schlenker et al., 2@h@wthat airport operations constitute a
significant sourcef air pollution.Fromthe social standpoint, these negative externalities
result in substantial external costs. According to the Federal Aviation Administration
(FAA), the totl cost of delay in the United Statess $33 billion in 2019. Moreover,
accordng to the Partnership of New York City (2009he losses associated with
congestion at the three airports in New York City alareeovei$50 billion between 2008

and 2025. Wolfe et al. (2014howsthatthe air quality damasgfrom airportoperationsn

the U.S. is around $2 billioannually

124 The FAA definesthe unimpeded taxdut time as the estimated tasout time underideal
operating conditions (when congestion, weather, and other delay factorsigindicant).

25There are two stages dfaaft pollutant emissions: the airport stage and the-hltitude flight
stage. Thipaperfocuses on the negative externalitssociated withleparturespnly consideringpollutant
emissions duringhe airport stagéairportparkingand takeoff andtheir impact on airport air quality. This
limitation in the research scope may lead to an underestimation of the external costs of air pollution.
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Airport Annual Average Delay Minutes and Extra Taxi-Out Minutes,
All U.S. Airports, 2012 - 2019

Panel A: Delay Minutes Panel B: Extra Taxi-Out Minutes
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Sources: Federal Aviation Administration (FAA), Bureau of Transportation Statistics (BTS)

Figure4.1: Trends forairport averagedelay minutes andextrataxi-out minutes,all U.S.
airports, 2012 2019

However, there is no evidence on whether airports account for these losses in their
cost calculations when determining landing fees. The marginal social cost of departures
equals the marginal private cost plus the marginal external cost resulting frotivenega
externalities. If airports only consider marginal private costs and ignore marginal external
costs, this will result in landinteesbelow the socially optimal level. Consequently, the
number of departures will exceed the socially optimal level, ngusarket inefficiency.

Calculating the shotterm marginal social costs per departure that include negative
externalities (delay, congestion, and air pollution) and comparingtthéme landing fees
serve twaessential purposes. Firstly, quantifying tharginal social costs helps understand

the difference between marginal private and social costs in monetary values. Secondly,
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following themarginal cost pricing theognd from the soclgerspective, airports should

set the price of departures, i.e.,dary fee, to equal the marginal soaiakt of departures.
Consequently, comparing the marginal social cost to the landing fee enables an evaluation
of whether airports impose sufficient landing fé@sompensate for the marginal social

costsincurred byan additional departure and achieve socially efficient pricing.

4.2 Literature Review

The literature on the calculatisof shorttermairportmarginalexterndandsocial
costs per departuris very limited. The few studieon delay and congesticemploy a
similar methodologyusing the opportunity cost of time to estimate the external costs.
Carlin and Park (1970) assuntbat the value of a passen@etime is $12 per hour and
estimategshe marginal external coper depaure incurred by delay at LaGuardiiyeort
to bebetweerts0 and$501 for variousntervalsthroughouta day on multiple days during
1967 - 1968. Daniel (2001) estimates the averagarginal departureexternal cost
associated with congestion to be aroub(based on a passenger time value estimate of
$40 per hour and data from the first week of May 1990 at the Minnesota d8plorhg a
social welfare maximization problem, Carlsson (2003) derives the marginal external cost
per departureassociated withdelay andindicates that itis relatedto the number of
departures and the opportunity cost of time for passengers. Based on the 2001 data from
Arlanda airport in Sweden, the estimated marginal external éasts the study are
between $4 and $3,580. Acding to official values for transport infrastructure investment
in Sweden, the opportunity cost of time used in the study is $13 per hour for leisure travel

and $22 per hour for business travel.



Fewstudies examine air pollution. Lu (2009) calculatestiaeginal external costs
per landing at five European airports in 2003 and 2004 using data on aircraft engine
emissions.The study find that the marginal external costs causedauy pollution are
between 282 to 442 Euros ($308 and $483). Hu et al. (2&1i®)ates congestion costs at
Guangzhou Baiyun Airport in China using a steathte congestion model that includes
costs toairlines, passengey;, and the environment. The study estimates airline and
environmental costsasedot he maj or ei-minate @érdtingtcostp ang fael
consumption costs. The study calculates passenger costs using the value of passengers
time, set at 50 RMB ($6.89) per hour for leisure travel and 100 RMB ($13.78) per hour for
business travel. The findingshow that the marginal cost per departure caused by
congestion during ofpeak hoursarebetweers,000 to 10,000 RMB ($689 to $1,378) but
exceed 10,000 RMB ($1,378) and even approach 35,000 RMB ($4,823) duririgopeak

The current literature on shedrm airport marginalsocial costdas three main
gaps First, the sample utilized in the reseaoctty represents a small number of airperts
one to five- and covers a brief periodone day to one week (Carlin and Park, 1970;
Carlsson, 2003; Daniel, 2001; Lu. 2009; Hu et al., 2018). Consequently, it becomes
difficult to draw significant and reliableonclusions for a wider variety of airports and
periods. Second, there is no comparison between marginal private costs and marginal social
costs that include negative externalitieslustratetheir relative magnitudes. Thirdly, there
is no comparisondiween marginal social costs and current airport landing fees. This gap
preventsus from assessing if the current landing fees are optimal tra@rsocial

perspective.
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To address these gaps, this study thoroughly analyzes thetesinorinarginal
social cosper departure, considering negative externalities, such as delay, congestion, and
air pollution, for 50 medium and large airports in the United States from 2012 to 2019. The
study provides four important contributions:

Q) The sample consists of panel daftam 50 airportsover eight years,
enabling broader implications applicable to a wider range of airports.

(2) The study quantifies the marginal social cost and highlights its distinction
from the marginal private cost.

3) The study compares the landing fee @iecraft to the marginal social cost
to determine whether the current landing fee is efficient tlmsocial perspective.

4) The study performsubsample analyses based on hub size and cargo/non

cargo airports and discusses the comparative differencessdiferenttypesof airports

4.3 Empirical Research Strategy

This paperusesthe following steps to calculate the shtmtm marginal social cost
per departuren order to analyze whether the current landing fees at airports cover the
marginal departure s@l cost First,the papeestimats ashorttermmulti-output translog
cost function with three positive outputs but without negative attriljdetay, congestion,
and air pollution) Second, based on the estimation resulis, papercalculatesthe
maminal private cost per departure. Thitde studyuses regression models that relate
departures with delagongestionand air pollutiorto estimateeach of the three negative
externalities, respectivelyFourth, based on the estimation results of those regression
models and usingstimates for thealue of timeand health cost per oimintincrease in

annual average AQIthe studyquantifies the marginal external cost per departure
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associated with delayongestion and air pollution, respectivelyyhich representsan
empirical measure dhe costsassociated with theegative externalities. Fifthhe study
addsthe marginal private cost and marginal external cost to obtain the marginal social cost
perdeparture. Finallythe papecompars the marginal social cositf departuresvith the
priceof departureslanding fee to analyze whether the airport charges a sufficient landing
fee to cover the marginaleparturesocial costhat considersmegative gternalitiesand

achieessocially efficient pricing

Price
Marginal
External
Psocial Cost
4PC

Pprivate ]

i Demand

Departures

Dsocial Dprivate
Figure4.2: lllustration ofpprivate andsocial marketequilibriums fordepartures
Figure4.2 depicts the private and social market equilibridorsdepartures in the
short term MPC stands fothe marginal private cost, whils1SCstands fothe marginal

social cost. The marginal sai cost is the sum of the marginal private cost and the

marginal external cost resulting from negative externaliié® MPC and MSC curves
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represent the supply cusvérom the private and social perspectives, respectivighg.
intersection of thiPC curve and the demand curve at pokindicates the private market
equilibrium, correspondingo the privatey optimal quantityDprivate and the privaty
optimal price Pprivate. The social market equilibrium point igoint B, where Dsocial
represents theociallyoptimal quantity anéPsocialrepresents thgociallyoptimal price, i.e.
the sociallyoptimallanding fee Fromthe social efficiency perspectiyéheairport should
set the landing feeequal to the marginal departusecial cost. Due to the lackof
consideration for negativexternalities, the private market equilibrium haslower

equilibrium price and &igherquantity than the social equilibrium.

4.3.1 Translog Cost Function (Output Moglel

To calculate the sheterm marginal privateost, the studgstimats a shortterm
multi-output translog cost function with thregeositive outputs the output model from
Chapter 2), as Equation 4.1. This model does not include theegative attributes
incorporatedn Chapter2. For airporti at timet, “Yw Ois the total variable cost§ is
the positiveoutputs; 1}  is the price of inpuj; Q is the quasfixed factor

The modelincludesthreepositiveoutpus of the airport departures (domestic and
international), workload (passengers, freight, and maiy nonaeronautical revenue
(e.g., food, retail storediotels,and rental cars)The inputsare labor, general airport
operations, and contractual servigésnsistentvith McCarthy (2014)this study measures
the quasfiixed factor by the equivalentnumberf 1 G 16 0 0 6 r, msteadeofusing
the actual number of runways. This metlagdounts fothe differences in runway lengths.

To makethe approximation at the sample mean of each variddeation4.1 subtracts

171



the log forms of sample means$ f ,1 A, andl Q- fromi & ,1 § , andi 1Q,
respectivelywhich results irEquation4.2. The model also includes theport effectand

yearfixed effectsin the estimationwith 2012 as the base year.
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A well-behaved variable cost function must satisfy symmetry and linear
homogeneity conditions. The symmetry conditiBguation4.3, requires the cost function

to be symmetric in variable input pricegherej, h=1,2,3and,g= 1, The,linedr.
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homogeneity conditignEquation4.4, requires the cost function to be homogeneous of
degree one in variable input pricegherej, h=1, 2, 3 ands, g= 1, Tée study.
imposes lte symmetry and linear homogeneity restrictionsEogpation 4.2 before the

estimationt?®

f I we Q I 4.3

4.4

The study derives Equatiof5 based onSh e p h ar d dwherels dsntimea
optimal demand for inpub. Based a Equationd.5, the cost share equation of inpat ,
is Equationd.6. The study estimates the cost share eqoagointly with the translog cost
function, Equation4.2, as a system to increase the estimagffitiency. Since thecost
shares of three inputs sum to one, thdystirops one input cost shareontractual services

i before the estimatiott/

1281 the studyutilized the actual inpuprices faced by airportthe symmetry conditiowould hold
in the efimation resultseven without imposing it before the estimatidiowever,given thatactualinput
price datafor contractual services and general airport operatio@sinavailablethis study uses statevel
real input price indexes derived from natiomadut price indexesConsequentlythe symmetryconstraint
does nonaturally hold Thus the study imposes the symmetonstrainfprior tothe estimationln addition
althoughhomogeneity shoultheoreticallyhold, it does ot naturallyhold for the sample datassith input
price indexesConsequentlythe study alsimposesthe homogeneityestriction prior to the estimation
whichis consistent with the current literat@aployingthe translog cost function (Caves et al., 1981; Marti
et al., 2011; McCarthy, 2014, 2016)

127 The estimatebased on maximum likelihood methagsnainunchangedirrespectiveof which
costsharethe studydrops (Berndt, 1991).
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4.3.2 Marginal Social Cost Methodology

This papercalculatesthe shortterm marginal social cost by calculatinghe
marginal private cost and marginal external cost per departure sepdeapehtion4.7
expresses the marginal private cost geparture § 0 6 ) using the estimation
results ofEquation4.2. Here,0 0 6 represents the marginal increase in the total

private variable costs caused by an additional departure, which only considers private costs
and does not consider negative externalitiemiationd.7 calculates) 06 as the
product of the elasticity of the total variable costs with respect to departures{——)

and the average variable costs of departures ¢ ).128

128 Substituting thel'VCwith (0 @ 6 n ) in Equation4.7 leads to the following
equation, which gives another perspective to intefpretd
N . Towod
006 0 wo n
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4.7

This study considerthreenegative externalitiegelated to departuresdeparture
gate delaydeparturerunway congestignand air pollution at the airporThe marginal
external cost per departure is the sum of the marginal external costs associatbdsgit
three negative externalities. The departuaeglelay occurs when an aircrigfavesthe
origin gate later than schedulethe studyneasursdelay as the difference betweastual
gateout time and scheduled gatet time In Equation4.8, the total time delayT(TD) is
equal to the average time delayTQO) multiplied by departuredDd). Taking thepartial
derivative of both sides @&quatior4.8 with respect to departureB)leads tahe formula
for the marginal time delayMTD), asEquation4.9. MTD consists of two parts the

average time delayATD) and the delay externality caused by an additional departure

(O —). Following a similar approach to Carlsson (2003} gaper usesquatiord.10
to estimate—, wherg measures the change in average time d@d) at the

airporti in yeart due to an additiodalepartureand is equal te—.12° On the other hand,

Equation4.11 converts theime value per passenger into the tinvalue per departure

In this perspective) 0 6 equalsd w6 plus the change i @ 6 caused
by an additionaf) , Which only considers private costs and does not consider negative externalities.
This equationprovides the same value of 0 0 6 with Equation 4.7: 6 @0 p
0wo

129 |nsteadof estimating a cost function with input pricaisd outputsCarlssor(2003) estimates a
model with passengeasidyear and airportfixed effects tacalculatehe marginal private cost per passenger.
This paperemploys a similar approach to estimatee effects of departures on average time delay and
congestion
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Based orEquatiord.9, Equaton4.10, andEquationd.11, this papeusesEquatiord.12to

calculate the marginal departure external cost associated with delay
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Departure unway congestion refers to the increat®ed-out time for the aircraft
beforetakeoff after leaving the gatéueto thetraffic congestion on the runwaaused by
the increasetlight volume The paper definesongestion as the extra taxiit time, which
is the difference between the actual taut time (actual wheels off time minus actgate
outtime in minutes) for an aircraft and the unimpeded-taitime when the congestion
is insignificant.FAA defines the unimpeded tasout timeasthe estimated taaut time

for an aircraft under optimal operating conditions (when congestion, weather, and other
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delay factors arénsignificant), which is the benchmark texit time when there is no
congestionThe stuly usesa similar approacto delayto calculate the marginal departure
external costassociatedwith congestion.Equation 4.13 indicates thatthe total time
congestionTTC) is equal to the average timengestionATC) multiplied by departures
(D). Taking thepartialderivative of both sides &quation4.13 with respect to departures
(D) leads to the formula for the marginal timsongestiofMTC), asEquation4.14. MTC

also has two components the average timeongestion ATC), and thecongestion

externality caused by an additional departgi® ——). Similarly, | in

Equationd.15is the estimate of—. Based orEquatiord.14andEquationd.15, this paper

usesEquation4.16 to calculate the marginal departure extéronast associated with

congestion.
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Air pollution differs from delay/congestionn two ways On the one hand, the
externalcostscausedy delay and congestion amostly due to time losshut the impact
of air pollution is primarily harmful tp e o pphysiéakhealth, leading to increased health
expenditurs. On the other hanghassengers mainly bear telay and congestiotosts
whereaghe study assumes that airport employa@sarily bear the air pollution costs.
Theimpactof air pollution on health and health expendisneguiredong-termexposure
(Chen and Chen, 20213ince passengers only have a brief stay at the airport (less than a
day), the air quality is unlikely to significdy impact their health. Chen and Chen (2021)
finds thatshorttermexposurgone day)o poor air quality environments does not have a
statistically significant effect onp e o p healih sexpendituse However, long-term
exposure to poor air quality envimments (ovesevendays) significantly increasdgalth
expenditurs. Thereforethe study assumes thatportair pollution primarily causesosts
to airport employee$*® Based onEquation4.17, Equation4.18 calculateshe marginal
departure external cost associated with air pollution. Chen and Chen (202%)aaoffer

estimate for health costs per onmoint increase in annual average AQI,

, Which is discussed in detail 8&ction4.4.2 Equation4.19

provides an estimate feF——————, which isf

"Y'YO 0 YO O 4.17

130 Airport air pollution also affestresidents living near the airport. However, due to the lack of
data on the population within a certalistance(e.g., five kilometers) of the airport, thigper isunable to
assesthe impact of air pollution on residents near the airport. Therdfa@studyfocuses only on the effects
of airport air pollutioron airportemployeesThis limitationleadsto an underestimation of the external costs
of air pollution.
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Based on the discussions and calculations of marginal pavatexternal cost

per departurethe papercalculateshe marginal social cost per departure udtogation

4.20.

4.4 Data

The analysis utilizes panel data compiled from multiple databd$es sample
covers 50 U.S. medium and large airports from 2012 to 2019cantprisesl,188

observations®! Table C1 presents a list afampleairports. Throughouhe sample period,

Bl pata for 2020 and 2024are also available. However, the paper excludes them to avoid the
COVID-19 impact Chapter3 focuses on the COVIR9 effecton orttermairportcosts using data from
20121 2021.
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these 50 large and medium hutwllectively account for61% of departures, 69% of
passengers, 45% of cargo, and 73% ofaaronautical revenuarengall U.S.airports.

Table C.2summaizesthe data sourceslable C3, Table C4, andTable C5 present a
comprehensive summary of descriptive statistics. Since Chapter 2 provides a detailed
discussiorof descriptive statistics for most variables, this paper focuses on the descriptive

statistics for the newly added variables.

4.4.1 Translog Cast Function Measures

4.4.1.1 Total Variable Costs andositiveOutputs

This shortterm cost analysiseasures total variable costs ustotpl operating
costs. The Federal Aviation Administration (FAA) Certification Activity Tracking System
(CATS) providesai r port sd annual ¥fThenaah aperatihg costs f o r ma
consist of three components personnel compensation and benefilgbdr costs),
contractual services costs, and general airport operations-€o'sts.

The analysis includes three positive outputs: departures, workload units, and non

aeronautical revenue. Departure data is from the Bureau of Transportation Statis®ics (BT

132 Detroit Metropolitan Wayne County Airport (DTVEubmittedits financial information twice in
2019. The first repoffrom October 1, 2018, to September 30, J@t&son September 30, 2019. Teecond
report(from October 1, 20190 December 31, 20}9vason December 31, 2019. Thissbecause th@TW
changed its financial yeandfrom September 30 tDecember 3in 2019 Thereforethe study usethedata
from September 30, 2018r 2019, anchddsthe datafrom December 31, 20190 2020.

133 personnel compensation and benefits, also referred to as labor costpapdiiare the salaries
andearningsof personnel directlfired by the airportas well aemployee benefits such as heatidlife
insuranceand employee pensions. The contractual services costthareosts of consulting, legal,
accounting, maintenance, financial servia@s] other services paid to commercial firms and government
agenciesThe repair and maintenance costs aatdor amajor portion of contractual services costs. The
general airport operations costnsist ofcostsassociated witltommunications and utilities, supplies and
materials, insurance, claims and settlement, and other operating expenses thiidendetthe criteriaof
labor and contractual services costs.

B34 The costs in this studyontainan exhaustive list of inpundare all aggregated composites of
several inputs. Ideally, the model should esa ¢ h  iactyalupticéasd associated costsstead of
aggregated composites. However, dhailabledata does not supportethmethod
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T-100 Segment of Form 41 Traffic, whiadontairs airport operations and workload
statistics Workload units are the sum of the number of passengers and the units of 220
pounds (100 kg) of cargo, following the method used by Bottasso and Conti (2012) and

McCarthy (2016). The neaeronautical revenue data is from FAA CAFS.

4.4.1.2 Input Prices and Quasixed Factor

Consistent with the three components of total operating costs, thisisthayes
three inputs: labor, contractual services, and general airperatogns.Equation4.2
requires a price index for each inpilihe study calculates nominal labor pricssglabor
costs and the number of fulme equivalent empiees data from FAA CATE® The
study derives the real labor priceby adjusting the nominal labor prices using GDP
deflators (2012 = 100Andthenstandardiing them to the real labor price indexes with
2012 as théaseyear (2012 = 100).

However airportlevel price indexes for general airport operations and contractual
servicesare unavailableTherefore, the study uses naticlealel producer price indexes
(PPI) from the Bureau of Labor Statistics (BLSDPhe price index for general airport
operationgs the PPI for airport operations, while the price index for contractual services
is the PPI for nonresidential building maintenance and réedaiAccording to the
methodologyproposedn McCarthy (2014), the studyses a threstep process tconvert

thesenationatlevel nominal price indexes into stdevel real pricendexes

5 The primary sources of nomeronatital revenuearefood and beverage, retail stores and duty
free, rental carandhotels.

16 STL 2012, DAL 2013, STL 2012ndMSY 2018 did not report fullime equivalenhumbers of
employees, leadg to four missing values fothelabor price index.

B7Thereis no PPI seriefor airport contractual services. Since the maintenandarepaicoss are
the major portion of airport contractual services costs, the atgdgPPI for nonresidential building
maintenance and repair e source fothecontractual services price index.
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(1) Standardizinghationatlevel nominal price indexes with 2012 as the base
year (2012 =100).

(2)  Adjusingthe nationalevel nominal price indexes by stdevel Consumer
Price Index (CPI)to obtainthe statdevel nominal price indexes.

3) Convering the statdevel nominal price indexes to stdevel real price
indexes using the GDP deflator (2012 = 159).

The runway is a quasixed factorin the shorrun cost analysid his studyfollows
the methodologggjomMc Car t hy (2014) and uses 3t1BbO®dequi
runways (ENRW), Equation 4.21, to measure the quafiked factor where
Yo ¢ 0 wwiXis tkwlength of runway for airporti at timet. ENRW provides two
majoradvantagesver the actual number of runwaysrst, theactualnumber of runways
is an inferior measure of runway capaciwen thedifferences in runway lengthe/hich
can be accommodated bging ENRW. Second, and related, since airports often extend an
existing runwayinstead ofconstructing a ew one, ENRWaccounts foithe changego
existing runways Although there is nalefinition for astandard runway, 4 0, ®®0 0 6
1506 runway can accommodate most20lglassenger

B YO&E U0 DwIXQEYIHE VU VWORANQQO
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18 The resulting input price indexes are tlé input prices that airports actually face. They can
only represent the actual input prices to s@rtent. Therefore, there is a certain degree of.error
9 A limitation is that this method ignores the potential discrete runway effect. For example, an
airport with two runways, both smaller than the standard size, may generate an equivalent numivaysf ru
greater than one througlyuatiord.2l, whi ch does not reflect the airpor
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4.4.2 Negative Externality Measures

The study measures the departure gate delay using the annual average delayed
minutes at the origin gate, which is the difference between the actualgaime and
scheduledgateout time.'*° BTS6 Airline On-time Performance Datarovides annua
average dlayed minutes at each airport during 202919. On the other hand, the study
defines departure runway congestion as the extreotaxime. The extra taout time is
the difference between the actual taut time (actual wheels off time minus actgate
outtime in minutes) for an aircraft and unimpeded @i time, which is the estimated
taxi-out time for an aircraft undeptimaloperating conditions (when congestion, weather,
and other delay factors aimsignificant)!4! BTS0 Airline On-time Peformance Data
provides the annual average actual-aud minutes at each airport during 202019. The
FAA Aviation System Performance Metrics (ASPM) providesualunimpeded taxout
time for each airport. However, this data is only available for 20@013, with an overlap
of 2012 and 2013 in the sample period. For the unimpededuaikime from 2014 to 2019,
this study useg a ¢ h  a averggeuminipéded taxout timein 2012 and 2013 athe

estimate for 2014201912 This approach assumestleaa ¢ h  aunimpeded taxbust

140 0One issue with this data is thahen anaircraft depasg from the gate ahead of schedutee
system records #@s having zero delayed minutes instead of negative values. This leads to an overestimation
of coefficientf in Equation4.10, resulting in an overestimation of the margideparturexternal cost
caused byhedelay inEquation4.12.

141 0ne possible scenario is that if an aircraft remains at the gate due to runway congestion and does
nottaxi out, the time wasted during this period might be incorrectly classified as delay instead of congestion.
Since the calculation of taxiut time starts fronthe gateout, this riod of timewill not be doublecounted
as congestion, avoiding the issofeduplicate calculations. However, this misclassification lead to an
overestimation of delayed minutes and an underestimation of congestion minutes, resulting in an
overestimation of the marginal external cassociated with delagnd an underestiman of the marginal
external cosassociated witlcongestion.

142 An alternativemethodis to use the average unimpeded @i times for each airport during
20007 2013 as the estimates for 2012019. Ontheone hand, thisequiresa stronger assumptidghat the
unimpeded taxout times during 2014 2019 are similar to 2000 2013. On the other hand, this method
provides almost the same estimates as the method used in this paper.
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time did not significantly change during 20412019 ands equal to the 2018alue Based
on the data from 20002013, there was minimal variation imimpeded taxout times
among the 5@ampleairports from year tyear, which supportthe assumptiof This
study measures congestion by calculating the average ext@utaxne for each airport
each year, which is the difference between the averageuaxime and the unimpeded
taxi-out time.

In addition,the measure forairportair pollutionis theannualaverageAir Quality
Index (AQI) for the county where the airpod located*** 4 The U.S. Environmental
Protection Agency (EPA) is the sourfme the AQI data. AQrangesfrom 0 to 500 and
lower valuesindicate better air quality. The EPAlassifiesair quality into six levels
according toAQI values: good (60), moderate (5100), unhealthy for sensitive groups
(101-:150), unhealthy (15200), very unhealthy (20200), and hazardous (301 and
higher). An altenative approach to measuring pollutionis to focus on airpotspecific
pollutants. However, thisnethod does not necessarilgffer a better measurefor air
pollution than theAQI. According to Riley et al. (2021), most studias U.S. airports
identify carbon monoxide (CO), nitrogen dioxide (BQand sulfur dioxide (Sg£) asthe
three major airporpollutants. However, no evidenseiggestavhich oneis the most
predominantpollutant EPA calculates AQlsing thesethree pollutants, along with

groundlevel ozone and particle pollutio@onsequentlythe AQlis a composite measure

13 For 2000 2013, the standard deviation of unimpeded-taximinutes awss years is 0.2and
the mean value is 11 minutes.

144 AQI data is available ahecounty levelandcorebased statistical area (CBSA) level. AQI data
at anarrowergeographicscale such as city level, ignavailable.According to he Office ofManagement
and Budget (OMB)a CBSAincludesone or more counties, indidag that a CBSA iftenbiggerthan a
county.Consequentlythe studyutilizescountylevel AQI datainstead ofCBSA level data.

15 SinceKansas City International Airport (MCI) lates in Platte County, Missouvihich lacks
AQI datg the study usede AQI data from Clay County, Missouthe closest county
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consideringall three majomirport pollutants. Whilecountylevel dataavailablefor each
pollutant, dilizing the single pollutantataat the same levé$ not necessarilpetter than

usingthe AQI composite includingll three pollutants.

Annual Average Delayed Minutes, Extra Taxi-Out Minutes, and AQl,
2012 - 2019, Mean Values
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Enviromental Protection Agency (EPA)

Figure4.3: Yeartrends fordelayedtime, extrataxi-out time, and AQI,50 U.S. airports,
2012- 2019

As shown inTable C3, on average, a departure experiences-mit2ite delay at
the gate, followed by a-rhinute extra taxout comparedo a necongestion situation
before takeoff. The standard deviations of delay and congestion, both across years and
airports, are smalindicating similarities in delay and congestion among different airports
and over different years. The average AQIl he sample airports is 50, which is the
boundary value between Aigoodo and fimoder at

11, shows the variations among the sample airports. Notaahle C4 illustrates that
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large hubs have slightly more severe delay and congestion as well as poorer air quality
compared to medium hubs, by 1 minute for both delay and congestion and one AQI point
for air pollution. Based on the trds inFigure4.3, both delay and congestion increased
during the sample period, while AQI declined, showtimgefforts of the government and
airports orenvironmentbprotectio, as well ashetechnologcal improvement in reducing
airportrelated pollution Furthermore, as shown kigure4.4, delay, congestion, and air
pollution all have positive sample relationships with departures, with congestion
demonstrating a stronger relationship.

As illustrated in Equatiod.12 and Equatiod.16, the calculations of marginal
departure external costs require data tbe value of timeper departure. The U.S.
Department of Transportati@® 2016 Revised Value of Travel Time Guidampecevides
estimates for the value of travel time, specifically for all purposes air travel, which is $47.10
per persorhour in 2015%$. Adjusng for the inflationand converting tdahe perminute
value yields $0.75 per persomnute in 2012$. Equatiohl11requires the average number
of passengers per dapure to convert the value of travel time per passenger per minute to
the value otraveltime per departure per minutehe BTS F100 Segment provides data
on annual passenger enplanement as wilkeesnnuatlepartures for each airport, enabling
the cédculation ofpassengenger departure at each airport. As in Equafidrd, multiplying
passengers per departure by the value of time per passeimyge gives thealue of time
per departure per minute for each airport. As showrairie C3, during the sample period,
the averagealue of time per departure per minute is $72, with a standard deviation of $16.
The meanvaluefor largehubs ($78) is higher thafor mediumhubs ($65), as shown in

Table C4.
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Panel A: Departures versus Annual Average Delayed Time, 2012 - 2019
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Panel B: Departures versus Annual Average Extra Taxi-Out Minutes, 2012 - 2019
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Panel C: Departures versus Annual Average AQI, 2012 - 2019
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In order b calculate the marginal departure external cost associated with air
pollution, Equation4.18 requires an estimate for health soger onepoint increase in
annual average AQI. Chen and Chen (20&i9wsthat a 1% increase in the 18@ay
average AQI results in an 87% increase in monthly health expersjer@erson. Based
on their studgs sample mean values for AQ6) and health expenditurédBRMB 456 in
2015%) an increase of 0.86oints in the 180Gday average AQI would lead to arcrease
of RMB 397 (63 USD) per person per month in health expenditures in 2@h&3$) is
equal toan annual increase of $724 in 2012$. Since Chen and Chen (@@lnot
estimatethe impact of the 368ay average AQI (i.e., annual average AQI) on healt
expenditures, thipaperassumes that its effect is the same as theda§Gverage AQI*®
Therefore, anepoint increase in the annual average AQI would result in an increase of

$842 in annual health expendituresper person in 2012% i.e.,

= $842.In addition FAA provides data for the number of

full-time employees at each airport each year, as requifeduation4.18.

4.4.3 Landing Fee

The study uses the landing fee per aircraft as the price for departureldfitds
landing feesas chargeson aircraft owners and operators fasing runways, runway
protectionzones clearways, anthnding stripsThe landing feeevenuedata is from FAA

CATS. To maintain consistency with the types of departures, the landimgvieguein

146 Chen and Chen (202&xtimateshe effects of 4day, #day, 30day, 66day, 96day, and 180
day average AQI on monthly h#alexpenditures per persarspectively Except for the coefficientrol-
day AQI, whichis statistically irsignificant, all other coefficientare statisticallysignificant,andthe values
increase with the number of days. Therefore, the effect of theahmwerage AQI ommonthly health
expenditures per person may be greater than that of thealBfverage AQleading to the underestimation
of themarginal external cost associated with air pollution.
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this studyincludes landing feesfor passenger Hines, cargo operations, and general
aviation and military operationté’ These three components account for 88.5% (passenger
airlines), 10% (cargo), and 1.5% (general aviation and military operations) of the total
landing fee revenue, respectivelividing the landing feaevenueby the numbeiof
departures gives the landing fee per aircf&fEurthermore, the studsonvertghe landing

fees per aircraft to real values based on 20a8fhg the GDP deflatoAs shown inTable

C.3, the average landing fee per aircraft in the sample is $880,a large standard
deviation ($263), indicating substantial differences in landing fees across airports.
Moreover, as summariden Table C4, large hubs have an average landing fee per aircraft

of $441, which is significantly higher thamedium hubs$310.

4.5 Empirical Results

4.5.1 Marginal PrivateCost per Departure

Table4.1 presents thderative seemingly unrelated regression equations (ITSUR)
estimation result$or the translog cost functigriEquation4.2. The study estimates the
translog cost function jointly with cost share functidbguatiord.6, as ssystem, and drops

the cost share farontractual servicesefore the estimatiol.he model fits the data well

147 Due to the lack of disaggregated data on departures bytihgpstudy is unabl® calculate the
landing fee per aircrafor each type of departure.

8 When an aircraft departs from an airport, it generates a departure, whiksvitsusarrival at the
airport must havegeneratd an arrival This means thatheoretically, each departure has a preceding arrival
at any airportTherefore, this study assumes that eachairport, the numberof arrivals and departures
should theoretically be equal, whicteaalso equal to the number of aircraft opedatt eachairport. The
study uses tharrivals and departures data atssnpleairports from 2012 to 201® test tlis assumption.
The average number of departures per year per airport was higher thas agriva#, which is only 0.01%
of the sample average annual departud million. Thereasons for thdifferencemay be the addition of
new aircraft (ashenew aircraft only generageleparture when hag thefirst flight attheassembly airport
anddoes nohave preceding arrivals) and statistical er(tive data do not record certain arriva®)erefore
the data supports tlessumption
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with an Rsquared value of 093. Chapte® and ChapteB have a detailed discussion of

the properties and implications of the translog costtfancThe primary purpose of

estimating thdranslog cost function in this study is to estimate the marginal private cost

per departure. According tequatiord.7, the study calculates a c h o b smargina t i on 6 ¢
private cost per departur@s presented ifable4.5, theenumeratedample mean of the

marginal private cost per departure is $3%9.

4.5.2 Marginal External Cost per Departure

Table 4.2 presentthe fixed effects estimatioresults for the average time delay
model,Equation4.10, the aveage time congestion mod&guation4.15, and the average
AQI model, Equatior.19. Regarding delay and congestidme toefficiens on departure
in PanelA andPanelB are bothstatistically significant at 0.1%. The valueg of and
I are 0.0000225 andd.0000371, respectivelysuggestingthat an additional
departure leads to an increasé@000225 minutein average delay timat the gate and
an increase dd.0000371minutes in averageextrataxi-out time on the runwafor other
flights. Regarding air pollution, the coefficient on departures in Pandl C, , is

0.0000298, with a alue of 0.109, suggesting that an additional departure leads to an

increase of 0.0000298 in the annual average AQI.

149 According to themarginal cost pricing theoryhe marginal private cost per departure in this
studyserves as a reference for the airfepricing of departures. Since prices cannot be negative, the study
sets negative values of marginal private cost per departure to zero. This approach also avoids the influence
of extreme negative valu@sthe data. Reviously, the sample mean was $298.
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Table4.1: ITSUR estimationresults oftranslogcostfunction withoutnegativesttributes
(outputmodel),50 U.S.airports 20127 2019

Variable Estimate  Pr(>|t|) Variable Estimate  Pr(>|t|)
Departures 0106  0.137 | Operations pricé 0.078  0.000
departures
Workload 0259  0.01 | Operations pricé 0041 0.024
workload
Non-aeronautical 0.589 0.000 Operatlons pricé non -0.052 0.000
revenue aeronautical revenue
Labor price 0.400 0.000 | Runway?® departures 0.097 0.555
Operations price 0.249 0.000 | Runway® workload -0.391 0.030
- .
Runway 0.011 0.758 | Runway® norraeronautical ; 5,g 0.022
revenue
Departure’ 0178  0.722 ;ﬁggr price? operations 0.009  0.137
Workload unit§ 0.886 0.017 | Runway?® labor price 0.090 0.000
Non-aeronautical . .
- 3
revenud 0.152 0.281 | Runway?® operations price 0.045 0.000
Labor pricé 0.062 0.000 | Year 2013 -0.006 0.875
Operations price 0.267 0.503 | Year 2014 0.017 0.663
Runway 0.483 0.000 | Year 2015 -0.016  0.677
Departure$ workload -0.612 0.152 | Year 2016 -0.020 0.610
Departures nor 0006  0.967 | Year2017 0019  0.637
aeronautical revenue
Workload? nor 0203  0.035 | Year2018 0.009  0.819
aeronautical revenue
Labor price? 0007 0771 | Year2019 0023 0559
departures
Labor price? 0024 0285 | Airport 0.002  0.045
workload
Labor price? non 0043 0.001 | (Intercept) 18.875  0.000
aeronautical revenue

1. Number of observations: 1,188 R0.953; Estimation results of Equatié:2 with three positive

outputs.

2. All variables reported in this table are in log form, except for therigffect and yeafixed effects.
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Table4.2: Fixed-effectsestimationresults fomegative externality models

Panel A Delay
Dependent variableAverage delayed minutes
Variable Coefficient P>|t|
Departures 0.0000225 0.004
Year
2013 2.093825 0.000
2014 3.177799 0.000
2015 1.987769 0.000
2016 1.614177 0.000
2017 2.549404 0.000
2018 3.045878 0.000
2019 3.540446 0.000
Constant 7.070102 0.000

Number of observations = 400; the moiheludes airport fixed effects; 2012 is the reference year.

Panel B Congestion

Dependent variableAverageextrataxi-out minutes

Variable Coefficient P>|t]
Departures 0.0000371 0.0
Year

2013 0.4068984 0.0@
2014 0.5004914 0.000
2015 0.6501836 0.000
2016 0.6525851 0.000
2017 1.027457 0.000
2018 1.250265 0.000
2019 1.385825 0.000
Constant -1.115688 0.056

Number of observations = 400; the model includes airport fixed effects; 2012 is the reference yee

PanelC. Air pollution

Dependent variableAverageAQl

Variable Coefficient P>|t]
Departures 0.0000298 0.109
Year

2013 -4.044903 0.000
2014 -4.166858 0.000
2015 -4.416319 0.000
2016 -5.188723 0.000
2017 -4.344729 0.000
2018 -4.727799 0.000
2019 -6.031642 0.000
Constant 50.72409 0.000

Number of observations = 400; the model includes airport fixed effects; 2012 is the reference yee
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Table4.3: Summary ofmarginalsocial costcalculatiors, delay and congestiofull
sample, 2012 2019

Variable # of Obs. Mean Std. Dev.  Min Max
Panel A. 7m _ 4 in Equation 4.10and st. . | o viQ:Equation 4.15
f 400 0.0000225 - - -
f 400 0.0000371 - - -
PanelBd = «# 8 gt VHEO Vi -+ 0N (B <0 > g
LT ESILC TN PRART T il idid B

Total time waste
associated witkdelay
Total time waste
associated with 400 5mins 4 mins 1 min 17 mins
congestion

Total time waste
(subtotal)

400 3 mins 2 mins 1 min 10 mins

400 8 mins 6 mins 1 min 27 mins

Panel C.
Dby o W mk > o rgy Mot v &
el LB i L0 | .v<§ff§'ﬂ'.—+ > <9 -ri'@
Marginal external

cost associated with 400 $216 $181 $31 $909
delay

Marginal external

cost associated with 400 $357 $299 $51 $1,498
congestion

All three modelsancludeyearfixed effects with 2012 as the base yebable 4.2
shows that thecoefficients on yeafixed effects indelay and congestion models are
positive, while those in the air pollution model are negative. The-fpeat effect
coefficients in alllhireemodels havevalues of 0.000(except for the 2013 dummy in Panel
B with a pvalue of 0.002) This suggest that compared to 2012, the levels of delay and
congestionincreasedwhile the air quality improvedduring 20137 2019 for the same
departurelevel. The differenceof the coefficientson yearfixed effects allows for
comparingthelevelsof delay and congestion betwesmytwo yearsat the sameepartue

level. The delayshows an overalhcreasingrend with some improvements from 2014 to
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2016 and congestionshowsa continuousupward trend. In addition, the air quality
cortinuouslyimprovedduring the sample period@hese findings are consistent with the
conclusions based on sample statistics presentédune4.3.

AlthoughTable4.2 indicates that the impact of an additional departureaverage
delayed minutes and extra tadiit minutesare relatively small,it shows significant
negative externalitiefr the societycaused by delay and congestiatnen multiplied by
the total number of departuredt sampleairpors. According to the enumerated sample
meansn Table4.3 Panel B on average, an additional departure leads to an increase of 3
minutes intotal gate delay andnancrease ob minutesin total extrataxi-out time for
sampleairport, indicatinga stronger effect of departure on congestion compared to that
on delay Furthermore, at Hartsfieldackson Atlanta International Airpart 2012(ATL,
Georgialarge, an additional departuted toanincreaseof 10 minutes and.7 minutesin
total gate dlay andextrataxi-out time, respectively, which are te@mplé kighest values.

On the other hand, @&urbankGlendalePasadenairport in 2014 (BUR, California,
mediun), an additional departure only led ta encrease oflL minute each intotal gate

delay andextrataxi-out time, respectively, which are tlsamplelowest values. Using
Equation4.12 and Equation4.16 derived fromSection4.3.2 the study calculates the
marginaldepartureexternal cost caused by delay and congestion for each agubriyear

As reported inTable4.3 Panel C on average, the marginal external cost associated with
congestion is $357, which is much higher than the marginal external cost associated with
delay, $216jndicating thatrunway congestion is @ore sevex problem from the social
perspectiveeompared to delaylhe interpretation of the results in Tablés&hat adding

oneadditionaldeparture on an average day wdefad toan additional 3minutegate delay
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for all other flightsin total on that day, redting in a delay external cost of $21%.
Moreover there would be an additionalninutetaxi-outtime on the runwagor all other

flights in total on that dgyleading to a congestion external cost of $357.

Table4.4: Summary ofmarginalsocial costcalculatiors, air pollution,full sample, 2012
T 2019

Variable # of Obs. Mean Std. Dev. Min Max
Panel A. 1_. « u o laEquation 4.19 (the change in annual average AQI caused by an
additional departure)

f 400 0.0000298 - - -

Panel B.

Number of airport
full-time employees
Marginal effect of
average AQI on annual

healthgexpenditure per $842
employee (2012%$)

Airport annual total

health cost caused by

a onepoint increase 396 $510,202 $457,564 $92,620
in annual average

AQI (20123%)

$3,028,67
4

Panel C.4 £ »|

dootmlE

Marginal external
cost associated with 396 $15 $13 $3 $90
air pollution (2012%)

Based orrable4.2 Panel C(also presented iable4.4 Panel A, an additional
departure has a minimal impact on the wainaverage Air Quality Index (AQI). As

discussed inSection 4.3.2 a onepoint increase in AQI leads to an annual health

150 Please note titit does not mean that each flight will hawv@-minute additional gate delay. It is
the sum of the additional gate delay of all the flights in total.
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expenditure increase of $842 per airpanpéoyee. FronTable4.4 Panel B multiplying
$842 by the number dirportfull-time employees per yegives theairportannualtotal
health expenditure increase d&19,202, on average, resulting from a-@oit increase

in AQI. Since one additional departure only causaa@ease of 0.000029®intsin AQI,

it would only incur & averagenarginal external cost of $1asreported inTable4.4 Panel

C. The interpretation of the resultsTable4.4 is that one additional departure leads to an
increase in the airpdd AQI, resulting inan increase of $15 in thannual health
expenditures of all airport employees total Brady Internatonal Airport (BDL,
Connecticutmedium)had thesamplelowest marginal external cost of $3 in 2012, while
Los Angelesinternational Airport (LAX, California, large) had the highest marginal

external cost of $90 in 2019.

Table4.5: Summary ofnarginalprivate cost, marginabeial cost and landing fee, per
departurefull sample, 2012 2019

Variable | #o0fObs. |  Mean | Std. Dev.

Full sample (2012%)
Marginal private cost 396 $379 $375

Delay 400 $216 $181
Marginal Congestion 400 $357 $299
external cost | Air pollution 396 $15 $13

Subtotal 396 $591 $492
Marginal social cost 396 $970 $341
Landing fee 400 $380 $263

Table 4.5 summarizes the calculation results of marginal externals.cQst
average, the marginal departure external cost associated with negative externalities is $591.
The marginal externatoss as®ciated withdelay and congestiam average ar$216 and
$357, respectivelywhich aresignificantly higher than air pollutign$15 Hartsfield

Jackson Atlanta International Airport had the highmeatginal departure external cast
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$2,440 in 2019, whildMemphis International Airport had the lowest value of $89 in 2014.
Figure4.5illustrates the trerslof marginaldepartureexternalcostsassociated with delay
congestion and air pollutiorover the sample perio®elay and congestion extefr@sts
exhibitedsteady upward tremswver thesample periodThe marginal external cost caused

by congestions consistently higher than delay, and the gap between theefatively
stable.The air pollution external cost is mainly unchanged during the sample period and is
significantly lower than the other two external costs.

Marginal External Cost Associated with Delay, Congestion, and Air Pollution, per Departure,
2012 - 2019, Full Sample
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Figure4.5: Marginalexternalcost associated wittielay, congestionand air pollution,
perdeparturefull sample 20121 2019

Table4.5 illustratesthatthe marginal external costnsuchlarge thanthe marginal

private costOn average, the marginal external cost per departureis $5 timesthe



marginal private cost per departu$d79.Figure4.6 shows the trends of these two costs
over the sample period. The marginal external erisibits an overalupwardtrend, while
the marginal private cost exhibitslawnwardtrend. The formeis consistently higher than

the latter, andheir differencecontinwes toincrease

Marginal Private Cost, Marginal External Cost, per Departure, 2012 - 2019, Full Sample
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Figure4.6: Marginal private and external costs per departure, full sample,i22QP9

4.5.3 Marginal Social Cost per Departure

According to Equatiom.20, the study calculates the marginal social cost per
departure for each airport each year. As presentddalite 4.5, the enumerated sample
mean for the marginal social cost per departure is $970HansfieldJackson Atlanta

International Airporthad thesamplehighest value of $2,440 in 2019, whidemphis
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International Airporthad thelowest value of $89 in 2014. As summarized able4.5, it

is easy to compare the marginal private fooatginal social cost with élanding fee per
aircraft. On the one hand, assuming sahpleairpors only consider the marginal private

cost and do not take into account the marginal external costs associated with negative
externalities, the landing fee should be equal to the margrivate cost per departure to
achievepricing efficiency fromthe private perspective. Based on the enumerated sample
mean, on average, the landing fee per aircraft is $380, which is very close to the marginal
private cost per departure, $379. Thisdades that, within the sample period, on average,
the pricing strategy adampleairportsis consistent wittmarginal private cost pricing. On

the other hand, on average, the landing fee ($380) is much lower than the marginal social
cost per departure ($9). This implies that, on averaggmpleairports do not set their
prices based on marginal social costs and do not internalize external costs.

Figure4.7 visually illustrates thetrendsfor marginal private cost, marginal social
cost, and landing fee within the sample period. ConsistentRigilre 4.6, the marginal
private coshas a decreasing trend. Howewee upward trend fothe marginal external
costleads tahatthe marginal social costtaysstable and slightly increasin the sample
period In addition the landing fee remains consta@omparing the marginal privatcost
and the landing feghows thathe landing feavasinitially lower than the marginal private
costin 2012- 2014. Thissuggestshatsampleairports @ not charge sufficient landing fee
to cover the marginal private cestwhich is pricing ineffi@nt even from the private
perspective The two nearly align in 2015 and 20#l6e to the continuous decrease in
marginal private costsuggestingpricing efficiercy from the private perspective. After

2016, the landing feemainssteadyas the marginal prate cost further decligeleading

19¢



to the landing fednigherthanthe marginal private cost. This suggests faampleairports
internalizepartof the marginal external cost. In 2018e sampleaverage landing fe@as
$394, higher than the marginal private cost ($338%71,around11% of the marginal

external cost ($667).

Marginal Social Cost, Marginal Private Cost, and Landing Fee, per Departure,
2012 - 2019, Full Sample
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Figure4.7: Marginal social cost, marginalprivate cost, andandingfee, perdeparture,
full sanple, 20121 2019

On the other hanadtomparing the marginal social cost and the landingfesvs
that the landing feés consistentlylower thanthe marginal social cosBefore 2016, the
sample airports dd not internalize the marginal external costs eaudy negative
externalities. Although startinip 2016, the landing fee bt to internalizepart of the

marginalexternal cost, the extent of internalizatisrfar from sufficient. The departure
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pricing by sampleairports is inefficientthroughout the sample peridtcbm the social
perspective

In summary,n the sample period, the departure pricoighe sample airports is
inefficienteven from a private perspectiefore 2015less tharthe marginal private cast
It becomeefficient from the private perspectivequal tothe marginal private cost during
2015 and 2016. After 2016, the landing fee emsethe marginal private cost and
internalizs marginal external cost® some extentln addition, sincethe landing fee
remainsstablethroughout the sample period, it is usmiwhetherinternalizing marginal
external costfter 2016s a proactive decisiorby sample airportsr a passiveesultdue
to thedeaeasingmarginal private cost.

This papefurther analyzes the pricing efficieynof each airport by calculating the
absolute difference between the landing fee and the marginal departure socigheost.
closerthe landing fee is to the marginal departure social tustnore pricing efficierthe
airport isfrom the social perspéee. A large difference between the landing fee and the
marginal departure social costno matter which one is higher indicates pricing
inefficiency. The sample averagabsolute difference between the landing fee and the
marginal departure social cost is $626 with a standard deviation of $35Guggisst a
significant gap between the current landingsfaed the efficient price levels, as well as
significantvariationin pricing efficiency among airports.

Thes a mp loveest absolute differencgas fromLambertSt Louis International
(STL, Missouri, medium) in 2015 he landing fee ($752) was higher than the marginal
departure social cost ($716) by $36.contrast, he highest valuevas fromHartsfield

Jackson Atlanta International (ATL, Georgia, large) in 2018 landing fee ($107) was
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lower than the marginal departure social cost ($2,440) by $2\83@over,basedon the

average absolute difference for each airpp&012- 2019, the study analyzes the pricing
efficiency of sample airportsThe mostpricing-efficient airport is LambertSt Louis
International (STL) with an average absolute difference of $88.contrast the most
pricing-inefficient airport is Hartsfield-Jackson Atlanta International (ATLWwith an

average absolute difference of $2,161. In addition, Lanftelbuis International (STL,

Missouri, medium), LaGuardia (LGA, New York, large), and BaltirAdfashington
International (BWI, Maryland, largegre the three mospricing-efficient airports in the

sample.In contrast, HartsfieldJackson Atlanta International (ATL, Georgia, large),
Dall as/ Fort Worth I|International ( DF W, Texa

(ORD, lllinois, large)are he tiree mospricing-inefficientairports

4.5.4 SubSample Analysis

This study conductsvo subsample analyses based on hub size and cargo/non

cargo airports tanalyzethe differencescrosdifferent types of airports.

45.4.1 SubSample Analysis by Hub Size

The study divides the full sample into large and medium Hdsed on hub size
Table4.6 presentghe marginal private cost, marginal external cost, marginal social cost,
and landing fee faiarge and medium hubshestudy summarizes the following findings:

(1) The marginal externatost associated with congestion is higher ttren
delay for both types of airports. However, the difference is $220 for large hubs, much
higher than that for medium hubs, $48. Althotigga marginal external cost associated with

air pollution is significatly lower than the other two negatiegternalitiesor both types
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of airports, themeanvalue for large hubs ($21) is higher than medium hubs ($8) by
$13.

(2) Large hubs have loweneanmarginal private cost ($99) and higheean
marginal external cos$920), while medium hubs have higimeanmarginal private cost
($708) and lowemeanmarginal external cost ($205). This ultimatédads tosimilar
marginal social costs for both types of airpowigh large hubs ($1,019) slightly higher
thanmedium huk ($912 by $107 on average

3) Large hubfiaveanaverage landing fee 8441, higher than medium hybs
$310 On averagethe landing fee for large hubs is significantly higher than the marginal
private cost buis still much lower than the marginal sociabst. This indicates that
although large hubs internalizeart of the marginal external castthe extent is still
insufficient, leading topricing inefficiency fromthe social perspective. On average, the
landing fee for large hulis higherthanthe marginal private cost by $342presenting
37% of the marginal external cost ($920). On the other landyeragethe landing fee
for medium hubs is much lower than timearginal private costshowing pricing
inefficiency even fronmheprivate perspetive.

Figure4.8 visually demonstrate the trendfor large and medium hulzkuring the
sample periodThe study has the following findings:

(1) The marginal social cosbff large hubgxhibitsan upwardtrend, while it
shows a dwnwardtrendfor medium hubs

(2) Consistent withTable 4.6, on averagethe landing fee for large hubs
congstently higher than the marginal private cost but lower than the marginal social cost

in the sample period. This indicates that large hubs internadidef the external costs,
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about37% on average, but the effort is still insufficigt the other halh the landing fee
for medium hubdgs lower than the marginal private cost throughout the entire sample
period,suggestingontinuougpricing inefficiency.

3) Consistent witithe full sample, the landing fees for both types of airports
arerelatively stable dring the sample perioguggestinghat airports ray not actively

adjust the landing fees to achieve more efficient pgicin

Table4.6: Summary ofmarginalprivate cost,marginalsocial cost, andandingfee, per
departurepy hub size, 50 U.S. airports20121 2019

Variable | #o0fObs. | Mean | Std. Dev.
Full sample
Marginal private cost 396 $379 $375
Delay 400 $216 $181
Marginal Congestion 400 $357 $299
external cost | Air pollution 396 $15 $13
Subtotal 396 $591 $492
Marginal social cost 396 $970 $341
Landing fee 400 $380 $263
Large hubs
Marginal private cost 214 $99 $128
Delay 214 $339 $169
Marginal Congestion 214 $559 $278
external cost | Air pollution 214 $21 $16
Subtotal 214 $920 $383
Marginal social cost 214 $1,019 $372
Landing fee 214 $441 $323
Medium hubs
Marginal private cost 182 $708 $295
Delay 186 $75 $27
Marginal Congestion 186 $123 $45
external cost | Air pollution 182 $8 $3
Subtotal 182 $205 $72
Marginal social cost 182 $912 $275
Landing fee 186 $310 $140
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Panel A: Marginal Social Cost, Marginal Private Cost, and Landing Fee, per Departure,
2012 - 2019, Large Hubs
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Figure4.8: Subsampleanalysis byhub size, 50 U.S. airports2012i 2019
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Table4.7: Summary ofnarginalprivate cost,marginalsocial cost, andandingfee, per
departurepy cargo anchon-cargoairports, 50 U.S. airports2012i 2019

Variable | #o0fObs. | Mean | Std. Dev.
Full sample
Marginal private cost 396 $379 $375
Delay 400 $216 $181
Marginal Congestion 400 $357 $299
external cost | Air pollution 396 $15 $13
Subtotal 396 $591 $492
Marginal social cost 396 $970 $341
Landing fee 400 $380 $263
Cargo airports
Marginal private cost 237 $167 $247
Delay 237 $297 $193
Marginal Congestion 237 $490 $319
external cost | Air pollution 237 $20 $16
Subtotal 237 $806 $523
Marginal social cost 237 $974 $412
Landing fee 237 $405 $297
Noncargo airports
Marginal private cost 159 $695 $305
Delay 163 $99 $57
Marginal Congestion 163 $163 $94
external cost | Air pollution 159 $8 $
Subtotal 159 $270 $1%
Marginal social cost 159 $965 $191
Landing fee 163 $344 $199
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Panel A: Marginal Social Cost, Marginal Private Cost, and Landing Fee, per Departure,
2012 - 2019, Cargo Airports

o
o
8
o
8
[++]
=
& o
o
T84 a " A- - A " A A
o
S
o
o -
T T T T T T T T
2012 2013 2014 2015 2016 2017 2018 2019
Year
[ ] Marginal External Cost per Departure
[ 1 Marginal Private Cost per Departure
—&—— Landing Fee
Sources: Federal Aviation Administration (FAA), Bureau of Transportation Statistics (BTS),
Environmental Protection Agency (EPA)
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Figure4.9: Summary ofmarginalprivate cost,marginalsocial cost, andandingfee, per
departurepy cargo anchon-cargoairports, 50 U.S. airports2012i 2019



45.4.2 SubSample Analysis by Cargo Airports and NGargo Airports

FAA definescargo service airporasthosethathandleover 100 million pounds of
directannualcargo volume. An airport can simultaneously be a commercial service airport
and a cargo service airpoit recent yeas, cargo airportggenerally have both high
passengeand cargo volumesuggesting close connection between cargo and passenger
transportation78% of the cargo airports in the sample are large hubs, while 83% of the
non-cargo airports are medium hulssiggestingoverlags between large hubs and cargo
airports, as well as between medium hubs andaango airports.

Table4.7 summarizes the marginal private cost, marginal external wasginal
social cost, and landing fee for cargo and-nargo airports. The comparison between
cargo and noiftargo airportssuggest both similarities and some differences with the
comparison between large and medium hubs

Q) Consistent with the previous timgs, the marginal external cost caused by
congestions much highethan delay. The difference is $193 for cargo airports and $64 for
nortcargo airports. The air pollution external cost is very small for both types of airports
compared to the other tw@gative externalities.

(2)  On average,argo airports have lower marginal private eq$tl67) and
higher marginal external ces{$806), while norcargo airports have higher marginal
private cost ($695) and lower marginal external c&270). This ultimatly leads tovery
close marginal social costs for both types of airports.

3) Cargo airports havan averagdanding feeof $405 higher than that for
norncargo airports$344 However the difference between the twalues($61) issmaller

thanbetween largerad medium hubs ($131). On average, the landing fee for cargo airports
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is higher tharthe marginal private cost by $238jggestinghat cargo airports internalize
30% of the marginal external costhich isslightly lower than large hub# contrastthe
landing fee for noftargo airports idower than the marginal private cost by $351 on
average Although noncargo airports are pricingnefficient even from the private
perspectivethey areslightly more pricing efficienthan medium hubs.

Figure4.9 displays the trend®r the sample period, whicire consistenwith the
conclusions fronTable4.7. The characteristiasf cargo and noiftargo airports are similar
to large and medium hubdowever the difference between cargo and foamgo airports
is generallysmaller than between large and medium hube.réasons thatcargo airports
have a higher proportion of cargo operatitimasnlarge hubs|eading tolower marginal
external costs associated with passengers (delay and congestion). On the other hand, non
cargo airports have a higher proportion of passengeratpes than medium hubs,

resulting inhigher marginal external costs associated with passengers.

4.6 Discussion

The results provideseveral policy implications. Firstly, policymakers should
developappropriate policiethatencourage airports to internalizeetmarginal departure
external costs associated with negative externalitiesasdlanding fees to a level that
can cover the marginal departure social dbstiebyachieving pricing efficiency frorthe
social perspective. Orsolutionwould beto applya corrective tax on landing fees equal
to the marginal departure external cé&econdlysince thecorrective tax approachould
result ina hightax levelanddeadweight lossdsased on the findings of this sty@dymore
desirable approach would beimplementpolicies thaincentivizeairports toadjusttheir

pricing structuresfor landing feesCurrently, he landing fee isletermined byaircraft
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weight(e.g., $5.9(er 1,000 poundsPolicymakers shoulthcentivize airports to closely
relate the landing fees to the negative externaliteusedby aircraft, such as delay,
congestion, andir pollution. This approach would not only enable landing fees to cover
marginal social costs but also effectively incentivize airlines to cechegative
extemnalities. Thirdly, pricing at mediumhubsis more inefficientthan at large hubs
Therefore, relevant policies shoyldoritize mediumhubs Fourthly, among the negative
externalities caused by departunes)ywaycongestiorresults inthe highest externalost.

To reduce theexternalcosts associated with congestion, policymakers can incentivize
airports and airlines tassignflights during peak and ofpeakhours more effectivelyin
addition, policymakers caoffer funding and resources to activeincairage airport
runway expansion and other infrastructure developmenidiacecongestion.

The study has several limitations. Firsthe studyfocuseson negative externalities
and external costs. Howeveiyport operationglso havepositive externalities, such as
creating morgobs, contributing toeconomicgrowth, promotingtourism, andacilitating
investmens (Button, 1999; Cavers, 2003; Green, 200Qu, 2011; Maertens, 2019Dne
limitation of this study is the lack of quantifg the external benefits resulting from these
positive externalitiesTherefore the calculated marginal departure social cost may be
overestimated.

Secondly,not all extenal costs caused by negative externalities are external.
Several studiegBrueckner, 2002; Brueckner, 2021, 202&jicate that the negative
externalitiesare notentirelywithin the control of airports, and passengers and airlines may
internalize some ofthese external costs. For example, Brueckner (2002) shows that a

monopolistic airlinein an airport would changeticket pricesto fully account for the

21C



congestion relatetime lossesnd costsmposed orpassengerand their operating costs.
Even in an oljopoly situation, airlines may internalize tt@ngestiorexternal costshey
impose on others. Since this study assumes that airports and airlines do not internalize
external costs, the calculated marginal social costs may be overestimated.

Thirdly, the study focuses on airport costs and as such the supply side of the market.
A more complete analysis would include the demand side of the market and the impact that
demand and supply shocks would have on equilibrium prices and output. Alswpdeé
assumes prices are exogenous. This study derives the labor price by dividing total labor
costs by the total number of fidlme employees, which raises endogeneity concerns since
labor costs are part of total operating costs. At the same time stiiesrior labor in this
study are similar to those in McCarthy (2016), which suggests endogeneity may not be a
serious problem. Since input prices for genangdortoperations and contractual services
are based on the price indexes rather than an drgort c o st dat a, endogen
concern.

Fourthly, both the modsland the data used in this studijave limitations
Regardinghe moded, theregression modeisEquatiord.10, Equatior.15, and Equation
4.17 - used torelatedepartures with delay, congestion, aidpollution may suffer from
omitted variable bias. Although airport and year fixed effects can capture some factors
influencing the dependent variables, the mededy not contl for enough variables,
leading to potential errorsinestimates and consequently in marginal socialesishates
Regarding thelata,since the dataset assighg earlydeparting flightswith zero delagd

time instead of negative valyethis may kad to an overestimation Pf , thus

overestimatingnarginal external costs associated with delayraadhinal social costén
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addition the dataset may also misclassify the waite at the gate due to runway
congestion as delay instead of cestjpn, resulting in an underestimation of congestion
external costs and an overestimation of delay external costs. Howevdoggnot impact
marginal social coststimatesMoreover, theAQI datamay not accurately measure air
pollution at airports leading to inaccurate estineatof marginal external costs associated
with air pollution.Indeed, the estimabf theair pollutionexternal cost in this study may

lack accuracyand havehe potentialfor improvement. However, thetudystill provides a
comprehensivanalysisof a relatively complete vector okgative externalities, including
delay, congestion, and air pollution, and calculates the marginal departure social cost

considering these faag®

4.7 Conclusions

In addition tofacilitating peoplés lives and economigrowth, airport operations
also generatenegative externalities and external costs. Accurately estimating these
negative externalities and calculating the social cass$ssts airpostin setting departure
prices ata socially efficient level. This paper calculates the marginal social cost per
departure, considering the marginal externalsoatised by delay, congestion, and air
pollution. The studyalsoanalyzes whether the curreahtiing fees cover marginal social
costs per departure. The dataludes50 large and medium airports in the United States
from 2012 to 2019. Given the limited existing literature on airport marginal social cost,
this paper contributes by quantifying thamginal social cost using a broader sample and
analyzing thericing efficiency of current landing fees frothe social perspective.

The study has the following key findings. Firstly, departwascausesignificant

negative externalities and external tso©n average, an additional departure adds a total
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of 3 minutesf gate delay and 5 minute$taxi-out time to other flights at the airggorhe
marginal external costassociated with delay and congestiare $216 and $357,
respectivelyln addition the marginal external cost caused by congestior? isnes that

of delay.The marginal external cost associated with air pollytoraveraggs $15, lower
than the other two negative externaliti#be toal marginal external cost caused by an
additional departure, on average, i94$5L.5 times the marginal private cost per departure

Secondly, the average marginal social costamfiple airportss $970. On average,
the current landing fees just cover tharginal private costs but are far below the marginal
social costs. This indicates theampleairports do not internalize the marginal external
cost caused by negative externalities, resultingrining inefficiency from the social
perspective.

Thirdly, based on the treral’erthe sample periochn averagethe landing fee was
initially l owerthan the marginal private cost, then equal to it,dtichately higherthanit.
This showsa shift in departurepricing from private inefficiency to private effigiey,
ultimatelyinternalizing approximately 11% of the marginal external cost. Howé&woen,
the social perspectivéhe sample airportare pricing inefficient throughout the sample
period Sincethe landing fee remadstable it is undearwhether heinternalizations the
choiceby sample airportsr the passive resulbf thedecline in themarginal private cost.

Fourthly,the subsample analysis based on hub simggests thdargehubshave
lower marginal private costs and higher marginal external costs, while madhsrhave
the opposite patter®@n average, a r g e mangindddeparturesocial cost is higher than
mediumhubs by $107The landing feesf largehubsare higher than ghmarginal private

cosk but are consistenthower than the marginal social cestAlthough large hubs
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internalize approximately 37% of the marginal external cosextentis still insufficient,
leading toinefficient pricingfrom the social perspectvin contrastthe landing feesf
mediumhubsare consistently lower than the marginal private $@stggestingoricing
inefficiency even fronthe private perspectiven addition the comparison between cargo

and noncargo airports is similar to thaetween large and mediumubs

214



APPENDIX A.

SHORT-TERM MULTI -OUTPUT COST

ANALYSIS OF U.S. AIRPORTS: A TRANSLOG COST FUNCTION

APPROACH WITH NEGATIVE ATTRIBUTES

Table Al: Airport list

ID Airport Name ID \ Airport Name
27 large hubs 23 medium hubs
ATL HartsfieldJackson Atlanta Internationa ABQ | Albuquergue International
BOS General Edward Lawrence Logan AUS | Austin-Bergstrom International
BWI BaltimoreWashington International BDL | Bradley International
CLT Charlotte/Douglas International BNA | Nashville International
DCA Ronald Reagan Washington National | BUR | BurbankGlendalePasadena
DEN Denver International CLE | ClevelandHopkins International
DFW Dallas/Fort Worth International CMH | Port Columbusnternational
DTW Detroit Metro Wayne CVG | Cincinnati/Northern Kentucky
EWR Newark International DAL | Dallas Love Field
FLL Fort Lauderdale/Hollywood Intl IND | Indianapolis International
IAD Washington Dulles International JAX | Jacksonvilldnternational
JFK John F Kennedy International MCI | Kansas City International
LAS Harry Reid International MEM | Memphis International
LAX Los Angeles International MKE | General Mitchell International
LGA LaGuardia MSY | New Orleandnternational
MCO Orlando International PBI Palm Beach International
MDW | Chicago Midway International PIT Pittsburgh International
MIA Miami International RDU | RaleighDurham International
MSP MinneapolisSt Paul International RSW | SouthweskFlorida International
ORD Chicago Ob6Har e | n|SAT | San Antonio International
PDX Portland International SMF | Sacramento Metro
PHL Philadelphia International SNA | John Wayne Airport
PHX Phoenix Sky Harbor International STL | LambertSt LouisInternational
SAN San Diego International
SEA SeattleTacoma International
SLC Salt Lake City International
TPA Tampa International
1. Portland International Airport (PDX) was a medium hub in 2012 and 2013 and a large hub

20131 2019.
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Table A2:

Data sources

Variable Name

Data

Source

Website

Total variable costs Total operating costs

Certification Activity
Tracking System,
Federal Aviation
Administration (FAA)

https://cats.airports.fe
a.gov/Reports/reports
.cfm

Positive aitputs

Departures

Number of departure:

T-100 Segment, Air

Carrier Statistics (Form

41 Traffic), Bureau of
Transportation
Statistics (BTS)

https://www.transtats
bts.gov/Fields.asp?ql
oyr VQ=FMG

Workload units

Number of
passengers + units o
220 pounds of cargo

T-100 Segment, Air

Carrier Statistics (Form

41 Traffic), BTS

https://www.transtats
bts.gov/Fields.asp?q!
oyr VQ=FMG

Non-aeronautical
revenue

Total non
aeronautical revenue

Certification Activity
TrackingSystem, FAA

https://cats.airports.fe
a.gov/Reports/reports
.cfm

Negativeattributes

Percentage of delaye

Airline On-time

https://www.transtats

Delay . . bts.gov/Fields.asp?gi
flights Performance Data, BT oyr VO=FGJ

Airline On-time https://www.transtats

Congestion Average taxiout time . bts.gov/Fields.asp?gi

Performance Data, BT -

oyr VOQ=FGJ

Countylevelannual Environmental https://ags.epa.gov/a

Pollution medianAir Quality swebAirdata/downloa

Index (AQI)

Protection Agency

d files.html#Annual

Real nput price indexes

Labor price

Airport-level average
annual income

Certification Activity
Tracking System, FAA

https://cats.airports.fe
a.gov/Reports/reports
.cfm

General airport
operations price

Stateadjusted PPI foi
general airport
operations

Series ID PCU48811
4881%, PPI Databases
Bureau of Labor
Statistics (BLS)

https://www.bls.gov/
ppi/data.htm

Contractual
services price

Stateadjusted PPI foi
nonresidential
building maintenance
andrepair

Series ID
PCU2381MR2381MR,
PPI Databases, BLS

https://www.bls.gov/
ppi/data.htm

Statelevel price
index

State level CPI

Consumer Price Index,

BLS

https://www.bls.gov/c
pi

Quastfixed factor

Runways

Equivalent number of
runways

Airport data, FAA

https://www.faa.gov/
airports/airport_safet
y/airportdata_5010/
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https://cats.airports.faa.gov/Reports/reports.cfm
https://cats.airports.faa.gov/Reports/reports.cfm
https://cats.airports.faa.gov/Reports/reports.cfm
https://www.transtats.bts.gov/Fields.asp?gnoyr_VQ=FMG
https://www.transtats.bts.gov/Fields.asp?gnoyr_VQ=FMG
https://www.transtats.bts.gov/Fields.asp?gnoyr_VQ=FMG
https://cats.airports.faa.gov/Reports/reports.cfm
https://cats.airports.faa.gov/Reports/reports.cfm
https://cats.airports.faa.gov/Reports/reports.cfm
https://www.transtats.bts.gov/Fields.asp?gnoyr_VQ=FGJ
https://www.transtats.bts.gov/Fields.asp?gnoyr_VQ=FGJ
https://www.transtats.bts.gov/Fields.asp?gnoyr_VQ=FGJ
https://aqs.epa.gov/aqsweb/airdata/download_files.html#Annual
https://aqs.epa.gov/aqsweb/airdata/download_files.html#Annual
https://aqs.epa.gov/aqsweb/airdata/download_files.html#Annual
https://cats.airports.faa.gov/Reports/reports.cfm
https://cats.airports.faa.gov/Reports/reports.cfm
https://cats.airports.faa.gov/Reports/reports.cfm

Table A3: Descriptive statistics by yedsQ U.S. airports2012- 2019

Variables | 2012 | 2013 | 2014 | 2015 | 2016 | 2017 | 2018 | 2019
Costs (million 2012 $)
Total operating cosig 161 164 170 178 185 188 192 204
(150) (151) | (160) | (A75) (173) (171) (177) (190)
Labor 61 61 64 71 74 75 76 79
(59) (58) (62) (82) (77) (75) (78) (78)
Contractual serviceg 56 58 61 61 64 67 69 4
(55) (57) (59) (61) (60) (62) (65) (70)
General operations 44 45 45 46 a7 46 47 o1
(52) (53) (52) (52) (53) (51) (52) (59)
Cost shares
Labor 0.39 0.39 0.39 0.39 0.40 0.40 0.39 0.40
(0.11) | (0.10) | (0.1) | (0.10) | (0.10) | (0.10) | (0.1) | (020
Contractual services 0.35 0.35 0.36 0.35 0.36 0.36 0.37 0.37
(0.12) | (0.12) | (0.12) | (0.13) | (0.12) | (0.12) | (0.14) | (0.13)
General operations 0.26 0.26 0.26 0.25 0.24 0.23 0.24 0.23
(0.09) | (0.09) | (0.08) | (0.08) | (0.08) | (0.08) | (0.08) | (0.08)
Average variable cost (2012 $)
Per departure 1,264 | 1,287 | 1,352 | 1,359 | 1,398 | 1,404 | 1,377 | 1,442
(535) (522) | (632) | (507) (491) (493) (497) (524)
Per workload unit 12.79 | 12.86 | 1296 | 1255 | 12.77 | 1253 | 12.02 | 1241
(4.33) | (4.25) | (4.40) | (4.25) | (4.16) | (4.07) | (3.99) | (4.18
Per noraeronautical| 1.40 1.38 1.38 1.35 1.35 1.36 1.36 1.38
revenue (0.43) | (0.44) | (0.48) | (0.54) | (0.53) | (0.59) | (0.67) | (0.64)
Real hput price indexes (2012 = 100)
Labor 100.00 | 102.98 | 97.11 | 103.07 | 108.00 | 106.61 | 104.30 | 109.53
(87.93) | (93.59) | (73.5) | (81.78)| (82.72) | (80.39) | (79.28) | (84.01)
Contractual services 100.22 | 100.33 | 100.63| 101.60 | 102.10 | 102.42 | 102.13 | 102.96
1 (6.32) | (6.22) | (5.20) | (5.74) | (5.70) | (6.41) | (6.80) | (6.42)
General operations 100.22 | 99.25 | 98.46 | 99.30 | 99.65 | 99.44 | 99.28 | 100.08
(5.32) | (6.17) | (5.09) | (5.61) | (5.56) | (6.23) | (6.61) | (6.24)
Positive autputs (million)
Departures 0.13 0.13 0.13 0.13 0.13 0.13 0.13 0.14
(0.10) | (0.10) | (0.10) | (0.10) | (0.10) | (0.120) | (0.10) | (0.20)
Workload units 13 13 14 14 15 16 16 17
(11) (11) (12) (12) (13) (13) (13) (13)
Nonaeronautical 113 117 122 128 135 139 142 149
revenue (2012 $) (87) (91) (97) (100) (106) (112) (113) (119)
Negative #ributes
Delay rate 0.17 0.20 0.22 0.19 0.18 0.19 0.20 0.20
(0.04) | (0.04) | (0.04) | (0.03) | (0.03) | (0.03) | (0.03) | (0.03)
Averagetaxi-out 15 15 15 15 15 16 16 16
time (minute) (4) 4) (4) (4) (4) (4) (4) (4)
Annual nedian air 49 47 a7 47 46 a7 46 46
guality index (11) (10) (10) (9) (9) (10) (10) (9)

1. The table reports the sample mean and standard deviation in parentheses.
2. Workload units ar¢he sum othe number of passengensd theunits of cargmf 220 pounds.
3. The annual air quality index (AQiangeis 0 to 500. A lower value means better air gyal




Table A4: ITSUR estimation results of translog cost function withmgativeattributes

(output model)50 U.S. airports2012- 2019

Variable Estimate Pr(>|t|) Variable Estimate Pr(>|t|)
Departures 0.106  0.137 |Operationspricé 428 (oo
departures
Workload 0259  0.001 |Operatonspricé 4441 0024
workload
: Operations pricé
Nonaeronautical .
revenue 0.589 0.000 | nonraeronautical -0.052 0.000
revenue
Labor price 0400  0.000 | Runway® 0.097  0.555
departures
3
Operations price 0249 0,000 | RUNway -0.391  0.030
workload
Runway?® non
Runway 0.011 0.758 | aeronautical 0.228 0.022
revenue
Departure 0178  0.722 | Laborprice 0.009 0.137
operations price
Workload unitd 0886  0.017 Eﬁ;‘a"’aw labor 0.090  0.000
Norraeronautical 5 155 (jggq |Runway* 0.045  0.000
revenué operations price
Labor pricd 0.062  0.000 | Yea 2013 -0.006 0.875
Operations price 0.267 0.503 | Year 2014 0.017 0.663
Runway? 0.483  0.000 | Year 2015 -0.016 0.677
Departures 0.612 0.152 | Year 2016 0.020 0.610
workload
Departures nor .0.006 0.967 | Year 2017 0.019 0.637
aeronautical revenur
3
Workload? non 0203  0.035 | Year 2018 0.009 0.819
aeronautical revenur
Labor price? 0.007  0.771 | Year 2019 0.023  0.559
departures
Labor price? .0.024  0.285 | Airport 0.002  0.045
workload
Labor price non 4 543 9001 | (Intercept) 18.875  0.000

aeronautical revenut

1. Number of observations: 1,188? R0.953;Estimation results of Equati@# with threepositive

outputs.

2. All variables reported are in log form, except for the airport effect andfixear effects.

21¢



Table A5: ITSUR estimation results of translog cost function wiglgativeattributes
(attribute model)50 U.S. airports2012- 2019

Variable Estimate  Pr(>|t]) Variable Estimate  Pr(>|t])
Departures 0.036 0.675 | Congestior? pollution -0.813 0.100
Workload 0.253 0.004 | Labor price® departures 0.005 0.835
Non-aeronautical revenue 0.530 0.000 | Labor price® workload -0.009 0.671
Delay 0400  0.000 | Laborprice nor 0031 0011
aeronautical revenue

Congestion 0.314 0.001 | Labor price® delay -0.156 0.000

Pollution -0.007 0.920 Labor price® congestion -0.074 0.031

Labor price 0.400 0.000 | Labor price® pollution -0.011 0.677

Operations price 0246 0000 | Operationspricé 0043  0.050
departures

Runway 0067 0097 | Operations pricé 0034 0054
workload

Departure? 41122 0057 | Operations pricé nor 0.054  0.000
aeronautical revenue

Workload? 0.620 0.106 | Operations pricé delay 0.043 0.035

Non-aeronautical revengée -0.118 0.386 Operathns pricé 0.120 0.000
congestion

Delay -0.105 0.786 | Operations pricé pollution 0.078 0.000

Congestiof 0.520 0.557 | Runway?® departures 0.519 0.026

Pollutior? 2.855 0.000 | Runway® workload -0.601 0.002

Labor pricé 0059 0000 | Runway:nonaeronautical 55 (573
revenue

Operations price 0.536 0.190 | Runway?® delay 0.029 0.865

Runway 0.304 0.005 | Runway?® congestion 0.209 0.353

Departure$ workload -0.017 0.971 | Runway?® pollution 0.149 0.359

Departure$ non-aeronautical 0.127 0.459 Labor price* operations 0.004 0537

revenue price

Departures delay 1.062 0.002 | Runway? labor price 0.081 0.000

Departure$ congestion 1.207 0.014 | Runway?® operations price 0.054 0.000

Departure$ pollution 0.711 0.100 | Year 2013 -0.104 0.006

Workload? noraeronautical 0139  0.145 | Year 2014 0.099  0.014

revenue

Workload? delay -0.372 0.198 Year 2015 -0.089 0.016

Workload?® congestion -0.666 0.213 | Year 2016 -0.061 0.090

Workload? pollution -0.338 0.423 | Year 2017 -0.081 0.031

g‘;gjem”au“ca' reventie 0379 0012 | Year 2018 0109  0.005

Non-aeronautical reventie 0455 0088 | Year 2019 0113 0.004

congestion

Nor-aeronautical reventie 0225 0370 | Airport 0002  0.047

pollution

Delay3 congestion -0.386 0.330 | (Intercept) 18.923 0.000

Delay3 pollution -0.095 0.751

1. Number of observations: 1,1882 R 0.970;Estimation results dEquation2.4 with threepositive outputs
andthreenegativeattributes.
2. All variables reported in this table are in log form, except for the airport andiyedreffects.
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